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ABSTRACT

Segmentation techniques of retinal anatomical sires (blood vessel and optic disc) aid during nsassening
for retinal diseases. This review paper describesblood vessel segmentation techniques and ofstic s&igmentation
techniques. The aim of this paper is to review,ly@m@aand categorize the retinal vessel and optsc dixtraction
techniques, giving a brief description, highliglgtithe key points and the performance measuresoffehce measures
include accuracy, true positive rate, false positiate which is plotted on chart for comparativelgsis of the results for

blood vessel segmentation and overlap ratio, ssaegs for optic disc segmentation.
KEYWORDS: Blood Vessel Segmentation, Optic Disc Segmentafatinal Structures, Review
INTRODUCTION

In ophthalmology, retinal images acquired are usedhe detection and diagnosis of retinal diseasascular
disorders. Retinal images are helpful to aid intemécal structure analysis and locate abnormaliegraction of retinal
blood vessels forms an essential step in ophthalgyolMorphological features of retinal blood vesskeve pertinence
with the disease diagnose and can be used to prbeicstages of diseases 1. But in some medicdlcapipns like
detection of pathological elements like haemorrBageovascularization the vascular structure anit @isc must be
excluded to ease the analysis 2. Consequently ther@eed for exact segmentation of blood vessekhown in 0, as
well as optic disc from retinal images to aid opthtologists during mass screening for the detechiod diagnosis of

diabetic retinopathy, glaucoma and haemorrhages.

Manual delineation of retinal structures is a hygsitilled task, time-consuming and is even susbéptb errors.
To overcome this problem large number of automs#igmentation techniques, algorithms have been pegpmn the
literature. This paper provides a survey of aldgwni$ focussing on segmentation of blood vesselsogtid disc. The
objective of this paper is to review retinal segtaton techniques also provide a performance measior comparative

study of segmentation techniques.

Blood vessels constitute obstruction for the ogis segmentation breaking the continuity of treedDptic Disc
(OD) processing in eye fundus images is a two-afgpoach: localization and segmentation. The fostegy finds an OD
pixel (generally a centre). The latter step estamahe OD boundary. At this step, a general distinccan be made
between template-based methods which obtain OD dawynapproximations and deformable model method&twh

extract the OD boundary as exactly as possiblen&aiptic disc segmentation methods can be reptedeas shown in 0.
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Template
based method
Deformable
based method

Figure 1: Optic Disc Segmentation

Figure 2: (Retinal Structure (b) Segmented Retin@lood Vessel
Classification of Retinal Vessel Segmentation Appexches
Classification of Retinal Blood Vessel Segmentation
We categorize retinal blood vessel segmentatiomoast as follows

» Pattern recognition techniques

e Multi-scale approaches

e Skeleton(centerline)-based approaches

* Ridge-based approaches

* Region growing approaches

* Matching filters approaches

e Mathematical morphology schemes

e Model-based approaches

« Artificial Intelligence and Neural Network basedpapaches

»  Graph-cut based approaches

» Edge detection approaches

e Thresholding based approaches
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A Review of Segmentation Methodologies for Retingbtructures 9

» Wavelet based approaches
e Tracking-based approaches

Each segmentation method category is introducadudsed and the papers of this category are sumedaiihe
performance measures used by the segmentationthigsrare tabulated at the end of each sectisho®s the frequency
of the distribution of articles to various segméiota approaches. It illustrates that of these ngei# articles, 55.2% use
pattern recognition techniques, 13.6% employ Mdmeled approaches, 4.8% use Artificial Intelligeacel Neural
Network based approaches, 6.4% employ Graph-cutdbagproaches, 17.6% use Edge detection approagiass,
employ Thresholding based approaches, 2.4% use [étdased approaches.

Although we divide segmentation methods in différeategories, sometimes multiple techniques arel use
together to solve different segmentation probleftserefore, methods that fall into multiple segm#atacategories are

described in the 0.

@ Multi Scale Approach
w Skeleton Based Approach
W Ridge Based Approach

13%
5% ® Region Growing A pproach
2% w Matching Filter Approach
5% W Morphological Approach

W Model Based Approach

W Al & NN Based Approach
w Thresholding Based Approach
19% W Tracking Based Approach
i Graph Cut Approach
7%

6%

5%

13% w Edge Detection Approach

i Wavelet based Approach

Figure 3: Category Wise Decomposition of Reviewedrficles
Classification of Retinal Optic Disc Segmentation

Following the optic disc localization, segmentatigigorithms are divided into two main categoriesmplate
based methods, Deformable based methods or snikesmain advantage of using a deformable modekausof a
template-based model for OD segmentation is theoretically, 100% of overlapping areas between ahomated
segmentation and the ground truth may be achieRedormable models have much more degrees-of freetiam
template-based models to fit to desired shapehik fiaper six papers from each category are redgewemmarized.

The performance measures used by the segmentijmittans are tabulated at the end of section.

