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Abstract

The optic nerve head (ONIdj theretinais a very important landmark of the fundarsdis altered

in optic nerve pathologgspeciallyglaucoma. Numeroumagingsystemsare available to capture

the retinal fundus and from which some structural parameters can be inferred the retinal fundus
camerais one of the most important tools used for this purpose. Currently, the ONH structure
examination of the fundus images is conducted by the professionals only by observation. It should
be noted that there is a shortage of highly trained professionawiaeldT herefore aeliableand

efficient optic disc and culpcalization and segmentati@afgorithmsare importanfor automatic

eye disease screeniagd also for monitoring the progression/remission of the disease Thus in
order to develop a system, aimetl fundus image datasetngcessaryo train and test the new

software systems.

The methods for diagnosing glaucoarareviewed in the first chapter. Various datasets of retinal
fundus images that are publically available currently are describedistubsed. In the second
chapter theechniques for the optic disc and cup segmentations available in the literature is
reviewed. While in the third chaptaruniqueretinal fundus imageéataset, called RIGA (retinal
images for glaucoma analysis) is presenbedhe datasethe optic disc and cup boundaries are
annotatedmanually by 6 ophthalmologists (glaucoma professionati@pendently for total of

4500 images in order to obtain angprehensive view point as well as to see the variation and
agreement between these professionals. Based upon these evalsatiensf the images were
filtered based on a statistical analysis in order to increase the reliability. The new optic disc and
cup segmentation methodologies are discussed in the fourth chapter. The process starts with a

preprocessing step based on a reliable and pralgsathm. Here amterval Typell fuzzy entropy



based thresholding scheme along with Differential Evolutiesappliedto determine the location of the

optic discin order to determine the region of interest instead of dealing with the entire image. Then,

the processing step is discussed. Two algorithms were applied: one for optic disc segmentation
based on aactive contour model implemented by level set approach, and the second for optic cup
segmentation. For this thresholding was applied to localize the disc. The disc and cup area and
centroid are then calculated in order to evaluate them based on the mramotations ofreas

and centroid for the filtered images based on the statistical analysis. In the fifth chapter, after
segmenting the disc and cup, the clinical parameters in diagnosis of glaucoma such as horizontal
and vertical cup to disc ratio (HG) and (VCDR) are computed automatically as a post
processing step in order to compar ennbtatiensr e s ul

results. The thesis concludel in chapter six with discussion of future plans.
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Chapter 1

Introduction

1.1.Background

1.1.1. Glaucoma

Glaucoma is a chronic eye disease in which the optic nerve is gradually damaged. Glaucoma is the
second leading cause of blindness after cataract, with approximately 60 million cases reported
worldwide in 2010 [1]. It is estimated that by 2020 @80 million people will suffer from
glaucoma [1]. If undiagnosed, glaucoma causes irreversible damage to the optieadtingto
blindness. Thereforeliagnosing glaucoma ah earlystage is extremely importafur appropriate

early management2-4]. Accurate diagnosis of glaucoma requires three different sets of
examinations: (1) evaluation of the intraocular pressure (IOP) usomgact (Goldmann
tonometry)or noncontact tonometrffi a i r  p)u(2) evaltatos of dhe visual field, and (3)
evduation of the optic nerve head [5]. Accurate diagnosis of glaucoma recqddigsonal
measurementghat is, gonioscopy and assessment of retinal nerve fiber layeL{R8IF Since

both elevatedension and normdknsion glaucoma may or may not inceetise 10P, the IOP by

itself is not a sufficient screening or diagnosis method {#&j. the other hand, visual field
examination requires special equipment which is usually available only in texéigiyospitals
thathave a fundus camera apdssibly arOptical Coherence Tomograp(OCT) [6]. In routine
practice, patients witprimary open angle glauconi@OAG) can be manifested with inconsistent
reports between SB8patial domairOCT andstandard automated perime(8AP). In theelderly,
highercup to disc (this refers to the optic nerve heatlp, larger cup volume, and lower rim area

on SDOCT appear to be associated with detectdalmage. Moreover, additional worsening



RNFL parameters might reinforce diagnostic consistency betwee®@@Dand SAP [7].
Therefore, the optic nerve head examination {fagisc ratio) isavaluable method for diagnosis

of glaucoma structurally [8]. The visual field test, on the other hand, diagnoses glaucoma
functionallyby detecting the damage done to theual field. Determining the cujo-disc ratio is

a very expensive and time consuming task currently performed only by professionals. Therefore,
automated image detection aaskessment of glaucoma will be very useful.

There are two different approachesdotomatic image detection of optic nerve head [6]. The first
approach is based on the very challenging process of image feature extraction for binary
classification of normal and abnormal conditions. The second and more common approach
however is basedxxclinical indicators such as ciip-disc ratio as well as inferigl), superiofS),

nas& (N), and tempora(T) zones rule in the optic disc area [6[he optic disc is made of 1.2
million ganglion cell axons passing across the retina and exiting the eye through the scleral canal
in order to transit visual information to brain [8]. Examining the optic disc helps clarify the
relationship between the opterve cupping and loss of visual field in glaucoma [8]. The optic
disc is divided into three different areas: neuroretinal rim, the cup (central area), and sometimes
parapapillary atrophy [9]. The ctip-disc ratio (CDR) is the ratio of the vertical diaereof the

cup to the vertical diameter of the disc [10].

1.1.2. Retinal image processing

1.1.2.1. Fundus photography

Fundus photography is a complicated proc@$e funduscamerais essentiallya low power
microscope designed to capture the image of the posteriooptie eye as well as the whole

retina.



Fundus photography allows three types of examination: (1) color, in which white light is
illuminated on the retina to examine it in full color; (2) Hfeele, in which the contrast among
vessels and other structures is improved by removing the red color through filtering the imaging
light; and (3) angiographyn which the contrast of vessels is improved by intravenous injection
of a fluorescent dye [11].

1.1.2.2. Optical coherence émography (OCT)

OCT is an optical signal acquisition method for capturing 3D images with micrometer resolution
from within optical scattering media. OCT applies near infrared lagid is based on the
Michaelson interferometry method.

The lorg wavelength light has the advantage of penetrating into the scattering medium. OCT is
usually used for imaging the retina due to its ability to provide high resolution-szosgsnal
images [12]. It is also a useful imaging technique in other areas asucermatology and
cardiology [13].

1.2. Optic disc and optic cup £gmentation

The Optic Disc (OD) is one of the most important parts of a retinal fundus imadje(fFigure 1).

OD detection is considered a preprocessing component in many methods of auitiangeic
segmentation of retinal structureshich is a common step in most retinopathy screening
procedures [d]. TheOD has a vertical oval (elliptical) shapé]Bnd is divided into two separate

zones: the central zone or the capd the peripheral zone or neuroretinal rim [6].



Figure 1.10Optic Disc in fundus imagel[]

Changes in the color, shape, or depth of OD are indications of ophthalmic pathologies such as
glaucoma [18]; therefore, OD measurements have important diagnadties [19, 20]In
automated image processing for detection of glaucootayate detection of the central point of

OD is important. Furthermore, correct segmentation of OD requires accurate detection of the
boundary bveen the retina and the rim [JL&athological cases occurring on the OD boundaries,
such as papillary atrophy, influence the segmentation accu@gtiz. Cup(OC) segmentation is

further challenged by the density of blood vessels covering parts of the cup and the gradual change
in color intensity between the rim atleecup. The kinks in the blood vessels sometifaesitate
detecting the cup boundari@sd maket more challenging. Bad image acquisition also affects cup
segmentation. Accurate disc and cup segmentation is very important in all pathological cases since
errors in disc and cup segmentation may mislead the professionals and hence affect their.diagnosis
1.3. Publicly available retinal image datasets

Most of the retinal optic disc and cup segmentation methodologies presetbedLiterature
Reviewchaptemweretested on various publicly available datasets, for example, DRIVE, STARE,

MESSIDOR, and ORIGA. Ithis section we provide a brief summary of these datasets.



DRIVE Dataset

The Digital Retinal Images for Vessel Extraction (DRIVE) dataset [21] consists of 40 color fundus
images. The images were acquired from a diabetic retinopathy research progthe in
Netherlands. Seven images of the dataset have pathology. ERjsh®ws an example of a normal

(A) and a pthological(B) image. A Canon CR5 nemydriatic 3CCD camera with a 4%eld of

view was used to obtain the images. The images were dividetiatgroups, a training set and

a test set, with 20 images in each group. Three experts manually segmented the images in order to
have reference images for evaluating #lwtomatic segmentaticiechniques by comparing the

manually segmented images witlosle segmented automatically.

(A) (B)

Figure 1.2 Retinal images from DRIVE: (a) normal image, (b) pathological image.

STARE Dataset

The Structured Analysis d®etina (STARE) dataset [22] is funded by the US National Institutes

of Health.Thedatasehas 400 fundus images. The blood vessels are annotated in 40 images. The
optic nerve headONH) is localized in 80 images. A Tepn TRV-50 fundus camera with 35

field of view was used to capture the images.



MESSIDOR Dataset

MESSIDOR [23] contains 1200 images in two sets; the images were captured in three
ophthalmolog departments by a research program sponsored by the French Ministries of Research
and Defense. Tawdiagnosebave beemrovided by the medical experts for each imaganely,
retinopathy grade, and risk of macular edema. A color video 3CCD camera on a Topcon TRC
NW6 nonrmydriatic retinography with a 45ield of view was used to capture the imagHEse

images are saved in uncompressed TIFF format.

ORIGA Dataset

The Online Retinal Fundus Image Dataset for Glaucoma Analysis and Research (ORIGA) [24]
consists of 650 images acquired through Singapore Malay Eye Study (SIMES). Critical signs for
glaucoma agnosis are annotated. SIMES is conducted by the Singapore Eye Research Institute
(SERI[25]. The images werannotatedy expertdy employingi k e y n o d &esimdagimeh i ¢ h
landmarks along the disc boundary and cup bouratatwere stored in a centralized server. The
dataset includes 168 glaucomatous andmt8fglaucoma images.

DIARETDBO Dataset

The Standal Diabetic Retinopathy Datagétlibration level 0 DIARETDBO [26] consists of 130

color fundus images, 20 normahages,and 110imageswith signs of diabetic retinopathy,
acquired from the Kuopio University Hospital in Finland. The images were captured by a digital
fundus camera with SGield of view.

DIARETDB1 Dataset

The diabetic retinopathy datasetd evaluation protocol DIARETDB1 [27] consists of 89 color
fundus images acquired from the Kuopio University Hospital in Finland. The dataset consists of

84 images with diabetic retinopathy and 4 normal images. The images were captured by a digital



fundus camera with 50field of view. Four experts annotated the microaneurysms, hemorrhages,
and hard and soft exudates.

1.4.Performance Metrics

The outcome of optic disc segmentation process is fased.Figure 13 shows the three
distinctive areas: (1) the true positive area representing the overlapping area between the manually
annotated(ground truth) and automaticallgnnotated(segmented image) areas, (2) the false
negative area where a pixel is classified anlghe manuallyannotatedarea, and (3) the false
positive area where the pixel is classified only in the automatically segmented area. Sensitivity
measures the proportion of the actual positives which are correctly identified. A higher sensitivity
valueimplies a higher validity of results [28]. On the other hand, there are different measurements
used in image classification of the optic disc and optic cup segmentation to determine whether an
image is normal or glaucomatous. Gapdisc ratio is definedsathe ratio of vertical distances
between pixels at the highest and lowest vertical position inside the cup and disc [28}i

(Figure 14). Tablel.1 summarizes the OD and OC segmentation algorithms performance metrics.
Various methods are used forage classification which is a clinical assessment of the ISNT rule

for the optic nerveThe ISNT rules considered to be an observer to the gradual decrease or no
change in rim width at the following position order: inferior Q)superior (S)O nasal N) O

temporal (TYFigure 1.5.
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Table 1.1 Performance metrics for optic disc and optic cup segmentation.

Measurement Description

Optic disc overlap TP/TP+FN+FP

CDR error CDR (GR)i CDR (PRP)

ISNT rule Optic discoptic cup (obtain the
thickness in all the four quadrants)

Specificity (SP) TN/TN+FP

Sensitivity (SN) TP/TP+FN

Accuracy (Acc) TP+TN/TP+FP+FN+TN

Positive Predictive Accuracy (PPA) TP/TP+FP

Dice metric (DM) 2*TP/FP+TP+FN

Relative area difference (RAD) FP+FN/GT

As mentioned before,essitivity is the probability of an abnormal class to be identified as
abnormal. Specificityhowever,is the probability of a normal class to be identified as normal.
Accuracy represents the ability or quality of the performance. The positive predictiueacy
represents the precision in detecting normal and abnormal cases. The true negative represents the
number of normal images identified as normahile false negative represents the number of
glaucoma images identified as norm#lue positive reprgents the number of glaucoma images
identified as glaucoma and false positive represents the number of normal images identified as
glaucom#ous[32].

In this chapter wénave reviewed the methods for diagnosing glaucamaell as the methods

used to takehie imagef the eye fundusind various datasets of retinal fundus insatjat are
publically available In addition the performance matrices used to compute the accuracy of the

automatic systemisave been introduced



Chapter 2

Literature review and thesis objectives

2.1. Literature review

Different techniques have been used for optic disc (OD), optic cup (OC), or optic disc with optic
cup segmentation. In thehapteythe OD and OC segmentation methodologies that automatically
detect OD and O®@oundariesarecritically reviened These techniques help professionals with
diagnosing and monitoring glaucoma by providing them with clear and accurate information
regarding the ONH structure. The uniqueness of litégature reviewis in demonstratinghe
segmentation methodology by creating a flowchart for each techniguthis chapterthe
algorithms appliedor OD and OC segmentatiare introduced andhe pros and cons of each

methodarediscussed. &ggestions for future researate also provided

2.1.1. Segmentation approaches

Varioustechniques have beesedin image processing methodologies of optic disc and optic cup
segmentation in thliterate These techniquesfor segmentatiorare, thresholding, edgbased
methods, and regiebased method$8]. Here, three segmentation methodologiesconsidered

(1) optic disc segmentation approaches, (2) optic cup segmentation approaches, and (3) optic disc
and optic cup segmentation togethéthile mostalgorithmsare concerned with just optic disc
segmentabn, few are concerned with optic cepgmentatiomndeven fewemith optic disc and

optic cup segmentation together.
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2.1.1.1. Optic Disc segmentation approaches

Optic disc extraction or segmentation is performed using segmented reference images called
Aground trutho on whi canotatedby ophfhalmotgists.i ThecODi s ac
processing includes two main steps: localization (detecting the center q@oiOD) and

segmentation (detecting the disc bounddB4]. Different OD detection and segmentation

algorithms have already been introduced; however, many s¢ #hgorithmshave a number of

limitations [3&B] such as using images with a clear color atoh across OD boundary.

Preprocessing methods are important steps for analyzing an image by enhancing the image and

finding the region of interest (ROI). The OD segmentation approachasimrearized inrable

2.1 and thei results are shown ihable 22.

Table 21 Optic disc segmentation methods.

Authors Year Image processing technique Performance Dataset Number of
metrics Images
Lupascu et al. [36] 2008 | Circles passing through three noncollinear points Success rate DRIVE 40
Youssif et al. [16] 2008 | Nor mali zed DFI by means Success rate STARE 81
matched filter
Zhu and Rangayyan| 2008 | Edge detection using canny and sobel methods and| Success rate DRIVE 40
[37] through transform STARE 82
Welfer et al. [38] 2010 | Adaptivemorphological approach Overlap (Acc) DRIVE 40
DIARETDB1 89
Aquino et al. [34] 2010 | Morphologial, edge detecting, and feat@ndraction Overlap (Acc) | MESSIDOR 1200
techniques
Tjandrasa et al. [39] | 2012 | Hough transform and active contours Overlap (Acc) DRIVE 30
Yin et al. [40] 2011 | Model based segmentation Overlap (Acc) ORIGA 650
Cheng et al. [41] 2011 | Peripapillary atrophy elimination Overlapping ORIGA 650
error
Lu [35] 2011 | Circular transformation Overlap (Acc) | MESSIDOR 1200
ARIA 120
STARE 81
Dehghani et al. [42] | 2012 | Histogram matching Success rate DRIVE 40
STARE 81
Local 237
Zhang et al. [43] 2012 | Projection with vessel distribution and Success rate DRIVE 40
appearance characteristics
Fraga et al. [44] 2012 | Fuzzy convergence amtbughtransform Success rate VARIA 120
Sinha and Babu [45] | 2012 | Optic disc localization using L1 minimization Overlap (Acc) | DIARETDBO 130
DIARETDB1 89
DRIVE 40
Kumar and Sinha | 2013 | Maximum intensity variation Overlap (Acc)| MESSIDOR 40
[28] SN DIARETDBO 130

11




Table 22 Performance results for the optic disc segmentation

Authors Year Dataset Sensitivity Average Overlap Success rates (Acc) Computation
overlapping error time (s)
Lupascu et al| 2008 DRIVE 95% localization 60
[36] 70% identification of OD
Youssif et al. | 2008 DRIVE 100% localization 210
[16] STARE 98.77% localization
Zhu and 2008 DRIVE 92.5% N/A
Rangayyan STARE 40.24%
[37]
Welfer etal. | 2010 DRIVE 100% 1083
[38] DIARETDB1 97.7%
Aquino etal. | 2010 MESSIDOR 99% localization 1.67
[34] 86% segmentation 5.69
Yinetal [40] | 2011 ORIGA 11.3% N/A
Cheng etal. | 2011 ORIGA 10% N/A
[41]
Lu [35] 2011 MESSIDOR 98.77% detection 5
ARIA 97.5% detection, 91.7% segmentatior
STARE 99.75% detection, 93.4% segmentatio
Tjandrasa et| 2012 DRIVE 75.56% N/A
al.[39]
Fragaetal. | 2012 VARIA 100% localization 0.6
[44] 93.36% segmentation
Dehghani et | 2012 DRIVE 100% 27.6
al. [42] STARE 91%
Local 98.9%
Zhang etal. | 2012 DRIVE 100% 13.2
[43] Self-selection 97.5%
STARE 91.4%
DIARETDBO 95.5%
DIARETDB1 92.1%
Sinhaand | 2012 | DIARETDBO 96.9% 3.8
Babu [45] DIARETDB1 100%
DRIVE 95%
Kumar and | 2013 MESSIDOR 93% 0.895 90
Sinha [28] DIARETDBO

Fraga et al.44] presented a methodology for OD segmentation commgudifferent stage@-igure

2.1). In order toreducecontrast variability and increase process reliability, the retinal image was

normalized by means of the retinex algorithm [46]. Two different techniques were used to localize

the optic disc: (1) analyzing the convergencthefvessels [47] to detect the circular bright shapes

and (2) detecting the brightest circular area based on a fuzzy Hough transform [48]. After detecting
the OD, the segmentation techniques were conducted using the region of interest specified by a
difference of Gaussian filter. The vessel tree boundaries were segmented by Canny filter to

compute the edges. The vessel edges from the Canny output were suppressed using the vessel tree

12




segmentation. Finally, the histogram information was included to medseraccuracy of
segmentation. The methodology was leaged on 120 images arachieved 100% of OD
localization for both fuzzy convergence and Hough transform. Using brute force search, the
segmentation success rates were 92.23% and 93.36% for the furmrgemce and Hough
transform, respectively. The aforementioned OD segmentation approach did not involve
pathologic retinal images affecting the OD. This is a limitation which should be addressed in the

future work in order to develop a robust methodology.

Retinal image

|
I
Preprocessing !
|
I
|
|
I
|
|
I
I
|
I

Luminosity and contrast
normalization by multiscale
retinex algorithms

Optic disc location

Fuzzy convergence Fuzzy Hough
of the blood vessels transform
\ I
L T __.
——————————————————————————————————————————————————————————————————— 1

Optic disc segmentation

- - Suppression of the Compute the
Segmentation of = q
Canny filter vessel edge tree histogram of
the vessel tree : 0
segmentation the ROI

Figure 2.1 Flowchart for algorithm proposed iA4).

Welfer et al. [B] present a new adaptive method based on a model of the vascular structure using
mathematical morphology félhe OD automatic segmentati(fiigure 2.3. This methodology has
two main stages: (1) detecting OD locatumingthe information of the main vessels arcade, where

the vessels were detected to determine the foreground and background of the green channel image
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In this stage, thB&MIN operator (which detects the regional minima pixels) was used to identify
the background region; (2) detecting the optic disc boundary. In order to detect the OD boundary
using the watershed transform, an internal point to the optic disc and othsripeiicinity of the

internal point were identifiedased on the previously detected vascular &ne@ using the
following three steps: (1) using a specific algorithm to find the OD position and to determine
whether it is on the right or left side of thmage (morphological skeleton and pruning cycle are
used in this step), (2) locating the optic disc by removing the less important vessels from the pruned
image, (3) describing the shape of the optic disc. The methods were tested on 40 images obtained
from DRIVE dataset and 89 images from DIARETDB1 dataset. The success rate in optic disc
localization was 100% and 97.75% for the DRIVE and DIARETDB1 datasets, respectively. Future
work should consider detecting other important retina structures, such asljased, on the

proposed method.

Retinal image

Optic disk location
detection

! 1
! 1
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! I
| I
| |
|
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|

_____________________________

‘ Optic disc boundary detection
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l

(1) Find the OD position (in
right or in left image side
(2) Locate approximately the
(3) How the OD is located
in the image

Watershed transform

Figure 2.2Flowchart for algorithm proposed ing3
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Aquino et al. [3] proposed a nevalgorithm for OD segmentatio(Figure 2.3), where the
localization methodology obtains a pixel from the OD called optic disc pixelmEtrodology
contains thre different detection methodBigure 24). Each method has its own OD candidate
pixel, and the final pixelvaschosen by a voting procedure. The green channel has been selected
since it provides the best contrast. Two of the three detection methods are called maximum
difference method and maximum variance method. In general the maximum variation occurs
between thédright region (OD) and the dark region (blood vessels in the disc). Therefore, the
maximum variation was used to select the OD pixel of those two methods. In adifigon,
statistical variance for every pixel was calculated in the maximum variance nagithdiae bright

pixels were obtained by blue channel thresholding via Otsu method [49]. The last method was low

pass filter method, where the OD pixel was the maximum gray level pixel in the filtered image.

Retinal image

Optic disc boundary

Optic disc location Segmeiltﬂti(m
l’ (1) Elimination of blood
vessels

Voting type algorithm

(morphological processing)

Maximum difference
— method
(median filter)

(2) Obtaining OD boundary
candidates
(binary mask)

|

(3) OD boundary
segmentation
(circular Hough transform)

Maximum variance
—> method (statistical
variance)

L—3 | Low pass filter method

Figure 2.3Flowchartfor algorithm proposed ir3g].
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(a3)

(b3) (b4)

(c1) - (c2) (c3) v (c4)

Figure 2.4 ODP determination. (a), (b), and (&riginal images(al), (b1), and (c1)OD pixels provided by the
maximum difference metheda2), (b2), and (c2)OD pixels provided by the maximum variance meth@8), (b3),
and (c3) OD pixels provided by the Ioyass filter methoda4), (b4), and (c4)inal ODP determination.

Finally, the maximum variance method has been chtzsbavethe final OD pixel according to

the voting procedure. On the other hand, the OD segmentation methodology was applied on two
fi r eeahd Aig r e e€amponentsand the bdér segmentation was selectééigure 25). The
procedure was based on removing the bloedsels by employing a special morphological
processing and then applying edge detection and morphological techniques to obtain a binary mask
of the OD boundary candidates. Finally, the circular approximation of the OD was computed using
a circular Hough tansform. The methodology was evaluated using the publicly available
MESSIDOR dataset. The localization was successful in 99%haiségmentatiomvassuccessful

in 86%. The current research is concentrated on improving the algorithm for executing decbntrol

elliptical deformation of the obtained circumference.
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(G5)

Figure 2.5The calculation process of the circular OD boundary approximation. (R) Red ch@&jnékeen
channel. R1 and G¥essel eliminationR2 and G2Gradient magnitude imagR3 and G3Binary image R4 and
G4: Cleaner version of the binary imgades and G5Circular OD boundary approximation.

Tjandrasa and colleagues9[3pplied the Hough transform as an initial level set for the active
contours for optic disc segmentation. Thgoathm procedure is shown ifigure 2.6. The OD
segmentation steps staaloy converting the imagato a grayscale image and then implementing

the image preprocessing (image enhancement). Therefore, homomorphic filtasiagplied to

reduce the effect of uneven illumination. Homomorphic filtering has two stages: (1) applying a
Gaussian low pass filtegnd (2) obtaining the filtered edge by performing dilation. The blood
vessels are removed in the next step to facilitatesggmentation process. Ttewesholdwas

applied to detect the low pixel values in the image and followed by applying the median filter to
blur the blood vessels. The next step in OD segmentatisdetecting a circle which matchithe

location of OD byperforming a Hough transform. Subseqiyerdn active contour modefasused

to obtain OD boundaries that are as close to the original OD boundaries as possible. The active
contour modelwas applied with a special processing termed Selective Binary ands@au
Filtering Regularized Level Set (SBGFRLS) [50]. The algorithm achieved 75.56% accuracy using
30 images from DRIVE dataset. Further work can be done to segment the cup disc in order to

classify the images into normal and glaucomatous.
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Figure 2.6 Flowchartfor algorithm proposed in B.

Lupascu and colleague3q presented an alternatitechniqugFigure 2.7 to detect the best circle

that matches th®©D boundary. The technique usedregression based method and texture
descriptors to identify the circle which fits the OD boundary. The variatidreimtensity of pixels
describedhe appearance of the OD, and theretbiefad was utilized in the algorithn8ince the

color fundusmages have a dark backgroutite background pixels were not considered. A mask
imagewas computed with zero values for background pixels and one for the foreground pixels.
The maximum intensity pixels within the green component provide the highesastoatrd
thereforewere selected. The initial point was established based on the center of the mass of the
region, where eight directionwere considered. The directions were obtained by moving
counterclockwise irsteps of 45 Each direction was based tre rapid variation of intensity.

Three points were considered for each direction; thus in total there were 24 points. The Euclidean
distances (the distances between the initial point and each of the 24 points of interest) were
computed and their mean valwas calculated. The circles were created using threeallimear

points. Hundreds of circles were obtained; however, based on their specific properties, less than
twenty circles were selected as the better ones and the rest were removed. Usindilbarmegr

the selected circles were mapped into polar coordinate space. The next step was to find the
maximum derivatives imo direction by applying the linear least squares fitting technique. The

correlation coefficient was computed to measure theitguat the fitting. The circle with the
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maximum correlation coefficient was chosen as the best circle matching the OD. The algorithm
was tested on 40 images. An ophthalmologist manaaltptatedhe ground truth of OD boundary
usingthe standard softwart® select some pixels on the OD boundary. The success rate was 95%
for OD localization and 70% for OD contour (circleemdification. This method causddise
detection of OD in low quality images; therefore, further study is needed to improve thénaigorit

by refining the selection of the initial points.

Retinal image
[

L 1
Initial point P?omts of
interest
Center of the mass of 3 in each direction
the pixels with the (for each 45 degrees
maximum intensity in counter clock wise)

Circles passing through
three noncollinear points

Texture descriptors + maximum
correlation coefficient

The best circle which
best fits the OD

Figure 2.7 Flowchartfor algorithm proposed ir3g)].

Yin et al. 0] have recently proposed a novel technique that consists of edge detection, circular
Hough transform, and a statisticalfaienable model to determine OfFigure 28). The Point
Distribution Model was utilized to model the shape of the disc using a series of landmarks. A
preprocessing step was performed to analyze the image and reduce the effect of blood vessels. The
optimal dannel was also selected by applying a voting scheme based on heuristics.
Subsequentlythe OD was approximated by a circle using circular Hough transform to determine
the optic disc center and diameter. Ultimately, the statistical deformable model was applied to fine
tune the disc boundary according to the image texture. The direct leasedcellipse fitting

method was exeted to smooth the OD bounddifyigure 2.9). The ORIGA dataset was used to
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test the algorithm. The average error in the overlapping area was 11.3% and the average absolute

area error was 10.8%.
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Figure 2.9 Optic disc segmentation using the proposed method (red), level set method (blue), FCM method (black),
CHT method (cyan), and ground truth (green).

Cheng et al.41] proposed an OD segmentation method based on peripapillary atrophy (PPA)
elimination. The algorithm included three parts: edge filtering, constraint elliptical Hough
transform, andl -PPA detectior{Figure 2.10. Extracting the region of interest and drireg the
edges of OD were the initial steps in this algorithm. In the aforementionedatewsass filter

was applied to remove the noise, and then the first derivative from each row of the region of interest
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(ROI) was computed. The first PPA elimiiat was edge filtering (EF). There are two types of
PPA:| andf .| -PPA is pigmentary and includes a structural irregularity of retinal pigment
epithelial cells (darker than OD), whilePPA is a complete loss of retinal pigment epithelial cells
(similar color to OD)The| -PPA was detectesimply by comparing the ROI with the threshold,

i.e., the mean intensity in the ROI, followed by a morphological closing processing. Due to the
elliptical shape of PPA together with OD, a second elimination of PB# eonducted by a
constrained elliptical Hough transform. Finally, the third PPA elimination was conducted by
PPA detection. -PPA is much more difficult than-PPA due to the similarity of its color with

that of OD. To avoid false segmentation besawéhe PPA and OD, a ring area was determined
from the detected disc boundary and was divided into qualtepEred bythe texture withinf -

PPA, the local maximums and minimums were extracted within the ring and were named as feature
points] -PPA was considered present in a quadifatite number of feature points in a quadrant
exceeded the threshold. The threshold level was obtained by comparing the cases with and without
I -PPA. Then the edge points along the detected disc boundary wenreetefram the quadrant.
Finally, the constrained elliptical Hough transform was reapptiedbtain the new disc boundary
(Figure2.11). The ORIGA dataset with 200 images with PPA was used to evaluate the algorithm.
Results showed an average overlappingresf 10%, an average absolute area error of 7.4%, and

an average vertical disc diameter error of 4.9%. In the future studies, the method should be

reapplied to segment OC for diagnosis of glaucoma.
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(B)

Figure 2.11 (a) The results (blue: without EF, red: with EF, and green: ground truth). (b)The results (cyari: before
PPA detection, magenta: affefPPA detection, red: with ellipse correction, and green: ground truth).

Zhu and Rangayyan TBproposed an automated segmentation method based on Hough transform
to detect the center as well as the radius of a circle tpab@mates the boundary of QBigure
2.12. The methodhas been used bgonzalez and Woods [51] and Canny [52]. To calculate

reference intensity for circle selection, a preprocessing step was conducted by normalizing the
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color image components and converting them to luminance components and then thresholding the
effective regon of the image. Finally, morphological erosion was used to remove the artifacts from
the DRIVE dataset which was used to test this algorithm. A median filter was applied to remove
outliers from the image. The components of horizontal and vertical gradidgr Sobel operator

were obtained by convolving the preprocessed image with specified operators. The binary edge
map was obtained by a threshold applied to the gradient magnitude image. On the other hand,
Canny operator was applied to detect the edgesdon three criteria: multidirectional derivatives,
multiscale analysis, and optimization procedures. After edge detection, Hough transform was
applied to detect the center and radius of the circle. The algorithm was tested on two datasets:
DRIVE and STARE. The algorithm achieved 92.5% (DRIVE) and 40.Z86ARE) success rates

for Sobel méhod, and 80%UDRIVE) and 21.95%STARE) success rates for Canny method. The

algorithm needs to be improved by applying additional characteristics of OD.
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Figure 2.12 Flowchartfor algorithm proposed irg[/].