This paper is organized as follows. In Sectionh@, tlassification of the segmentation methods ndefins of
performance measures are given. Other segmentat&hods are discussed in section 0. In Sectionldhdbvessel
segmentation techniques which include pattern mitiog techniques, Model-based approaches, adifici
intelligence-based approaches, neural network-bappdoaches, tracking-based methods are revieveetd) abith their
performance measures. In section 0, optic disc seatation techniques that include template matchimgthods,
deformable based methods are reviewed along wih grerformance measures. We conclude with disonssh the

retinal structure segmentation reviews and itsiepfdbns in Section Oand section 0.
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Performance Measures

The true positive rate (TPR) represents the fraatiopixels correctly detected as vessel pixelse fise positive
rate (FPR) is the fraction of pixels erroneousliedted as vessel pixels. The accuracy (Acc) is areddy the ratio of the
total number of correctly classified pixels (sumtfe positives and true negatives) to the numbgix@ls in the image
field of view. It is denoted that TP and TN illuste the blood vessel pixels and background pixglsch properly
identified. FP demonstrates that the pixels arefinot to a vessel, but is known as blood vessetls and FN shows the

pixels belonging to a vessel, but is recognizeldaakground pixels

TPR = —— 1)(
TP+FN

FPR = —= 2)(
FP+THN

Acc = —2FTN 3)

TP+ FP+TN+FN

Success rate of localization method is locatiorcess rate. Ratio of overlap or common area betwegmented

region and true optic disc region is overlap pet@ge. Mean area overlap error is average erradhéoverlapping area.

Other Segmentation Methods

Classification schemes proposed in the literatarele a combination of above mentioned approadiese are

two main approaches considered for retinal vaserdategmentation in the literature:

Pixel processing Kernel bas
: based method method

Classifier
based method

Tracking
based method

—>

Figure 4: Classification of Retinal Vascular Segmeiation

* Retinal vasculature segmentation is classifiedigsl Processing-based methods and Tracking methods.

The former class is divided by some authors asdtennd classifier based methods 3 as shown in 0.

Pixel processing based methods use a two-step agiprdhe first step is an enhancement procedure,
where filters are used to enhance the appearanite dflood vessels in the image. The second stealitkation
of vessel pixels, where thinning or branching téghes are applied to classify the pixel as eithelpihging to
vessels or not. Kernel-based methods convoluténtiage on a predefined model. A Gaussian shapeck darv
used to model the cross-section of a vessel anchtahed filter is used for detection in 4. Classifiased
methods use a two-step approach. They start wigbgmentation step by employing one of the kernséta

methods and next the regions are classified acugtdi many features.

In 2004,Niemeijer et al.5 presented a vessel segmentation algorithm bas@dkel classification using
a simple feature vector. In 2005tee et al.6 proposed Comparison of various methods to daténblood vessels

in retinal images. In 200&oares et al7 proposed the Feature vectors are composed @itkEs intensity and
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two-dimensional Gabor wavelet transform responaksrt at multiple scales.

» Retinal vasculature segmentation is classified#s-Based methods and supervised methods as showd. i

Rule based method

i vasculature
segmentatior,

- Superws "

based method

—

Figure 5: Classification of Retinal Vascular Segmeiation

The former group consists of rule-based methodscangprises vessel tracking, matched filter respans®del
based techniques and morphology-based technigumeslatter group requires manually labelled imag@stfaining, it

comprises of neural network based approaches.

Selected performance measures: True Positive R&R)( False Positive Rate (FPR), Accuracy is tabdlan 0,

where high accuracy of 0.9480 is achieved by a atefitoposed by Soarse et al. 7.

Table 1: Performance Measure of Other SegmentatioMethods

Methodology TPR FPR | Accuracy
Niemeijer et al. 5| 0.7068| 0.0305 0.9452
Soaresetal. 7 - - 0.9480

BLOOD VESSEL SEGMENTATION TECHNIQUES
Pattern Recognition Techniques
Multi-Scale Approaches
Multi-scale approaches perform segmentation atingriynage resolutions. The main advantage of #tbiique
is increased processing speed. Major structuressél® in our application domain) are extracted flom resolution

images while fine structures are extracted at héglolution. Another advantage is increased robastne

In 1998, Frangi et al. 8 examined multiscale second order local structfiran image (Hessian) in developing
vessel enhancement filter. In 1998artinez-Perez et al9, 10 proposed a method where image derivativeslatained at
multiple scales. The features derived from imageévdsves are then used in a two-stage region grgvprocedure which
segments the retinal vessels progressively. In 2004k et al. 11 have developed a method for central axis etirathat
finds a minimum cost path using the Vector valuadtiscale representation. In 200éndo et al.12 employed a multi-
scale approach to detect various sizes of featwssecially blood vessels with varying diameterbe Blood vessel
network is finally extracted from the detected fras by global thresholding with some morphologiopérations. In
2006, Sofka and Stewartl3 used for vessel centreline extraction that doeth matched filter response, confidence
measures and vessel boundary measures. In E0f7a et al.14 have used the multiscale feature extractiomcipie for
retinal vessel segmentation. The advantage ofapoach is that it is able to detect the bloodseksswith different
widths, lengths and orientations. In 20@&rez et al15 used insight segmentation and registratiorkibblK. In 2008,
Anzalone et al15 proposed a modular supervised algorithm foselesegmentation in red-free retinal images. Thegen

background is normalized for uneven illuminatiomditions followed by vessel enhancement using ssaéee theory. In
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12 Soumyashree Kodliwad

2008, Farnell et al. 17 investigated multiscale Line Operator and negjoowing for segmentation of retinal vessels. In
2008, Rezatofighi et al.18 employed a combination of feature extractioprapch which utilizes Local Binary Pattern
(LBP), morphological method and spatial image psso®y for segmenting the retinal blood vessels pticofundus
images. In 2009Vlachos and Dermatasl9 proposed multiscale line tracking for vascukatsegmentation. The

methodology is very much dependent upon initizdct@bn of seeds for line tracking.