Dehghani and colleaguedq proposed a novel technique that usedtogram matching for
localizing OD and its center in the presence of pathological regiors. midthodology is

summarized irFigure 2.13 Four retinal images from DRIVE dataset were used to create three
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histograms from the color image components (red, blue, and green) as a template. An average filter
was applied to the image to reduce noise. The next step included extracting the OD fetiealc

image using a window with a typical size of OD. Then a template was created by obtaining a
histogram for each color component for each OD and calculating the mean of the aforementioned
histograms. To reduce the effect of pathological regions hgh intensity, the histograms with
intensity oflessthan 200 were used. The correlation between the histograms of each channel was
calculated in order to gain the similarity of two histograms. Finally, thresholding was ajaplied

the correlation functio to localize the center of the OD. The methodology was applied on three
datasets: 40 images from DRIVE, 273 images from a local dataset, and 81 images from STARE.
The success rates were 100%, 98.9%, and 91.36%, respectively. In the future work, thee©D cen
shouldbe used as the first step for localizing the boundary as well as for human recognition based

on the retinal image.
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Zhang et al.43] proposed a novel OD localization letque based on 1D projecti(figure 2.14.

The vascular scatter degree was used to determine the horizontal location of OD. The vertical
location of OD was obtained by brightness and edge gradient around OD. A preprocessing step
was necessary in whichbanary mask obtained by morphological erosion operation was used to
identify the region of interest of the retinal image. Blood vessel extraction was then conducted
using norvessel boundary suppression based on Gabor filtering and multithresholdingsproces
[53]. The structure of the main vessels is more critical in measurement of vascular scatter degree;
therefore, vessels smaller than 30 pixels were neglected. After preprocessing, a vertical window
was defined and was slid over the vessels map to cadukatvascular scatter degree in order to
obtaina 1D horizontal projection signal afficid the horizontal location of the OD at the minimum
position of horizontal projection curve. Then a rectangular window was defined, centered at
horizontal location oD, and slid over Gabor filter map and gray intensity image to obtain the
1D vertical projection signal, where the location of the maximum peak of vertical projection curve
was the vertical location of the OD. The algorithm was evaluated on four publalglde and

one selfmarked dataset: (1) 40 images from DRIVE (achieved 100% success rate); (2) 81 images
from STARE (achieved 91.4% success rate); (3) 130 images from DIARETDBO (achieved 95.5%
success rate); (4) 89 images from DIARETDBL1 (achieved 92ut¥#ess rate); and (5) 40 images

from seltselection (achieved 97.5% success rate). Future studies should test the algorithm using a

larger dataset.

25



Identified the ROI
by mask operation

Vessels detection
(Gabor filtering and multi
threshold processing)

A,
Horizontal location of Vertical location of OD

OD by vascular scatter by brightness and edge
degree gradient

Figure 2.14 Flowchartfor algorithm proposed im3].

Lu [35] proposed an alternative technique dmtomatic segmentation of QBigure 2.15. The
technique is based on a circular transformation other than Hough. The circular transformation was
conducted to detect the circular boundary and color variation across the OD boundary
simultaneously.

A prepraessing step was essential to improve the accuracy of OD segmentation. The intensity
image was first derived from the given retinal image by combining the red and green components
since these components contain most of the structural information abo®&e®@&al operations

were performed to speed up the process and to improve the accuracy. To decrease the computation
cost, image size was reduced to -timed. Then the image was filtered by a median filter to
suppresspeckle noise as well as variation asahe retinal vessels. The OD search space was

mi ni mi zed using the OD probability map based
transformation was based on observing the variation of the distance from the point within a circular
area to the tundary area which reaches the minimum when the point lies exactly at the centroid
region. In particular, each pixel detects maximum variation pixels (PMs) along several evenly
oriented radial line segments of specific length. In the nexttste®Ms wee filtered and finally

the OD map was obtained by converting the image. In this map, the maximum value represents
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the OD center and the PMs detected for the pixels at the identified OD center lie on the OD
boundary. The algorithm was evaluated on thredipuaatasets: MESSIDOR containing 1200
image, ARIA containing 59 images from individuals with diabetes and 61 normal images, and
STARE containing 31 normal and 50 pathological images. The OD detection accuracies were
98.77%, 97.5%, and 99.75%, respectiv@lge OD segmentation technique was applied only on

STARE and ARIA datasets, and the accuracies were 93.4% and 91.7%, respectively.
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Figure 2.15 Flowchartfor algorithm proposed in B.

Another OD detection algorithm basedtbe matched filter inspiretdy means of vessel direction

was introduced by Youssif at. [16] and is summarized iRigure2.16 In the preprocessing step

a binary mask was generated by thresholding the red component image, and then a morphological
operator was applied to label tipexels on the ROI. The aforementioned was followed by
equalizing the illumination using thdoover and Goldbaum equation [47] to avoid the negative

effects of uneven illumination othe OD localization process . The adaptive histogram
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equalization waspplied to improve and normalize the contrast and in turn assist in detecting the
small blood vessels with low contrast levels.

The blood vessels were segmented based on an algorithm proposed by Chaudhu8],evhénd

the similarity between the preteed 2DGaussian template and the fundus image was maximized.

To model the retinal vascular in all different orientations, twelve filters were generated to obtain
the maximum response for each pixel. To detect the OD direataich filter was used to nedh

the direction of the vessels at the OD. The algorithm was tested on 40 images from DRIVE dataset
and 81 images from STARE datasBte success rates were 100% and 98.77%, respectively. The
future work should aim to improve blood vessel segmentatioapplying other preand post
processing techniques, using other OD parameters or vaselalgad OD (e.g., vessel density and
diameter), as well as using a larger dataset for testing the algorithm and employing other vessel

segmentation algorithms wheteetvessels direction map can be obtained.
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A different methodology introduced by Sinha and Babh] [@nd Kumarand Sinha [28] is
summarized inFigure 2.17. The methodology had two main parts. Timst part was OD
localization using L1 minimizatiorp] in which a scale embedded dictionary was created based

on manually marked fixedize submages with OD at the center. These -subhges were
represented as a column vector to obtain the dictioglargents. Two sets of sparse coefficients,

one for the gray intensity image and the other for the red channel image, were obtained. The
information from sparse coefficient of each sotage was converted to a single valtegsmed
confidence measure. Condéidce measure calculated the probability of the OD center falling in a
given subimage. The dot products of the confidence values were obtained.

The dot products were rearranged over the 2D image grid to form the probability map representing
the possibilityof finding the OD. A convolution operation was conducted with Laplacian of
Gaussian (LoG) blob detector on the map and the location with the most response was declared as
the OD.

The second part of this methodology was OD segmentation [28]. The methsideted the
difference between the intensity of OD region and the surrounding area. To simplify the process,
the search space was minimized by cropping the red channel. The maximum intensity variation
points along both horizontal and vertical directiongengbtained. The points that did not lie on

t he OD boundary were considered Afalsedo point
by a set of control points to obtain the best closed curve. The curve was then smoothened to obtain
the final OD boundarin red color(Figure 2.18. The localization algorithm B} was evaluated

on multiple datasetsncluding DIARETDBO, DIARETDB1, and DRIVE and proved to be

successful in 253 out of the total of 259 images from the three da@568% success rate). The
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segmentation algorithm [28] was evaluated on 152 images based on twoso&#sRETDB1

and MESSIDOR. The average overlapping obtained was 89.5%.
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Figure 2.18 Representative results.

2.1.1.2. Optic Cup segmentation approaches

Due to the high density of blood vessels in the optic cup, segmentdttbis region is more
difficult than optic disc segmentation. Furthermore, the gradual intensity change between the cup
and neuroretinal rim causes extra complications for cup segmentation. In addition, glaucoma
changes the shape of thptic cup. The OD an®C segmentation techniques, in addition to the
techniques used only for OCgseentation, are illustrated able2.3 and tle performance results

areshown inTable2 4.
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Table 2.3 Categorizatioroptic disc with optic cup segmentation methods

Authors Year | Image processing technique OD/OC | Performance Dataset Number
metrics of images
Wong et al. [57] 2008 | Variational levelset approach OD/OC | CDR SERI 104
Wong et al. [58] 2009 | Vessel kinking OD/OC | CDR SERI 27
Narasimhan and 2011 | v-mean clustering OD/OC | CDR-ISNT ratio | AEH 36
Vijayarekha [59]
Ho et al. [60] 2011 | Inpainting and active contour mod OD/OC | CDR-ISNT ratio | CMUH N/A
Mishra et al. [61] 2011 | Active contour method OD/OC | CDR ODO, UK | 25
Yin et al. [62] 2012 | Modelbased segmentation OD/OC | DM, RAD ORIGA 650
Narasimhan et al. [63]| 2012 | 0-means and openCV code OD/OC | CDR-ISNT ratio | AEH 50
Cheng et al. [6] 2013 | Superpixel classification OD/OC | CDR ORIGA + | 2326
SCES
Annu and Justin [32] | 2013 | Wavelet energy features OD/OC | SNT SPi Acci | N/A 20
PPA
Chandrika and Nirmalg 2013 | 0-means clustering and Gab{ OD/OC | CDR N/A N/A
[64] wavelet transform
Damon et al. [65] 2012 | Vessel kinking oC Overlap error SERI 67
Ingle and Mishra [66] | 2013 | Gradient method ocC N/A N/A N/A

31




Table 2.4 Performanceesults for the optic disc and optic cup segmentation

Authors Year | Dataset| OD/OC | Sensitivity | Specificity | Overlap | Success AUC Computation
error rate time (s)
(Acc)
Wong et al. [57] | 2008 | ORIGA | OD/OC 4.81% N/A
Wong et al. [58] | 2009 | SERI OD/OC | 0.813 0.455 N/A
Narasimhan ang 2011 | AEH OoDb/OC 95% N/A
Vijayarekha [59]
Yin et al. [62] 2012 | ORIGA | OD/OC 9.729%¢OD) N/A
32% (OC)
Narasimhan e{ 2012 | AEH OD/OC | N/A N/A N/A N/A N/A N/A
al. [63]
Cheng et al. [6] | 2013 | ORIGA | OD/OC 9.5% (OD) 0.800 (ORIGA)| 10.90D)
+ SCES 24.19%0C) 0.822 (SCES) | 2.6 (OC)
Annu and Justin 2013 | N/A OD/OC | 100% 90% 95% N/A
(32]
Chandrika and 2013 | N/A OD/OC | N/A N/A N/A N/A N/A N/A
Nirmala [64]
Damon et al| 2012 | SERI oC N/A N/A N/A N/A N/A N/A
(65]
Ingle andMishra | 2013 | N/A oC N/A N/A N/A N/A N/A N/A

(66]

Ingle and Mishra §6] discuss the cup segmetitea based on gradient meth@Eigure 2.19.

Gradient is the variation in the intensity or color of an image. The gradient images were obtained

from an original image convolved with a filter. Two methods were used to find the gradient: (1)

linear gradient, (2) radial gradient. The contrast wasangat for all image components (red, blue,

and greenbpy acontrastimited adaptivehistogramequalization [67]. The initial threshold was set
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for red (R), blue (B), and G (green) componeatslafter much iteratiothe algorithm identifies
the region where R channel pixel value is less than 60Baadd Gare greater than 10Qther
pixels areneglectedgiving more details on interested regidrhe algorithm can be extended to

distinguish between the glaucomatous and normal images.
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Figure 2.19 Flowchartfor algorithm proposed ir6g)].

Another system for automatic detection of optic @gs proposed by Damon et abq] andis

based on vessel kinking. To detect the kinks, first the vessels must be detected. The smaller vessels
are harder toetect therefore, a segmentation technique for small vessel detection was introduced
by fusing pixel features and a support vector based classification. Patches of interest (POI) were
generated within the optic nerve head. Then features for detectingvessdls were generated,

where the green channel was chosen for feature generation due to its better visibility for the vessels.

A wavelet transform was generated for each POI using Gabor filter to detect the overall
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architecture of vessels. A Canny edggedtor was applied to detect all possible vessels. Finally,

the feature in the vessels segment based approach was fused instead of pixel classification for
vessels and newvessels. Kinking was localized by analyzing the identified vessels segments and
locating points of maximum curvature on the vessels (i.e., to fit the segment to a curve). To avoid
over or under fitting, a rigorous, nonparametric method was used based on the multiscale shifting
window technique. Consequently, the optic cup contour wasgnezed. The pallebased cup
detection was conducted to detect the cup from the superior to nasal and inferior zones. However,
the temporal zone was detected by the kinks. The algorithm was tested on 67 images from the

SERI. Figure2.20showstheflowchart for thealgorithm proposed in [§5

Retinal image

Small vessel
detection
I

i i
= i
: :
i ¥ ¥ v |
= :
| i
[ |
! I
| I

Patch Feature extraction Feature fusion
generation for small vessel and vessel
detection detection
____________________________ i_______________________________|

Kinking localization
(Locating points of maximum
curvature on the vessel

T T T T T T T T T T T T T T T T T T T T T T i _______________________________ 1
| 1
| . I
! Optic cup |
| segmentation ]
I
| [ :
I v ¥ i
|
1 Pallor based cup detection The kink detected !
i (Superior to nasal and complement the pallor based i
; inferior zones) cup for the temporal zone b
| 1
| 1

Figure 2.20Flowchartfor the algorithm proposed in [5

2.1.1.3. Optic disc and optic cup segmentation
To calculate the CDR and ISNT, the optic disc and optic cup should be segmented simultaneously.
Elevating the intraocular pressure leads to a posteriorly displacinghemming of the lamina

cribrosa & sievelike perforationthrough whichthe retinal ganglion cells leave the eye), which
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causes deepening of the cup and narrowing of th¢6i®8]. The neuroretinal rim is an effective
factor in glaucoma evaluation according to the ISNT rule, when the optic disc and cup are precisely

detected 31, 69].

Wong et al. [58 described a novel technique for detecting blood vessel kinks for optic cup
segmentatin (Figure2.21). A preprocessing step was conducted using a level set method to obtain
the optic disc and to estimate the initial optic cup boundary. Therefore, a region of interest was
extracted and the disc center was identified by threshptfithe red component. Next, variational

level set method [70] and direct ellipse fitting approach [71] were applied to obtain and smoothen
the optic disc. The initial contour was obtained by extracting the OD region in green channel. The
results were theellipsefitted in order to provide an approximation of the cup boundary based on
pallor. Square pixel size patches were used as guide based on the pallor cup boundary to locate the
kinks within the optic disc. Canny edge detection and wavelet transfermapplied separately

in the green channel to detect the kinks on the intradisc vessel edges. To avoid the effects of
protrusion along some of the detected edges, a polynomial application was used to smooth each
edge, followed by vectorizing the vesseped and dividing them into 15 segments. The kinks
were identified by calculating the change in the angle between each of the two edges. Finally, the
kinks and the additional points with the direct ellipse fitting method were used to determine the
OC boundsy. The algorithm was evaluated with 27 images from SERI. The CDR calculated by
the kink and pallor methods were compared with the ground truth CDR and the average error of
each method was calculated. The average errors were 0.139 and 0.093 for patidramétkink

method, respectively.
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Figure 2.21 Flowchartfor algorithm proposed in .

Yin et al. [67 introduced a statistical model based method that combines circular Hough transform
and a novel optimal channel selection for OD and OC segmantatie method is summarized

in Figure2.22 The active shape model using 24 landmark points around the OD was used as the
first step. A preprocessing was conducted to decrease the effect of blood vessels, and the best
image was determined based on the enagntrast ratio. Identifying the OD center and
approximating the OD size requires a good initialization. Therefore, Canny edge detector and
circular Hough transform were applied to obtain the edge map and approximate the OD,
respectively. Then the staitsl deformable model was initialized to adjust the OD boundary. To
update the OD segmentation, the landmark position by minimizing the Mahalanobis distance was
conducted, followed by the direct least squared ellipse fitting method to lsth@oboundary fo

the contour(Figure 2.23. On the other hand, the OC boundary was extracted by applying the
active shape model in the green channel of the image without blood vessel. The optic cup center

is close to the OD center; therefore, the model was initializeéthbglating the man cup model
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to the OD centeffFigure2.24). The ORIGA dataset consisting of 650 images was used to evaluate
the algorithm. The average Dice coefficient for the OD and OC segmentation was 0.92 and 0.81,

respectively. The mean absolute RBrror was 0.10.

Shape and Retinal Image
appearance

- | Optic disc boundary N Optic Cup
extraction segmentation
Prepmcessm,g“ L q > om, :
Determine the best l
image to process Y
based on image Updating the Local entropy
contrast ratio landmark position thresholding
LT LT AL h 4 Optic cup extracting
deformable modely Direct least squarad (active shape model)
Canny edge detector ellipse fitting method| || | |
to smooth the
] banndas; Cup to disc ratio
circular hough transform —H— evaluation

Figure 2.22Flowchartfor algorithm proposed in (.

Figure 2.230D segmentation using proposed method (red), level set method (blue), and FCM method (black) with
ground truth (green).
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Figure 2.24 Optic cup segmentation using the proposed method (blue), ASM method without vessel removal (red),
and level set method (black) with ground truth (green).
Superpixel classification based optic disc and optic cup segmentation for glaucoma screening
systemwas introduced by Cheng at. [6] and is illustrated irFigure 2.25 Classifying each
superpixel as disc or natisc in the OD segmentation was done based on histograms and center
surround statistics. On the other hand, in the OC segmentation the loctiromation was also
included. A Simple Linear lterative Clustering algorithm [72] was used to gather nearby pixels
into superpixels. Extracting OD features was achieved by enhancing the contrast using the
histogram equalization for the three image congmi® (R, B, and G) and computing the center
surround statistics to avoid color similarity in the group of pixels forming the superpixel. A Library
for Support Vector Machine (LIBSVM) [73] was used as classifo extract the OD boundary
(Figure2.26). Detecting the OC boundary was based on the feature extraction where the histogram
feature was computed. Red channel histograms were excluded. The center surround statistics was
computed similar to the OC feature extraction. Finally, LIBSVM was used as idassiéxtract

the OC boundaryFigure 2.27). Knowing the OD and OC, the CDR could be computed. The
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algorithm was evaluated based on 2326 images from two resources: SIMES and SCEN. Results

showed an average overlapping error of 9.5% in optic disc segmardatl 24.1% in optic cup

segmentation using only the SIMES dataset.
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Figure 2.25 Flowchartfor algorithm proposed in [6].
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Figure 2.26 Sample results of the optic disc. From left to right columns: (a) the original images, (b) the manual
Aground t rig) outlires by e MQV,(CEHASM, EHT, and MDM.
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Figure 2.27 Sample results of the optic cup. From left to right columngh@priginal images, (b) the manual
Aground t rige)) dutlines by thelproposamethod before ellipse fitting.

Mishra et al. [@] proposed an active contour method to find the CDPRrider to determine
glaucomgFigure 2.28. The green channeghage was used in the segmentation process similar to
the previous algorithms. Illlumination was corrected using a mathematical morphology in which
the background of the image was estimated by morphological opening pidue$dood vessels
were removed byapplying a morphology based vessel segmentation proposed by Fraz and
colleagues [74]. Subsequently, image inpainting was used to replace the blood vessel region with
plausible background. Multithresholding and active contour method were used to deteBnine
and OC boundaries. Thus, the CDR could be calculated. The method was tested on 25 images
obtained from an optic disc organization in UK. Preprocessing techniques were required to

improve the results.
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Figure 2.28Flowchartfor algorithm proposed in [§1

Wong et al. [5F proposed an automatic CDR detection algorithm based anaional level set
approach(Figure 2.29. Localizing the OD using intensity information was the first step.
Therefore, an image histogram was obtained in which pixels with the highest intensity were
selected to be the disc region. Also, the image was divided into 64 regions, and the disc center was
the region withthe mosthigh intensity pixels. The ROI was idéied by a circle with a radius

twice as long as the typical normal OD radius. The variational level set algorithm was applied to
detect the OD boundary using red channel. Next, ellipse fitting was applied to smooth the
boundary. Due to the high density lWood vessels in the OC region, the green channel was
selected to be processed. The OC was segmented by applying threshold initialized level set from
the segmented disc. The boundary was smoothed by ellipse fitting. The CDR was calculated as the
final result. The methodology was evaluated using 104 images from SIMES and the results

produced up to 0.2 CDR units from manually graded samples.
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Figure 2.29Flowchartfor algorithm proposed in [37
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To calculate CDR) -mean pixel clustering technigaed Gabowavelet transform [G4vere used

to segment th®D and OC separate(ffigure2.30). Thel -mean clustering classifies the data into

a number of clusters. For each clustercentroids were defined and each point in the data was
associated to the nearest centroid to create groups. The firsiastepmpleted when no poimtas

pending and an early growas created. Them was recalculated to new centroids as barycenters

of the clusters of the previous step. As the result, a new binding had to be made between the same
data and the nearest new centroid. A loop was created to track the location of the centroids until
centroids did not move any more in order to reduce the olgeitinction (squared error function).

The 0-mean clustering was conducted on ROI identified by a mask. Finally, OC and OD were
segmented using green plane to chdbseenean value for background blood vessel. Then the disc

and cup were replaced, where timage was mapped in 4 iterations to calculate the mean value of

the matrix distance. Morphological feature was performed to smooth the cup and disc boundary.
Gabor wavelet transform was also executed to avoid problems due to the presence of blood vessels.
Since the vessels have directional pattern, the Gabor wavelet transform was tuned for specific

frequencies and orientations to filter out the background noise.
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Figure 2.30Flowchartfor algorithm proposed in [§4

Ho et al. [6Q developed a novdechnique for automatic fundus imageabsis for glaucoma
screeningFigure2.31). The technique involved two major steps. Detecting the blood vessels was
the initial step and was conducted using two structural characteristics: shape and continwaty featur
A Canny edge detector was applied to detect general edges containing the boundaries of blood
vessels, where the green channel was used in the analysis. Bayesian rules were used to generate
an accurate confidence map by combining the horizontal andalertinfidence maps from the
shape and continuity feature. Fast Marching Method was employed to fill the d&ssetpaces

and then the peak thresholding from inpainted image histogram was executed for segmentation,
where the image was segmented inted¢tregions. Firstly, in order to estimate the disc boundary,

the three regions were fitted with two circles and the active contour model was applied to extract
the boundaries of the inner cup and surrounding disc. Then the CDR parameter and ISNT rule

werecalculated. A dynamic histogram equalization technique may be applied to enhance the image
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contrast and to avoid wrong identification of the CDR and ISNT duediear OC on vessel free

images.
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Figure 2.31 Flowchartfor algorithm proposed in [0

Narasimhan and Vijayarekha [B@itroduced a new system for glaucoma detection based on
mean clustering technique to extract OD and OC and also an elliptical fitting technique to calculate
the CDR. In addition, a local entropy thresholding approachappléed to detect the blood vessels

and compute ISNT. The stemconsistedf three phase@-igure2.32. The first phase was ROI
extraction considering green plane. The second phase was feature extraction throagh
clustering [64. ROI covered the D, OC, anda small region near the OD in the retinal image;

thus, thed value was chosen as 3. The clusters not belonging to OD and OC were removed. As
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the result, two clusters from the OD region remained, since the operation was conducted to fill the

holes and spaces inside OD and OC clusters.
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Figure 2.3 Flowchartfor algorithm proposed in [59

Subsequently connected component technique was applied to form rectangles that represented the
entire OD and OC. To calculate CDR, elliptical fittireghnique was executed on OD and OC and

the areas of the ellipse, OC, and OC were computed using a specific formula. The ISNT was
computed by measuring the area of the blood vessels in the four quadrants. Therefore, a local
entropy thresholding was used segment the blood vessels and then a mask was applied to
measure the four areas. Three classifiers, that is, KNN, BAYES, and SVM, were used to test 15
normal and 21 glaucomatous images. KNN achieved 93.3% and 80.9% success rates; BAYES
achieved 86.6% an#l5.23% success rates; and SVM achieved 100% 95.23% success rates for

normal and abnormal images, respectively.

Annu and Justin3d2] proposed another method for automated classification of glaucoma by
wavelet energy feature. The technique uses texturerésatithin the image by applying energy
distribution over wavelet subbands and efficient glaucoma classification baselmabilistic

Neural Network. Figur@.33illustrates a summary of the algorithm. The wavelet features were
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gained from the Daubechie@b3), symlets, and biorthogonal wavelet filters:score
normalization was applied to the images to equalize the irregular illumination associated with the
image. The feature of the retinal image was extracted to simplify the classification process since
provides characteristics of input pixel to the classifier. Therefore, the wavelet transform was
applied. Various textures have different energy in the space frequency domain; hence, the energy
obtained from the coefficient was used to distinguish betwie normal and glaucomatous
images. Finally, a Probabilistic Neural Network was usedhasclassifier to analyze image
properties and classify the dataset. This involved two phases: a training phase and a testing phase.
In the training phase the knovdata was given and in the testing phase the unknown data was
used. The algorithm was applied on 10 normal and 10 glaucomatous images, and 15 images were
used for training. The results showed sensitivity, specificity, positive predictive accuracy, and

accuncy of 100%, 90%, 90%, and 95%, respectively.
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Figure 2.33 Flowchartfor algorithm proposed ir3p)].

The OD and OC segmentation technique proposed by Narasimhan and colledgogs¢énents
the openCV library functions based oa-mean clustering andlliptic fitting (Figure 2.33 to

calculate CDR. The cvMinAreaRect®as used to draw the ellipse and the blood vessels were
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extracted using matched filter in which cv2DRotationMatrix and cvWarpAffine were used to
rotate the kernel. Finally local entropyréisholding was applied to compute ISNT ratio. The
openCV was mainly used to increase the operation speed. The method was evaluated on 50 images

obtained from Aravind Eye Hospital in India.
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Figure 2.34 Flowchartfor algorithm proposed in [.

‘ Calculating the CDR area

2.1.1.4. Discussion

This chapteprovided a comprehensive review of the algorithms used for OD and OC detection
and segmentation that help with diagnosis of glaucoma by detecting the main structures of the
ONH. Many algorithms were limited due to the complexities of ONHcaire which is very
variable among people and among different pathologies. The variabilities in the ONH structure
also cause difficulties in diagnostic observations. Papillary atrophy causes some difficulties for
disc segmentation due to its similarityimensity to disc boundarieslowever there are some
algorithms that can segment the disc with PPA perfectly. On the other hand, disc drusen causes
greater difficulty for segmeationsince the changes that appear on the disc boundaries completely

coverthe dis¢ especially in advanced cases. No current segmentation technique considers disc
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drusen based on retinal fundus images due to the rarity of the case and its complexity in terms of
image processingdyelinated nerve fibers (MNEprm a white cloudhat surroundthe optic disc

In severe casdbe ONHis totally coveredmaking the disc and cup boundaries hard to dévect

the professional experts as well as the algoritiidisc hemorrhage ianother casehere parts of

the optic disc might be coked. Moreover, dsc edema ione of the most importamases that
makeoptic disc cup boundari@nbiguousOn the otheihand the ONH whichplaysan important

role in accurate segmentation of cup boundaisgzartially covered with blood vessel§his is a
challenge facing many researchers and there are limited segmentation techniques that address this
challenge. The algorithms performed differently depending on the datasets of images. Some
approaches used a small dataset, while some used ldagetdao train and test the algorithm.
Many methods were tested only on normal retinal images, and those that were evaluated on
pathological images used different number of glaucomatous images. Also, the severity of the
disease was different among thessats used in different techniques; therefore, the corresponding
algorithms cannot be compared with each other. Most OD segmentatenebased on the
circular Hough transform along with other detection techniques. Aquino et4dlolained
excellent reults based on a large dataset (MESSIDOR) for both localization and segmentation of
OD; however, errors occurred due to ellipse eccentricity that was not suitable for circular approach.
Yin et al. 40] introduced edge detectioand acircular Hough transform to estimate the OD center

and diameter, and a statistical deformable model to adjust the disc boundary according to the image
texture. Utilizing a large dataset, the metisbdwedgood results. Cheng et adl]] also achieved
goodresults by eliminating the peripapillary atrophy based on edge filtering, constraint elliptical
Hough transform, and peripapillary atrophy detection. Due to the low contrast of the disc

boundary, OD boundary was not detected in some images. Therefoegracpssing stage to
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select the best image component is necessary to improve the result®] baified excellent

results based on three datasets: STARE, ARIA, and MESSIDOR. A circular transform was
designed to determine the circular shape of OD andthklsamage variation across the OD
boundary with a very short computation time of only 5s. Three sources of error contributed to
segmentation failure for a few images; these were as follows: (1) the large color variation across
the OC boundary might haveused the PMs to fall on the cup boundary instead of disc boundary,

(2) due to ultralow image variation across the OD boundary, much of the OD boundary had no PM
detected and therefore the OD boundary remained undetected, and (3) the error introduced by the
PMs was created based on symmetry. On the other hand, Cheng et al. [6] obtained perfect results
using an OD and OC segmentation algorithm based on superpixel classification utilizing
histograms and center surround statistics. However, a preprocessingstegsential to improve

the image. Also, to create a robust algorithm multiple kernel learning [75] was required for
enhancement and extraction of blood vessels tetfine thecup boundary. Sinha and Babu [45
proposed an algorithm to localize the OBsbd on L1 minimization. The algorithm achieved a

high success rate in localizing the Cdhdfailed in only 6 out of 259 images. The fails were due

to the scaling factor which needito be fixed at the start of a trial for the dataset to down sample

the mage to suitable size in tune with those in the dictionary. The OD detection was then followed
by segmenting technique [28]. This approach sometimes results in false segmentation due to the
blood vessels and nerves crossing the OD that appear darker@handGherefore restrict the
search space in the retinal image. In general, in addition to blood vessel extraction, a preprocessing
step including image channel selection, illumination normalization, and contrast improvement is
necessary for a robust appoh in OD and OC segmentation. Retinal pathological images that

have captured the effect of the disease on the optic nerve head must be considered in order to
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obtain correct computations of the CDR and ISNT for the glaucoma screening. Precise OD and
OC loalization lead to perfect segmentation. The aforementioned highlights the importance of
utilizing an accurate localization technique. Evaluating algorithm based on various datasets will

increase the reliability of the outcomes.

2.2.Objectivesof this Thesis

Even though there is considerable literature egngentation of optic disc and optiap, thereis

still plentyroom for improvement in segmentation technig®sne of the issues were discussed
above.Only few of the existing methodologies, whether fotiodisc or optic cup segmentation,

can be applied for glaucomatous retinal images. Also, most of the current methods have been tested
on a limited number of datasets such as DRIVE and STARE. These datasets do not provide images
with many different charaetistics. Furthermore, the generally low resolution of the images
(ranging from 0.4 to 0.3 megapixels) has made the segmentation process even more challenging
[76]. An advanced camera capable of taking high volumes of high resolution retinal images will
facilitate glaucoma screening. In order to achieve good outcomes for the images captured by
different systems, robust and fast segmentation methods are required. Most of the retinal images
used to evaluate segmentation methods have been taken from adedésinBaof infants, babies,

and children have different morphological characteristics than that of adults, and this difference
must be considered in segmentation methodologies [76]. The glaucoma screening system
complements but does not replacghe wok of eye carespecialistsin diagnosis; routine
examinations have to be conducted in addition to fundus image analysis. Howege,
processindacilitatesdiagnosis by calculating the disc and cup structural parameters and showing
greater details of ONHsuch as the disc and cup areas, the vertical and horizontéb-dige

ratios, and cup to disc area ratio, and also checking the ISNT arrangement. This is a shareable
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knowledgethat could intersectthe worlds ofeye care specialistand engineers The main
contribution of this thesis is in introducing a novel automatic optic disc and cup image
segmentation system for diagnosing glaucoma using a umagedatasetin order toovercome
many of the limitations mentioned in theditature reviewThe segrentationwas conducted by
computing the ONH structure automatically in four main st€pe.newy collected and manually
annotatediatasets coveredn the next chaptgchapter 3, followed by the two optic disc and cup
methodologies algorithmg&hapters4). The resultsare presentednd discussd in Chapter5.