In 2010,Martinez-Perez et al20 exploits the observation that the intensitynmdige is proportional to the amount
of blood in the light patch corresponding to partte pixel during image capture. In 20Mpghimirad et al. 21 proposed
a multi-scale method based on a weighted 2D mediardion. Then extracted the centrelines of vesseld estimated
radius of vessels, to segment retinal vessels. OB 2Quinn et al. 22 proposed a multi-scale method for retinal image
contrast enhancement based on the curvelet tramsiorthe contrast adjusted image. Then morpholbgigerators are
used to smoothen the background, allowing vestelbe seen clearly and to eliminate the non-vegsells. In 2013,
Nguyen et al.23 extracted vascular network using a method baseahulti-scale line detection. A trimming procéss

then performed to isolate the main vessels froneaessary structures such as small branches orngagiefact.
Skeleton-Based (Centreline Detection) Approaches

Skeleton-based methods extract blood vessel cewmteriThese methods apply thresholding, object ectrity,
thresholding followed by thinning procedure, andrastion based on graph description. The resultemgreline structure

is used for image reconstruction.

In 1998, Pinz et al.23 proposed identification of the candidates fessel cross sections, by combining edge
information producing the final centreline segmertanajor feature of the method is its adaptabildyparticular image
intensity properties, as most algorithm settings based on threshold values computed from locaglobal image
information. In 2002Conor et al25 have used the skeleton operations to deterthenehange in retinal anatomy for DR
detection in abnormal images. The features uséusrwork are vessel width and tortuosity. The expent is analysed in
terms of accuracy. In 2006Jendonca et al.25 presented a method to extract a vessel cexdrelndergoing vessel
segmentation phase, which involves vessel enhamtemeronstruction by multi-scale approach and elefiling by

region growing approach.

In 2008,Salem et al27 employed larger eigenvalue of the Hessian marnised for vessel centrelines detection,
while vessel orientations are estimated from tlgemrectors corresponding to the smaller eigenvalbe. vesselness
measure combines information from vessel centrelar@ orientations over scales to segment retioaldbvessels from
colour fundus images. In 201Quinmu et al.28 proposed radial projection method to locatevdesel centrelines. Then
the supervised classification is used for extractire major structures of vessels. The final segatiem is obtained by the
union of the two types of vessels after removaksuds. In 2012Baisheng et al29 extracted Vessel centrelines by using
a set of directional line detectors. Next an ligetGeodesic Time Transform (ItGTT) is designedségment the entire
vessel network. In 2014Panda et al.30 presented a novel method of Hausdorff symmepgrator for automatic
centreline pixel selection towards retinal bloodssal segmentation. Centreline pixels are determimedonsidering

geometrical symmetry (distance and orientation) ldadsdorff distance based point set matching at¢in¢reline pixel.
Ridge Based Approaches

This approach is based on intrinsic property tinat vessels are elongated structures. Algorithm imege
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primitives formed from image ridges, which are gred into sets that approximate straight line elémeRidge detection
is based on the observation that the vessels camobelled as ridges, where for each pixel a gradseedetermined based
on the intensity of that pixel and surrounding fBxénce the ridges have been highlighted furtliecgssing is done to

link ridges and classifies pixels based on thead@gnts and that of neighbouring vessel pixels.

In 2004, Staal et al.31 presented a method for automated segmentatiorssels in two-dimensional colour
images of the retina. In 201Miri and Mabhloojifar 32 employed Curvelet transform and multi-structetements
morphology. In 2014Karthik et al. 33 proposed Contourlet Transform to detect tldlvessels efficiently. But it has
disadvantages that is directional specificity oé timage is less owing to that the effectivenespder. Therefore,
morphology operators by means of multi structussrants are given to the enhanced image in ordecéte the retinal

image ridges.
Region Growing Approaches

Region growing technique is a bottom up method, thegment images by recruiting pixels to a regiaseld on
some predefined criteria, starting from some semdtplt is assumed that pixels that are closeacheother and have
similar intensity values are likely to belong t@thame object. When the growth of one region stapsther seed pixel is
chosen which does not yet belong to any region stad again until all pixels belong to some regidie main
disadvantage of region growing approach is thaftén requires user-supplied seed points. Duedoémiations in image
intensities and noise, region growing can resuliotes and over-segmentation. Hence, it requires-pmcessing of the

segmentation result.

In 1999,Martinez-Perez et al34 employed the minimum eigenvalue and the madaibf its gradient as features
for a region growing procedure which is definedvio stages. For the first stage, growth is restddb regions with low
gradients, allowing vessels to grow where the \alofethe minimum eigenvalue lie within a wide ina&rand allowing
rapid growth of background regions outside of thesel boundaries. For the second stage, the &lgogtows vessel and
background classes simultaneously without the gradiestriction. In 2004Nang et al.35 proposed a method as a fast
solution for automated detection of retinal blo@$sels, which is a combination of edge detectiatched filtering, and
region growing. In 2007Garg et al. 36 presented an unsupervised, curvature-basedothdtr segmenting the
complete vessel tree from colour retinal images Véssels are modelled as trenches and the medialdf the trenches
are extracted using the curvature information aetifrom a novel curvature estimate. The complesselestructure is
then extracted using a modified region growing radtin 2010,Perez et al37 presented multi-scale feature extraction
and region growing algorithm for retinal blood velsssegmentation. This implementation allowed gefasrocessing of

these images and was based on a data partitioning.
Matching Filters (MF) Approaches

Matching filters approach convolves the image withltiple matched filters for the image segmentatiéhe
convolution kernel size affects the computatioad. MF are often used in image enhancement stethis method is
usually followed with some other image processipgrations like thresholding and thinning or branghprocess to

validate the pixel as of vessel.

The concept of matched filter detection was progdseChaudhuri et al.4 in the year 1989. In this method, the

authors use 12 rotated versions of a 2-D Gausdiapesl template for searching vessel segments abngpssible
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directions. For every pixel, the maximum resporséhese kernels is retained. Other matched filgedpproaches using
local 37 or global thresholding strategies 39 hasen reported for the segmentation of retinal \leske 1994 Cote et al.
40 proposed a method which classifies the segnent@ssel or not vessel according to many propgeitieluding their
response to a classic operator. In 198Mo0d et al41l equalizes image variability as a pre-processteg to segment
retinal vessels. Image equalization is achieve@dimputing a local two dimensional average and agbtrg from each
pixel. This procedure normalizes the variation e tbackground level before edge detection. Themoumlinear
morphological filtering method is used to locate thessel segments. In 19%art et al. 42 describe an automated
tortuosity measurement technique for blood vessginents in retinal images. They use a filter dgyadobyChaudhuri
et al. 4 in the vessel extraction process. Then, a totdsig and thinning processes are applied to getbihary image
containing the vessel segments. The final set gbelesegments is obtained by applying a linearsiflas algorithm,
described byCote et al.32. In 1998Kochner et al.43 utilized steerable filters.

In 2000,Hoover et al.37 proposed a framework to extract blood vessehfretinal images using a set of twelve
directional kernels to enhance the vessels befopdyimg threshold-probing technique for segmentatiGaussian filter
approach is used for retinal vessel detectionLbg et al 44 in the year 2002. The vessel width measurensent
incorporated in this technique which yields superigsults than the matched filter approach. In 2@&ng et al.45
proposed the amplitude-modified second order Gaunsfilter for vessel detection. In 2003jaoyi and Mojon 46
proposed an adaptive local thresholding framewaked on a verification-based multi-threshold prghéitheme. A
general framework of adaptive local thresholdingdash on the use of a multithreshold scheme, combinitd a
classification procedure to verify each resultimgaoy object, was presented in the year 2003iagg et al.47. Matched
filtering approaches may use global or local thotdihg strategies, derivative of Gaussian functwndual-Gaussian
model are used to detect the blood vessels. In,ZD@8wimaluang et al48 proposed global thresholding strategies. In
2007,Al-Rawi et al.49 improved Gaussian matched filter by using amaestive search optimization procedure. In 2007,
Sukkaew et al50 statistically optimized Laplacian of Gaussigkeletonization followed by pruning, and edge timgn
for vessel segmentation. In 2007g0 and Cherbl employed Gaussian MF and Pulse coupled neatalonk to segment

the blood vessels by firing neighbourhood neurons.

In 2009,Cinsdikici and Aydin 52 employed Matched filter and ANT colony algonitfior vessel segmentation. A
high speed detection of retinal blood vessels uplmgse congruency has been proposedrbin and Yan 53in the year
2010. Gaussian function and dual-Gaussian modebappes were proposed respectively in 2008lasasimha et al54
and in 2010 byhang et al.55. In 2012,Oliveira et al. 56 develops an unsupervised segmentation procddutthe
segmentation of retinal vessels images using a cwdimatched filter, Frangi filter and Gabor Wavdtéter. In 2012,
Kuri et al. 57 used optimized matched filter response to eréhdime blood vessel followed by local entropy thodding
used to segment the vessels automatically. In 26a3j et al. 58 focus on two methods of retinal vessel segrtienta
including first derivative of Gaussian matchedefiland Gaussian matched filter and make use oftiadapistogram
equalization. In 2014Sil kar et al. 59 used Curvelet transform to enhance the finetdild along the vessels followed
by matched filtering to intensify the blood vessaiesponse. The conditional fuzzy entropy is theximized to find the
set of optimal thresholds. Thresholds thus obtaieddact the thin, the medium and the thick vesgela the enhanced

image which are then logically OR-ed to obtain¢hére vascular tree.

Morphology Based Approaches
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Morphology relates to the study of object formsbapes.

Morphological operators (MO) apply structuring etts (SE) to images, and are typically applied ity
images but can be extended to the gray-level imagesuse of morphological operations in image sgation typically
uses combinations of the opening and closing ojpeato select for features, which may not necégdae entire objects
but components of the object being sought. Thesratipns can repeatedly enlarge and reduce theo$ifeatures,
allowing the elimination of noise and smaller distdiy shrinking them to such a point that they mm@moved from the
image, while simultaneously retaining and poteltiamphasizing the larger elements. These opeatoa built up from
erosions and dilations, which are conceptuallyigittaforward filters, applied to an image that cawst or expand the
borders of regions, restricting their actions tosth that are above or below some threshold of sitienr other criteria.
Two algorithms used in medical image segmentatimh related to mathematical morphology are top hdt\aatershed

transformations 60.