Finally, the conclusion and future woake presenteth Chapter6.
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Chapter 3
RIGA dataset

3.1.Introduction

Mostof theretinal data are stored locally and are not accessible to ressaidmnenrefore, an online
datasehas been created to shegénal datawith interested clinicians and researchers. The clinical
reference retinal images wexequired using a fundesimera with or without pupil dilation during
routine clinical examinations. The aim isgmvide open access to such images for research and
educational purposess well as to benchmark various computer segmentation techniques with
reliable outcomes. Cuently, a datasepf Retinal Fundus Images for Glaucoma AnalyRE3JA)

has beerreatedhatcontains 750 retinal images obtained from three different sodrhesmages
weremanually annotated by 6 ophthalmologistsiking the dataseniquein thateachimagewas
analyed by multiple professionaisstead of just one persan,order to decide wheth#éreimage

is eligiblefor training and teshg of any developed systerA wide collection of signs, critical for
diagnosis ofglaucoma,were annotated Six geometrical parametergere calculatedfor every
member of the dataset. The datas#it be updated continuously with more maryannotated

images.

This research received all necessary approval and clearance from the Office of Research Ethics of
the University of Waterloo. There is no disclosure of any personal information such as names,

addresses, race, etc. &hd methodologgonforms to ethics standards set by the University.
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3.2.Images resources

The datasedescribed here consssif 750 fundus imagegairs of images from right and left eye)
collected from three different resour¢@sble 3.1) Four hundred and sixtsnageswere collected
from MESSIDOR datset and195 images from Bin Rushed Ophthalmic center in Riyadh, Saudi
Arabia (71 image$rom femalesand 124magesfrom males; participants webetweer?1 to 77
years old. The Saudi Arabian images were obtained in 2014 using a Canon CR2ydadatic
digital retinal camera. The dataseintains both normal and glaucomatous fundus images. The
imagesare 2376X1584pAn additional 95 imagewere obtainedrom Magrabi Eye center in
Riyadh, SaudiArabia (48 imagesfrom femalesand 47 image$rom males; participants were
betweerd to 83yearsold). The imagesvere obtained between 2012 &@ll4 using a TOPCON
TRC 50DX mydriatic retinal camerdhe images are 2743X1936phe images were chosen

randomly with regard to glaucomatous and normal images.

Table 3.1Details of the RIGA dataset

Images numbers | Images sizes | Capture data
MESSIDOR 460 images 2240X1488p 2004
images 1440X960p
Bin Rushed images 195 images 2376X1584p 2014
Magrabi 95 images 2743X1936p 20122014
Total 750 images

3.3. Optic disc and opticcup manualannotations

Six glaucoma specialists from different eye centers in Saudi Asainiatatedhe optic disc and

cup boundaries manually using higésolution tablets (Microsoft surface Pro Bacht a bl et 6 s
screen size was 12 inches with a resolution of 2160x1440. Egthalmologist manually

annotateceach of the/50 images; thereforén total 4500 annotatedmageswere obtainedThe

images were annotated using the terms showmloe3.2.
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The major problems iannotatinghe disc and cuprerehazy and unfocusedages, tilted discs
and myopic discs. Other factors that midiveled to inaccurat@nnotationwere examined s
fatigue and tirednegannotatingat the end of the daygnd also théusy and unfocused examiser

whotriedto do theannotatiomuickly andduring theirbusy clinichours

Table 3.2 Notations usedbr the images

Annotation Term Details

Image Quality Cup Clear/ Non clear

Glaucoma suspicious Normal/suspicious/ highly suspicious
Disc Size Large Disc / Middle Disc / Small Disc

Vertical cupto disc ratio automatically calculated
Horizontal cup to disc ratiq automatically calculated

Cup to disc area ratio automatically calculated

ISNT rule Follow ISNT rule / Not follow ISNT rule
Notch Yes / No

Disc Hemorrhage Presented / not presented

Alpha PPA Presented / not presented

Beta PPA Presented / not presented

3.4. Manual annotation segmentation andcalculating the geometrical parameters
The manuabnnotatiorwasfoundby subtractinghe originalimage(without annotationjrom the
annotatedmage.Thedifferencewasmanualannotationsi.e., tvo closel area whichwerenearly

circular(Figure 3.2).

@

Figure 3.1 The manuaannotationmage segmentation

The pixels of two circlesveredetecteddy dividing the image vertically into two pieces and then
detecting the whitespot. After segmenting the manuannotations for every single image
annotatedy all six ophthalmologistssix geometrical parameters weralaulated namely,disc

area and centroid, cigyea and centroi@ndhorizontal andrertical cup to disc rati@Figure 3.2).
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For the horizontal and vertical cup to disc ratalculations,the technique was to find the
maximum and minimum pixels for both optic disc and cup, then the cup to discatcewas
calculated.This information will be usgin analyzing the variations between the 6 experts and

will also be a reference to train and test the automatic disc and cup segmentation techniques.

Figure 3.2 Thegeometrical parameters for the optic disc and cup. a) Vertical cup to disc ratio; b) Horizontal
cupto discratio; ¢) disc area and centroid and cup area and centroid

Six opinionswereapplied on every single image of RIGA dsth Figure3.3 shows an example
of how the optic disc and optic cup wenenotatedy the experts antthe resultsare compared in
Figure3.4. Clearly the disc areaserebetweerthe tight range 086000 and 37000 pixels. While
the cup areaserebetween 15000 and 18000 pixetslicatingmore variation due to blood vessels
in the nasal sideThis caused a greater iaion in the horizontal cup to disc ratithe horizontal
cup to disc ratio ranged between 0.63 and 0.%@&riationof 0.1. The vertical cup to disc raso

howeverwerebetwea 0.64 and 0.G7a variation of 0.03

Figure 3.3Example for a clear cup and digonotatedy 6 Ophthalmologists
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Disc Area Cup Area

38000 21000
36000 19000
17000
34000
15000
32000 13000
30000 11000
Ophth10phth20phth30phth40phth50phth6 Ophth1 Ophth2 Ophth3 Ophth4 Ophth5 Ophth6
Horizontal cup to disc ratio Vertical cup to disc ratio
0.75 0.7
0.7
0.65 0.65
0.6
0.6
0.55
05 0.55
0.45
0.4 0.5
Ophth1 Ophth2 Ophth3 Ophth4 Ophth5 Ophth6 Ophth1 Ophth2 Ophth3 Ophth4 Ophth5 Ophth6

Figure 3.4Results of the geometrical parameters for tiopl®halmologists for figur8.3. The X axisrepresents the
number of Gophthalmologists antheY axis represents theumber of pixels for the top graphs and represents ratio
for the bottom graphs.

Figure 3.5 shows aexampleof a hazy imagen which the cup boundamnyasannotatedy six
ophthalmobgists The differences between taenotationgan be easily seen. The variation in the
vertical cup to disc ratiozvasbetween 0.5 and 0.6andin the horizontal cup to disc ratwas
between0.5 and 0.GFigure 3.6). The annotationsdone bythe 6ophthalmologistsare clearly

different from each other
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Ophthal Ophtha2 Ophtha3 Ophtha4 Ophtha5
Figure 3.5 Example for an unclear cuannotatedy 6 Ophthalmologists

Disc Area Cup Area
46000
45000
44000 15000
43000
42000 10000
41000
40000 5000
39000
38000 0
Ophth1 Ophth2 Ophth3 Ophth4 Ophth5 Ophth6 Ophth1Ophth20Ophth30phth4Ophth50phth6
Horizontal cup to disc ratio Vertical Cup to disc ratio

0.65 0.7

0.6 0.6
0.55 0.5

0.5 0.4
0.45 0.3

0.4 0.2
0.35 0.1

0.3 0

Ophth1 Ophth2 Ophth3 Ophth4 Ophth5 Ophth6 Ophth1 Ophth2 Ophth3 Ophth4 Ophth5 Ophth6

Figure 3.6 Results of the geometrical parameters for tioplthalmologists for figur8.5. The X axis represents the
number of Gophthalmologists antheY axis represents theumber of pixels for the top graphs and represents ratio
for the bottom graphs.

As can beseenin Figure 3.6, the annotations obphthalmologists number 1 and 6 have some
similarity, those by phthalmologists number 2 and 4 also similar,soare the oneannotated
by ophthalmologists number 3 and 5. As a result, there are three groups which will be taken in

account for any automatic optic disc and cup segmentation technique evalf@idftionan being
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cannotmake adefinite decisionabouta given image due to the difficulty of finding the cup,

softwarewo n 0 t be @ihdre to do so

3.5. Variation between the Gophthalmologistsin the manual annotations

To compare th@annotations othe 6 ophthalmologists, the disc and cup area and centsoigl
considered as well as the vertical and horizontatcwisc ratio. MESSIDOR dataset, Bin Rushed
dataset and Magrabi dataseere analyzedseparatelyand together The comparisons ave
organkzed ag1) optic disc area and centroi@) optic cup area and centroi@®) horizontal cup to

disc ratio (HCDR)and finally(4) vertical cup to disc area (VCDR).

3.5.1. Optic disc area and centroid

The OD area were measuredn pixels in order to comparthe areasannotatedby the six
ophthalmologistsThe X and Y coordinatesf the disc centroidwere also recorded-or every
image,the standard deviatier(SD) of the measurements recorded by the six ophthalmologists
were calculatedirf pixelg. Then themean of the SB of all the imageswithin each datasetas
calculated and this value was considered as the standard meashles3(d). As shown inthe
table, eaclilatasehas a differenED and this igdue to thefact that the image sizesriedamong

the threedataset Voting proceduresvereused in order taletermine whethethere is any bad
annotationamong the six ophthalmologists for every image based on the statistical conditions
(Figure 3.7). If an image hasan SD which is greatethan the mean SDthis means thaan
ophthalmologist hasreated an outlier bgnnotaing eithera verysmall ora very largeareaas the

OD area. The outliershould beemovedn order to keep the SD close to the mean SD. Some of
the manuahlnnotationdave exceeetlthe mean SD by up to 150 pixel§heseannotationdave

not been removed from the data since thepatdnfluence the area size.
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Table 33 The mean SD for the disc area for the thtatset

Image Resources

MESSIDOR Images

Bin Rushed Images

Magrabilmages

SD in Pixel

1500

1650

6400

Table3.4 shows the SD in pixel for X and Y coordinsitAgain,avoting procedurevasused here
and any manuabnnotationthat exceeed this standardvas considered an outlieThe manual

annotatiorexceeding the SD by only 1 or 1.5 pixbkve been keph the data

Table 34 The mean SD for the disentroidfor the threedataset

Image Resources | MESSIDOR Imageg Bin Rushed Images| Magrabi Images
SD in Pixel 3 3 4

After calculating the SD for area and centroid individually for all tiietesetsand extractinghe
outliers from both datasets (igure 3.7, the number of images agreed between the six

ophthalmologistsvasthentaken into account

Ophthalmologist

_— Eliminate the
Disc area
- Bin Rushed Image
Ophthalmologist| | SD =1650p
MNumber 2 Magrabi Image
SD = 6400p
MESSIDOR Image
SD =1500p
Ophthalmologist
.S —
Number 3 Calculate the
Fundus SD for |
TImage T > Disc area N Accept the
Disc centroid manual marking
Ophthalmologist| |
> Number 4
Disc centroid
Bin Rushed Image
Ophthalmelogist| | SD =3p
Number 3 Magrabi Image
SD =4p
MESSIDOR Image
SD =3p
Ophthatmologist| | Eliminate lhe
Number § manual marking

Figure 3.7 Flowchartfor the discannotationsanalysis
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Figure 3.8 showswo original imags (the far left onein each roy and thesix disc manual
annotationdor each imagelone bythe six ophthalmologist$-or the image in the top rowihe
annotation®f OD area byphthalmologistnumber one and sixereconsidered asutliers(based
on the analysis shown in FiguBe7) and were eliminated from the datadedr the image in the
bottom row, the annotationsof OD area byophthalmologist number two, three and fouvere
outliers, and the centroideinnotatedby ophthalmologistsyumber five and sixvere outliers.

Thereforethis image will not be considerdolr calculaing the accuracy.

Originalimage Ophthal Ophtha2 Ophtha3 Ophtha4  Ophtha5 Ophtha6

Figure 3.8 Exampleof the six disannotations

Table3.5 shows the similarity oagreement among the siphthalmologistdannotationslit can
be seeln Table3.5and Rgure3.9thatophthalmologist number one cleahgdthe best agreement
with ophthalmologistnumber four in 563 images (& and the least agreement with
ophthalmologishumber two in 479 images (63@. Ophthalmologist amber twohadthe best
agreement witlophthalmologishumber four in 523 images (6946f, andtheleastagreement with
ophthalmologistnumber three and six in 469 images (62.50phthalmobgist rumber three also
had the best agreement wittophthalmologist number four in 557 imageq74.20).
Ophthalmologisthumber fourhadthe best agreement wittphthalmologishumber six in 594

images (79.%). Ophthalmologist amber five had the best agreement withphthalmologist
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number four in 553 images (736]. Finally, ophthalmologishumber sixwasin best agreement

with ophthalmologishumber four.

In conclusion, ophthalmologist number fourad the best agreement with all other
ophthaimologiss in terns of disc area and centroahnotationgagreement ih23to 594 images
out of 750 imageps This means ophthalmologist number féwad providedgood disc boundsr
annotationgisshownby the total number of imagesnotatedby this ophthahologist which were
in agreement with th@nnotationsby other ophthalmologistsTéble 35). Ophthalmologists
number siandonewere in the ? and ¥ place However ophthalmologist number tworovided
the wors performance in terms aigreementvith other ophthalmologists iannotatiorof thedisc

area and centroid.

Table 3.5 The number of images agreed between the six ophthalmologists for the disc area and centroid

Ophthl | Ophth2 | Ophth3 | Ophth4 [ Ophth5 | Ophth6
Ophth1 750 479 513 563 512 543
Ophth2 479 750 469 523 479 469
Ophth3 513 469 750 557 510 542
Ophth4 563 523 557 750 553 594
Ophth5 512 479 510 553 750 533
Ophth6 543 469 542 594 533 750
Total 2610 2419 2591 2790 2587 2681

Figure3.9 shows the agreement among the six ophthalmologisite iannotationsf the disc
area and centroidrrom the figure it can be seen tioghthalmologishumber4 hadthe closest

match with most others over the 750 images that were considered.
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Figure 3.9 Comperingthe agreemertietween the six ophthalmologiststhe disc area and centradnotationsn
terms of thenumber of imagesX axis represents the number ofghthalmologistsY axisrepresents the number of
agreed images

3.5.2. Optic cup area and centroid
The cup area and centraigtreanalyzed using the voting procedurg(fe3.10. As can be seen

in Table3.6, the Sk for the threedatasetsverelarger than disc SDs reportedTable3.3.

The variatioramongthe six ophthalmologists in the capnotatiorwasgreater than the variation
in thediscannotation As shown in table3.6 and3.3, for MESSIDORdatasethemean SIB were
1500and 215Q0pixelsfor disc and cup, respectively, acreaseof about30%. For Bin Rushed
datasetthe mean SB wer 1650and 3000 pixels for disc araip, respectively, anncreaseof
about45%. Finally, for Magrabidatasethe mean SB were6400and 8800 pixelsfor disc and
cup, respectivelyan increasef about30%. In conclusionjt seems thathe annotatioof the cup
wasmore difficult thanthe annotatiorof the disc particularlywith Bin Rusheddataset Thisis

mostprobably dudo the complexity othe opticcup structuravith the blood vessalonfounds

Table 36 The mean SD for theuparea for the thredataset

Image Resources | MESSIDOR Imageq Bin Rushed Images| Magrabi Images
SD in Pixel 2150 3000 8800
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Table 3.7 shows the mean SD for the X and Y coordieatkethe cup boundariegbtained by

manualannotationThese valuewereclearly greater than trmordinates oflisc boundarieshe

difference between the disc and cup for both MESSIDOR and Bin Ruktiagetsvere two

pixels. Thedifference between disc and cufor Magrabi datasethowever, was six pixels

indicaing that theannotations othe cupof the imagesn Magrabi datasetas beerchallenging

for the ophthalmologists.

Table 3.7 The mean SD for theup centroidfor the threedataset.

Image Resources

MESSIDOR Images

Bin Rushed Images| Magrabi Images

SD in Pixel

5

5 10

Ophthalmologist
Number 1

Ophthalmologist
Number 2

Ophthalmologist| |
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Fundus >
Image

Calculate the
SD for
Cup area
Cup centroid

Ophthalmologist| |
Number 4

Ophthalmologist| |
Number 5

Ophthalmologist
Number &

Eliminate the
manual marking

Cup area
Bin Rushed Image
5D =3000p
Magrabi Image
5D = 8800p
MESSIDOR Image
SD =2150p

Accept the
"| manual marking

Cup centroid
Bin Rushed Image
SD =5p
Magrabi Image
SD = 10p
MESSIDOR Image
SD <5p

Eliminate the
manual marking

Figure 3.10Flowchartfor the cupannotationsanalysis

Figure 3.11 shows two original images (the far left one in each row) asikibigp annotations

for each image done by the six ophthalmologists.the image in the top rowll six annotations
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gaveSDs close tahe mean SD for both area and centi@édbles 3.6 and 37). For the image in
the bottomrow, the centroids annotatedby ophthalmologists two and six were outliees)d
therefore were eliminatedrom analysis In the same imag the areas annotated by
ophthalmologists three and five were outliers, thus thegeeliminated.This means in total for
the image in the bottom rovipur annotatedmageshad to beremoved Therefore, sincehe

annotation®f this image showed poagrementmongthe ghthalmologiststhe imagewill not

be considered in the evaluationamicuracy

Originalimage Ophthal Ophtha2 Ophtha3 Ophtha4  Ophtha5 Ophtha6

Figure 3.11Example of the sixup annotations

Table 3.8 and Figure 3.2 show the similarity or agreement among the six ophthalmologists in
annotatinghe cup area and centroidpfhalmologist number one agreed wagphthalmologist
number two and five in 565 images (73of the total images On the other hand,
ophthalmologst number one hatthe lowest agreement withiphthalmologishumber four in 439
images (58.% of the total images Ophthalmologist amber two hd the best agreement with
ophthalmologishumber one toowhile the lowest agreement was wiphthalmologist nonber

four in only 435 images (88). Ophthalmologist namber three agreed witbphthalmologist
number five in 538 images (720). Ophthalmologist amber four hd low agreement with all

other five ophthalmologistswith the bestagreementvith ophthalmologishumber one in 439
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images (58.%) andthe lowest agreement witbphthalmologistnumber three in 413 images
(55%). Ophthalmologist amber five agreed witlophthalmologisthumber one with the same
number of images ards lowest agreementaswith ophthalmologishumber four in 432 images
(57.8%). Finally, ophthalmologisinumber six agreed witbphthalmologist numbesne in 543

(72.%8%) andhis lowest agreement was witdphthalmologist numbdour in 420 images (56).

In conclusion, ophthalmologishumber onehad the best agreement with atither five
ophthalmologistgagreement id39to 565 image®f 750 imagels which wasobviously less than
the disc besagreemenfagreement in 523 to 594 imageshe differencavasonly 71 imagegor
the disc annotationsand126 imagedor the cup annotations This meansthe annotationsf the
cupwas less consisterfurther confirmingthe bigger difference in the mean SI»f the cupin

comparison withthe disc.

Table 38 Thenumber of images agreed beswn the six ophthalmologists for the cup area and centroid

Ophthl | Ophth2 | Ophth3 | Ophth4 | Ophth5 | Ophth6
Ophth1 750 565 531 439 565 543
Ophth2 565 750 521 435 555 544
Ophth3 531 521 750 413 538 511
Ophth4 439 435 413 750 432 420
Ophth5 565 555 538 432 750 545
Ophth6 543 544 511 420 545 750
Total 2643 2620 2514 2139 2635 2563

Figure 3.12 shows the similarity or agreement among the six ophthalmologfists clear that
ophthalmologistsiumber one, five and twioadthe closet match compaed with the others. On
the other handphthalmologishumber fouhadthe least agreement with othersaarmotatinghe

cup areand centroiceven though he had the highest agreement with otharsotatinghe disc

boundaries.
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Figure 3.12 Compering the agreement in tbeparea and centroidmongthe six ophthalmologists iterm of
number of imagesThe X axis represents the number ofgghthalmologistsTheY axis represents the number of
agreed images

Figure 3.13 provides an overview ofhe total number of imageagreemerst among the six
ophthalmologists ithe annotationsf cup and disc aredhe figure shows thaiphthalmologists
number 3, 4, and Gyerebetter in disannotation On the other hanaphthalmologistsiumber
one, two and fivaverebetter inannotatinghe cup.Ophthalmologishumber four hasost more
than 700 images cup annotationgdue to lack ofagreement with other fivephthalmologists
Ophthalmologist number one, three and five haarg similarnumber of images for both disc and
cup.For gphthalmologist number two and sithe difference in the number of imagesgreement

with the other five ophthalmologist®r disc and cup is noticeable aaund 200 images.

67



2900
2700
2500
2300
2100
1900
1700

1500
1 2 3 4 5 6

Disc Cup

Figure 3.13 Comparisorbetween the disc and cup for the agreement in number of the images for every
ophthalmobgist The X axis represents the number ofghthalmologistsThe Y axis represents the number of total
agreed images.

3.5.3. Horizontal cup to disc ratio (HCDR)

The horizontal cup to disc rat{iplCDR) for theophthalmologists annotatiomgerecalculated for

all the images and for all the six ophthalmologists based on the furthest pixel horizontally on the
two sides of the disc and cup. The SD for HOBD&scalculaed for all the images, then the mean
SDwascalculated, whiclwas0.075 The outliers thosewith SD amongthe six ophthalmologists
greater than the mean Sidere eliminated(Figure 3.14). The disc and cup area and centroid
outliersredu@dthe number ofimagesagreeduponfor HCDR. Therefore the number of images

in agreemenfor HCDR wereless tharthe number of imagesgreed upon fothe disc and cup
(Table 3.9) becausdor HCDR three parametensere consideredor agreementdisc (area and
centroid), cup (area and centroid) and horizontal cup to disc(tatiie disc and cup for which

only two parameters, i.ethe area and centrqidiere considered)
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Figure 3.14 Flowchartfor the HCDR annotationsanalysis

Figure 3.5 shows two original images (the far left one in each row) andix@nnotationgor
each image done by the six ophthalmologists.the image in the top rowhe imagesnnotated
by three ophthalmologistsiere eliminated due to different reasons (de®a cup areaand
centroid) which clearlnffectthe HCDRs Therefore this imagevasconsiderednunclear image
andwas not included in further analysisor the image in the bottorow, the HCDRs wer®.69,
0.66 0.7Q 0.73 0.68 and0.66for the six ophthalmologistsespectivelyandthe SD was less

than 0.075.
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Figure 3.15 Example of the si-HCDR annotations

As shown inTable 3.9 and Figure 3.16, the disc and cup areas and centaitfluencedthe
agreement between the six ophthalmologists. Ophthalmologist numbé&adbest agreement
with the otherfive ophthalmologistsn 364 images (48%) and the lowest agreemenaswith
ophthalmologist numbdour in 295 images (39%). Ophthalmologist numbewo hadthe best
agreement witlophthalmologisnumber one in 349 imag€46.36). Ophthalmologistnumber
three agreed witbhphthalmologishumber one in 360 images #8and the lowest agreement was
with ophthalmologist numbdbur in 277 images (36%). Ophthalmologishumber fourhadthe
best agreement witbphthalmologist numbeone in 295 images (394, andhad almost low
agreement with all other fousphthalmologistsif 264 to 295 imagesor 35.26 to 39.3%).
However it should be noted thahe reasorfor agreement ira smallnumber of imagess that
many outliers were eliminated from the cup calculations foophthalmologistnumber four.
Ophthalmologist amber fivehadthe best agreement witiphthalmologishumber ongwhile the
lowest agreement was witbphthalmologist numbefour in 274 images (36%). Finally,
ophthalmologishumber six agreed witbphthalmologishumber five in 349 images (464 and
the lowestagreementvas withophthalmologist numbdpur in 267 images (35%). Obviously,
herethe number of imagda agreementvasless tharwhat we observed fdhe disc and cup. In
case oHCDR, only the revisedlataset wasonsideredTherefore, too many imagéad already

beenremovedirom the datasdiefore arriving to the HCDR analysis.
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Table 3.9 The number of images agreed betweerstR@phthalmologists for the HCDR

Ophthl [ Ophth2 | Ophth3 | Ophth4 | Ophth5 | Ophth6
Ophth1 750 349 360 295 364 345
Ophth2 349 750 328 264 334 317
Ophth3 360 328 750 277 351 337
Ophth4 295 264 277 750 274 267
Ophth5 364 334 351 274 750 349
Ophth6 345 317 337 267 349 750
Total 1713 1592 1653 1377 1672 1615

In conclusion, as can be seen Table 39 as well as theaforementionedcomparisons

ophthalmologist number oradthe best agreement with the othdotlowed byophthalmologist

number five and then ophthalmologist numbethree in HCDR including the disc and cup

parametergrigure 3.5 provides a cleacomparisoramongall six ophthalmologists

HCDR calculationsveremore challeniopg due to the density of the blood vesselsch madethe

ophthalmologistsincertainvhenannotatinghe optic cup boundgrunderneath the blood vessels

and also due tthe peripapillary atrophyvhich occurs mostly on the two sides of the disc.
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Figure 3.16 Compering the agreement in thAkCDR between the six ophthalmologists in term of number of images
The X axis represents the number ofghthalmologistsTheY axis represents the number of agreed images
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3.5.4. Vertical cup to disc ratio (VCDR)

The vertical cup to disc ratio (VCDRJ)ascalculatedollowing the same steps usedcaculation
of thehorizontal cup to disc ratji@xcept thain this casehe furthest top pixel and furthest bottom
pixel for the disc and cupvereconsidered to compute the ratio. The &/CDR wascalculated
for all imagesannotatedby the six ophthalmologists in order to find the outliarsl eliminate

them(Figure 3.77).
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hthalmologist
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Ophthalmologist Magrabi Image
R almologis
Number 5 SD = 10p
— fagrabi Eliminate the
Magrabi Image
Number &
= SD = 8800p manual marking
MESSIDOR Image
SD =<2150p
Yes

Figure 3.17 Flowchartfor the VCDR annotationsanalysis

Figure 3.B shows two original images (the far left one in each row) andixhéiscannotations
for each image done by the six ophthalmologists. the image in the top rowhe SDwas0.03
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where the VCDR was 0.63.63 0.67, 0.70 0.64 and0.62 for the ophthalmologistswhich
indicated good results for disc and cup teox. the image in thieottomrow, there isclearlyalarge
variation intheannotationsThereforethis imagevasnotconsidered a good imaf@ evaluation

of accurag.

Originalimage Ophthal Ophtha2 Ophtha3 Ophtha4 phtha5 O Ophtha6

Figure 3.18 Example of the sixCDR annotations

The mean SD for the VCDRas0.075 thesame as thenean SD for théiCDR. The optic disc

and cup parametemsere brought again here without considering the HCDR. Therefore, three
parametersvereincluded in order to compute the VCDR, whisleredisc (area and centroid),
cup (area and centroihndthe VCDR. As can beeenin Table3.10, herethe number of images
agreed between the six ophthalmologwtsless than theaumber of imageagreeduponin the

disc and cup calculation¥hiswasdue to the many outliers for all thieree parametersvhich

weredeleted In contrasthe VCDRwasclose to the HCDR

As can be seen idable 3.10, ophthalmologist number onkad the best agreement with
ophthalmologistnumber six in 382 images (50® while the lowest agreement was with
ophthalmologist numbdour in 294 images (39%). Ophthalmologishumber twohadthe best

agreement wittophthalmologist numbefour in 367 images (48%) and the lowest agreement

73



with ophthalmologist numbdive in 306 images (40%). Ophthalmologist nmber threehadthe
best agreement withphthalmologist numbeme in 370 images (494 and the lowest agreement
with ophthalmologist numbdour in 280 images (37%8). Ophthalmologist amber fourhadthe
best agreement witbphthalmologist numbéwo and bw agreemen(ibetween 25% 294 imagep
with all other fourophthalmologist{34% to 39.26). Ophthalmologist amber five had best
agreement witlophthalmologist numbesix in 352 images (46%) while the lowest agreement
was withophthalmologist numbdour in 255 images. Finallygphthalmologishumber sixbest
agreed withophthalmologist numbesne and the lowest agreement was wigphthalmologist

numberfour in 279 images (37%).

In conclusion, ophthalmologsthumber one and silkad the highestgreementwith the others.
The best agreemefir VCDR was betweenhe imagesnnotatedy ophthalmologist®ne and
three(49.3%), while the best agreemefdr HCDR was betweemphthalmologist®ne and five
(in 364images equivalent t48.3%). On the other hal, the lowest agreement wastween the
imagesannotatedby ophthalmologists five and four, and wa4% for VCDR and 35.% for

HCDR.

Table 310 The number of images agreed between the six ophthalmologists for VCDR

Ophthl | Ophth2 | Ophth3 | Ophth4 [ Ophth5 | Ophth6
Ophth1 750 340 370 294 351 382
Ophth2 340 750 324 367 306 335
Ophth3 370 324 750 280 337 362
Ophth4 294 367 280 750 255 279
Ophth5 351 306 337 255 750 352
Ophth6 382 335 362 279 352 750
Total 1737 1672 1673 1475 1601 1710
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Figure 3.D shows the VCDRs annotatedy all six ophthalmologistsThe range othe number of
images is close tHCDR. Clearly, ophthalmologist number dmedthe maximum agreement with

the othergFigure3.19).
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Figure 3.19 Comperingthe agreement in théCDR between the six ophthalmologists in term afmber of images.
The X axis represents the number ofghthalmologistsTheY axis represents the number of agreed images

Figure 3.20 showsthat there wasa greater agreemeint termrs of total imagesn VCDR than in
HCDR (the difference of approximatel)0 imagekfor the imagesnnotatedyy ophthalmologist
number two, four and siX hisdifferencewassmallfor the imagesnnotatedyy ophthalmologists
numberone and three. Faphthalmologishumber five therewasa greater agreement in HCDR
than in VCDR (the difference of approximately 75 imag@skrall, there was a greater agreement
in VCDR than in HCDR for imageannotatedy five ophthalmologists indicating th&tr these

ophthalmologistshe VCDR wa easieto annotatehan HCDR
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Figure 3.20 Comparison between th#CDR and VCDRfor the agreement in number of the images for every
ophthalmobgist The X axis represents the number ofghthalmologistsThe Y axis represents the numbertofal
agreed images

3.5.5. Consolidatedresults

In order tocomprehensivelgvaluate the agreemeatongthe six ophthalmologistsll the four
parameters discussed far, i.e.disc, cup, HCDR and CVDRverebrought together to find the
agreemenbn all these parametefiar every single imageThe images were revised based on the

flowchart showrin Figure3.21.
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Figure 3.21 Flowchart for theannotationsanalysiswith all the parameters.

In the image shown iRigure3.22, the HCDRs annotations othe six ophthalmologists wefe58
0.54 0.50 0.54 0.47, and 0.52 with SD of 0.03 The VCDRs annotations ofthe six
ophthalmologistsvere0.47, 0.45 0.44, 0.45 0.39 and0.45 with SD of 0.03 In both cases the

SDwasless than thenean SDi.e.,0.075.