In 1997,Zana andKlein 61 present a vessel segmentation algorithm frdmaleangiography images based on
mathematical morphology and linear processing. iyum feature of the algorithm is that it uses angewic model of all
possible undesirable patterns that could be codfugigh vessels in order to separate vessels fraamthvessels are
extracted using curvature differentiation in theafistep. In 2001Zana et al.62 proposed an algorithm that combines
morphological filters and cross- curvature evalrato segment vessel-like patterns in retinal irsae2005 Ayala et al.
63 defines Fuzzy mathematical morphology then tiolekis applied to generate binary vessel tre@0lhl,Fraz et al.64
have proposed a unique combination of Vessel daxgrdetection and morphological bit-plane slicihg2010,Fabilo et
al. 65 constructed a 7-D feature vector by computhey dutputs of morphological linear operators, leteengths and
oriented Gabor filters at multiple scales for retilood vessel segmentation. In 20B&taouaf et al.66 evaluated
a retinal identification algorithm based on fundimages mainly on retinal vascular network that sharacteristic of the
most reliable biometric identification. In ordereaatract the features, a segmentation of the vasogtwork is performed
using a powerful morphological technique called esslted. In 2014Mehrotra et al. 66 employed a combination of
morphological operations like top- hat and bottoat-tHransformations on the pre-processed image ¢hlipht

the blood vessels.

The comparison of selected performance measureshéoipattern recognition methodologies is tabulated
Error! Reference source not found, where the highest accuracy of 0.96 is achievethbyridge based method (RBA)

proposed by Karthik et al. 33.
Model Based Approaches
Model-based approaches apply explicit vessel mddedstract the vasculature.

In 2004, Vermer et al. 68 proposed a method, which involves vessel detedtiprthresholding, after the
convolution of the image with a 2-D Laplacian kdrie 2004,Mahadevan et al. 69presented a set of algorithms for a
robust and modular framework for vessel detectionadisy images using Vessel profile model. The athges of using
structural features are demonstratedHayihar et al 70 in the year 2007. In this algorithm, the dual-Gaais model is

used to estimate the cross sectional intensityilprof retinal vessels. But the system failed isecaf thin blood vessels.

In 2007,Li et al. 71 employed Multiresolution Hermite intensity modedeo spatial resolutions. In 200Zam et

al. 72 proposed a novel vessel segmentation algoifitihipathological retinal images based on divergasfoeector fields.

www.iaset.us anti@iaset.us



16 Soumyashree Kodliwad

Algorithm is based on regularization based Multhcavity modelling which is able able to handle battrmal and
pathological retinas with bright and dark lesiomsiudtaneously. A universal representation of vesselss-sectional

profiles in the Fourier domain, utilizing phase garency to characterize

This representation is proposed Hyu et al. 73 in 2007. In 2007Espona et al. 74use Snakes in combination
with blood vessel topological properties to extraasculature from retinal image. In 20@spona et al. 75proposed
improvement in the algorithm by introducing Snakesombination with morphological processing. In080Sum and
Cheung 76incorporated local image contrast into a levelkseted active contour to handle non-uniform illuation. An
algorithm for the extraction of segment profiles Wbod vessels which integrates vessel segmentatiah width
measurement based on the Ribbon of Twin activeocwmnnodel is presented B)-Diri et al. 77 in the year 2009. In
2009,Zhang et al. 78 proposed a methodology based on nonlinear girofes, variational calculus to capture the texture

structures in retinal images.

In 2010,Narasimha-lyer et al. 79employed Dual Gaussian profile model to estimlagecross sectional intensity
profile of retinal vessels. In 201Eraz et al.80 estimated the diameter of retinal blood vessated on the detection of
the centreline pixels from a vessel probability ntapge, determining the vessel orientation at thpsels, extracting the
vessel segments and later using a two dimensioodémwhich is optimized to fit various types oténsity profiles
of vessel segments. In 201ureshi et al.81 aimed to reconstruct retinal vessel trees fitoenbroken vessel segments in
fund us images for clinical studies and early dagis of systemic diseases including diabetic retatloy, atherosclerosis,

and hypertension using Naive Bayes model.

Performance of model based approaches is illustiat¢he 0. The highest accuracy is achieved bglgarithm

based on divergence of vector fields of Lam anddHo2.
Artificial Intelligence and Neural Network Approaches

Artificial Intelligence-based approaches (AIBA) lite knowledge to guide the segmentation procesk tan

delineate vessel structures. Different types ofldadge are employed in different systems from uaisources.

In 1996,Goldbaum et alB2 describe their STARE (Structural Analysis ¢ fRetina) image management system
for the diagnosis and analysis of the retinal insa@®gmentation of the images is achieved by ermgaptating matched
filters. After the extraction of the objects ofengsts, the classification is performed using dnth@ linear discrimination
function, quadratic discrimination function, logitassifier, and back propagation artificial neuratworks with balanced
accuracy and computation cost. Finally, the infeeemabout the image content is accomplished witheBay network

which learns from sample images of the diseases.

Neural networks (NN) are used to simulate biololglearning and widely used in pattern recognitidiine
network is a collection of elementary processord@®). Each node takes a number of inputs, perfaiesentary
computations, and generates a single output. Eadl i$ assigned a weight and the output is a fomaif weighted sum
of the inputs. These weights are learned througjhitrg and then used in the recognition. Back-pgagian algorithm is a
widely used learning algorithm. One problem asgedido learning is that, learning depends on thimitig data set. The
size of the training data set affects the learpiragess. The training procedure should be reruh tae new training data
is added to the set. Since the aforementioned heetavorks require a training data set, the learnimocess is a

supervised learning. A different class of NN aré-teaching and do not depend on training datdasehe learning.
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Work of Sinthanayothin et al.83 in the year 1999 described, identification efinal vessels using a neural
network whose inputs are derived from principal poment analysis of the image and edge detectidheofirst principal
component. In 200%lonso et al.84 extracted retinal vascular tree using cellakural networks (CNNSs), aim of which is
to improve computational time in order to achieealitime requirements. In 201Marin et al. 85 presented a neural
network based supervised methodology for the setatien of retinal vessels. A multilayer feed forgareural network
is utilized for training and classification. The tined proves to be effective and robust with differenage conditions and
on multiple images. In 201Zolbura et al. 86 proposed a new approach, combining powerful hinaclearning
classifiers: support vector machines and neuralorkts over the same feature set, to improve thgsiflaation accuracy
by a weighted decision fusion. In 20L2hen et al.87 proposed a neural network based supervisedesggtion algorithm
for retinal vessel delineation. Test image candiprented by using a number of local thresholdsatapredicted by the

trained the neural network according the histograhimage patches.

0 depicts the performance measures of artificialigence and neural network based methods, wighhighest
accuracy of 0.9526 reported by a supervised methdthrin et al. 85.

Graph-Cut Based Approaches

The segmentation energies optimized by graph cotmbme boundary regularization with region-based
properties. The graph cut is an energy based olgegimentation approach. The technique is charseterby an
optimisation operation designed to minimise thergyegenerated from a given image data. This enelgfines the
relationship between neighbourhood pixel elememtan image. It allows the incorporation of priorokwiedge into the

graph formulation in order to guide the model and the optimal segmentation.

In 2011, Xu et al. 88 proposed a reliable and accurate method to uredke width of retinal blood vessel in
fundus photography is proposed in this paper. Qpraach is based on a graph-theoretic algorithr@20l2, Xinjian et al.
89 reported an automated method is reported famseting 3-D fluid-associated abnormalities in teéna, so-called
symptomatic exudate-associated derangements (SBADglly retinal layers are segmented, candidG®AD regions
identified, then probability constrained combinedh search-graph cut method refines the candi&Eé&Ds by
integrating the candidate volumes into the grapghoost function as probability constraints. In 20%4lazar et al.89
presented an automated and unsupervised metheoetiftal blood vessels segmentation using the geapkechnique. The
graph is constructed using a rough segmentation &@re-processed image together with spatial giceehection. It takes
as first step the extraction of the retina vasctiee using the graph cut technique. The bloodelesformation is then

used to estimate the location of the optic disentploys graph formulation technique.
Edge Detection Methods

These use standard image-processing techniquessubk Canny, Sobel and Laplacian operators taciines
from within the image. While they are appropriate fnany applications in computer vision, generigesdietection
operators are less appropriate for the task afiaktiessel segmentation due to the fact that mestels have boundaries
that are blurred or indistinct, and very fine véssae often only two or three pixels wide, whick aot picked up, instead
being seen as part of the background. In additmnhis, the edge detection operations do not djstgh between
vasculature and pathologies within the eye. Theyfatsely despite the fact that in isolation theg aot adequate for the

entire task at hand.
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In 2010, Xiaolin et al. 91 proposed a method is based on a modified cedgg detection method with a bilateral
filter. The bilateral filter is used to remove thessel background noises, and then the Canny deisatised to detect all
vessel edges, vessel sample profiles crossed vessehdaries are obtain based on Cannyedges. Then t
new vessel positions are measured from the GauBaf the sample profiles. In 201Brasanna et al92 described the
algorithm for integrating edges and regions. Iiiifighe edge map of image is obtained by usingdtiredge operator. The
result demonstrates that the algorithm is robuwaisfying and work well for images with non-uniforiftumination. In
2014,Dhar et al. 93 proposed an analysis of performance of CandyLaplacian of Gaussian filter in edge detection of
retinal images. Comparative analysis of the afadelters is done and found that canny edge operperforms better

than Laplacian of Gaussian filter in most of theetées of retinal images under various conditions.
Thresholding Based Methods

The readers are referred to 94 for a most recei@we Only very few adaptive local approaches 9 karown in
the literature. Our work shares with 98, 99 the afs@ultithreshold probing. In 1994Q’Gorman 98 bases his approach on
a histogram of the number of horizontal and vekticas that result from thresholding the input iraaat a series of
thresholds. Alternatively, in 199fjkaz et al.99 investigate the histogram of the number of cisjef some minimum size
by applying binarization at different thresholdsislimportant to mention that both approaches9@8intend to determine
a single global threshold, while our work leadsatoadaptive local thresholding framework. In 100esv method that
combines the adaptive thresholding and local egttbpesholding for blood vessel extraction is preguh In 2009Zhang
et al. 101 proposed adaptive thresholding to extracteledsom fundus images. In 2018kram et al. 102 proposed a
wavelet based method forvessel enhancement, pwseewhreshold probing and adaptive thresholding for

vessel localization and segmentation respectively.
Wavelet Based Methods

Previously, we have shown promising preliminaryuhessusing the wavelet transform 103, 104 and iatéégn of
multiscale information through supervised clasatiitn 103. Many different approaches for automatezssel
segmentation have been reported. The usage of blesstl extraction technique for Diabetic Retinbpaletection is
demonstrated byCornforth et al 108 in the year 2005. The concept of wavelet foanss is used in this work for

segmentation. But this approach is not applicainénhages with noisy background.
Tracking Based Methods

Tracking or Tracing based methods use a single @epoach. It starts by locating the vessel pdimtgracing
the vascular network, by assessing image properfibe extraction of image features and the recmgmibf the
vasculature are simultaneously executed. Locatinatf the initial vessel point can be manual ooedtic. In the manual
tracing, the user selects the initial vessel paitich is mostly used in coronary angiography asialand they generally
provide accurate vessel segmentation. In the adionracing, the initial vessel point is automaligaselected by

algorithm, which utilizes a Gaussian function tactterise a vessel profile model to head forwadisegment a vessel.