Originalimage Ophthal Ophtha2 Ophtha3 Ophtha4 tha5 Oph Ophtha6

Figure 3.22 Example of the siox p h't h a | niinal amrptat®ngBigc, Cup, HCDR and VCDR).
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As can be seen in thieable3.11, the number of imagesgreed upon afbur parametersasless
than thenumber of images agreed upd@DR and VCDRseparatelyOphthalmologist number
one had the best agreement witbphthalmologistnumber three in 350 images (4%p
Ophthalmologist nmber twohadthe best agreement withphthalmologisthumber one in 321
images (42.%). Ophthalmologistnumber threéhad the best agreement wittphthalmologist
number one in 350images Ophthalmologist namber four had the best agreement with
ophthalmologist numbawne in 260 images (344. Ophthalmologist amber fivehadthe best
agreement witlophthalmologist numbeone in 332 images (424). Finally, ophthalmobgist

number sixhadthe best agreement witdphthalmologist numbeine in 333 images (44%4).

In conclusion, ophthalmologist number dm&dshown the best performance as indicatedhey
greatest agreemeit the imagesannotatedoy him/her,considering all the eliminated outliers.
Ophthalmologist number siwasin the secongblace (with 80 images less), andtbe thirdplace
was ophthalmologist number five with 15 images less tloghthalmologistnumber six.
Ophthalmologishumber fourshowel the poorest performance as indicatedig/many outliers

occurred in the cup calculation.

Table 311 The numbeof images agreedmongthe six ophthalmologists fadhe consolidatedesults

Ophthl | Ophth2 | Ophth3 | Ophth4 [ Ophth5 | Ophth6
Ophth1 750 321 350 260 332 333
Ophth2 321 750 310 234 294 298
Ophth3 350 310 750 248 322 327
Ophth4 260 234 248 750 235 240
Ophth5 332 294 322 235 750 318
Ophth6 333 298 237 240 318 750
Total 1596 1457 1467 1217 1501 1516
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Figure 3.23 shows the agreement in thannotationsof the six ophthalmologists. Clearly
ophthalmologistnumber fourhad the leastagreement with the other©n the other side
ophthalmologishumber onénadthe highestigreementOphthalmologists immber five, six and

threehadalmostthe saméevel ofagreement with the others.
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Figure 3.23 Compering the agreementtine total six parametelmetween the six ophthalmologisthe X axis
represents the number obphthalmologistsTheY axis represents the number of agreed images.

Figure3.24 provides a general overview of the level of agreement artiengjx ophthalmologists
on annotatingeach ofthe four parameters, where the disc and cup include the area and centroid.
For disc, ophthalmologist number fosliowedthe greatest agreemefor cup ophthalmologist
number onshowedhe greatest agreementhile number foushowedhe lowestagreement with
others.Threeophthalmologist$hyad more images agreed for the cigan for the disc, and three
ophthalmologisthiadmore images agreddr the discthan the cup. As can be seen in the figure
therewasa clear gap between the daedcupon one sidand HCDR, VCDR and thetal on the
other sidein terns of the number of images agreed. For HGRhthalmologisihumber one
showed the highesagreement,then ophthalmologists numbethree and five and then
ophthalmologist numbesix. The level of agreement was generally beftte’VCDR than HCDR
except for ophthalmologist number fivieor VCDR ophthalmologisinumber onéhadthe best
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agreementhenophthalmologist numbesix, thenophthalmologishumbertwo and three. Finally,
for the total the pattern of agreement amthrggannotations dhe six ophthalmologists was almost

similar tothat forHCDR.
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Fig 3.24 comparison betweedll theparameters as well as the tdta the agreement in number of the images for
every ophthalmalgist The X axis represents the number ofghthalmologistsTheY axis represents the number
of total agreed images.

3.6. Potential use of RIGA Dataset

All these parametemsere calculated for all the imagess RIGA datasetn order to recognize the
similarity between thennotations othe 6 experts as well as toreatea reference for every
parameterSuch reference woulage uséul to researchers developing algorithms to detect the optic
disc and cup boundaries. In caseherghe images are used to traimeural net, the RIGA dataset
can be divided into two sets: a training set and a testTdet database will be available ireth

public domain for use by researchers.
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4 .1.Introduction

In this chapterthe automatic image segmentation of the optic disc and cup sigstetroduced.
First, the optic disc segmentation algoritrandits results are discusseul details.Second the

optic cup segmentatiomlgorithmandits resultsare discusseth order to be able to analyze the

HCDR and VCDR in chaptds.

Basically, the system wifhcilitatediagnosiof glaucoma by computing tH@NH structuren the

four main stepshownin Figure4.1.
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Figure 4.1 Generaflowchart for the new system
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time by dealing witha small part ofanimage instead afhe whole image. Two algorithmsere
applied in the processing stépgure 4.3: one for optic disc segmentation based on active contour
model implemented by level set approaahd theotherfor optic cup segmentatiotoncerning
images thresholding. Finally, the fourth st@asa post processingtep andvasconcermeed with

the opticnerve head parameteis this stepthe horizontal and vertical cup to disc ratwere
computedThe first three steps of the new system wilbtiseussed in more detaitsthis chapter

The post procesyy step will be discussed in the next chapter.

4.2.lmage Segmentation and Thresholding

Determinng the features or objects within an image is a necessary prerequisite for most image
measuremestor analygs. Thesefeatures araisedto define a range of brightness values by
scanning the image pixel by pixel, where the pixels within this range belong to the foreground and
others belong to the background. Thus, the image is displayed as a two levelvitmsgend

black in orderto dstinguish the regions and this determination prosssalled thresholding77].
Because of its simplicity of implementation and intuitive properties, image thresholding has

enormous applications in image segmentajttdi.

Image histogramplay an imprtant rolein image thresholding. The histogramafjray image

(Figure 4.2) shows the number of pixels in the image having each of the 256 possible values of
brightness. Peaks in the histogram indicate the brightness pixel values and represent specific
structures in the image, while the valleys correspond to less common ssuctheeimagg 77].
Moreover, histograms are the basis for numerous spatial domain processing appnoabies

they are manipulated effectively in order to enhance the imagego provide useful image
statistics. In additiorhistogramsare useful foother image processing applications such as image

compressiongs]].
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Figure 4.2Image histogram

Basically, the threshold value is chosen (automatically or manually) in order to distinguish the
foregroundrom thebackgroundThe pixelswith values greater than the threshold are assigned to
one regionand those witlvalues less than the threshold are assigned to another region. Clearly,
the success of the process depends on how well the histogram can be divided. Multiple shreshold
are introduced in order to detect many objects in the im&ecently, sveral thresholihg
techniques have been developed in order to remowgrdlyaess ambiguity/vagueness during the
task of threshold selectioAn Interval Typell fuzzy entropy based thresholdjins one ofthese

techniquesindwill be discussed in this chapter.

4.2.1. Fuzzy set

Fuzzy setsbasically aresetswith elementsthathave degrees of membershignd were first
introduced byLotfi Zadehand Dieter Klauan 1965[78]. Themembership of elements in a set is
evaluatedoasedon abivalent conditioni.e., whetherthe element belongs to the set not An

Interval Typell fuzzy entropy based thresholding

The Interval Typell fuzzy entropy based thresholdingalsocalled ultrafuzzy setandaims to

capture/eliminate the uncertainties within fuzzy systems using type | fuzzy sets. Tistidalkeo
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approachis based on minimizing or maximizing measures of fuzziness and image information
such as index of fuzziness or crispness, fuzzy entanmfuzzy divergenceThis approach is the
most used fuzzy technique due to its simplicity and high sjg@e80]. If the image is a fuzzy set,

we need to determingow fuzzy itis. If the membership function is flat, théine images very
fuzzy, however if the function is steet means the images crisp. Therefore, high fuzziness
represented by a flat membership function, whiddansthe image datas veryvague and thus
thresholdingwvould be difficult Measures of fuzziness provide a quantitativewger to this issue
[80]. The most common measure of fuzziness is the linear indéxpihesg80]. The general
algorithm using measures of fuzziness for image thresholdingecsamplified as followgFigure

4.3 [79].

1- Select the membershipnction.

2- Select a measure of fuzziness (&rgear index of fuzzinegs

3- Calculate the image histogram.

4- Initialize the membership function position.

5- Move the membership function along the gray level range in order to calculate the amount of
fuzziness in each position.

6- Localize the minimum maximum fuzziness positions.

7- Threshold the image with.T
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moving the fuzzy number

Figure 4.3fiThe membership function is shifted over the gieel range to calculate the amount afZiness in

each position. The maximufuzziness indicates the optimal threshiidldd].

The major goal for using type Il fuzzy sets is to eliminate the uncertainty of the membership values.
Unfortunately, type Il fuzzy sas more complicated than type $ince ype | fuzzy set hathe
major problemof uncertainty inassiging a membership degree to pixel, type Il fuzzy sets are
introduced 80]. Thedifferent source®f uncertainties in type fuzzy sets ar¢80]: (1) different
interpretation of the same thing different people(2) measurements that activate typiizzy
setsmay be noisy(3) the data used to adjust the parameters maybasmisy. According to
Mendel andBob John[80] fiType | fuzzy sets are not able to directly model such uncertainties
because their membersHimctions are totally crisp. On the other hand, #jipeizzy sets are able

to model such uncertainties because their membership functions are themselves Thezy
footprint of uncertainty concept (FOU) is used to indicate a graph of type |l fuzzy seeasily

(the shaded area Figure4.4). The shadow for FOU represents the entire interval type Il fuzzy
set, whichis describé by upper and lower membersHimctions[79]. If the image is interpreted

as type Il fuzzy setghen the question is how ultrafuzzy the fuzzy set® The dtrafuzziness
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associated with fuzzsets gives a zero valuwehen the membership values can be defined without

any uncertainty, and increases to one when membership values can be indicatethwitienval

Type I fuzzy set Type 11 fuzzy set

Lower limit

p O

-

Figure 4.4AA possible way to construct type Il fuzzy sets. The interval between lowerpged membership
values (shadedreg should capture the footprint of uncertainty (FO[F9].

4.3.Active contours and level set approach

This approach is based on using deformable contours that move under the influence of forces and
are used to track boundaries and motions. Theigléa usea deformable pattern for selecting
particular featuresf animage. The goal is to find theeation that will drive the contour to the

object boundarief31]

There are two deformable modgbarametric models (snakes) and geometric models (level sets).
Snakes explicitly move predeyned snake points
level ses move contours implicitly as a particular level of a function. Level set thaomjidesa
formul ation to I mplement active contours. The
andgreaterconveniencdor implementation of active coours.

Thelevel set methodvas initially proposedn 1988by Osher and Sethidi®82] to track moving

interfaces anevas extended tearious imaging application in lag9s[83].
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The basic idea is to start with initial boundary shapes represented in fatosed curves, i.e.
contours, and iteratively modify them by applying shrink or expansion operations according to the
constraints of the image. The shrink or expansion operations, called contour evolution, are
performed by minimization of an energy fuioct like traditional regiorbased segmentation
methods or by simulation of a geometric partialddirential equation (PDE).e., a progressive
evaluation of the differences among neighboring pixels to find object boundHniedevelset
function is then evolved under the control of a differential equation. The maiofidzsher and
Sethian 82] is to represent the evolving contour using a signed function where its zero corresponds
to the actual contour. Then, according to the magquation of the contour, a similar flawan be

easily derive for the implicit surface that when applied to the zero level will reflect the
propagation of the contoudeally, thefunctionwill be accomplishe@t the boundary of the object
where the differences are the highest.

Geometric active contours, i.e., active contours implemented via level set mdthoedeen
proposed to solve a wide range of image segmentation problemaciileecontour modelsere

first introduced by Kass, Witkins, and Terzopoul8%], andrelatedto the most popular level set
methods in imagerocessing82]. Geometric active contourgere independently introduced by
Caselles et abnd Malladi etl. [84]. The basic idea is to represent contours as the zero level set
of an implicit function defined in a higher dimension, usually referred as the level set function,
and to evolve the level set function according to a partial differential equation (ADE)e
traditional level setormulation the levelset function can develop very sharp during the evolution
causes more computation highly inaccur@tesreforea numerical scheme initialigéhe level set
function as a signed distance function before th@uton and then rénitializes the level set

function to be a signed distance functjeriodicallyduring the evolution in order to avoid the
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aforementioned problems. However, another prolthkatmight occur if the renitialized function

is not smooths thatthe zero level set of thresulting function can be moved incorrectly from the
original function. Moreover, in practice the evolving level set function can deviate greatly from its
value as signed distance irfeav iteratiors, especially when theme step is not small enough
Therefore a new variation formulatiofor geometric active contourgasintroduced byLi etal.

[85]. This variational formulation forces the level set function to be close to a signed distance
function, and therefore completely eliminates the need of the costhtiedization procedure

The proposed method can be implemented by using simple finite ddéessheme and is
computationally more efficientA regionbased initialization of level set functias proposed
which is not only computationally more efficient than computing signed distance function, but
also allows for more flexible applicationthe evolution PDE of the level set function can be
directly derived from the problem of minimizing a certain energy functional defined on the level
set functionFigure 4.5 illustrateshe new level set method applied for an ultrasound image of
carotid arterywhere thenitial level set functions are computed from an arbitrary region in the
image domainThearbitrary regiorcan be identified by simple morphological operatidhnen the

initial level set functiowill be easily defined. Thenwill evolve stally according to the evolution

equation, with its zero level curve converged to the exact boundary of the region of.interest
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(c) 200 iterations (d) 300 iterations

Figure 4.5Result for an ultrasound image of carotid ar{&%].

4.4. Preprocessing

4.4.1. Localizing the region of interest

In order toseparate theegion of interest (ROlrom the entire image, a localizing technique was
applied.The techniquevas introducedby Burman et al[86] and usedn Interval Typdl fuzzy
entropy based thresholding scheme along with Differentialiwa, whichwasa powerful meta
heuristic technique for faster convergence and less computational time complexity in order to
determine the location of the optic disc. The midtiel image segmentatiomasa methodused

to segmenanimage into variousbjects in order to find the brightest objenttbe image, which
waslocated in the OC, and hence a part of the ®Eange of membership values were introdyced
instead of a single membership value as in Tlyp@izzy Techniqgue. A measument called
ultrafuzzineshad been used to obtain the image thresho8. [Two thresholds wre applied

after transfering the image to gragcalein order to divide the image into three objects or
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backgrounds as shown in the second coloffrffigure 4.6.The brightest region of the imageas
given by the upper threshold value in the midtiel segmented image. Some bright spoight
bepresentue to pathology as in the second colwhRigure4.6 B). Therefore, wéadimprovel
localization accuracy bghoosing the biggest white spotthscup location. Also the fundus image
borders were eliminated in order to avtadgewhite spotshat mightappear due to bad image
acquisitionasin the second columaf Figure 4.6 (C). Imagesof somepathological caesmight
have white spatbigger than the optic cup whicksults inbad localization as ifigure 4.6 (D)
The localized image size for MESSIDOR and Bin Rushed immsg8S1X351 pixelsHowever,
the localized image size for Magrahiagesis 701X701 pixés due to thdarge images irthat
imageset. The algorithnhad been tested using RIGA dataeetall 750 fundus images and the
localization accuracy and tine@nsunedare shown infable4.1 This was donaitilizing Matlab
2014b environment in a workstation with Intel Coig 2.50 GHz processoQut of 750 imags,
723 06.4%) were successfullylocalized. Magrabi images were thavorst with unsuccessful

localizationof 6 images and the percentage accuiac§3.6%.

Table 4.1The localization algorithm results

MESSIDOR Magrabi Bin Rushed Overall
Images Images Images
Numberof Images 460 95 195 750
Success 449 89 185 724
Accuracy 97.6 93.6 94.8 965
(Percentage)
Average time (sec] 4.437 4.881 4.742 4.686
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Figure 4.6 The results of the localizing algorithm
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4.5.Processing

4.5.1. Optic disc boundary segmentation

45.1.1. Algorithm

Optic disc (optic nerve head) is the round area contgthe cupwhere the ganglion cell axons
leawve the eye The area between the cup boundaries andodisodariess called neuroretinaim
area.Disc boundaries segmentatiafasconcentrated on the borders between the disc and retina.
The internal part in the disc represented by the cup bousdaiiebe discussed later in this

chapter.

The graduathange in intensitigetween the disc and retirsobvious except in some pathological
cases such as optic disc drusen, optic disc edpengoapillary atrophyoptic pits etc. which

negatively affect the disc boundaries segmentation and reduce its accuracy.

In this thesis, the optic disc segmentation using an active counter model implemented via level set
functionhas beenutilized to detect the disc boundariés particular, anew variation formulation

introduced byLi etal. [85], whichwasdiscussedn section 4.3has been used

| Blood vessels
extraction

Fundus Localize the l N Mo
Lingr ROI Blood " TIFF ™

vessels E{“ag%
inpainting Yes l

Disc area and Disc edge
—|
centroid optimization

Figure 4.7 The flowchart for the disc segmentation algorithm

First level set Second level set
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As can be seen iRigurer 4.7 therewasno more complication in the algorithfiwo hundred
images from RIGA datasétavebeen used to train the algorithifter localizing the RQlthe

blood vesselsvere extracted via a tepat transform on the -Ghannel of the fundus imagéhen

a fast digital image inpainting technique introdubgd@87] was appliedvheretheextracted blood
vessels weréhe mask identifying the area to be inpaintas the diffusion process is iterated, the
inpainting progresses from the area boundary imoatrea itself. Basicallyhe user can specify

the number of iterationgherefore the algorithm work perfectly to inpaint a small ared the

image. Since the area is smdhe inpainting procedure can be approximatedabyisotropic
diffusion process which spreads the information from the area boundaries into the area itself in the
gray scaleimageby repeatedly convolving the region to be inpainted with a diffusion kernel.
Convolving an image with a Gaussian kernel.(ie computing weighted a\
neighborhood) is equivalent to isotropic diffusion. The algorithm uses a weighted average kernel
that only considers contributions from the neighfgrpixels. Increasing the inpainted area
reduceghe quality as wll as thenumber ofiteratiors, making the process slower sisown later

in the Results sectiorf4.5.1.2.9. The algorithm workedavell with goodquality fundus imags;
however,it did not work properly with lowguality fundusimages because the blood vessels
occupyng big area of the imagemadethe procestengthydue to thegreater number aferations

that needdto be applied to achieve good inpainting.

The disc segmentation algorithused forRIGA datasehadtwo pathsone for TIFF images and
anotherfor JPG images. As illustrated Figure 4.8, the algorithmwasappliedto TIFF images
which have better contrast. Thenage in thesecondcolumnshows the inpainted image in red
channel where the contrasasclearly distinguishable between the disc and regimdthe curve

evolutionhadbeen set fob0Oiteratiors. Therefore the segmentation process represebtethe
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active contour model implemented by the level[88} will be easy and more accurass fiown

in thethird panel from the leftWith trial and errorthe level setvasset to 70 iteration® allow
best disdoounday detection. However, the disc edgaedbeen influenced by the blood vessels as
shown in thethird panel of thesame image. Therefore, a disc edge optimization algorntam
developed to optimize the disc edgeslimprove the accuracfas shown in the last imagky
convering the segmented disc to binary imagelcalculating the central point of circle disc edge
and malkng it the origin of the coordinate system. From the central point, the angles and
corresponding radius of each disc edge point to omgire calculated in order to compute the
differences among radiussto the angle With the prior knowledge thatvery part of disc edge
should be a smooth curvihie big differencéetweentheradius of neighboring edge paswas
computed in order to detect where the disc edge was influenced by thevéssetkand then the

edgewasoptimizedby correcing the ralius

Figure 4.8 The disc segmentation procedures for TIFF images

JPG imagebkad gone through more processihg to the low contrast qualityln Figure 4.9the
second columpf the first rowrepresents the inpainted image in red charerewerestill some
blood vesselsfter inpainting howe v er ,affett hhe gegnmemtadion goriocess. The third
column represents the first level set applied on thantgd image and it is cle#inatthe first level

set went outside the actual bolany. Thereforgthe first level setvasconsidered as more localized
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optic disc in order to eliminate the big contrast variatiat reduces the accura@fter localizing
the optic disc again and obtaig the rough disc boundarigbe newy localizedimagewassplit
into left and right disc by central point as shown in the fourth column. Finally, the second level
setwasapplied oneach ofthe two partsThe final results i@ shown in the fifth columnAn edge
optimization algorithnwasneededo improve the contoun thisimage. In the second rowhe
first level set show theword case due to thiargevariation in the retinaspecifically in thetop

right areaof the image.

Sometimegherewereblankarea in the concatenated disc edgenfrdouble level set, which can
deterioratethe result. Therefore blank eliminationwas developed to restore the edge by
automatically detecting blardeeaghrough analysis of the radius to angle and inpagrihe edge
binary image by adding some edgerntsto the blank according to the radius and angles of the

two breakpoints in the blank.

Figure 4.9 The disc segmentation proceduresI®Gimages
45.1.2. Results

As seen in Figure 4.10, the disc segmentation algontlemt through the same stefisat were

used by thé& ophthalmologistto evaluate the agreement on the imggessented in chapte).3
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The imagewith optic disc area and centroid agreed upomtdgast four ophthalmologistvere
selected andsed to evaluate the new algorithm. For every segmented ithageea and centroid
werecalculated in order to test theccuracyby comparinghe newy computedSDs with those
computed bythe ophthalmologis as well as the algorithrand thent wasdecidel whether the
segmentatiomvasaccepableor nd.

Bad segmentation |

~

No

SD =1650p
Magrabi Image
SD = 6400p

Calculate the
Fundus Disc N SD for Accept the
Image segmentation - Disc area s Algorithm
Disc centroid .
segmentation

Disc centroid
Bin Rushed Image
SD =3p
Magrabi Image

h 4

Bad segmentation )

Figure 4.10 Flowchartfor the analysis of the disc segmentation

Figure 4.11 showthe comparison between the automatic segmentation aondéhgerformed by
the six ophthalmologists. The first column representsatmeotatiorby the first ophthalmologist,
the second column represenbe annotationby the second ophthalmologisaind so onThe
seventh column represents tiesult of the autoatic segmentation by theagorithm. The first
imageis represented on the first rothe second image represented on the second r@mnd so
on. As mentioned in chapter ie mean SOvas 1500 pixelsfor the disc area and 3 pixefisr

centroid. The annotations by ghthalmologists number one and &iave been eliminatedsince
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they wereoutliers in terns of areg from the first image.Using the remaining imageshé
annotationgy the other four ophthalmologists) for analysis of the ateaatgoritim gavel550
pixels as mean Sibr disc areaand 3 pixelasmean SD othe centroid.For the second image
the annotatios by the first ophthalmologistvere eliminatedsince they were outliers in tesof
centroid The algorithnd snean SDwas 1600 pixeldor area and 2.5 pixef®r centroid. In the
third image theannotatios bythefirst ophthalmologistvereremovedsince the measurements of
the centroidby this ophthalmologist increasé¢lde mean SD for alhnnotationgo morethan3
pixels. The mean SBalculated bythe algorithmwas 1100 pixelsfor areaand 2.5 pixels for
centroid In the last imagethe annotationdy ophthalmologist number one and thresere
considered as outligin terns of area. The algorithth mmean SDwas1800 pixelsfor areaand4

pixels for centroigdwhich can be acceptable.

- ‘. m -

Ophthal Ophtha2 Ophtha3 Ophtha4 Ophtha5 Ophtha6 Algorithm

Figure 4.11 Examples for the good disc segmentation results for both TIFF and JPG images
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In Figure 4.12 the first imageshows a hugevariation in the annotatios by the six
ophthalmologistsThe annotatios by ophthalmologists\umber oneand twowereconsidered as
outliersin ternms of centroid.The annotatios by ophthalmologishumber threevereconsidered
as outliesin both area and centroilhe annotatios byophthalmologist amber sixwereoutliers

in terns of area. The algorithrproduced very par results for both area and centroid. The right
side of the disc boundari@sasnot clear due to some abnormalitiégée conclude thahis image
shouldnot be considerefbr evaluaing the algorithmsincethe annotatios by at least three
ophthalmologistsvere eliminated due to outliers the second imagéhe Y axis of the centroid
asannotated byphthalmologist number siwasan outlier. The algorithrgave pooresults for
both area and centroid due to flaet that theright and lower sides of thesti boundariefad
almostthe same intensity. In the third imagherewereno outliersin the annotatios bythe six
ophthalmologists. The algorithgavegood results in tergof area and centroid. In the last image
the annotatios by ophthalmologist number two, three and fowereoutliers in terns of area,
while theannotatios byophthalmologistsiumber five and siwere outliers in termmof centroid.

Therefore this imagewas notconsideredor evaluaing the algorithm. Thisndicates that in this

procedurghe best agreegponimagewasprecisely selected favaluaing the algorithm.

98



Ophthal Ophtha2 Ophtha3 Ophtha4 Ophtha5 Ophtha6 Algorithm

Figure 4.12 Examples for thdaddisc segmentation results for both TIFF and JPG image

45.1.2.1. Results of Bin Rushed dataset

Table 4.2 showthe results for Bin Rushed image set. The algoritlastested using 195 images
from which 10 images could not be localizdebr area, an additiondl imageswvere eliminated
since theiareaannotation®y three ophthalmologists were outliefhierefore, intotal 178 images
were tested for areand the accuracyas 155 imagesr 88.26. On the other hand.5 images
were eliminatedfrom the analysis otentroid Therefore,in total 170 imageswere tested for
centroidand the accuracwyas 149 imager 87.6%. Thirty four imageswereremovedfrom the
analysisof both area and centroitMany imagesvere good in are&ut had problems in centroid

and vice versdn total, 151 imagesvere tested and the accuraays 130 image®r 86%.

Table 4.2The disc segmentation resuits Bin Rushed images set

Disc Area | Disc Centroid | Both
Total number ofimages 195 195 195
# of images removed due to the| 7 15 34
lack agreement between the
ophthalmologists

Images ot localized 10 10 10
Total number of imagetested 178 170 151
Accuracy(number of images) 155 149 130
Accuracy (grcentage 88.2 87.6 86
Average Time (s) 20-30s
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As can be seen mable 4.3theaccuracyof the annotatios byeachophthalmologistvascomputed
based on the other five ophthalmologists best imagedf for an imageherewereat least three
outliers in terns of disc area or centro@mongtheannotationdy five ophthalmologists, then the
image was eliminated from measuring the acaay of the annotatios by the sixth
ophthalmologistWhile the algorithm accuracyasevaluated based on taanotationdy each of
the sixophthalmologist Based orthe 156 images testedhe annotatios by ophthalmologist
number four with 92.9% accuracy were the most accuféie algorithm resultwerethe second
best The algorithm wasested using 151 imagéS fewerimage$ and he accuracyvas 86%.
Then, the annotatios by ophthalmologistnumber sixfollowed by those byophthalmologist
number five whichweretested using 163 and 162 images and their accuraeirs35.26 and
84.9%, respectively. Figurd.13 showshese resultsThe average computation tim@&sbetween
20to 30 secondfor this image set due to the number of iterations set for the level set as well as
the inpainting. 190 34 imagesrepresenting o 17 percentof the total number of images in the

set,wereeliminated due téack ofagreement.

Table 4.3 The disc accuwacy results for the six ophthalmologists and the segmentation algorithm for Bin Rushed

images set
Ophthl | Ophth2 | Ophth3 | Ophth4 | Ophth5 | Ophth6| Auto
Total number ofimages 195 195 195 195 195 195 195
# of images removed due to | 19 22 21 29 23 22 34

thelack agreement between
the ophthalmologists
Images ot localized 10 10 10 10 10 10 10
Total number of imagetested| 166 163 164 156 162 163 151
Accuracy(number of images) 134 124 115 145 137 139 130
Accuracy (rcentage 80.7 76 70.1 92.9 84.5 85.2 86
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Figure 4.13 Thediscaccuracy results for all the six ophthalmologists as well as the algorithm for Bin Rushed
images sefThe X axis represents the number ofghthalmologists anthealgorithm TheY axis represents the
accuracy (percentage).

45.1.2.2. Results of Magrabi dataset

Table 4.4 showshe results of the seconthage resources for RIGA datagktagrabi dataset)
Ninety fiveimageswveretestedrom which6 images were not localized. In tesof area8 images
were eliminated because dfugevariationamong theannotationsoy the six ophthalmologists.
Therefore, the total imagésstedwere 81 imagesSeventy threenages90.1%) weresegmented
successfully. On the other harkdD imageswere eliminatedin terns of centroid thereforethe
total imagedestedwere 79 imagesand he accuracyvas89.8%. Fortestingboththe area and
centroid, 21 imagewere eliminated Therefore, in totab8 imageswere tested from whicb1l
imageswerecorrectly segmente(89.®%6 accuracy) Magrabi dataseieemgo bebetter than Bin
Rusheddatasetn terns of accuracyHowever, 1 tooklonger to rurMagrabi datasetbetween 70
and 120 secondislue to the size of the imagdke imagesn Magrabi datasedrelarger tharthe

imagesin the other two datasets
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Table 44 The disc segmentation resuits Magrabi images set

Disc Area Disc Centroid Both
Total number ofimages 95 95 95
# of images removed due to the 8 10 21
lack agreement between the
ophthalmologists
Images ot localized 6 6 6
Total number of imagetested | 81 79 68
Accuracy(number of images) | 73 71 61
Accuracy (frcentage 90.1 89.8 89.7

Average Time (s)

70-120s due to the big size of the images

Theannotatios byophthalmologist number fodior this imageset showda high accuracy @ble
45). Sixteen images were removed due to the variatioremong the annotationsby the
ophthalmologists. The total tested imagesre 73 images and the accuraeyas 94.3%.
Ophthalmologisthumber two hd the second bestnndatiors. Here 18 imageswvere eliminated
hence the total tested imageere 71 and the accuraeyas91.3%. The algorithmwasthe third
best where the total tested imagese 68, whichwasless than therevioustwo, andtheaccuracy

was89.7%%6 (Figure 4.13. Between 14 and 21 images., 14% and 22% of the total number of

images in thelataset,wereeliminated from the test

Table 45 The disc accuracy results for the six ophthalmologists and the segmentation algoritfegfabiimages

set

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 95 95 95 95 95 95 95
# of images removed due to | 14 15 15 18 15 16 21
thelack agreement between
the ophthalmologists
Images ot localized 6 6 6 6 6 6 6
Total number of imagetested| 75 74 74 71 74 73 68
Accuracy(number of images) 58 56 58 65 60 69 61
Accuracy (grcentage 77.3 75.6 78.36 | 915 81 94.5 89.7
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Figure 4.14 Thediscaccuracy results fall the six ophthalmologists as wal the algorithm for Magrabinages
set The X axisrepresents the number obphthalmologists and the algorithfiheY axis represents the accuracy
(percentage).

45.1.2.3. Results of MESSIDOR dataset

Finally, the last image sased to evaluate the algoritwmasMESSIDOR datasetith 260 images
(Table 46). Tenimages were not localize@nly two imagesvereremoved in termmof areahence
248 imagesnere testedfor area Forty images were unsuccessfully segmentéérefore the

accuracywas 86.8%. Five imageswere eliminatedfrom centroid evaluation. Therefora total

245 imagesweretestedfor centroid. Forty twamages faikdin this test, i.e.the accuracyas

82%. For both area and centrp@B imagesvereremoved from the testherefore, 222 images
were teste@dnd the acaacywas80%. It took 20to 30 second to runMESSIDOR datasetvhich

is the same as the time required to Bim Rusheddataset This isdue to thefact thatthe images

in the two datasefare similar in size

In terms of accuracy, the algorithiperformedbest with Magrahithen Bin Rushedand finally

MESSIDORdataset
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Table 46 The disc segmentation results MESSIDOR images set

Disc Area Disc Centroid Both
Total number ofimages 260 260 260
# of images removed due to the| 2 5 28
lack agreement between the
ophthalmologists
Images ot localized 10 10 10
Total number of imagetested 248 245 222
Accuracy(number of images) 203 203 179
Accuracy (grcentage 86.6 82 80
Average Timgs) 20-30s

Based on the data presented @ble4.7, ophthalmologisteaumber three and foshowedhe best
performance inthe annotatiorusing 227 and 229 imagesith 91.68% and 91.% accuracy,
respectively. The algorithm accuracy in thetesetwasthe second last anglasclose tothat of

ophthalmologist number five and on@-igure 4.15. Between 14 and 28 imagés? to 10.7% of

images)wvereeliminatedamongall the 6 ophthalmologists and the algorithm. Magdatasehad

the greatest percentage efiminated imagesfollowed by Bin Rushel dataset and finally

MESSIDOER dataset The variations in theannotationof the threeimage sets obviously

influenceal the agreement andi#tis represented in the variatiohthe mean SD.