Sun et al.109 in 1989, proposed the classification of regisegmented by user-assisted thresholding as blood
vessel or leakage according to their length to lwidtio. In 1994Zhou et al. 110, the authors report an algorithm that is
initiated by the definition of the starting and erglpoints and is automatically followed by a matgtfilter for locating

the vessel boundaries, tracking the midline andaeting parameters of clinical interest. This metblogy is extended by
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Frame et al.111 in 1997 with the objective of detecting the efithe vessels, and successfully tracking dowm vessels

at bifurcations. In 1998Chutatape et al112 proposed that, the tracking process beginms ftte circumference of the
optic disc, being a Kalman filter the base to eat#rthe next search location. The method propogéiblis et al.113 in
1998, overcomes the problem of initialization, Hoes not require vessel profile modelling. Inipalints are detected on
the bounding circle of the optic nerve and the meiteation of vessel and non-vessel regions aloegvissel profile is
done using a fuzzy C -means clustering algorithml998,Chandrinos et al.114 extract vessels in fundus images for the
examination of atherosclerotic changes due to ligpsion. The method utilizes the idea that eacBelgwesents a ridge
in cross sectional intensity profiles. Ridge detetprocess starts with a Gaussian smoothing talkahe variations in
image intensity. After the extraction process,rttethod employs some image-based measuring teclsnigudbtain vessel

calibre, wall thickness, and tortuosity.

The tracing method described Ban et al.115 in 1999, automatically detects seed-trackioigtp, defined as
local grey-level minima along a grid of one-pixdabe lines. In 1999Ali et al. 116 describes real time algorithm which is
based on Recursive tracking with directional teriggd.alonde et al.117 in 2000 andamura et al.118 in 1988 presents
vessel tracking methods to obtain the vasculattmectsire, along with vessel diameters and branclpioigits. Vessel
network tracking using recursive dual edge trackind connectivity recovering. To deal with the peab of the central
light reflex areaGoa et al.119 in 2001 modelled vessel intensity profilesngdiwin Gaussian functions. Vessel network
tracking using recursive dual edge tracking ancheotivity recovering was proposed Gagnon et al.120 in 2001. There
are methods based on active contours 121, 122 hethfdters 123, and probabilistic models 126 amotigers 126, 127.
Among the techniques compared in 128, we selectilbeoperator introduced in 129, which has beenliffeal to take
into account the peculiarities of retinal vesseliaure. In 2007,Elisa Ricci et al. 130 introduced a method for
segmentation of blood vessels in retinal imagesgubne operators and support vector machine dlassincapability of
thin vessel detection and lack of a proper perforweameasure are the demerits of this approach.mi-setomated
method for segmentation of vascular images is pegdyKelvin et al 131 in the year 2007. Line tracking based retinal
vessel segmentation is implementedNbgrios et al132 in 2010. The major drawback of the proposeordghm is the
high misclassification rate of the optic disk. 181D, Xu et al. 133 combined the adaptive local thresholding neined
the tracking growth technique to segment retinabbllvessels. In 201@elibasis et al134 proposed Model based tracing
algorithm for vessel segmentation and diametemesion. It utilizes parametric model of a vessel2010,Bhuuiyan et
al. 135 employed new technique vessel edge trackingadevhich combines the method of finding pattefrmessel start
point and pixel grouping and profiling techniques $§egmentation. Experimental results have showh3R.4% success

rate in the identification of vessel start-pointsl 82.01% success rate in tracking the major vessel

In 2011,Quek and Kirbas136 proposed Wave propagation and trace backh@extraction of the vasculature
from retinal angiography images. In 20%4lazar et al.137 used an adaptive histogram equalisation aadligtance
transform algorithm to enhance the vessels appearaéinen applied the graph cut technique to segnestels. In 2013,
Malek et al. 138 proposed a method is based on a trackinggtrathere centreline extraction is done by an titexa
prediction estimation tracking technique based omudti-scale analysis of image moments and on aesihaodel close to
snakes. In 20141atanaka et al.139 previously proposed a method to determineetige by analysing a vertical profile
of pixel values, but this method provided a cupesdmaller than that of an ophthalmologist. Thewas an improved
method using the locations of the blood vessel beflle blood vessel bends were detected by trackmdplood vessels

from the disc edge to the primary cup edge.
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The comparison of selected performance measuré&daking based methods is summarized in the Oreviine

highest accuracy of 0.9584 is achieved by the nukpioposed by Elisa Ricci et al. 130.