Table 4.7 The disc accuracy results for the six ophthalmologists and the segmentation algoritiEBSISIDOR

images set
Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5 | Ophth6| Auto

Total number ofimages 260 260 260 260 260 260 260
# of images removed due to the 14 16 23 21 21 20 28
lack agreement between the
ophthalmologists
Images ot localized 10 10 10 10 10 10 10
Total number of imagetested 236 234 227 229 229 230 222
Accuracy(number of images) | 195 177 208 209 187 199 179
Accuracy (grcentage 82.6 75.6 91.6 91.2 81.6 86.5 80
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Figure 4.15 Thediscaccuracy results faill the six ophthalmologists as wel the algorithm for MESSIDOR
images sefThe X axis represents the number obghthalmologists and the algorithmheY axis represents the
accuracy(percentage).

45.1.2.4. Consolidatedresults for the disc

This sectiompresent a comprehensive evaluatiohthe annotatios doneeither automatically by
the algorithmor manually bythe six ophthalmologistsin total, 550 imagesvere usedrom the
three imagesources of RIGA dataséfable 48) from which 26 imageswere not localized.
Seventeemmageswereeliminatedfrom area evaluationThe totalnumber of imagetestedwas
507, and the number of successfully segmented images436 (85.96). Thirty imageswere
eliminatedfrom evaluation otentroid accuracy. Therefqratotal of 494images were testexhd
423 images (85.6%) wemaiccessfully segmented. For both area and centroid 83 images
eliminated In total 44limageswere tested from whichl image failedin segmentationgiving

the final accuracyf 83.9% for the disc algorittn segmentation for RIGA dataset
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Table 48 The disc segmentation resulits all the three images sets together

Disc Area | Disc Centroid Both
Total number ofimages 550 550 550

# of images removed due to the | 17 30 83
lack agreement between the
ophthalmologists

Images ot localized 26 26 26

Total number of imagetested 507 494 441
Accuracy(number of images) 436 423 370
Accuracy (rcentage 85.9 85.6 83.9

Table 49 comparesthe accuracyof disc segmentation in tesyof disc area and centroid.
Ophthalmologist number fouested472 imagedor disc annotationand obtained the best disc
annotation(88.®%6 accuracy)Ophthalmologist number sixasthe second besgt discannotation,
testing466 images witl87.3% accuracy. The algorithrwas the third besin disc boundaries
annotation The algorithmtested 441 images witB3.9% accuracy. The lowest accuramas
75.7% based on testing 471 imagésconclusion the accuracy admotating thalisc boundaries
was high for both manuahnnotationand automatic segmentation due to the clarity of the disc
intensity. The abnormalities oceing on the two sides of the disc boundaries edusost of the
challenges. Figure 4.16 provides an easy comparison of the performance of the six

ophthalmologists and the algorithm in detectiligc boundaries.

Table 49 The disc accuracy results for the six ophthalmologists and the segmentation algoritihtHethree

images settogether

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 550 550 550 550 550 550 550
# of images removed due to thel 47 53 59 68 59 58 83
lack agreement between the
ophthalmologists

Images ot localized 26 26 26 10 26 26 26
Total number of imagetested 477 471 465 472 465 466 441
Accuracy(number of images) | 387 357 381 419 384 407 370
Accuracy (grcentage 81.1 75.7 81.9 88.7 82.5 87.3 83.9
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Figure 4.16 Thediscaccuracy results fall the sixophthalmologists as wedls the algorithm for the thrémages
sek. The X axis represents the number ofghthalmologists and the algorithiheY axis represents the accuracy
(percentage).

Figure 4.17shows the variation in the performana the threeimage sets. Ophthalmologsst
number one, two, four and fivehowed similar performanceegardless of the image set used.
Ophthalmologist number threshowed different performance;heshe performed best for
MESSIDOER image set and wofsr Bin Rushed image sédphthalmologist number sshowed

a performancesimilar to that of the algorithm in terms stability. Still thelowestaccuracywas
around 700 whichwasassumed to be high. Ophthalmologist number four sd@precise, stable

and high performance for detecting the disc boundaegardless of the dataset
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Figure 4.17 Thediscaccuracy results fall the six ophthalmologists as wel the algorithm for the thrémages
sek individually The X axis represents theumber of 6ophthalmologisteindthealgorithm TheY axis represents
theaccuracy (percentage)
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45.1.2.5. Agreement for the disc

Table 4.10 shows the number of images agreed in the disc area and centroid among the six
ophthalmologists as well as the disc algorithm segmentation. The accuracy calculatioredreflect
how every ophthalmologist agreed with the others and who had the best perfarmrAinc
ophthalmologistfiadthe best agreement with ophthalmologist number four, then ophthalmologist
number six. The least agreement was seen for the work of ophthalmologist number two.
Ophthalmologist number three was the second last. The best agréantteatalgorithm was with

the annotatios by ophthalmologist number four in 349 images (63.4%) while the lowest
agreement was witthe annotatios by ophthalmologist number two in 316 images (57.4%). On
the other hand, the best overall agreement was batwee annotatios by ophthalmologists
number four and six in 410 images (74.5%) and the lowest agreement was betvaeaotaigos

by ophthalmologists number two and three in 312 images (56.7%).

As t he O0Tot al BOindicatethecasnattions byloghthdlneologist number four were

the best, followed byhe annotatios by ophthalmologist number six, theéhe annotatios by
ophthalmologist number five, then those by the algorithm and ophthalmologist number one, then
the annotatios by ophthamologist number three and finalllge annotatios byophthalmologist
number two. The accuracy of performance was the same for ophthalmologists number four, six
and two, followed by the algorithm, and then ophthalmologist number five, and then three, and
finally ophthalmologist number one. As the result, haaimgotationsn a high number of images

in agreement with the others does not mean good accuracy in disc detégtima.4.18shows

how the agreements are in groups.
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Table 410 The discnumber ofimages agreement between the ophthalmologists as well as the algorithm

Ophthl| Ophth2| Ophth3 | Ophth4 | Ophth5| Ophth6 | Auto

Ophth1 550 318 336 378 345 364 344
Ophth2 318 550 312 356 324 336 316
Ophth3 336 312 550 375 344 362 335
Ophth4 378 356 375 550 383 410 379
Ophth5 345 324 344 383 550 364 349
Ophth6 364 336 362 410 364 550 361
Auto 344 316 335 379 349 361 550
Total 2085 2046 2064 2281 2109 2197| 2084

Ophthl Ophth2 Ophth3 Ophth4 Ophth5 Ophthé  Auto
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Figure 4.18 Thediscagreementesults forall the six ophthalmologists as wel the algorithm for almages set
The X axis represents the number ofghthalmologists and algorithnTheY axis represents the number of agreed
images.
Figure4.19demonstrates how t he owabrégarding thedgreenensin s 6
the number of images. Clearly ophthalmologist numbertiadthe best agreement with the others
due tohis high accuracy in detecting the disc boundaries whetetd@2281 images agreed with

the otherfive ophthalmologists inddition to the algorithm. On the other hand, ophthalmologist

number twchadthe lowest agreement; only in 2046 images. However, the difference between the
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highest and lowest agreememsonly in 235 images, proving that all six ophthalmologists as
well asthe algorithm detected the disc boundaries properly.
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Figure 4.19 Thediscagreementesults forall the six ophthalmologists as welt the algorithm for almages set
TheX axis represents the number ofghthalmologists and algorithnTheY axisrepresents the number of total
agreed images.

4.5.2. Optic cup boundary segmentation

45.2.1. Algorithm

Cup segmentatiowas the most challenging part of image processfghe optic nerve head
(ONH) due to the complexity of its structuta.some cases)dnd vesselslensely cover the cup
boundarywhile in other cases they form the boundaries.

The gradual intensity change between the cup and neuroretinghearéa surrounding the cup)
endng with the disc boundary causadditional complications for cup segmerdatusing image
processing method3he cup segmentation based on intensity gradient and blood vessel kinks
extraction and the different algorithms thia&d beerdevelopedvere introduced in theiterature

Review chapter.
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In this thesiswe considered thémage intensity and vessel kinking in development of a new

algorithm forautomatic image segmentation of optic cup, which leads to a comprehensive system

for diagnosis of glaucoma with the optic disc image segmentation

Figure 4.21shows the flowchart ahe optic cup segmentation algorithm. The obtained outcomes

werecup area and centroid. To evaluate the accuracy of the algorithm, the weseltempared

with the results reported by the six dmdiimologists using RIGA dataset
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Figure 4.20Flowchartfor the cup segmentation algorithm
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As the flowchart inFigure 4.20shows the localized imagevasthe starting point. Basically, four
loopswereused to achieve the goal of this algorithfor segmenting the cup boundarid@sis
algorithmwasbuilt based on 200 a&ining images from RIGA dataséirial and error technique
was usedo reach the best results. Therefdhe four loopsarenow automatically leading to the
best cup segmentation. After localizing the Qltt¢ imagevasenhanced by stretchgrthe image
contrast and equalizing the histogram to increase the variation between the imagelpdrisy
retina, rim, blood vessels and cagpcan be seen in the first column for the original imagegure
4.21 The blood vesselsereextracted usig a tophat transform on the -Ghannel of the fundus
image.As mentioned irsection 5.4.1.1 the blood vessels have more contrast in theh@ne|
making the toghat transfornmsuitable forextraction of small vessel$hat ledto detedng small
vessel kiks, whichhelped withdetecing the cup boundariess can be seen in the second column
of Figure 4.21 Then the blood vesselgere thresholded usin@tsu'salgorithm [49]. Top-hat
transformis basically the difference between the original image and its opening operation. On the
other handDtsu'salgorithm is clustering based image thresholding, which asstma image has
two classes of pixels (foreground pixels and background pjxie¢és) comptesthe best threshold
value.The blood vessels extractingeratiorwasusedto detect the curvature of the blood sels
(kinks), which indicatedhe cup boundarylhe blood vessels were removed since tesyricted

the cup threshold intensity as caa been in the third columof Figure 4.21 Based on the
flowchart, image thresholding was applied usiag Interval Typell fuzzy entropy based
thresholding schemwith Differential Evolution on the localized image to detect the intensity of
the optic cupborders. In the localized imagee thresholdsveremore accurate than the entire
image which was applied to find the optic disc in the preprocessing. Here the variation in the

contrastwasmore limited since itvasapplied on a small portion of the imagéerewereclear
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variationsamongthe retina, blood vessels, rim area and @sigan be seen in tbeginal images

shown in thefirst column of Figure 4.21 The four loopswere considered for four different
threshold values based on some conditions. Three thresholds were applied as the first loop in the
cup detection case to have four parts or backgrounds. Increasing the threshold values worked very
well with good quality imageshowever, itdid not give better thresholding for images wgtbor

guality. In some cases thanalysistook too much time and still gave worse thresholding.
Therefore, after trying different threshold values of up to 30, we decidgdrtapply only thee
threshold due totheir effectiveness in terms of area and centroid. After applying the threshold,
the cupwasestimated as the brightest spot in the localized images. However, some small bright
spots might appear; therefore, the white spots of lessGbgixels were eliminated to reduce the
error that might occur when approximating the cup. The blood vessels were brought back in order
to fill out the gaps in the white spots as shown in the fourth colunffigofre 4.21 Then a
morphological closing opation was applied to close the small gaps that remained in the white
spots even after adding the blood vessels to prevent errors that might occur when applying Hough
transform [88] to distinguish the cup. Two threshetasapplied aghe second loop as @n in

the flowchart in Figure 4.20. Two conditions were considered in order to tipe teecond loop
(Figure4.20). These were (1) if the cup size is less than 3000 pixels, (2) if the cup size is greater
than 16000 pixels. Where 16000 pixels we estimittethe disc area size and that was for images
sizeless or equal to 2400x1600p. While for images equal or greater than 2400x1600p the two
conditions were (1) if the cup size is less than 3000 pixels, (2) if the cup size is greater than 25000
pixels. Sameonditions were considered for the third loop, while in this case four thresheld

applied however without image enhancement which was used for the first two loops. If the

segmentation for the third loop matched the two aforementiooeditions then the fourth loop

113



wasapplied for three threshddavithout image enhancement similar to what was done for the third
loop. For any loop, the cup area and centroid were calculated when the process did not pass the

two conditions

Figure 4.21The cup segmentation procedures

Figure 4.21 shows different images with different cup situations. The image on the first row
represents unclear cup intensity with clear blood vessel kinks; the image on the second row
represents clear cup intensity with some blood vessel kinks; the image ondhewhiepresents
unclear cup intensity without any blood vessel kinks; and finally the image on the last row
represents clear cup intensity with clear blood vessel kinks. The area calculatiord ghod/

results when compared with manaainotationsThecalculations of centroiddid not givegood
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results practically on the X axis due to the blood vessels specifically in the nasal side. The
algorithm up to this poirttas beemested on @0 images from MESSIDOR datasetd the results

are shown in Tablé.11 [88]. Therefore, a functiowasdeveloped as well as the disc segmentation
centroidwasinvolved to improve the cup centroid. The main goal of the function was to include

the blood vessels in the nasal sod¢he cp.

Table 4.11 Thecupsegmentation resulfsr the 100 images from MESSIDOR images set

Area Centoid Both
Success |81 [89% | 72| 79.1% |66 | 72.5%
Fail 10 |11% |19 |20.8% |25 | 27.4%
Total 92 1100% |92 | 100 |92 | 100%
Computational time in sed 9.13s

The area inside the dis@sconsidered as a more localized image for solving the centroid problem
only on X axis. Three small squares of 25x25 pixels were created on the same ceaiisidiX

the segmented cup in order to measurehilgbestintensity of blood vessels among the three
squaresKigure 4.22, then the cup segmented border was dragged inside the chosen square. If the
segmented image was on the right side, then the three seuariesbe on the right half of the
segmented disc andce versaThree options were considered inside that square: (1) near edge to
the cup segmented centroid, (2) middle of the square, and (3) far away edge which was always
close to the disc boundaries as shown in the second réwutke 4.22A-B-C-D). The decision

for the three options was based on the disc centroid, i.e., the cup was going through all three options
and the one with the cup centroid as close as possible to the disc cemasolibsen as the best

X segmented cup centroid. That made the blood vesselbe nasal side 19®inside the cup
boundary segmentation, which always cover the cup boundaries in this area. On the other hand,
after choosing the best X axibe Y axis wasfixed so that the lengtbf the maximum distance
between the disc and cup Xes was equal or less than 10 pixels. For example, if the difference
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between the disc and cup in Y axis was 12 pixels, thenagautomatically move down two

pixels (Figure4.22(A)). In the first row of Figure 4.22(A), the first panel represents thditach

image, the second panel represents the thresholded cup with the extracted blood vessels, while the
third panel is the segmented cup, whighsthe final step for the 100 images tested previously. In

this image, the centroid made the segmentatioritselsad in comparison with the resultstbé
annotatios bythe six ophthalmologists. The last panel in this row is the new function, where the
middle squaréadthe most blood vessels pixels intensity, therefore, the nasal cup boundaries must
be draggednside it. As long as the boundaries were already inside the square (as shown in the
first image in the second row), the difference between the disc centroid and cup centroid in the Y
axiswasmore than 10 pixels. Therefore, the cup was moved down uetditference between

the two centroidsvasexactly 10 pixels. The second image shows the near edge adjustment with
the new Y axis. The third image shows the middle edge adjustment whgthe same as the
original, while the last image is the far awayustiment. Based on tledorementionedriteria, the

best decision matching trenotations of centroid by trex ophthalmologistsvasthe middle

edge adjustment, whiohasthe same as the original and thatsthe shortest distance between

the disc centroid and cup centroid. The same procederespplied to the second imagefigure

4.22 (B).The middle squarkadthe most blood vessels pixels intensity as shown in the last panel

of the first row. For Y ag, the distance between the disc centroid and cup centasigss than

10 pixels therefore, thera&vasno need to movdownthe cup Y centroid any more. While for X

axis, the segmentation was tested for all the three adjustments in addition to thed pagition

as shown in the second row. The best decision made based on the shortest distance between the
two centroids was far away adjustment as can be seen in the first image in the second row, and

gavegood results in comparison with the six mararaiotations The same was true for case (C)
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in which the best decision was the edge middle adjustment, and there was no need to change the
Y axis. In the last case, i.e., cd8®, there was no need for any change because the Y axis gave
good results and imé X axis the original segmentation gave the shortest distance between the two
centroids. Finally, the segmented disc boundaries were considered now for the loops conditions

rather than the number of pixels, which were 16000 pixels for images less aioe2d@0X1600p

and25000 pixels for larger images.

(A)




Figure 4.22The function of the cup centroid for X and Y
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45.2.2. Results

The analyses conducted for calculations of OD were repeated for calculationsFig€4.23).
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Figure 4.23Flowchartfor the analysis of theup segmentation

Figure 4.24compares the results @utomatic segmentation and thenotatios by the six
ophthalmologists. The first colungmowstheannotatios by the first ophthalmologist, the second
column showsthe annotatios bythe second ophthalmologistnd so onThe seventh column
represents theesult ofautomatic segmentation. The four rows represent four different images with
different situationsin thefirst row, theannotatios byall six gohthalmologistsvereclose to each
other in terns of area and centroid and the algoritgavethe same result$n the second roythe
annotatiorby ophthalmologishumberfive was an outlier in the area size and efminatedfrom

the analysis. In this rovtheresults of thalgorithmwerein good agreementith theannotatios
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by the otheifive ophthalmologists. For the first three imagés algorithmgaveperfect results in

terms of area and centroid. In the fasnage theannotation®y ophthalmologistaumbertwo and

six were outliers in their centroid, therefore they were eliminated. In the same image the
annotationsby ophthalmologists three and five were outliers in their area, thus wieeg
eliminatedtoo. As a resultfour images were removetiere there wasio agreememamong the
ophthalmologist§ annotationsand thereforethe imagewasnot considered in the evaluation of

the algorithm. The automatic algorithproducedresults similar to theannotatios by two

ophthalmologists.

Ophthal Ophtha2 Ophtha3 Ophtha4 Ophtha5 Ophtha6 Algorithm

Figure 4.24Examples for thgoodcup segmentation results

On the other handjn figure 4.25 the cup segmentations show bad results. The six
opht hal naorotatigrioo$ dugs ade arranged in the six columns from left to right starting

from one to six, and the kasolumn shows the automatic cup segmentation. In terms of area and
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centroid, therevasagreement ithe annotatiowf the first image among all six ophthalmologists,
while the segmentaticagorithm gavebigger cup area arttiereforeit wasconsiderean outlier.
For the second imagéhe annotations bgphthalmologist number two and fowvereeliminated
becaus¢hey were outliers ioup area. Thalgorithmalsoannotatec small areas cup area which
was considerea@n outlier. As can be seen in tloealized image, the right half of retinacha
different intensity and that affected the cup thresholding. For the last case, camytiatiorby
the fourth ophthalmologistaseliminated.The automatic segmentatiomarkeda small area and

far away cenwid. Also in this case, the intensity of the retinal paasvariable as well as the rim

areaparticularlythe right side, which negatively affected the cup thresholding.

Ophthal Ophtha2 Ophtha3 Ophtha4 Ophtha5 Ophtha6 Algorithm

Figure 4.25Examples for thdadcup segmentation results

45.2.2.1. Results of Bin Rushed dataet
Table 4.12 shows the cup segmentation willetails for Bin Rushed datasehe firstimage
resource of RIGA datasewhich includes 195 image$enimageswerenot localized, therefore,

they were eliminated. For the cup area, only one inthgemadghe mean Samongthe six
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ophthalmologists more than 2150 pixelaseliminated(Figure 3.10. In total 184 images were

tested. The cup area was successfully segmented in 152 images (82.6%).

For the cup centroid, there were 10 images for whichameotdions by more than three
ophthalmologists were considered as outliargltherefore were eliminated. In total 175 images

were tested for cup centroid, and the cup was successfully segmented in 151 images (86.2%). For
both area lad centroid, 30 images wemiminated. These were images with either poor area
annotatioror poor centroidannotation Therefore, in total 155 images were tested and 118 images
were successfully segmented in terms of area and centroid (76.1%). The average time to run the

algorithmwas between 20 to 30 seconds

Table 412 The cupsegmentation resulfer Bin Rushed images set

Cup Area | Cup Centroid | Both
Total number ofimages 195 195 195
# of images removed due to the | 1 10 30
lack agreement between the
ophthalmologists

Images ot localized 10 10 10
Total number of imagetested 184 175 155
Accuracy(number of images) 152 151 118
Accuracy (grcentage 82.6 86.2 76.1
Average Time (s) 20-30s

To further evaluateghe result of automatic segmentation, its accursag compared with the
accuracy of thannotationdy the six ophthalmologistg @ble 4.B). Similar to the analysis of the

optic disc, the performance of each ophthalmologist was evaluated based on its agreement with
the performance of the other five ophthalogists. An image was eliminated if there was no
agreement between at least three ophthalmologists in area or centroicarihtitationy two
ophthalmologists were outliers for area, andatheotatiorby a third ophthalmologist for the same

image wasan outlier for centroid, then ¢iimage was removed based on the analysis shown in
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Figure 3.10.Twenty four imagesnnotatedy the first ophthalmologist were removed from the
evaluaton due to the lack of agreement wahnotatios byother ophthalmologts. In total 161

images were tested and the accuracy was 143 images (88.8%). For the second ophthalmologist,
the annotatiosof 16 images did not agree withe annotatios bythe others, therefore, these
images were removed from further analysis. Inltb8® images were tested and the accuracy was

139 images (82.2%). For the third ophthalmologist, 21 images were removed, therefore, in total
164 images were tested and the accuracy was 134 images (81.7%). In total 173 images were tested
for the fourth ophtalmologist and the accuracy was only 85 images (49.1%). The total number of
images tested for the fifth ophthalmologist was 165 imagedthe accuracy was 136 images
(82.4%). Finally, the total number of tested images for the sixth ophthalmologis6@andges

and the accuracy was 133 images (80.6%). 12 to 24 images were eliminated from each analysis.

Table 4.13 The cup accuracy results for the six ophthalmologists and the segmentation algorithm for Bin Rushed

images set

Ophthl | Ophth2| Ophth3 | Ophth4| Ophth5| Ophth6| Auto
Total number ofimages 195 195 195 195 195 195 195
# of images removed due to the 24 16 21 12 20 20 30

lack agreement between the
ophthalmologists

Images ot localized 10 10 10 10 10 10 10

Total number of imagetested 161 169 164 173 165 165 155
Accuracy(number of images) | 143 139 134 85 136 133 118
Accuracy (grcentage 88.8 82.2 81.7 49.1 82.4 80.6 76.1

Alsqg, the annotations by thephthalmologistsvereevaluated based on only five opinions while
the automatic cup segmentatiomas evaluated based on six opinions (ophthalmologists
annotationy which supposed to give more outliers and therefore negatively affect the accuracy.

However, the cup segmentati@ccuracywas still within the range when compared withe
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annotatios bythe six ophthalmologist${gure 4.2¢, andwasclose taheaccuracy oannotations

by ophthalmologists number two, three, five and six.
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Figure 4.26 The cupaccuracy results for all the six ophthalmologists as well as the algorithm for Bin Rushed
images sefThe X axis represents the number ofghthalmologists and the algorithmheY axis represnts the
accuracy (percentage).

45.2.2.2. Results of Magrabi dataset

Table 4.4 showsthe results for the second imagsaources, i.e., Magrabi datas&és mentiond

in chapter 3, Magrabi datasetludes large images. The mean SD for the cup arearagated

by the ophthalmologist&as8800 pixels, while the mean SD for the cup centraad 11 pixels.

The mean SD for area and centroid among the six ophthalmolegist:iore accurate in this

image set than the two othemagesets due to image sizes as well as the fact that the irhagdjies

been captured by mydriatic fundus camera and therefereclearer and easier tmnotate Ten

images were excluded; four due to lack of agreement among the ophthalmologists and six images
because they could not be localized. Therefore, in total 85eisnagre tested. The algorithm
segmerdtion accuracy was 70 images or 82.3%. Eleven images were eliminated due to
disagreement among the ophthalmologists for the cup centroid. Therefore in total 78 images were

tested and the algorithm segnmegiun accuracywas 63imagesor 80.7%. Twenty imagesere
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removed when testing for both area and centroid, therefore, in total 50 images (72.4%) were tested
which was less than the percentage of images that wested from Bin Rushed datas&he
average time to run thegorithm was between 70 0 seconds due to the size of the images
which increaséthe time required to achieve the level set approach used lately in order to improve

the cup centroid.

Table 4.14 Thecupsegmentation resulfer Magrabi images set

CupArea CupCentroid | Both
Total number ofimages 95 95 95

# of images removed due to the | 4 11 20
lack agreement between the
ophthalmologists

Images ot localized 6 6 6

Total number of imagetested 85 78 69
Accuracy(number of images) 70 63 50
Accuracy (grcentage 82.3 80.7 72.4
Average Timg(s) 70-120s due to the big size of the imag

The cup segmentation accurallable 4.15) was close to the accuracy of thanotationsby
ophthalmologists number three and four. Twenty imagese removed due to disagreement
among the six ophthalmologisiBherefore, the accuracy of thanotatiorby the algorithm might

have suffered due to the fact that fewer images were used to test the algorithm.

Table 415 Thecupaccuracy results for the spphthalmologists and the segmentation algorithnMagrabiimages

set

Ophth1| Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 95 95 95 95 95 95 95

# of images removed due to the 15 14 14 16 12 11 20
lack agreement between the
ophthalmologists

Images ot localized 6 6 6 6 6 6 6
Total number of imagetested 74 75 75 73 77 78 69
Accuracy(number of images) | 67 69 55 52 66 63 50
Accuracy (grcentage 90.5 92 73.3 71.2 85.7 80.7 72.4
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Figure 4.27Thecupaccuracy results for all the six ophthalmologists as agthe algorithm for Magrabi images
set TheX axis represents the number obghthalmologists and the algorithihhe Y axis represents the accuracy
(percentage).

45.2.2.3. Results of MESSIDOR dataset

Theresults of the MESSIDOR dataset shown iMable 4.5. The high mmber of images in this
datasetand their good qualitgontributed tomore accurate results; indeed the accuracthef
annotationaising this dataset was higher than the accuratyechmotationsusing the other two
dataset Similar to Bin Rushed dataséen imagesrom MESSIDOR datasetere notlocalized

Five imagesvereeliminated from calculation of the area. In total 245 images were tested and the
accuracy was 206 images (84%). iglter percentage of accuracy was obtained for calculation of
centroid. Twelve images were eliminated from calculation of centroid. Therefore, in total 238
images were tested for centroid and the accuracy was 216 images (90.7%). Thirty three images
were renoved from evaluation of both area and centroid. In total 217 images wereftedieth

area and centrojéind the accuracy was 177 images (81.5%). The average time for running the
algorithm was 20 to 30 seconds whighssimilar to the time required founning the algorithm

for Bin Rushed dataset, and tivasdue to their similarity in size.

126



Table 416 The cupsegmentation resulfer MESSIDOR images set

Disc Area | Disc Centroid | Both
Total number ofimages 260 260 260
# of images removed due to the | 5 12 33
lack agreement between the
ophthalmologists

Images ot localized 10 10 10
Total number of imagetested 245 238 217
Accuracy(number of images) 206 216 177
Accuracy (ercentage 84 90.7 81.5
Average Time S 20-30s

The average accuracgy the annotationby the six ophthalmologisteas 86% to 89%, while the
algorithmd accuracywas 81.5%. The algorithm was tested on a total of 177 images, while 195 to
203 images were used to test the accurachiefinnotationby the ophthalmologists, exgefor
ophthalmologist number fouT &ble 4.7). Asmentioned previously, increasing the number of test
images boosts the accuracy. In Figdr28,the algorithm shows good accuracy, especially when

compared with the accuracy thie annotationby ophthalnologists number one, two and six.

Table 417 The cup accuracy results for the six ophthalmologists and the segmentation algorithE&3IDOR

images set

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 260 260 260 260 260 260 260
# of images removed due to the 23 26 25 20 23 23 33

lack agreement between the
ophthalmologists

Images ot localized 10 10 10 10 10 10 10
Total number of imagetested 227 224 225 230 227 227 217
Accuracy(number of images) | 203 195 201 162 203 198 177
Accuracy (rcentage 86.4 87 89.3 70.4 89.4 87.2 81.5
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Figure 4.28 Thecupaccuracy results for all the six ophthalmologists as well as the algorithdEB6EIDOimages
set The X axis represents the number ofghthalmologists and the algorithriheY axis represents the accuracy
(percentage).

45.2.2.4. Consolidated resultsfor the cup

In this section, all images are gathered in ordeiltw a comprehensive analysi$ annotations

by the ophthalmologists and algorithm. S5&tages from all three dataseteretested to evaluate

the algorithm and thannotationdy the six ophthalmologist$¥hen an image had three outliers

or more in the area or centroid or both, it was considered as a bad image and was removed from
the corresponding atysis. From the theedatasetslO imageswere eliminated from cup area
analysis due to disagreement among the ophthalmologists26 images were eliminated due to

bad localization. Therefore, in total 514 images were tested and the accuracy was 428 images or
83.2% (Table4.18). On the other hand, 33 images were removed from analysis of cup centroid
due to the disagreement and 26 imageee eliminatediue tobadlocalization. Therefore, in total

491 images were tested and the accuracy was 430 images or 87.5%. Thigassetiter than the

result of area analysis; however, the number of the images accaratelateds very similar for

the cup area and centroid, i.e., 428 vs. 430 images for area and centroid, respectively. Therefore,
the number of imagdsad beereliminatedfor the centroidiue to the lack of agreemdmdgiven

an advantage to increase the accufacyhe disc centroid over the disc ar83 imagesadbeen
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eliminated from analysis of both area and centroid in addition to 26 images that weoalzed.
Therefore, in total 441 images were tested, and the accuracy was 345 images or 78.@8s This
obviously due to the fact that there were many images with good accuracy in terms of area that

were outliers in terms of centroid and vice versa.

Table 418 Thecupsegmentation resulfsr all the thre images sets together.

DiscArea | DiscCentroid | Both
Total number ofimages 550 550 550
# of images removed due to the| 10 33 83
lackagreement between the
ophthalmologists

Images ot localized 26 26 26

Total number of imagetested 514 491 441
Accuracy(number of images) 428 430 345
Accuracy (rcentage 83.2 87.5 78.2

As can be seen in Tab#el19, ophthalmologist number orfeadthe best accuracgmong the six
ophthalmologists even though hasnotatios weretested using only 462 images, the lowest
number of images among all ophthalmologists. The algontastested using 441 images aitsl
accuracy was 345 images (78.2%). The performance of the algorithm in terms of percentage
accuracy in cp segmentationwas close to that of ophthalmologist number six, then
ophthalmologist three, then ophthalmologist two, and finally ophthalmologist five. This is clearly

shown inFigure 4.29.
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Table 419 The cup accuracy results for the six ophthalmologists and the segmentation algoritiath tfee three

images settogether

Ophthl | Ophth2 | Ophth3| Ophth4| Ophth5| Ophth6| Auto
Total number ofimages 550 550 550 550 550 550 550
# of images removed due to the| 62 56 60 48 55 54 83
lack agreement between the
ophthalmologists

Images ot localized 26 26 26 10 26 26 26
Total number of imagetested 462 468 464 492 469 470 441
Accuracy(number of images) | 413 403 390 229 405 394 345

Accuracy (frcentage 89.3 86.1 84 46.5 86.3 83.8 78.2
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Figure 4.29Thecupaccuracy results fall the six ophthalmologists as wal the algorithm for the thrémages
sek. The X axis represents the number ofgghthalmologists and the algorithiihe Y axis represents theccuracy
(percentage).

Figure 4.3Ghows the results tiie annotationBy all six ophthalmologists as well as the automatic
algorithm for all three datasetThe blue lie represents Bin Rushed datatle¢ dark orange line
represents Magrabi, and thegiine represents MESSIDOR images, while the bright orange line
represents all images together. As can be seen in the figure, ophthalmologists number one, five
and six and the algorithshowed similar performansé terms of accuracy of cup segmentation

for all the three datasetMagrabi images were most accuratahnotatedoy ophthalmologists

number one, twoand four. While MESSIDOR images were most accuratahnotatd by

130



ophthalmologists number three, five and girnotations oMagrabi imagesy ophthalmologists
number three and four as well as the algorithad low accuracyOverall, annotations by
ophthalmologist number sixereclosest tahe markings byhe algorithm.

100

90

80

70

60

50

40

30

20
10

Ophthl Ophth2 Ophth3 Ophth4 Ophth5 Ophth6 Auto

BinRushed Magrabi Messidor Total

Figure 4.30Thecupaccuracy results fall the six ophthalmologis@s wellas the algorithm for the thrémages
ses individually. The X axis represents the number obghthalmologists and the algorithiihe Y axis represents
the accuracy (percentage).

4.5.2.2.5. Agreement for the cup

In terms of cup area and centroid agreemedtsimilarity, thennotationdy all ophthalmologists

had the best agreement witie annotatiosby ophthalmologist number one (Tal€20). The

best agreement for the algorithm was with ophthalmologist number one in 359 images (65.2%),
while the lowest agreement was with ophthalmologist number six in 329 images (59.8%). On the
other hand, the best overall agreement was between ophthalmomgigier one and
ophthalmologists two and five in 398 images (72.3&t)d the lowest agreement was between
ophthalmologist number four and the algorithhgreementbetweenthe algorithmand manual

annotationsn disc segmentation varidzbtween 57.4% and 886, which is slightly better than
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the comparable values fatup segmentationVariations of the overall agreement mmanual

annotation®f the disc were between 56.7% and 74.5%, which is aldutlgligetter than the cup.

Table 420 Thecupnumberof images agreement between the ophthalmologists as well as the algorithm

Ophthl | Ophth2 | Ophth3 | Ophth4 [ Ophth5 | Ophth6 | Auto
Ophth1 550 398 385 296 398 378 356
Ophth2 398 550 368 290 384 375 345
Ophth3 385 368 550 278 378 357 336
Ophth4 296 290 278 550 286 277 248
Ophth5 398 384 378 286 550 370 345
Ophth6 378 375 357 277 370 550 329
Auto 356 336 336 248 345 329 550
Total 2211 2151 2102 1675 2161 2086 1959

Figure 4.31shows the agreement for every ophthalmologist in addition to the algorithm. The
algorithm clearlyhadthe best agreement with ophthalmologist number one, then ophthalmologist
number five, then ophthalmologist number two and three, then ophthalmologist number six and

finally with ophthalmologist number four.
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Figure 4.31Thecupagreement results faill the six ophthalmologists as wels the algorithm for almages set
The X axis represents the number ofghthalmologistsTheY axis represents the number of agreed images.
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Figure4.32 shows the total number of agreensdot all ophthalmologists as well as the algorithm.
Ophthalmologist number one is the bdstiowed byophthalmologis number five, two, three,
andsix, then the algorithm, and finally ophthalmologist number four. Except for ophthalmologist
number four ad the algorithm whicthadclose to 2000 images, all other ophthalmolognstd

more than 2000 imagés total
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Figure 4.32 Thecupagreementesults forall the six ophthalmologists as welt the algorithm for almages sest
The X axis represents the number ofghthalmologists and the algorithrfhhe Y axis represents the total agreed
images.

4.5.3. Comparison between the disc and cup

As illustrated inFigure 4.3 (A), the cup accuracwyasclearly better for ophthalmologist number
one and two (by 10%), while wasslightly better for ophthalmologists number three and five.
The disc accuracy for ophthalmologist number f@asaround 90% while the cup accuraggs
around 45%In comparisorwith others this ophthalmologisannotatedarger areas as the cup,
causing too many outliers in hasinotatios. Ophthalmologist number six and the algorithaal
better accuracy in the disc boundary detection (by aln®}tGn the other hand, the totaimber

of images agreed upon by the ophthalmologists as well as the algorithm precisely follows the
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accuracy results as shownRigure 4.34B). The preference of the cup over the disc belonged to
ophthalmologist number one, two, three and five while thieeference of the disc over the cup
belongedo ophthalmologist number four, six and the algorithim.conclusion, the total number
of agreement for every ophthalmologistis an indication for the accuracy in between the

ophthalmologists.
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Figure 4.33 The total accuracy percentage for the disc and cup versus the total images agreement between the six

ophthalmologists as well as the algorithiithe X axis represents the number obghthalmologists and the
algorithm TheY axis represents the accuracy (percentagé)) and total agreed imagas (B).
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Chapter 5

The Cup to Disc Ratios

5.1.Introduction
In this chapter, the clinical parameters for the optic nerve head represented by the cup to disc ratios
are considered. Here the horizontal and vertical cup to disc ratio (HCDR and VCDR) for the two

segmentatiomalgorithmsare calculated and evaluated é&sn the RIGA dataset.

Figure 5.1 illustratethe final algorithm steps, i.e., after including the optic disc segmentation into

the cup segmentation process in order to improve the cup segmentation centroid. Therefore, the
segmented disc with the finabtour based on either the TIFF or JPG images on the localized
imagewasthe starting point for the cup segmentation process because the disc counter and centroid
sened the cup segmentatiooy pulling the cup into the best position according to the chosen
square with the most intensity. The disc contour alscesktine cup, instead of estimating the disc

size. As shown in the previous chapter, once the cup contour touches the disc captesrait

error and then goes to the next loop for the threshold number purpose. The post process in the total
algorithm proceduresascalculating the horizontal cup to disc ratio (HCDR) and the vertical cup

to disc ratio (VCDR)see the appendix for the tfe codes)
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Figure 5.1 The final algorithm flowchart

5.2.Horizontal Cup to Disc Ratio (HCDR)

To calculate the HCDR for trennotation®f the disc and cup, the furthest two pixels horizontally
were considered for the disc and cgparatelyFigure 3.2 (b)), and then their ratio was calculated.
The same procedure was followed for calculating HCDR for the automated system after
segmenting the disc and cup. To eliminateaheotationgor the HCDR represented by outliers,
three parameters wecensidered: 1) the disc outliers (area and centroid), 2) the cup outliers (area

and centroid), and 3) the HCDR individually based on the analysis in Bd4re
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Figure 5.2 Flowchartfor the analysis of thelCDR calculation

The mean SD for the HCD®as0.075 in terrs of ratio since the measurement hewesthe ratio

instead of number of pixels whietasused with the disc and cup. Therefore, angotatiorwith

the HCDR mean SD more than 0.075 was considered as an outlier. The same was true for the
automated system (Figufe2). Thus, many images were eliminated. For example, there were at
least threennotationsvith mean SD for either disc, cup or HCDR exceeding the threshold. The
aforementioned obviously affects the number of agreementhén annoations by the
ophthalmologists as well as the algorithm. As the result, three paranvetersonsidered in this

part in order to decide whether an image is eligible to evaluate the algorithm or not. If there were
at least three outliers for a certain parameter, e.g. disc area, for an image, then the image was

eliminated from evaluating the algtmn. Whilebased on Figure 3.lfithere were three outliers
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from different parameters, e.g. one for disc centroid, one for cup area and one for HCDR, then the
imagewas not eliminated. However, if there were four outliers with two of them on the same
paraneter, e.g. two outliers for the disc area, one for the cup area and one for the HCDR, the image

waseliminated.

Figure5.3 shows the bad segmentation results for the HCDR with different cases. For the first
image, represented in the first rave anndation by ophthalmologist number siwaseliminated

due to the disc area which affected the HCDR, while the algorithm gave bad results due to the cup
size. In the second image, represented in the second roantle¢ationsy ophthalmologists
number fourand sixwere eliminated because of the cup area and centroid, respectively. The
algorithmgavebad results due to bad disc segmentation. In the third imagantiwationdy

three ophthalmologistsereeliminated for different reasons, therefore thisgenaasnot eligible

to evaluate the algorithm. In the fourth image, dheotationgy ophthalmologists number four

and sixwereeliminated due to the cup area and disc centroid, respectively. While the algorithm

gavebad result due to the bad cup arearsagation.
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Figure 5.3 The algorithm bad HCDR results

On the other hand, ithe first image in gure5.4,representeth the first row, the algorithngave

good results for the disc, cup and HCDR for MESSIDdafasetvhere the SD was 0.G&mong

the six ophthalmologistand became 0.55 with the algorithm results whietsstill less tharthe
mean SO0.079. Furthermore, the HCDR given by the algorithm was 0.58, while it was reported
to be0.54 0.55 0.51, 0.56 0.55 and0.45by ophthalmologists number one to six, respectively

In the second image, shown in the second ibe,algorithmgavegood result for Bin Rushed
datasetwhere the SD was 0.0&nongthe six ophthalmologists and it became 0.065 with the
algorithm results. &rthermore, the HCDR given by the algorithm was 0.58, while it was reported
to be0.54 0.51, 0.49 0.54 0.43 and0.40by ophthalmologists number one to sigspectively
Finally, in the last imagehe algorithm gave gl results for Magrabi datasghere the mean SD
was 0.03 and it became 0.025. Furthermore, for this dataset the HCDR given by the algorithm was

0.68, while it was reported to Be69 0.66 0.70 0.73 0.68 and0.66by ophthalmologists number

one to six, respectively.
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Figure 5.4 The algorithm good HCDR results

5.2.1. Results of BinRushed dataset

As can be seen imable 5.1 the algorithm achieved 73.8% accuracy, the second best accuracy,
when testing a total of 111 images. 84 imagereeliminated; 74 of them had at least three outliers

in disc, cup or HCDR calculations and 10 ireagpad not been localized. Ophthalmologist number

one had the best performancecaiculating HCDR he annotated the HCDR accurately’th 6%

of the 108 total tested images. As can be seen, most outliers that had to be removed from the
analysis wereannotded by ophthalmologists number three and four. The accuracies of
performances of the six ophthalmologists as well as the algorithmmre close range a4 to

86 images. However, the total numberestéd imagesadobviously affected the accuracy.

Table 5.1The HCDR raults for Bin Rushed images set.

Ophth1| Ophth2| Ophth3| Ophth4| Ophth5| Ophth6| Auto
Total number ofimages 195 195 195 195 195 195 195
# of images removed due to th{ 77 67 58 58 76 76 74
lackagreement between the
ophthalmologists

Images ot localized 10 10 10 10 10 10 10
Total number of imagetested | 108 118 127 127 109 109 111
Accuracy(number of images) | 86 85 82 77 79 74 82
Accuracy (grcentage 79.6 72 64.5 60.6 72.4 67.8 73.8

Figure5.5 shows that the pooresaccuracyof around 606 was observed fathe annotationsy
ophthalmologist number foufmainly due to poorcup annotations The annotatios by
ophthalmologist number oneiere most accurate8Q accuracy)mainly due togood disc

annotatiorandbestcupannotation
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Figure 55 The percentage accuracy of the HCDR redolt8in Rushed images séthe percentage accuracy of the
HCDR resultdor Bin Rushed images sé@the X axis represents the number ofghthalmologists and the
algorithm TheY axis represents theccuracy (percentage).

5.2.2. Results of Magrabi dataset

Fewer images from Magrabi dataseereused for evaluating the algorithm. As shown in Table
5.2,in total 95 images were used from which 6 images were not localized and 31 to 43 images
were eliminated due to the outliers in #rnotation®f disc, cup or HCDR. In this image set, the
performance of the algorithmasthe second best after that of dpditmologist number two who
tested 5limagesin total and his accuracy was 39 images. The total number of images tested by
the algorithm was 46 images. Most of the outliers that resulted in eliminating the images were due
to errors intheannotationdy ophthalmologists number six, three and five.

Table 5.2The HCDRresults for Magrabi images set.

Ophthl1 | Ophth2 | Ophth3 | Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 95 95 95 95 95 95 95

# of images removed due to the 40 38 35 40 35 31 43
lack agreement between the
ophthalmologists

Images ot localized 6 6 6 6 6 6 6

Total number of imagetested 49 51 54 49 54 58 46
Accuracy(number of images) | 35 39 28 32 35 39 35
Accuracy (grcentage 71.4 76.4 51.8 65.3 64.8 67.2 76
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Figure5.6shows the accuraciesafinotationdy thesix ophthalmologists as well as thkgorithm
which were between approximately 50% for ophthalmologist number three and 75% for
ophthalmologist number two. These accuraeese lower than the ecuracies of Bin Rushed
datasetnalysis. The accurgof the annotationdy ophthalmologist number twwasalmost the

same as the accuracytbeannotationdy the algorithm.
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Figure 5.6 The percentage accuracy of the HCDR redoltdMagrabi images $€The percentage accuracy of the
HCDR resultsor Bin Rushed images sdthe X axis represents the number obgghthalmologists and the
algorithm TheY axis represents the accuracy (percentage).

5.2.3. Results of MESSIDOR datset
Finally, the algorithnwas tested on MESSIDOR datasentaining 260 images (Tak#e3). Here
10 images were not localized. Furthermore, 63 to 73 images were eliminated from further analysis
since theimnnotationsvere outliers. Ophthalmologist number one had fewer ositlier, only in
56 images. The best accuracy result was obtained by ophthalmologist number three based on
testing 177 imagesheaccuracy was 143 images. The accura@noibtationdy ophthalmologist

number one was 76.2%, i.d48images were accuratefypnotated The algorithmwasthe third

best in terms of accuracy; from 186 images tested, 139 were accaratetated
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Table 5.3The HCDRresults for MESSIDOR images set.

Ophth1 | Ophth2| Ophth3 | Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 260 260 260 260 260 260 260
# of images removed due to the 56 65 73 63 67 63 64
lack agreement between the
ophthalmologists

Images ot localized 10 10 10 10 10 10 10
Total number of imagetested 194 185 177 187 183 187 186
Accuracy(number of images) | 148 127 143 111 136 130 139
Accuracy (grcentage 76.2 68.6 80.7 59.3 74.3 69.5 74.7

The percentages of accuracy are shown in Figuferhe percentages of accuraggrebetween
almost 60% and slightly over 80%, whialasbetter than the accuracies of anays images in
Magrabi datasednd close to the accuraciesamialysis of Bin Rushed datasktoweverthe mean
SD for the disc area and centroid were lewssimages in MESSIDOR datasediving it an

advantage over Bin Rushed dataset
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Figure 5.7 Thepercentage accuracy of the HCDR resfdtsMESSIDOR images seThe X axis represents the
number of Gophthalmologists and the algorithmhe Y axis represents the accuracy (percentage).

5.2.4. Consolidatedresults for HCDR
As a conclusion, the final relisfor all three datasetwe illustrated imable 5.4With 269 images
accuratelyannotatedthe annotation$y ophthalmologist number orfeadthe highest percentage

of accuracy (76.6%). The algorithwasthe second best with 74.6% accuracy and 256 images
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accurately segmented.he annotationgy ophthalmologist number Hadthe most outliers. The
number of eliminated imagegasbetween 161 images for ophthalmologist number four and 181

images for the algorithm.

Table 5.4Theconsolidatedesultsfor the HCDR.

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto

Total number ofimages 550 550 550 550 550 550 550

# of images removed due to the | 173 170 166 161 178 170 181
lack agreement between the
ophthalmologists

Images ot localized 26 26 26 10 26 26 26

Total number of imagetested 351 354 358 379 346 354 343

Accuracy(number of images) 269 251 253 220 250 243 256

Accuracy (grcentage 76.6 70.9 70.6 58 72.2 68.6 74.6

Figure 5.8 shows the percentag®f accuracy whichrangedfrom around60% to 75%. The
percentages of accuracytbeannotationdy five ophthalmologists as well as the algoritivare

very close (between 70 #%%).
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Figure 5.8 The percentage accuracy of the HCDR reduoitshe total of the three images séitke X axisrepresents
the number of @phthalmologists and the algorithmhe Y axis represents the accuracy (percentage).

Figure 5.9 illustrates the variation in accuracy pemtage among the three datasets
Ophthalmologist number six and the algorithm sbdthe same results for all images despite their

differences in quality and size. However, the performance of ophthalmologist number three varied
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significantly; he/she showed greatest accuracyewhorking on MESSIDOR dataseaind the
lowest accuracy hile working on Magrabi dataset
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Figure 5.9 The percentage accuracy of the HCRthe three images set individuallyhe X axis represents the
number of Gophthalmologists and the algorithihe Y axis represents the accuracy (percentage).

5.2.5. Agreement for HCDR

The best agreement was observed betweearthetationdy ophthalmologisnumber one and

five in 251 of 550 images (45.6%)dble 5.5).The best agreement for the algorithm was it
annotationsoy ophthalmologist number one (agreement in 239g®esa(43.4%)). On the other

hand, the lowest agreement was observed between ophthalmologist number four and the algorithm

(agreement in 162 images (29.4%)).

In terms of the total number of image agreements, the algontsim the sixth place, which does
not correspond with its ranking in accuracy. This is similar to what we observed in the previous

chapter regarding measurements of disc and cup.
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Table 5.5The number of images agreed for the HCDR betweenghthalmologists as well as the algorithm.

Ophthl | Ophth2 | Ophth3 | Ophth4 | Ophth5 [ Ophth6 | Auto
Ophthl 550 238 247 192 251 234 239
Ophth2 238 550 222 173 226 214 212
Ophth3 247 222 550 177 241 224 220
Ophth4 192 173 177 550 177 168 162
Ophth5 251 226 241 177 550 233 223
Ophth6 234 214 224 168 233 550 213
Auto 239 212 220 162 223 213 550
Total 1401 1285 1331 1049 1351 1286 1269

Figure 5.1Clearlyillustratesthatophthalmologists number three and fiverein best agreement
with ophthalmologist number one. Ophthalmologist number hadthe best agreement with
ophthalmologist number one. Ophthalmologist number thrae¢ the best agreement with
ophthalmologists number one and five. Ophthalmologist numbehéaiithe best agreement with
ophthalmologist number one. Ophthalmologist number fiael the best agreement with
ophthalmologist number one. Ophthalmologist number s the best agreement with
ophthalmologists number one and five. Finally, the algoritad the best agreement with

ophthalmologist number one.
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Figure 5.10The number of images agrefm the HCDRbetween the ophthalmagists as well as the algorithm.
TheX axis represents the number ofghthalmologists and the algorithriheY axisrepresents the number of
agreed images.

Figure5.11 clearly showghatthe number of images agreed upon for all six ophthalmologists as
well as the algorithm randgedetween 1250 and 1400 total, except for ophthalmologist number
four. The total number afnage agreementsr HCDR wasless than what we saw for disc and

cupseparately
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Figure 5.11The total agreed images for the HCD&ween the ophthalmologists as well as the algoriftira X
axis represents the number ofighthalmologists and thegorithm TheY axis representthetotal number of
agreed images.
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5.3Vertical Cup to Disc Ratio (VCDR)

The procedures used for calculation of HCDR were repeated to calculate VCDR for the algorithm.
Two parameters were considered: disc (area and centroid) and cup (area and centroid). The
procedures for eliminating the outliers were the same as those l$€DR analysis and followed

the same steps as shown in Fig@t&7. The same procedures were also conducted for the

algorithm in order to decide whether the segmentations are acceptetlasr sitmown in Figure

5.12
Disc area
Bin Rushed Image
SD =1650p
> Magrabi Image Bad segmentation
Bin Rushed Image
Yes sD 5 3p Yes
Magrabi Image
Disc
segmentation Cal;“Dlaf‘e the No
or
Disc area Accept the
Fundus Disc centroid Algﬂrithm
Image Cup area segmentation
Cup centroid
Cup VCDR

segmentation

SD =3000p
Magrabi Image
SD = 8800p

Bad segmentation

Figure 5.12Flowchartfor the analysis of th# CDR calculation
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Three parametemgereconsidered in this part in order to decide whether an image was eligible to
evaluate the algorithm. For each image, if there were at least three outliers each from a different
parameter, i.e., all three parameters had an outlier in the disc area, timesigh@vas not used for
evaluating the algorithm. However, if the three outliers were from different parameters, for
example one for disc centroid, one for cup area and one for VCDR, then the image was not
eliminated. On the other hand, if there were foutliers from two different parameters, for
example two outliers for the disc area, one outlier for the cup area and another for the VCDR, then

the image was eliminated from the evaluation.

In Figure5.13different imagesre presentenh the differentrows. In the first image, represented

in the first row theannotationdy ophthalmologist number owveereremoved because of the disc
area, andhe annotationgy ophthalmologist number siwereremoved because of the disc area
and cup centroid. The algthm gave bad results of the VCDR due to bad cup area. In the second
image,theannotationsy ophthalmologists number two and fouereeliminated because of bad
cup area, and the algorithgavebad results due to bad disc segmentation. In the third irtteege
annotationsby ophthalmologists number three and sigreremoved due to the cup area and
centroid. The algorithngavegood results in terms of disc and area. However, the mean SD of
VCDR was beyond the 0.075 threshold, and therefore was considevatiar. Hence, this result

was considered inappropriate for calculating the accuracy. In the last image, there is clearly a big
variation amonghe annotations therefore this image was not considered a good image for

evaluating the algorithm.
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Figure 5.13 The algorithm bad&/CDR results

On the other hand, iRigure 5.14 for the first imaggpresentedn the first row the SDwas 0.03

for the six ophthalmologistand0.04for the algorithm. The algorithm VCDR was 0.45 while it
was 0.460.52 0.54 0.50 0.54 and0.48 for ophthalmologistaumber one to sixespectively.

For the second image, the SD was the same fonalualannotationsand the algorithm, and its
value was 0.04. Here the VCDR was 0.52 for the algorithm0afi 0.52, 0.41, 0.49 0.42 and
0.44for ophthalmologisteaumber one to six, respectively. In the last image, the SD was 0.03 for
the six ophthalmologistand 0.04for the algorithm. The VCDR was 0.61 for the algorithm and

0.63 0.63 0.67,0.70 0.64 and0.62for ophthalmologists naber ondo six, respectively.

--
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Figure 5.14 The algorithmgoodVCDR results

5.3.1. Results of Bn Rushed dataet

The accuracy of the VCDR for alhe annotationsy the six ophthalmologists as well as the
algorithm for Bin Rushed datasistshown in Tablé.6. About 64 to 80 images were eliminated
from theannotationdy the ophthalmologists as well as the algorithm due to the many outliers for
either disc, cup or the VCDRnnotations by phthalmologist number ongerethe best in terms

of the percentage accuracy; the algoritiiras the second best followed by ophthalmologist
number six. In terms of the number of images accuratatptatedophthalmologist number one
annotate®1 out of 107 images accurately, followed by the algorithm which segmented 82 out of
109 images accuratelgnd then ophthalmologist number six who accuradatyotated9 out of

105 images.

Table 5.6 The VCDR results for Bin Rushed images set

Ophthl| Ophth2| Ophth3| Ophth4| Ophth5| Ophth6| Auto
Total number ofimages 195 195 195 195 195 195 195
# of images removed due to th 78 73 72 64 69 80 76
lack agreement between the
ophthalmologists

Images ot localized 10 10 10 10 10 10 10
Total number of imagetested | 107 112 113 121 116 105 109
Accuracy(number of images) | 91 76 74 44 76 79 82
Accuracy(percentage 85 67.8 65.4 36.3 65.5 75.2 75.2

The percentage accuracies for Bin Rustiathsetverebetween 8% andabout65%, exceptfor
ophthalmologist number fowho showed the percentage accuracy of aB6ut (Figure 5.15.
Except for ophthalmologist number four who showed similar percentage accuracies for HCDR
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and VCDR,percentage accuracies fdCDR for this dataseivere bettethan the comparable

values for HCDR.

90
80
70

6
5
4
3
2
1
0
1 2 3 4 5 6

Auto

o O O o o o

Figure 5.15The percentage accuracy of th€MR resultsfor Bin Rushed images sdthe X axis represents the
number of Gophthalmologists and the algorithihe Y axis represents the accuracy (percentage).

5.3.2. Results of Magrabi dataset

The percentagaccuracies for Magrabi datass®e shown in Tablé.7. About 38 to 44 images

were eliminated from the wortoneby the ophthalmologists as well as the algorithm. The best
percentage accuracy belonged to dheotationdy ophthalmologist number six. The algorithm
was the third best in terms of percentage ey In terms of the number of images accurately
annotatedophthalmologists number two and six and the algorithm had the highest performance

with 38 out of 49, 48 and 50 images (respectivaty)otatedccurately.
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Table 5.7The VCDR results for Mgrabi images set

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 95 95 95 95 95 95 95

# of images removed due to th 42 40 38 44 39 41 39
lack agreement between the
ophthalmologists

Images ot localized 6 6 6 6 6 6 6

Total number of imagetested | 47 49 51 45 50 48 50
Accuracy(number of images) | 32 38 29 29 30 38 38
Accuracy (grcentage 68 77.5 56.8 64.4 60 79.1 76

The range of percentage accuracy was between 56% for ophthalmologist number three and 79%
for ophthalmologist number six (Figu®16); which was better than the range for HCDR.

Ophthalmologist number three had the worst results forHGIBR and VCDR for this dataset
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Figure 5.16 The percentage accuracy of thEDR resultfor Magrabiimages sefThe X axis represents the
number of Gophthalmologists and the algorithmhe Y axis represents the accuracy (percentage).

5.3.3. Results ofMESSIDOR dataset

Finally, the percentagaccuracy for MESSIDOR dataseshown in Tabl®.8. Sixty to 81 images

were eliminated from the work of all six ophthalmologists as well as the algorithm. This number
wasslightly similar to the number of imag eiminated from this datasétr calculation of HCDR

which were between 56 to 73 images. Ophthalmologist number three had the best performance in
terms of percentage accuracy, while the algorithm atd#th place. In terms of the number of
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images, ophthalologist number three had 149 out of 169 imam@sotatediccurately, while the

algorithm successfully segmented 138 out of 186 images.

Table 5.8The VCDR results for MESSIDOR images.set

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 260 260 260 260 260 260 260
# of images removed due to | 72 60 81 62 73 76 64
thelack agreement between
the ophthalmologists
Images ot localized 10 10 10 10 10 10 10
Total number of imagetested| 178 190 169 188 177 174 186
Accuracy(number ofimages) | 140 127 149 117 134 131 138
Accuracy (rcentage 78.6 66.8 88.1 62.2 75.7 75.2 74.1

Figure5.17 shows the accuracy percentage for all six ophthalmologists as well algonghm
for MESSIDOR datase@he accuracy percentages rahftem 90%for ophthalmologist number
three to about 60% for ophthalmologist number four. For this index, VCDR measurements were

better than HCDR.
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Figure 5.17The percentage accuracy of thEDR resultfor MESSIDORImages seflThe X axis represents the
number of Gophthalmologists and the algorithiihe Y axis represents the accuracy (percentage).

5.3.4. Consolidatedresultsfor VCDR
Table5.9 showshe final results for the VCDR. 170 to 197 imageseeliminateddue to outliers

from the workdoneby all six ophthalmalgists as well as the algorithm (for HCDR, 161 to 181
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images were eliminated due to outliers). The best percentage accuracy was 79.2% and belonged
to the 332 images tested by ophthalmologist number one. For HCDR the best percentage accuracy
was 76.6% anddlonged to the 351 images also tested by ophthalmologist number one. The
algorithm percentage accuracy was the fourth best with 74.7% of 345 total tested images, while it
was the second best for the HCDR with 74.4% of 343 total tested images. In conbtud/@DR
theannotationdy the ophthalmologists and the algorithm had similar results in terms of the total
tested images as well as percentage accuracy; while for HCDRsthlés of thealgorithmwere

better thartheannotationdy the six ophthalmologists

Table 5.9Theconsolidatedesultsfor theVCDR.

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 550 550 550 550 550 550 550
# of images removed due to | 192 173 191 170 181 197 179
thelack agreement between
the ophthalmologists
Images ot localized 26 26 26 10 26 26 26
Total number of imagetested| 332 351 333 370 343 327 345
Accuracy(number of images) 263 241 252 190 240 248 258
Accuracy (frcentage 79.2 68.6 75.6 51.3 69.9 75.8 74.7

Figure5.18illustrates that the percentage accuracy for the V@BRR betweerabout 70% and

80%, except for thannotationdy ophthalmologist number four. On the other hand, the accuracy
range for the HCDR was between about 60% and 75%, which is less than the VCDR accuracy.
This was due to the presence of blood vessels which ied@nnotations specifically the

annotations othe cup, challenging for the ophthalmologists.
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Figure 5.18The percentage accuracy of th€DR resultsor all the three images sef®he X axis represents the
number of Gophthalmologists and the algorithihe Y axis represents the accurgpgrcentage).

Figure5.19 shows how the six ophthalmologists as well as the algorithm performed (in terms of
VCDR percentage accurgcgn the three dataset$he algorithm had consistent perf@ance
regardless of the dataséthis findingwas similar to what we observed for the HCDR. The
performance of ophthalmologist number six also remaineddnge across the three datasets
Similar to what was observed for the HCDR, there were small variations in performance of
ophthalmologists number ondéwo and five as thy worked on different datasetwith
ophthalmologist number three showing the most variable performance for both HCDR and VCDR.
Ophthalmologist number four showed a rather consistent performance for HCDR while showing

big variation forVCDR.
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Figure 5.19The percentage accuracy of thEDR for the three images set individualljhe X axis represents the
number of Gophthalmologists and the algorithihe Y axis represents the accuracy (percentage).

5.3.5. Agreement for VCDR

Table5.10shows the agreements between the ophthalmologists as well as the algorithm in terms
of the number of images. The best agreements were between ophthalmologist number one and
ophthalmologist number six in 254 images (46.1%), then between ophthalmologlstrnome

and ophthalmologist number three in 253 images (46%), and between ophthalmologist number
one and the algorithm in 252 images (45.8%) of 550 images. The agreesn@mig the
ophthalmologists regarding VCDR were almost equal to their agreement regarding HCDR. On the
other hand, for the VCDR the algorithm was best agreed in 252 images, while for HCDR the

algorithm was best agreed in 239 images (43.4%).
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Table 5.10 The number of images agreed for the VCDR between the ophthalmologists as well as the algorithm

Ophthl | Ophth2 | Ophth3 | Ophth4 [ Ophth5 | Ophth6 | Auto
Ophthl 550 232 253 186 238 254 252
Ophth2 232 550 219 172 207 222 218
Ophth3 253 219 550 172 231 239 232
Ophth4 186 172 172 550 162 171 168
Ophth5 238 207 231 162 550 232 221
Ophth6 254 222 239 171 232 550 235
Auto 252 218 232 168 221 235 550
Total 1415 1270 1346 1031 1291 1353 1326

Figure 5.20 shows how the ophthalmologists agreed in the number of images as gfiues.
ophthalmologists as well as the algorithexdmore than 200 images agreed between each;other
only ophthalmologist number fouhad less than 200 images agreed with the others.

Ophthalmologist number orfeadthe best agreement with the others.
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Figure 520 The number of images agrefent the HCDRbetween the ophthalmologists as well as therélyo.
The X axis represents the number ofghthalmologists and the algorithfiheY axis represents the number of
agreed images.
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Figure 5.21 shows that in terms of the total images agreed, thewaspetween 1250 to 1400
images, except for ophthalmologist number four Wwadonly 1000 images. The range of the total

images agreed faghe VCDRwassimilar to the results for HCDR.
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Figure 5.21The total agreed images for th€WR between the ophthalmologists as well as the algoriitra X
axis represents the number ofighthalmologists and the algorithiihe Y axis represents theumber of total
agreed images.

5.4.Final Results (HCDR and VCDR)

In this section the analysis cover all four parameters, i.e., disc (area and centroid), cup (area and
centroid), HCDR and VCDR. Therefore, the amnotationghadto pass with respect to all four
parameters in order to be included in @nalysis Figure 321). For each image, if there were at

least three outliers for the same parameter, e.g. three outliers in disc area, then theaisnage
eliminated from evaluatig the algorithm. If there were three outliers but tivege from different
parameters, e.g. one for disc centroid, one for cup area and oneD&, lHt&n the image was not
eliminated. However, if there were four outliers with two outliers belongingetedame parameter,

e.g. two outliers for the disc area, one outlier for the cup area and one for the VCDR, then the
imagewaseliminated. The same proceduresreapplied for the results of the algorithm in order

to decide whether a segmentation was acdepteot (Figure 4.21).
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Figure 5.22Flowchartfor thealgorithmanalysis

Figure5.23shows the results for two images from the MESSIDdaRisetThe HCDRSs recorded

by ophthalmologists number one to siere0.67, 0.76, 0.67, 0.73, 0.69, and 070, respectively,

with SD 0. 04. Twas0.6dWitgootrany thangefa the SODsTad VICDR recorded

by ophthalmologists number one to swere0.60 0.61, 0.58 0.59 0.67, and0.6Q respectively,

wi t h SD 0. 03 .resultwas0.68,lagmaovithiout danyrchasge for the SD. In the second

image, the HCDRs recorded by ophthalmologists number one wese0.47, 0.58 0.44 0.56
0.50and0.49 respectively, with WabB05b with@DO0.0b.rOatha |l gor i

other hand, the ¥DRsrecorded by ophthalmologists number one toveexe 0.55 0.57, 0.54
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0.59 0.53 and0.55 respectivel vy, wi t h SMas0.65 withbut anf he al

change in the SD.

Ophthal Ophtha2 Ophtha3 Ophtha4 Ophtha5 Ophtha6 Algorithm

Figure 5.23The algorithm final results for MESSIDOR images set

Figure 5.24shows the results for two images from Bin Red datasetin the first imagethe
annotationgy ophthalmologists number four and fiweereremoved due to the cup size making
the SD more than 3000 pixels. The HCDBsorded by ophthalmologists number emsixwere
0.530.540.490.650.43 and0.45r especti vely, with Sas05305. Th
without any change in the SD. The VCDiRsorded by ophthalmologists number one torséxe

0.48 0.5]1, 0.46 0.61, 0.47, and0.47, respectively, with WaB050. 06 .
reducing the SD to 0.05. In the second image, the HGB&sded by ophthalmologists number

one to sixwere0.52 0.53 0.53 0.550.53 and0.45 r espectively, with SD
resultwas0.45, increasing the SD to 0.04. The VCDBsorded by ophthalmologists number one

to sixwere0.49 0.48 0.45 0.51,0.43 and0.44 respectivelywi t h 0. 03 SD. The al

was0.045, without any change in the SD.
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Figure 5.24The algorithm final results fd8in Rushedmages set

Finally, Figure 5.25 showsthe results of Magrabi datasétor the first image, the top rowhe
annotationsoy ophthalmologists number one and threere removed due to the cup area and

centroid because the SD was more than 8000 pixels for area and was more than 10 pixels for
centroid. The HCDReecorded by ophthalmologists number one tons#xe0.46 0.52 0.53 0.60,

0.51, and0.47, respectively, with® 0. 05. The anMagP.64, whilehnmtréasingrthe s u | t
SD to 0.06. The VCDReecorded by ophthalmologists number one tovgexe0.41, 0.55 0.46

0.540.44 and0.47,r especti vely, with SWwas0570changingtheeSDal gor
t0 0.055. In the second image, bottom row, the HCBfesrded by ophthalmologists number one

to sixwere0.58 0.54 0.50 0.54 0.47,and0.52r e specti vel y, with SD 0. 03
was0.48, without any change in the SD. The VCDBsorded by ophthalmologists number one

to sixwere0.47,0.45 0.44 0.45 0.39 and0.45 respectivelywi t h SD 0. 03. The al g

was0.049, increasing the SD to 0.035.
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Figure 5.25The algorithm final results fdviagrabiimages set

5.4.1. Results ofBin Rushed dataset

Table5.11illustrates the finatesults for Bin Rushed dataséBto 98 images were eliminated due

to the outliers of the aforementioned four parameters between the six ophthalmologists as well as
the algorithm which represent 37.4% to®%bof the total number of the images in the dataset. As
mentioned before, for all the parameters 10 imagere not localized. The best percentage
accuracy was for ophthalmologist number one (82.4%) for the total of 97 tested images. The
algorithm was theecond best, with 70.7% percentage of accuracy for the total of 82 tested images.
Ophthalmologist number four had the poorest percentage of accuracy (36.6%) for the total of 112

tested images.

Table 5.11The final results for Bin Rushed images. set

Ophth1| Ophth2| Ophth3| Ophth4| Ophth5| Ophth6| Auto
Total number ofimages 195 195 195 195 195 195 195
# of images removed due to th 88 87 79 73 84 87 98
lack agreement between the
ophthalmologists

Images ot localized 10 10 10 10 10 10 10
Total number of imagetested | 97 98 106 112 101 98 82
Accuracy(number of images) | 80 66 68 41 70 67 58
Accuracy (grcentage 82.4 67.3 64.1 36.6 69.3 68.3 70.7

It is clear fromFigure 5.2@&hat the range of percentage accuracy for all ophthalmologists (except

for ophthalmologist number four) as well as the algorithm was from about 65% to 80%.
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Figure 5.26The percentage accuracy of tlogal resultsfor Bin Rushedmages sefThe X axisrepresents the
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number of Gophthalmologists and the algorithiihe Y axis represents the accuracy (percentage).

5.4.2. Results of Magrabi dataset

Table 5.1%howsthe results of Magrabi dataset. From this daté@&i 45imageswvere eliminated
due to theoutliers between the six ophthalmologists as well as the algorithm. This accounts for 42
to 50 percent fothe images in Magrabi datasethich wasclose to the percentage of outliers in

Bin Rushed dataseln addition, 6 images were not localized. The Ipestentage accuraeyas

for the algorithm (77.2%) for a total of 44 tested images.

Table 5.12The finalresults for Magrabi images set.

Ophthl | Ophth2| Ophth3| Ophth4 | Ophth5| Ophth6| Auto
Total number ofimages 95 95 95 95 95 95 95
# of images removed due to | 43 43 40 44 41 40 45
thelack agreement between
the ophthalmologists
Images ot localized 6 6 6 6 6 6 6
Total number of imagetested| 46 46 49 45 48 49 44
Accuracy(number of images) 31 35 27 26 29 35 34
Accuracy (jrcentage 67.3 76 55.1 57.7 60.4 71.4 77.2

As shown inFigure 5.27the percentage accuracy range for the work of the six ophthalmologists

as well as the algorithmvasfrom 75% to 55%, whiclwvasa tighter range than what was observed
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for Bin Rushed datasefor his dataset ophthalmologist number three showed the poorest

performance in terms dlfie percentage accuracy.
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Figure 5.27The percentage accuracy of the totsultsfor Magrabiimages sefThe X axis represents the number
of 6 ophthalmologists and thalgorithm TheY axis represents the accuracy (percentage).

5.4.3. Results of MESSIDOR dataet

Finally, Table 5.13hows he results for MESSIDOR datasé®to 86 images were removed due

to the outliers of the aforementioned four parameters. This accounts for 26 to 33 pieroages

in MESSIDOR datasewhich is clearly a smaller percentage in compan with the other two
datased In addition, 10 images wermeot localized. The best percentage accuracy was for
ophthalmologist number three (84.7%) for the total of 164 tested images. The algorithm and
ophthalmologist number one tied for the second best with 77.3% accuracy when testing a total of

168 and 172 imags, respectively.
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Table 5.13The final results for MESSIDOR images .set

Ophth1| Ophth2| Ophth3| Ophth4| Ophth5| Ophth6| Auto
Total number ofimages 260 260 260 260 260 260 260
# of images removed due to | 78 69 86 70 81 81 82
thelack agreement between
the ophthalmologists
Images ot localized 10 10 10 10 10 10 10
Total number of imagetested| 172 181 164 180 169 169 168
Accuracy(number of images) 133 118 139 105 128 124 130
Accuracy (grcentage 77.3 65.1 84.7 58.3 75.7 73.3 77.3

Figure 5.28howsthatthe percentage accuracy range for all the six ophthalmologists as well as
the algorithmwasfrom about 60% to 85%. In this respect, this datasetbetter than the other

two datasets.
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Figure 5.28The percentage accuracy of the firedultsfor MESSIDORiImages sefThe X axis represents the
number of Gophthalmologists and the algorithihe Y axis represents the accuracy (percentage).
5.4.4. The final consolidatedresults
As a comprehensive analysigble 5.14llustrates thaesults for all three datasdbgether. 187
to 209 images (43 to 38% of the total images) were eliminated from the work of the six
ophthalmologists due to their many outliers. On the other hand, 225 images (50% of the total
images) were eliminated froradting the algorithm due to the outliers. In addition, 26 images were

not localized. The best percentage accuracy wathéannotationdy ophthalmologist number
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one (77.4% which equals to 244 out of the 315 tested images). The algorithm had the second best
percentage accuracy (74.2% which equals to 222 out of 299 tested images). The performance of
ophthalmologist number three was the third best in this regatdpettentage accuracy of 73.3%

which equals to 234 out of 319 tested images.

Table 5.14The finalconsolidatedesults

Ophth1| Ophth2| Ophth3| Ophth4| Ophth5| Ophth6| Auto
Total number ofimages 550 550 550 550 550 550 550
# of images removed due to th 209 199 205 187 206 208 225
lack agreement between the
ophthalmologists

Images ot localized 26 26 26 10 26 26 26
Total number of imagetested | 315 325 319 353 318 316 299
Accuracy(number of images) | 244 219 234 172 227 226 222
Accuracy (grcentage 77.4 67.3 73.3 48.7 71.3 71.5 74.2

Figure5.29shows the percentage accuracy ofdhaotationsy the six ophthalmologists as well
as the algorithm. Clearly, the percentage accuracy ranges from 70 to 75%, except for the work of
ophthalmologist number four. The percentages of accuracy of the work of five ophthalmologists

as well as thelgorithm for all threedatasetsogether are relatively close to each other.
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Figure 5.29The percentage accuracy of the firgdultsincluding all the threémages set The X axis represents
the number of ®@phthalmologists and the algorithmhhe Y axis represents theccuracy (percentage).
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Figure5.30 illustrates the variation in the performance of the six ophthalmologists as well as the
algorithm on the three datasets terms of percentage accuracy. The algorithm and
ophthalmologist number six showed the most consistefarpgnce across all three datasétse
performance of ophthalmologist number two varied slightly; he/she perforngbddyshbetter on
Magrabi dataet than on the other two datas&erformances of ophthalmologists number one and
five showed larger variations; ophthalmologist number one peerbest with Bin Rushed
dataset while ophthalmologist number five perfoed best with MESSIDOR dataset
Ophthalmologist number three clearly showed a better performance wheging on the
MESSIDOR dataseOphthalmologist number four performed very poorly wherking on Bin
Rushed dataseDphthalmologist number three, four, five aix aswell as the algethm had the

best percentagaccuracy for MESSIDOR dataskiowever, ophthalmologist number two had the
lowest percentage accuracy wheorking with MESSIDOR datasefhe second best performance

of three ophthalmologists as well as the algorithm was obdeagthey worked on Magrabi
datasetThe second best performance of only three ophthalmologists was observed as they worked
on Bin Rushed datasefTherefore, weonclude thathe assesment of optic nerve by annotating

the disc and cup margins was masturate and consistent in thEESSIDOR dataset, followed

by Magrabi dataseh the 29 place and Bin Rushed datasethe 3° place.
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Figure 5.30The percentage accuracy of th€DR for the three images set individualljphe X axis represents the
number of Gophthalmologists and the algorithmhe Y axis represents the accuracy (percentage).

5.4.5. Agreementfor the final

The best agreement in terms of the number of images was between ophthalmologist number one
and three in 242 of the total 550 imagé4%) (Table 5.5), while the second best agreement was
between ophthalmologist number one and the algorithm as well asatipblbgist number five

in 230images(41.8%). The agreement among these images was in all the aforementioned four

parameters.

Table 5.15The number of images agreed for the final between the ophthalmologists as well as the algorithm

Ophthl | Ophth2 | Ophth3 | Ophth4 | Ophth5 [ Ophth6 | Auto
Ophthl 550 223 242 169 230 226 230
Ophth2 223 550 212 153 198 199 201
Ophth3 242 212 550 155 223 219 216
Ophth4 169 153 155 550 151 148 148
Ophth5 230 198 223 151 550 214 207
Ophth6 226 199 219 148 214 550 207
Auto 230 201 216 148 207 207 550
Total 1320 1186 1267 924 1223 1213 1209

169



Figure 5.31 showsthe number of images agreed between the ophthalmologists as well as the
algorithm. Clearly, all thephthalmologists as well as takorithm agreementsereclose to 200

images excegor ophthalmologist number four.

600
500
400
300

20

o

10

o

Ophthl  Ophth2 Ophth3 Ophth4 Ophth5 Ophth6 Auto

o

mOphthl ®mOphth2 =Ophth3 = Ophth4 mOphth5 ®Ophth6 mAuto

Figure 5.31The number of imagesgreedor the HCDRbetween the ophthalmologists aslias the algorithm.
The X axis represents the number ofghthalmologists and the algorithheY axis represents the number of
agreed images.

Figure 5.32 shows the total number of agreement for all six ophthalmologists as well as the
algorithm. The numéx of total images agreed rangkdm 1200to 1300 images, except for

ophthalmologist number four who in totedless than 1000 images agreed.

170



1400
1200
1000
800
600
400

200

Ophthl Ophth2 Ophth3 Ophth4 Ophth5 Ophth6  Auto

Figure 5.32The total agreed images for th€WR between the ophthalmologists as well as the algoriftira X
axis represents the number ofghthalmologists and the algorithriheY axis represents the number of total
agreed images.

As can be seen in Figube33the range of the total number of images agreed for HCDR and VCDR
wasfrom 1300 to 1400 images, except for ophthalmologist number four. Clearly, the HCDR and
VCDR hadalmost equal number of image agreements. Ophthalmologist numbdérafiveore
image greements in HCDR than VCDR, while ophthalmologist number six and the algorithm
hadmore agreed images in VCDR tharHCDR. In conclusion, the VCDRasbetter than HCDR

in terms of the total images agreed between the six ophthalmologists as wellgstitlem. The
range of the final total image agreemefmsluding disc, cup, HCDR and VCDRwvasbetween

1200 and 1300 images, except for ophthalmologist humber fourhati@round 950 image
agreements. The highest image agreememe for ophthalmologit number one and then
ophthalmologist number three, while ophthalmologist number two, five, six and the algoaithm

almost the same number of image agreements.
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Figure 5.33The total number of agreement for HCDR, VCDR and fililak X axisrepresents the number of 6
ophthalmologists and the algorithfihe Y axis represents the number of total agreed images.

Figure 5.34illustrates the percentage accuracy for all the four parameters as well as the total for
the work of all six ophthalmologis and the algorithm. Clearly, the accuracy of disc and cup
measurements influensthe accuracy of HCDR and VCDR as well as the total. The cup accuracy
wasthe best for three ophthalmologists and the algorithm due to the bigger mean SD for both area
and centroid for the cup. Therasmoreconstancyor the algorithm performance where the disc
hadthe best accuracyhen the cupand then the HCDR and VCDR@ that was close tthe
performance ofophthalmologist number six. Ophthalmologist number faas the best in
annotatinghe disc and the worse amnotatinghe cup; with these measurements clearly affecting

the HCDR and VCDR measurements.
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Figure 5.34 The percentage accuracy results for all the four paraméteeX axis represents the number of 6
ophthalmologists and the algorithihe Y axis represents the accuracy (percentage).
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Chapter 6

Conclusiors and future works

6.1.Conclusions

With the dramatic increase in the wointhdds po
number of patients with glaucoma, or suspected of having glaucoma. Therefore, there is a need to
properly diagnose and treat glaucoma and save the vision efdffbsted. Hence, the goal of this

thesis was to provide insight on one of the three most important exams for glaucoma, i.e.,
diagnosing the optic nerve head (ONdtucture, by developing a novel system to detect the disc

and cup boundaries which arestiagnostic parameters used in clinics. A literature rewes
conducted in order to provide a general view of the state of the art and discuss the limitations,
weaknesssand strengths of existing approaches for automated determination of cup tdiaksc ra
Consequently, collecting the images as weldasotatingthe disc and cup boundaries were the
priority to build a reliable system. Most of theviously used image datasdtave many
limitations. One such limitation is that the diagnosis of the @isd cup differs from one
ophthalmologist to another making the created system unreliable if it is based on the opinion of
only one ophthalmologist.iereforea unique image datadeds tabe examined bgnore than one
ophthalmologistn order to have dgnogic value Indeed, in this thesis | describa new dataset

called RIGA datasetonsisting of 750 images. RIGAasbeen collected from three different
resources in order to have different image aspects such as quality, size and pathology. Six
ophthalnologistsannotatedhe disc and cup manually and independently. The images for which

at least four ophthalmologists agreed on the disc and cup boundaries were kept, and those upon
which only three ophthalmologists (or fewer) agreed were eliminated. Tlgesniar which at

least four ophthalmologists agreed upon the measurements of disc and cup boundaries were
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suitable for automatic detection, while those with agreement of a maximum of three
ophthalmologists were difficult teeautomatically deteed This is due to many reasons including
bad image quality or bad pathological cases that interfere with detecting the disc and cup

boundaries.

A complicated analysiwasconducted on RIGA datasetorder to revise the imagdgeping the

good images (ierms of detectable disc and cup boundaries) and removing the bad ones. The
procedurewas conducted by calculating the SD of the asmnotationsfor the following four
parameters: disc (area and centroid), cup (area and centroid), HCDR and VCDR foirglery s
image. Following this, the mean SD of all 750 images was calculated for every parameter.
Subsequently, the mean SDs were used as a standard yardstick to decidethdatimatations
wereaccepted or not. Based on the number of accegptrdtatios for an image, it was decided

whether the image was usefulrat (Figure 321).

Based on the aforementioned analyses, the number of agreement between the six ophthalmologists

as well as the accuracy afnotationdy each ophthalmologistere obtained

The image processing technique was introduced in chapter four. The goal was to have an automatic
system capable of segmenting disc and cup boundaries as accurately as the ophthalmologists did.
Localizing the ROl was thgreprocessing step whigbasintroduced toallow dealng with asmall

part of the image instead tifewhole image This was donby applying an Interval Typ# fuzzy

entropy based thresholding scheme along with Differential Evolution to determine the location of
the optic disc. The mulevel image segmentatiovasa method to segment the image into various
objects in order to find the brightest object of the image, wiatiocated in the OQn terms of

the main processhé optic disc segmentation was introduced first by applyingdhiee contour

implemented by level set function after inpainting the blood vesbkgsinting was done to
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remove the bstacleghat might be present at the level set due to the change in the intensity of the
blood vessels. A double level set was appléith more processing for th@oor quality images
found inthe Bin Rushed dataséthe final accuracy of the algorithm was 83.9% for the 441 total
tested images. In terms of percentage accuracy, the algorithm was the third best after two
ophthalmologists. ¥ery segmented image wethtrough the analysis of only the optic disc area
and centroicasshown inFigure4.10 On the other handhe cup segmentatiomasconducted in

two stageslin the main stagehe disc segmentatiomas not considere[88]. Theblood vessels

were extracteth order to detect the vessel kinks which leeljp detect the cup boundaridhe
Interval Typell fuzzy entropy based thresholding scheme along with Differential Evolutesa
againappliedon thelocalized image to detect th&ensity of the optic cup borders. the localized
image the thresholdsveremore accurate than the entire image which wsesito find the optic

disc in the preprocessin@Vith localized imagethe variation in the contrastas more limited

since itwasapplied on a small portion of the image. Then Hough transform was applied in order
to approximate the cup. In the second stdlge disc segmentation was involved in order to
improve the cup centroid accuracy by developing two more functions for X amdrdicate.

The segmented cup was passed through the procedures shegur@?.23 only for the cup area

and centroid parameters in order to decide whether theagipeersuccessfully segmented.

After revising the images to include only the seasfully segmented images in terms of disc and
cup, the HCDR was computed based on the conditions shown in bigard his enabled further
revision of the images to include only those that met the conditions for the three parameters of
disc, cup and HCDRThe same procedures were repeated for the VCDR. Thus, in the final analysis
only the images that met the conditions of the disc, cup, HCDR and VCDR were considered. As

illustrated inFigure 6.1 (A),the algorithm had almost the same number of images esggm
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accurately for both HCDR and VCDR as ophthalmologist number three. Four ophthalmologists
had more images accepted for the VCDR due to fewer blood vessels in the two sides. However,
the accepted images for the HCDR were less accurate due to theaxistdlood vessels that
covered the cup boundaries. One ophthalmologist had the same number of accepted images for the
VCDR and HCDR as the algorithm. Therefore, the algorithm was the second best in terms of

HCDR and the fourth best fannotatingthe VCDR in terms of percentage accuraéyglre

6.1(B)).
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Figure 6.1 The results of HCDR and VCDRA) thenumberof the accepted image) the percentage accuracy
TheX axis represents the number ofghthalmologists and the algorithifihe Y axis represents the total agreed
imagesin (B) and the accuracy (percentagefB).
Figure 6.2 shows the final results considering the four parameters. In terms of the number of
images, the algorithm was the fifth best as illustrated in Figl#gA). In terms of percentage
accuracy however, the algorithm was the second best due to the totalr rirtdsted images

which varied among the six ophthalmologists as well as the algorithm due to removal of outliers.

About 220 to 250 images were accepted for all six ophthalmologists, except for ophthalmologist
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number four. The percentages of accuracy vadaut 70% to 80%, except for ophthalmologist

number four (Figure 6.2 (B)).
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Figure 6.2 The final total resultyA) The number of accepted imagéB) Percentage accuracihe X axis
represents the number obphthalmologists and the algorithihe Y axis represents the total agreed image8)
and the accuracy (percentage)B).

Tables 6.1 and 6.@rovide additional details about the best and worst accuracy results, and the
highest and lowest number of images agreed among the six ophthalmologists. Ophthalmologist
number one wathe best for Bin Rushed datasepresented by the final results whadnsidered

the cup, HCDR, and VCDR (Table 6.1). Three ophthalmologists as well as the algorithm shared
the best rank for Mgrabi datasetFinally, ophthalmologist number three showed the best
performancefor analyzing MESSIDOR datasétr disc, HCDR and VOR. In general and
considering all three datasetophthalmologist number one showed the best performance in
analysis of the cup, HCDR and VCDR and had the highest number of image agreements (Table

6.1).
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Table 6.1 The best accuracy and agreement fbthe four parameters and the three images sets

Best Accuracy Most
Agreement

Bin Magrabi | MESSIDOR| Total
Rushed
Disc Ophth4 | Ophth4 Ophth3 Ophth4 Ophth4
Cup Ophthl | Ophth2 Ophth5 Ophthl Ophthl
HCDR | Ophthl | Ophth2 Ophth3 Ophthl Ophthl
VCDR | Ophthl | Ophth6 Ophth3 | Ophthl Ophth1
Final | Ophthl | Algorithm Ophth3 | Ophthl Ophthl

Ophthalmologist number four had the worst accuracy forFushed and MESSIDOR dataset
and ophthalmologist number three had thesivaccuracy for Magrabi datagétble 6.2). Finally,
ophthalmologist number four had the worst percentage accuracy for the final total as well as the

lowest number of images agreed with other ophthalmologists as well as the algorithm (Table 6.2).

Table 6.2 Theworseaccuracy and agreamt for all the four parameters and the three images sets

Worse Accuracy Lowest
Agreement

Bin Magrabi | MESSIDOR| Total
Rushed
Disc Ophth3 | Ophth2 Ophth2 Ophth2 Ophth2
Cup Ophth4 | Ophth4 Ophth4 Ophth4 Ophth4
HCDR | Ophth4 | Ophth3 Ophth4 Ophth4 Ophth4
VCDR | Ophth4 | Ophth3 Ophth4 Ophth4 Ophth4
Final Ophth4 | Ophth3 Ophth4 | Ophth4 Ophth4

In conclusion, | have developed a large dataset of imaggading annotations bysix
ophthalmologists that can be used for testing various image processing algofitiensl
developed two algorithms for automated disc, cup segmentation and the cup to disc ratios of the
automatic segmentations were calculatEde calculated values wetleen evaluatedising the

annotations bgix ophthalmologists
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6.2 Future work

Developing a smartphone application with a fundus lens attachment that allows taking fundus
images and processing them to analyze the ONH structure parameters that help with diagnosis of
glaucoma is a prioritySuch applicationvill be of great use in thigeld of optometryespecially in
developing nations where access to tertiary or specialized centers for glaucoma is difficult. This
will enable telemedicine.e.,if the CDR is indicative of glawena the tertiary hospital gpecialist

will be automaticdy notified. The smartphone application will also allow the patient to take
fundus images at home in order to closely and carefully monitor the progress/remission of the

disease.

Developing agraphical user interfagq€&Ul) that allows manual modificatioaf the algorithm
(particularly for the cup) should also be considered in the future work. Such feature will allow the
ophthalmologist to bring an automatically segmented cup into any position that he/she considers

best suited based upon his/her clinicgderience.

Validation of the newly developed algorithm is also part of the future work. Fundus images should
be taken from patients along with OCT images to correlate OCT images with the fundus

annotations

There is still room for improvement for the disc and cup segmentation algorithm. More functions
should be added to solve the disc segmentation errors that occur in some pathological cases such
as disc drusen anperipapillary atrophy.Furthermore,differert advanced image processing
techniques that might address disc segmentation limitations and provide better segmentation
results should be applie®n the other hand, RIGA datas@in be improved bgnnotatingnore

parts such as blood vessels, fovea or smtieal pathologies in order to develop new automated

systems to detect and segment the desired part, and thus heiihirdiagnosisof pathologies
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Therefore, the datasetill be posted online to make it easily accessible to anyone interested in

using t without any constraints.
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Appendix

% This is a program for segmenting the optic disc and cup boundaries fréumdu¥image. Written for
%cakulating the HCDR and VCDR for diagnosing the glaucoma
% Authors : Ahmed Almazroa, 2016

% email: myh_300@hotmail.com

% Copyright (c) 2014016 by Ahmed Almazroa

% U can use an entire fundus image in format of TIFF or JPG
% input- give the image file name as input. egmage2prime

clc;

clearall;

closeall;

tic

%% Main Input

thLevel =3% stating with threshold number three

Eye_side =R'%can be Left or Right

im_num = 1;%image number

max_pixl_yc = 10%maximum distance between the disc and cetroid on Yaxis

maxArea = 18000/ omaximum cup area
minArea = 2000%minimum cup area

Extra_side = 0.45p percentage of extra radius

Radius_up = 0.2p percentage of extra radius
Radius_down = 0.2 percentage of extra radius
Radius_right = 0.0p percentage of extra radius
Radius_left = 0.0p percentage of extra radius

Level2Set = 1%if 1 then Level2Set is used to detect the disc (JPG) NONmydriatric retinal camera else (0)
SmoothMuch will be used

% Do not chnage this data
error = 500;
lower_area = 1000;

% Blood Vessel Extraction

L = 45;

Extra_radius §Radius_up,Radius_down,Radius_right,Radius_left];
Enhanced = 1%Enable enhance at the beginning

Error = 0;%There is no error

%% CHnage the input images number and name prefix.

%l=['image',num2str(im_num),".tif7;
%I=['image',num2str(im_numjptime.tifT;
%Il=['image',num2str(im_num),".jpg’];
I=['image,;num2str(im_num)prime.jpg];

fname =1,
fprintf("\nWorking on %%',1)
|_temp = [Localized,fname];
inimg_temp1 = imread(l);
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inimg_temp2 = localization(inimg_temp1);

imwrite(inimg_temp2,l_temp)

fprintf("\nLocalization is complete and imgae is saved. Now working on threshold and enhancgment
inlmg = imread(l_temp);

[M,N,~] = size(inImg);

inimgl = inlng;

clearinimg_temp1l

clearinimg_temp2

% Start cup extraction with 3 level thresholding to calculate range of area
radiusError = 1;

while radiusError ==1,;
% Generate 3 level thresholding for estimated cup size
[~, Thresimg_temp] = Thresholding(inimg,3);
[M,N,~] = size(inimg);
Img_templ = zeros([M,N]);

Thres_temp = unique(Thresimg_temp);
n = length(Thres_temp)+1;

mean_area = 0;

while mean_area<lower_area

n=nl,;

if n==0;
mean_area = lower_area;

else
Img_temp1(Thresimg_temp>=Thres_temp(n)) = 1;
mean_area = sum(nonzeros(Img_templ));

end

end

% Estimate the range of cup size
max_area = mean_area + error;
min_area = mean_are&rror;

% Perform main thresholding to detect the cup region
if Enhanced==1
[~, thresimg] = Thresholding(inimg,thLevel);

else
[~, thresimg] = ThresholdingNE(inimg,thLevel);
end

%thresimg = Thresimg_temp;

Threshold = unique(thresimg);
Threshold = Threshold';

% lterate until the calcualted area falles between the range
area = 0;
for i = length(Threshold)1:1

area = area + sum(sum(thresimg==Threshold(i)));

if area>=min_area
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if area>max_area
n=i+l;

else
n=i

end

break

end
end

n = min(n,length(Threshold));

Img_temp2 = zeros(M,N);
for i=1:1:M
forj=1:1:N
if thresimg(i,j)>= Threshold(n)
Img_temp2(i,j) = 1;
end
end
end

%% Find tentative circle that covers the cup region

count = 0;
ro=1;
try
while count==0

[c,rr] = PantCircle(Img_temp2,r0);
[count,~] = size(c);

% Repeat if centre is not found by increasing rO
if count<=0
rO=r0+1,

end
end
%% Based on the circle and eye side, find the ellipse that fits the largest number of white pixels
areaa =[];
for i=1:1:length(c(:,1))

% Find the masking filled circle

ImgCup = Img_ellipse.*Img_temp2;
areaa = [areaa,nnz(ImgCup)];
end

[~,index] = max(araa);

cx = round(c(index,1));

cy = round(c(index,2));

r = round(rr(index));

[Img_ellipse,x_ellipse,y_ellipse,a,b,x_set] = FillEllipse(cx,cy,r,Extra_radius,M,N,Eye_side,Extra_side);
AreaEllipse =nnz(Img_ellipse);

if AreaEllipse<minArea || AreaEllipse>maxArea
fprintf(\n Radius out of range. Adjusting threshold and enhakiT)ng
if thLevel == 3 && Enhanced==1
thLevel = 2;
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elseifthLevel==2;
thLevel = 4;
Enhanced = 0;
elseifthLevel==
thLevel = 3;
Enhanced = 0;
else
Error =1;
radiusError =0;
end
else
radiusError =0;
end

catch
fprintf("\n An error occured. Adjusting threshold and enhanaijpg
if thLevel == 3 && Enhanced=1
thLevel = 2;
elseifthLevel==2;
thLevel = 4;
Enhanced = 0;
elseifthLevel==4
thLevel = 3;
Enhanced = 0;
else
Error = 1;
radiusError =0;
end
endtry

endvradiusError ==1;

if Error ==
%% Print Threshold leven and Enhanced

fprintf(\nThreshold level = %dhLevel)
if Enhanced==1
fprintf(\nEnhancement is enabled'

else
fprintf(\nEnhancement is disabld’
end
%% Extract the blood vessels
% Extract blood vessels based on green channel

if Level2S¢ ==

[filledDisc,edgeDisc,inimg,bloodVessell,y disc,x_disc] = discExtractDoubleLevelSet(inimg1l);
else

[filledDisc,edgeDisc,inimg,bloodVessell,y disc,x_disc] = discExtractSmoothMuch(inimg1);
end

fori=1:1:M
forj=1:1:N

% paint disc border
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if edgeDisc(i,))>=1%&& i>1 && j>1
inimg(i,j,:)=[0 255 255];
inimg(i-1,j,:)=[0 255 255];
inimg(i,j-1,:)=[0 255 255];
inimg(i-1,j-1,:)=[0 255 255];

end

end
end

areaDisc = nnz(filledDisc);
bloodVessel = bloodVessell.*filledDisc;
bloodVessel2 = bloodVessel;

%% Calculate and adjust/set variables
xc_cup(l) = x_ellipse;

if abs(y_disey_ellipse)>max_pixl_yc
fprintf("\nY-coordinate is adjustéd)
if y_ellipse>y_disc
y_ellipse =y _disc + 10;

else
y_ellipse =y _disc 10;

end
end
if Eye_side ==R'

mul = 1;

xc_edge = max(x_set);
else

mul =-1;

xc_edge = min(x_set);
end

%% Find BloodVessel
[Edges, X,Img_square,max_pixl] = FindBloodVesselPoint2(M,N,bloodVessel,L,cx,cy,Eye_side);

X_square = cx + mul * round(EX)*L+L/2);
bloodVessell = bloodVessel.*Img_square;
borderl = inlmg% This is to showite square box and edge of the ellipse
edges = edge(Img_ellipsgmbel);
fori=1:1:M
forj=1:1:N

% paint ellipse border

if edges(i,j)>=1
borderi(i,j,:)=[0 0 255];
borderl(il1,j,:)=[0 0 255];
borderl(i,j1,:)=[0 0 255];
borderl(i1,j-1,:)=[0 0 255];

end

end
end

borderl(y_ellipse,xc_cup(1),:) = [255,255,255];

figure;imshow(borderl);titlello adjustmeny;
% Il =['EllipseSquare_Cup_NoAdjust’, fname];
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%  imwrite(borderl,lIl)

%Shift to the ear edge

dist_E2NE = round(cx + mul*(XL)*L)-xc_edge;
%Shift to the medium edge

dist E2M = round(x_squanec_edge);

%Shift to the far edge

dist_E2FE = round(cx + mul*X*Lxc_edge;

Img_ellipseM = MakeFilledEllipse(M,N,x_ellipse,y_ellipse,a,b,dist_ E2M ,0);
Img_ellipseNE = MakeFilledEllipse(M,N,x_ellipse,y_ellipse,a,b,dist E2NE,0);
Img_ellipseFE = MakeFilledEllipse(M,N,x_ellipse,y_ellipse,a,b,disEED);

xc_cup(2:4) = [xc_cup(1) + dist_ E2NE, xc_cup(1) + dist_ E2M, xc_cup(1) + dist_E2FE];

overlapped =
[sum(sum(lmg_ellipse.*edgeDisc)),sum(sum(Img_ellipseNE.*edgeDisc)),sum(sum(Img_ellipseM.*edgeDisc)),sum
(sum(Img_ellipseFE.*@geDisc))];

% below if for the diplay propose
edgesNE = edge(Img_ellipseNdnbel);
borderNE = inlmg;

fori=1:1:M
forj=1:1:N
if edgesNE(i,j)>=1
borderNE(i,j,:)=[0 0 255];
borderNE(i1,j,:)=[0 0 255];
borderNE(i,j1,:)=[0 0 255];
borderNE(i1,j-1,:)=[0 0 255];
end
end
end

borderNE(y_ellipse,xc_cup(2),:) = [255,255,255];
figure;imshow(borderNE);titlellearedge Adjustmern)t’

% below if for the diplay propose
edgesM = edge(Img_ellipseldobel);
borderM = inlmg;
fori=1:1:M
forj=1:1:N
if edgesM(i,j)>=1
borderM(i,j,:)=[0 0 255];
borderM(1,j,:)=[0 0 255];
borderM{,j-1,:)=[0 0 255];
borderM(+1,j-1,:)=[0 0 255];
end
end
end
borderM(y_ellipse,xc_cup(3),:) = [255,255,255];
figure;imshow(borderM);titlé{/lid-Point Adjustmeri);

% below if for the display propose
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edgesFE = edge(Img_ellipseFBhel);
borderFE = inimg;
fori=1:1:M
forj=1:1:N
if edgesFE(i,j)>=1
borderFE(i,j,:)=[0 0 255];
borderFE(41,j,:)=[0 0 255];
borderFE(i,j1,:)=[0 0 255];
borderFE(4i1,j-1,:)=[0 0 255];
end
end
end
borderFE(y_ellipse,xc_cup(4),:) = [255,255,255];
figure;imshow(borderFE);titlefaredge Adjustmen)t
% 1l =[EllipseSquare_Cup_FarEdgeAdjust_', fname];
%  imwrite(borderFE,Il)

diff_x = abs(x_disexc_cup);
cutOff = find(overlapped>0);
diff_x(cutOff) = inf;

[~,ind] = min(diff_x);

% Display Disc statics
areaDisc

x_disc

y_disc

[~,~,~,~,vDist_disc,hDist_disc] = maxminPoints(filledDisc);

Il = ['EllipseSquare_Cup_BestAdjustfrname];

if ind==1

fprintf(\n No adjustment is needed focrordinatén’)

aredCUP = nnz(Img_ellipse);

imwrite(borderd,1I);

~,~,~,~,vDist_cup,hDist_cup] = maxminPoints(Img_ellipse);

elseifind==2

fprintf("\n Nearedge adjustment is the best fecaordinatén’)

areaCUP = nnz(Img_ellipseNE);

imwrite(borderNE,II);

~,~,~,~,vDist_cup,hDist_cup] = maxminPoints(Img_ellipseNE);
elseifind==3

fprintf(\n Adjustment to the middle is the best facoordinatén’)

areaCUP = nnz(Img_ellipseM);

imwrite(borderM,II);

~,~,~,~,VvDist_cup,hDist_cup] = maxminPoints(Img_ellipseM);
else

fprintf("\n Faredge adjustment is the best focoordinatén’)

areaCUP = nnz(Img_ellipseFE);

imwrite(borderFE,ll);

~,~,~,~,vDist_cup,hDist_cup] = maxminPoints(Img_ellipseFE);
end
areaCUP

y_cup =y _ellipse
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X_cup = xc_cup(ind)
%vDist_cup
%hDist_cup
ratioVerticalDistance = vDist_cup/vDist_disc
ratioHorizontalDistance = hDist_cup/hDist_disc
els@oError ==
fprintf("\n An error occured. This imageroaot be processed for cup detecfion’
end/oError ==
toc
h = msgbox({sprintfGummary for %sfname)...
sprintf(\nDisc:) ...
sprintf(Area of the disat %d,areaDisc)..
sprintf(x-axis of the disdt %d,x_disc)...
sprintf(y-axis of the disdt %d\y_disc)...
sprintf(\nCup:) ...
sprintf(Area of the cupt %d,areaCUP)..
sprintf(x-axis of the cupt %d,x_cup)...
sprintf(y-axis of the cupt %d\y_cup)...
sprintf(\nCup to disc ratioy"...
sprintf(Verticle distancét %.4f ratioVerticalDistance)..
sprintf(Horizontal distancét %.4f,ratioHorizontalDistance)Results;
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function[bw]=better_bloodVesselExtract(gray)

%input parameter: rgb is a input_imgage;

%output parameter: bw_bloodVessel is a binary image.1 means blood vessel pixel
%Example:

% rgb=imread('123.tif");

% [bw_bloodVessel]=bloodVesselExti@cay img);

% | recommendend the green channel of the RGB.

%black top_hat transformation
se= strelflisk;,20);
no_blood_vessel = imclose(gray,se);
diff =no_blood_vessefiray 26 diff contains the information of the blood vessel.x
%thresholdingsegmentation
th=graythresh(diff);
bw=im2bw(diff,th);
%remove the small spot
[L,num] = bwlabel(bw);
for i=1:num

[x,yl=find(L==i);

area=size(x);

if area<10

bw(x,y)=0;

end

end
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function[C1,C2]= binaryfit(phi,U,epsilon)

%
%
%
%
%
%
%
%
%
%
%
%
%

H=

[C1,C2]= binaryfit(phi,U,epsilon) computes c1 c2 for optimal binary fitting
input:

U: input image

phi: level set function

epsilon: parameter for computing smooth Heaviside andfditetion
output:

C1: a constant to fit the image U in the region phi>0

C2: a constant to fit the image U in the region phi<0

created on 04/26/2004

author: Chunming Li

email: li_chunming@hotmail.com
Copyright (20042006 by Chunming Li

Heaviside(phi,epsilony)jocompute the Heaveside function values

a= H.*U;
numer_l=sum(a(:));
denom_21=sum(H());

C1 = numer_1/denom_1;

b=(1-H).*U;
numer_2=sum(b(:));
c=1-H;
denom_2=sum(c(:));

C2 = numer_2/denom_2;
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function[bdy,bdx]=backward_gradient(f);

% function [bdx,bdy]=backward_gradient(f);

%
%
%
%
%

created on 04/26/2004

author: Chunming Li

email: li_chunming@hotmail.com
Copyright (c) 20042006 by Chunming Li

[nr,nc]=size(f);
bdx=zeros(nr,nc);
bdy=zeros(nr,nc);

bdx(2:nr,:)=f(2:nr,:)f(1:nr-1,:);
bdy(:,2:nc)=f(;,2:nc¥f(;,1:nc-1);
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functionB = BoundMirrorEnsure(A)
[m,n] = size(A);
if (m<3 | n<3)

error(either the number of rows or columnsiwaller than J;
end

yi=2:m1;

Xi = 2:n1;

B=A;

B([1 m],[1 n]) = B([3 m2],[3 n-2]); % mirror corners

B([1 m],xi) = B([3 m2],xi); % mirror left and right boundary
B(yi,[1 n]) = B(yi,[3 n-2]); % mirror top and bottom boundary
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functionB = BoundMirrorExpand(A)

[m,n] = size(A);

yi =2:m+1;

Xi = 2:n+1;

B = zeros(m+2,n+2);

B(yi,xi) = A;

B([1 m+2],[1 n+2]) = B([3 m],[3 n]); % mirror corners

B([1 m+2],xi) = B([3 m],xi); % mirror left and right boundary
B(yi,[1 n+2]) = B(yi,[3 n]); % mirror top and bottom boundary
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functionB = BoundMirrorShrink(A)
[m,n] = size(A);

yi = 2:m1;

Xi =2:n1;

B = A(yi,xi);
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functiononlyDisc = cropDisc(inimg,refMatrix)

[M,N] = size(refMatrix);

if ndims(inimg)>2
onlyDisc = inlmg;
fori=1:1:M
forj=1:1:N

if refMatrix(i,j)<=0
onlyDisc(i,j,:) = [0,0,0];
end
end
end
else
onlyDisc = zeros(M,N);
fori=1:1:M
forj=1:1:N
if refMatrix(i,j)>0
onlyDisc(i,j) = inlmg(i,j);
end
end
end

end
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functionK=curvature(f);

% K=curvature(f);

% K=div(Df/|Df|)

% =(fxx*fy"2+fyy*fxn2 -2*fx*fy*fxy)/(fx 2 +fy"2)"(3/2)
% created on 04/26/2004

% author: Chunming Li

% email: li_chunming@hotmail.com

% Copyright (c) 2002006 by Chunming Li

[f_fx,f_fy]=forward_gradient(f);
[f_bx,f _by]=backward_gradient(f);

magl=sqrt(f_fx. 2+f fy.~2+140);
nix=f_fx./magl,;
nly=f_fy./magi,;

mag2=sqrt(f_bx."2+f_fy."2+140);
n2x=f_bx./mag2;
n2y=f_fy./mag2;

mag3=sqrt(f_fx."2+f_by.~2+140);
n3x=f_fx./mag3;
n3y=f_by./mag3;

mag4=sqrt(f_bx."2+f_by.~2+1#0);
n4x=f_bx./mag4;
ndy=f_by./mag4;

nx=n1x+n2x+n3x+n4x;
ny=nly+n2y+n3y+ndy;

magn=sqrt(nx.A2+ny."2);
nx=nx./(magn+1€.0);
ny=ny./(magn+1€10);

[nxx,nxy]=gradient(nx);
[nyx,nyy]=gradient(ny);

K=nxx+nyy;
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functionDelta_h = Delta(phi, epsilon)

%
%
%
%
%
%

Delta(phi, epsilon) compute the smooth Dirac function

created on 04/26/2004

author: Chunming Li

email: li_chunming@hotmail.com
Copyright (c) 20042006 by Chunming Li

Delta_h=(epsilon/pi)./(epsilon*2phi.*2);
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function[phi,edge_disc2,Img,bloodVessel,xc,yc] = discExtractDoubleLevelSet(inimg)

U=inlmg(:,:,1);
G=inimg(:,:,2);
mask=better_bloodVesselExtract(G);
bloodVessel = mask;
U(find(U<30))=100;
hsvimg=rgb2hsv(inimg);
V=hsvimg(:,:,3);
V=grayStretch(V);
V=Fastlnpaint(V,mask,500);
U=FastInpaint(U,mask,500);
G=Fastlnpaint(G,mask,500);
% get the size
[nrow,ncol] =size(V);
ic=nrow/2;
je=ncol/2;
r=90;
phi_0 = sdf2circle(nrow,ncol,ic,jc,r);
delta t=0.1;
lambda_1=1;
lambda_2=1;
nu=0;
h=1,
epsilon=8;
mu = 0.01*255*255;
I=U;
% iteration should begin from here
phi=phi_0;
numiter = 10;
for k=1:90,

phi=evolution_cv(l, phi, mu, nu, lambda_1, lambda_2, delta_t, epsilon, numi&npdate level set function
end
%%
phi=im2bw(phi,0);
phi=bwareaopen(phi,500);
phi=zimcomplement(phi);
phi=bwareaopen(phi,500);
edge_discedge(phi);
se=strel(isk,1);
edge_disc=imclose(edge_disc,se);
%%
[m,n]=size(edge_disc);
cc = bwconncomp(edge_disc);
numFields = getfield(céylumObjecty;
if(numFields > 1)
S = regionprops(ccArea);
P = max([S.Area));
L = labelmatrix(cc);
temp = ismember(L, find([S.Area] >= P));
fori=1:m
forj=1:n

if temp(i,j) == 0)

edge_disc(i,j) = 0;

end

end
end
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end

%%

[x,y]=find(edge_disc>0);
U2=U(min(x):max(x),min(y):max(y));
%%

[nrow,ncol] =size(U2);
ic=round(nrow/2);

je=round(ncol/2);

r=90;

phi_0 = sdf2circle(nrow,ncol,ic,jc,r);
%%
edge_disc2=zeros(size(edge_disc));
%left

Uleft=U2(:,1:jc+10);
phi_Oleft=phi_0(;,1:jc+10);
% I=['C:\UserdweiwelDesktopX Y for the localizedDisc\lbnl\left',num2str(imgNum),".tif7;
% U3=uint8(Uleft);
% imwrite(U3,1);
I=Uleft;
phi=phi_Oleft;
for k=1:90,
phi=evolution_cv(l, phi, munu, lambda_1, lambda_2, delta_t, epsilon, numlitéf)update level set function
end
phi=im2bw(phi,0);
phi=bwareaopen(phi,100);
phi=imcomplement(phi);
phi=bwareaopen(phi,200);
edge_templeft=edge(phi);
edge_disc2(min(x):max(x),min(y):min(y)+jc+9)=edge_templeft;
%%
%right
Uright=U2(:,jc10:end);
phi_Oright=phi_0(:,je10:end);
% I=['C:\UserdweiwelDesktopX Y for the localizedDisc\lbn1\right',num2str(imgNum),".tif];
% U3=uinB(Uright);
% imwrite(U3,1);
I=Uright;
phi=phi_0Oright;
for k=1:90,
phi=evolution_cv(l, phi, mu, nu, lambda_1, lambda_2, delta_t, epsilon, numignpdate level set function
end
phi=im2bw(phi,0);
phi=bwareaopen(phi,100);
phi=zimcomplement(phi);
phi=bwareaopen(phi,200);
edge_tempright=edge(phi);
edge_disc2(min(x):max(x),min(y)+tl:max(y))=edge_tempright;
%%
%%

se=strel(lisk,10);
edge_disc2=imclose(edge_disc2,se);
[m,n]=size(edge_disc?2);

cc = bwconncomp(edge_disc2);
numFields = getfield(ctumObjecty;
if(numFields > 1)

201



S = regionprops(ccArea);
P = max([S.Area));
L = labelmatrix(cc);
temp= ismember(L, find([S.Area] >= P));
fori=1:m
forj=1:n

if (temp(i,j) == 0)

edge_disc2(i,j) = 0;

end

end
end
end

dif=4;
se=strel(isk;1);
db=0;
recordedx=find(edge_disc2>0);
while(dif>3)
[edge_disc2,dif]=eliminateBlank(edge_disc2);
edge_disc2=imclose(edge_disc2,se);
db=db+1;
if (db==10)

break
end
end
recordedx1=find(edge_disc2>0);
edge_disc2=imdilate(edge_disc2,se);
[x3]=find(edge_disc2);
edge_disc2=edgeOptimize(edge_disc2,10);
se=strel(isk,5);
edge_disc2=imclose(edge_disc2,se);
se=strel(isk,2);
edge_disc2=imdilate(edge_disc2,se);
phi=eTp(edge_disc2);
%phi is the final mask of the disc
%figure, imshow(pi)
edge_disc2=edge(phi);
% edge of the final disc image
%figure, imshow(edge_disc2)
[x,y]=find(edge_disc2>0);
xc=round((min(x)+max(x))/2);
yc=round((min(y)+max(y))/2);
num=size(find(phi==1),1);

Img=inimg;
Imgl=inimg;
Img2=inimg;
[X]=find(edge_disc>0);
[x2]=find(edge_disc2>0);
r=Img(:,:,1);
g=Img(:,:,2);
b=Img(:,:,3);

% r(x)=0;

% g(x)=255;

% b(x)=0;
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r(x2)=0;

g(x2)=0;

b(x2)=255;

% r(x3)=0;

% gx3)=0;

% b(x3)=0;
Img(:,:,1)=r;
Img(:,:,2)=0;
Img(:,:,3)=b;

%figure, imshow(Img)

203



function[phi,edge_disc,Img,bloodVessel,xc,yc] = discExtractSmoothMuch(inimg)
U=inlmg(:,:,1);
G=inimg(:,:,2);
mask=better_bloodVesselExtract(G);
bloodVessel = mask;
U(find(U<30))=90;
hsvimg=rgb2hsv(inimg);
V=hsvimg(:,:,3);
V=grayStretch(V);
V=Fastlnpaint(V,mask,500);
U=FastInpaint(U,mask,500);
G=Fastlnpaint(G,mask,500);
% géd the size
[nrow,ncol] =size(V);
ic=nrow/2;
je=ncol/2;
r=round(nrow/3);
phi_0 = sdf2circle(nrow,ncol,ic,jc,r);
delta_t=5;
lambda_1=1;
lambda_2=1;
nu=0;
h=1,
epsilon=8;
mu = 0.01*255*255;
I=U;
% iteration should begin from here
phi=phi_0;
numiter = 10;
for k=1:70,
phi=evolution_cv(l, phi, mu, nu, lambda_1, lambda_2, delta_t, epsilon, numi&npdate level set function

end
%%
phi=im2bw(phi,0);
phi=bwareaopen(phi,100);
phi=zimcomplement(phi);
phi=bwareaopen(phi,200);
edge_disc=edge(phi);
area=find(phi==1);
se= strelflisk’1);
edge_disc = imdilate(edge_disc,se);
%%
[m,n]=size(edge_disc);
cc = bwconncomp(edgelisc);
numFields = getfield(céylumObjecty;
if(numFields > 1)
S = regionprops(ccArea);
P = max([S.Area));
L = labelmatrix(cc);
temp = ismember(L, find([S.Area] >= P));
fori=1:m
forj=1:n

if temp(i,j) == 0)

edge_disc(i,j) = 0;

end

end
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end

end

%%

dif=4;

se=strel(isk;1);

db=0;

while(dif>3)
[edge_disc,dif|=eliminateBlank(edge_disc);
edge_disc=imclose(edge_disc,se);
db=db+1;

end

edge_disc=imdilate(edge_disc,se);
edge_disc=edgeOptimize(edge_disc,10);
phi=eTp(edge_disc);

% phi is mask

%figure, imshow(phi)
edge_disc=edge(phi);

% edge of the final disc image
%figure,imshow(edge_disc)

[x,y]=find(edge_disc>0);
xc=round((min(x)+max(x))/2);
yc=round((min(y)+max(y))/2);
num=size(find(phi==1),1);

Img=inimg;
[x]=find(edge_disc>0);
r=Img(:,:,1);

g=Img(:,:,2);

b=Img(:,:,3);

r(x)=0;

g(x)=255;

b(x)=0;

Img(:,:,1)=r;

Img(:,:,2)=g;

Img(:,:,3)=b;
Img(xc-1:xc+1,yel:yc+1,1)=0;
Img(xc-1:xc+1,yel:yc+1,2)=255;
Img(xc-1:xc+1,yel:yc+1,3)=0;

%figure, imshow(lmg)
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function[edge_disc]=edgeOptimize(edge_disc,iteration)
[m,n]=size(edge_disc);
[x,y]=find(edge_disc>0);
xc=round((min(x)+max(x))/2);
yc=round((min(y)+max(y))/2);
rad=ones(size(x,1),1);
ang=ones(size(rad));
for I=1:size(x,1)

delta_x=x(l}xc;

delta_y=y(l}yc;

rad(l)=sqrt(delta_x*delta_x+delta_y*delta_vy);

cosl=delta_x/rad(l);

ang(l)=acosd(cosl);

if (delta_y<0)

ang(l)=3606ang(l);

end
end
%%
[sortAng,ind]=sort(ang);
diffang=diff(sortAng);
sortRad=ones(size(sortAng));
for I=1:size(ind,)

sortRad(l)=rad(ind(l));
end
sortRad1=sortRad;
for j=1:iteration
[sortRad1]=eliminatePeakl(sortRadl,sortAng);
end
delta_rad=sortRad$ortRad;
edge_disc(find(edge_disc==1))=0;
delta_x=floor(delta_rad.*cosd(sortAng));
delta_y=floor(delta_rad.*sind(sortAng));
for I=1:size(ind,1)

x(ind(1))=x(ind(l))+delta_x(1);
end
for I=1:size(ind,1)

y(ind(l))=y(ind(l))+delta_y(l);
end

x(find(x<=1))=1;

y(find(y<=1))=1;

x(find(x>=m))=m-1;

y(find(y>=n))=n-1;
for I=1:size(x,1)

edge_disc(x(l),y(1))=1;
end
end
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function[addedge,dif]=eliminateBlank(edge_disc)
[x,y]=find(edge_disc>0);
[m,n]=size(edge_disc);
xc=round((min(x)+max(x))/2);
yc=round((min(y)+max(y))/2);
rad=ones(size(x,1),1);
ang=ones(size(rad));
for I=1:size(x,1)
delta_x=x(l}xc;
delta_y=y(l}yc;
rad(l)=sqrt(delta_x*delta_x+delta_y*delta_vy);
cosl=delta_x/rad(l);
ang(l)=acosd(cosl);
if (delta_y<0)
ang(l)=3606ang(l);
end
end
%%
[sortAng,ind]=sort(ang);
sortRad=ones(size(sortAng));
for I=1:size(ind,1)
sortRad(l)=rad(ind(l));
end
diffAng=abs(diff(sortAng));
difl1=sortAng(1)+366sortAng(end);
mean_diffAng=mean(diffAng);
[dif, maxInd]=max(diffAng);
if (dif1>dif)
dif=dif1,
addNum=floor(dif/mean_diffAng);
meanDiffRad=(sortRad(39ortRad(end))/addNum;
addAng=zeros(size(ind,1)+addNum,1);
addRad=zeros(size(addAng));
addAng(1:size(ind,1),1)=ang;
addRad(1:size(ind,1),1)=rad;
or=size(ind,1);
for count=l:addNum
tem=(sortAng(end)+mean_diffAng*count);
if (tem>360)
tem=tem360;
end
addAng(or+count,1)=tem;
addRad(or+count,1)=sortRad(end)+meanDiffRad*count;
end
addx=zeros(size(ind,1)+addNum,1);
addy=zeros(size(ind,1)+addNum,1);
addx(1:size(ind,1),1)=x;
addy(1:size(ind,1),1)=y;
for I=or+1:size(addAng,1)
delta_x=round(addRad(l)*cosd(addAng(l)));
delta_y=round(addRad(l)*sind(addAng(l)));
addx(l)=xc+delta_x;
addy(l)=yc+deltay;
end
addx(find(addx<=1))=1,;
addy(find(addy<=1))=1,;
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addx(find(addx>=m))=nr1,;
addy(find(addy>=n))=1,;
addedge=zeros(size(edge_disc));
for k=1:size(addx,1)
addedge(addx(k),addy(k))=1;
end
%%
else
if (~isnan(mean_diffAng))
addNum=floor((sortAng(maxind+igortAng(maxind))/mean_diffAng);
meanDiffRad=(sortRad(maxInd+&prtRad(maxind))/addNum;
addAng=zeros(size(ind,1)+addNum,1);
addRad=zeros(size(addAng));
addAng(1:size(ind,1),1)=ang;
addRad(1:size(ind,1),1)=rad;
or=size(ind,1);
for count=1:addNum
addAng(or+count,1)=sortAng(maxind)+mean_diffAng*count;
addRad(or+count,1)=sortRad(maxInd)+meanDiffRad*count;
end
addx=zeros(size(ind,1)+addNum,1);
addy=zeros(size(ind,1)+addNum,1);
addx(21:size(ind,1),1)=x;
addy(1:size(ind,1),1)=y;
for I=or+1:size(addAng,1)
delta_x=round(addRad(l)*cosd(addAng(l)));
delta_y=round(addRad(l)*sind(addAng(l)));
addx(l)=xc+delta_x;
addy(l)=yc+delta_y;
end
addx(find(addx<=1))=1,;
addy(find(addy<=1))=1;
addx(find(addx>=m))=r1;
addy(find(addy>=n))=f1;
addedge=zeros(size(edge_disc));
for k=1:size(addx,1)
addedge(addx(k),addy(k))=1;
end

else
addedge=edge_disc;
end
end
end
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function[y]=eliminatePeak1(y,x)
numP=zeros(180,1);
difmean=zeros(180,1);
sumDif=zeros(180,1);
count=0;
for ang=2:2:360
count=count+1,;
[numP(count,1),difmean(count,1),sumDif(count,1)]=numByamnng,x,y);
end
% figure,plot(1:180,numP);
[maxNum,inMax]=max(difmean);
fori=15:-1:1
ran=i:1:i;
ran=ran+inMax;
tem=find(ran<l);
ran(tem)=ran(tem)+count;
tem=find(ran>180);
ran(tem)=ran(temgount;
numRan=2%i+1;
meanNum=sum(numP(ran))/numRan;
meardif=sum(difmean(ran))/numRan;
if(meanNum>4&meandif>0.7)
indl=ran(1)*2;
[~,ind1]=min(abs(xind1));
ind2=ran(2*i+1)*2;
[~,ind2]=min(abs(xind2));
rad1=y(ind1);
rad2=y(ind2);
increase=(rad2adl1)/(numRasl);
for j=2:size(ran,2)

if ran(j)==1
changelnd=find(x>=(ran(j)*2)&x<=(ran(j)*2));
else
changelnd=find(x>(ran(j)*2)&x<=(ran(j)*2));
end

y(changelnd)=increase*(j)+radl;
end
break
end

end
end
function[numP,difMean,sumDifl=numBy(angl,ang2,x,y)
n=size(x,1);
dif=diff(y);
dif=abs(dif);
if ang1==0
ind=find(x>=angl&x<=ang2)
else
ind=find(x>angl&x<=ang2);
end

numP=size(ind,1);
sumDif=0;
for k=1:size(ind,1)
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in=ind(k);
if in==k
sumDif=sumDif+abs(y(endy(1));
else
sumDif=sumDif+dif(in-1);
end
end
difMean=sumDif/numP;
end
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function[phi]=eTp(edge_disc)
phi=zeros(size(edge_disc));
[x,y]=find(edge_disc>0);
for i=min(x):1:max(x)
indx=find(x==i);
y1=min(y(indx));
y2=max(y(indx));
for j=y1:1:y2
phi(i,j)=1;
end
end
se=strel(isk;2);
phi=imclose(phi,se);
end
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functionu = EVOLUTION(uO, g, lambda, mu, alf, epsilon, delt, numiter)

%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

EVOLUTION(uO, g, lambda, mu, alf, epsilon, delt, numiter) updates the level set function
according to the level set evolution equation in Chunming Li et al's paper:
"Level Set Evolution Without Reinitialization: A New Variatiorarmulation"
in Proceedings CVPR'2005,
Usage:
uO: level set function to be updated
g: edge indicator function
lambda: coefficient of the weighted length terrphy)
mu: coefficient of the internal (penalizing) energy teriphy
alf: coefficient of the weighted area term\@(i), choose smaller alf
epsilon: the papramater in the definition of smooth Dirac function, default value 1.5
delt: time step of iteration, see the paper for the selection of time step and mu
numlter: number of iterations.

Author: Chunming Li, all rights reserved.
email: li_chunming@hotmail.com
http://vuiis.vanderbilt.edu/~licm/

u=uo0;
[vx,vy]=gradient(g);

for k=1:numlter

u=NeumannBoundCond(u);

[ux,uy]=gradient(u);

normDu=sqrt(ux.”2 + uy."2 + 1&0);

Nx=ux./normDu;

Ny=uy./normDu;

diracU=Dirac(u,epsilon);

K=curvature_central(Nx,Ny);
weightedLengthTerm=lambda*diracU.*(vx.*Nx + vy.*Ny + g.*K);
penalizingTerm=mu*(4*del2(uK);
weightedAreaTerm=alf.*diracU.*g;
u=u-+delt*(weightedLengthTerm + weightedAreaTerm + penalizingTefh)jpdate the level set function

end

%

the following functions are called by the main function EVOLUTION

functionf = Dirac(x, sigma)
f=(1/2/sigma)*(1+cos(pi*x/sigma));
b = (x<=sigma) & (x>=sigma);
f=1f*b;

functionK = curvature_central(nx,ny);
[nxx,junk]=gradient(nx);
[junk,nyy]=gradient(ny);

K=nxx+nyy;

functiong = NeumannBoundCond(f)

%

Make a function satisfy Neumann boundeoydition

[nrow,ncol] = size(f);

g=f

g([1 nrow],[1 ncol]) = g([3 nrow2],[3 ncol2));
g([1 nrow],2:endl) = g([3 nrow2],2:endl);
g(2:end1,[1 ncol]) = g(2:endL,[3 ncot2]);
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