Table 2: Performance Measures for Blood Vessel Segmtation Techniques

Approaches Methodology TPR FPR | Accuracy
Multi-scale approaches Martinez et al. 9 0.6389 - 0.9181
Martinez et al. 10 0.7506| 0.0431| 0.9410
Elena et al. 14 0.7246| 0.0345| 0.9344
Perez et al. 15 0.7790| 0.0591| 0.9240
Multi-scale approaches Anzalone et al. 15 0.7286| 0.019 | 0.9419
Vlachos et al. 19 0.7470| 0.0455| 0.9290
Skeleton-based approach Mendonca et al. 25 0.7334| 0.0236| 0.9452
Ridge based approach Staal et al. in 31 - - 0.9516
Miri et al. 32 0.7352| 0.0205| 0.9458
Karthik et al. 33 - - 0.96
Matching filters approaches | Chaudhuri et al. 4 - - 0.8773
Hoover et al. 37 0.6751| 0.0433| 0.9267
Xiaoyi et al. 46 - - 0.9337
Jiang et al 47 - - 0.9009
Al-Rawi et al. 49 - - 0.9535
Yao and Chen 51 0.8035| 0.028 -
Zhang et al. 52 0.7177| 0.0247| 0.9484
Amin et al. 53 - - 0.92
Cinsdikici et al. 55 - - 0.9293
Kuri et al. 57 - - 0.9586
Fazil et al. 58 - - 0.9353
Morphology based Zana and Klein 62 0.6971| - 0.9377
approaches
Fraz et al. 64 0.7311| 0.032 | 0.9442
Model based approaches Vermer et al. 68 0.9240| 0.079 | 0.9187
Lietal 71 0.752 | 0.02 -
Lam and Hong 72 - - 0.9474
Espona et al. 74 0.6634| 0.0318| 0.9316
Espona et al. 75 0.7436| 0.0385| 0.9352
Al-Diri et al. 77 0.7521| 0.0319 -
Zhang et al. 78 0.7540| 0.0228| 0.9610
Qureshi et al. 81 - - 0.9330
Artificial intelligence and
Neural network based Sinthanayothin et al. 83 | 0.8330| 0.09 -
approach
Marin et al. 85 0.6944| 0.0181| 0.9526
Holbura et al. 86 - - 0.94
Graph-cut based approach | Xinjian et al. 89 0.865 | 0.017 -
Tracking based approach Elisa Ricci et al. 130 - - 0.9584
Xu et al. 133 0.7760 - 0.9328

OPTIC DISC SEGMENTATION

Optic Disc Localization

With regard to algorithms for optic disc localizatj Synthanayothin et al.140 in 1999, presented a method

where the images were pre-processed by applyingdaptive local contrast enhancement to the inteesiannel of the
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HSI colour space. In 199&oldbaumandHoover 141 in 2003, located the centre of the OD usimgvhsculature origin.
It achieved 89% correct detection. The method tiess the convergence of the vessels to detect theddtre by
employing geometrical parametric model was propdsgdroracchia et al. 142 in 2004. In 2008Youssif et al.143

presented an OD location method based on matcheetinal vessel's directional pattern.
Optic Disc Segmentation

With regard to template matching metholddonde et al.144 proposed two modifications to the geometncall

deformable template model. First, the optimizastage

Originally based on simulated annealing is replasgd a meta-heuristic called Variable Neighbourth@®@earch
that treats simulated annealing as a local seamgh $econd, affine deformation energy is introdlte improve the
quality of the search. In 2002rdizzone et al.145 presented two methods aimed to the opticpbsitioning based on
a template of the entire image on the retinal irsagl 2010, Aquino et al. 146 presented a new template-
based methodology for segmenting the OD from dig#tinal images. This methodology uses morpholkalgand edge
detection techniques followed by the Circular Hodghnsform to obtain a circular OD boundary appmmation. In 2012,
Yu et al 147 presented a new, fast, and fully automaticl@alization and segmentation algorithm develofoedetinal
disease screening. OD location candidates areifi@éehtising template matching. Then, vessel chargtics on the OD
are used to determine OD location. Initialized g tletected OD centre and estimated OD radiustahgbrid level-set
model, which combines region and local gradienbrimiation, is applied to the segmentation of thé& disundary. In
2013,Mohammad et al.148 described ongoing work on the segmentatiah@foptic disc in retinal images using pixel
classification and circular template matching. 012, Saleh et al.149 proposed method that comprises three majgesta
namely optic disc localization, pre-processing asmentation. Localization is performed using thst fFourier
transform based template matching to obtain a pe@u located on the optic disc which is then uasdan input to the

region growing technique for the purpose of segatén.

With regard to deformable methods, in 200dwell et al. 150 in 2004 localized the OD by means of template
matching and selected a deformable contour modéisfeegmentation. In 200Bspona et al151 presented an improved
version of specific methodology to detect the vess® in retinal angiographies. In 201Ihshi et al. 152 estimated
relevant disk parameters using the OD and cup kemiesl A deformable model guided by regional diafisis used to
detect the OD boundary. In 201R)n et al. 153 proposed a superpixel classification basedaodefor the initialization

in deformable model based optic disc segmentation.

The comparison of selected performance measureshéomethodologies based on optic disc segmentation

techniques is tabulated in 0.

Table 3: Performance Measures of Optic Disc Segmeation Techniques

. . Location Success Overlap Accuracy Mean Area
MBI EEs ) AEENTS Rate (%) Percentage (%) (%) Overlap Error (%)
Template Aquino et al
matching q ' 99 86 - -
146
methods
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Yu et al. 147 99 - - -
Mohammad et
al. 148 i 81 ) i
Saleh et al. 149 100 87.16 98.68 -
Deformable
methods Jun et al. 153 - - - 10
DISCUSSIONS

Accuracy, TPR, FPR of reviewed retinal blood vessgimentation techniques are plotted in 0, O, Pectavely.
Karthik et al. 33 and Vermer et al. 68 outperfolhother reviewed segmentation techniques in tesfreccuracy and TPR

respectively. Although retinal vessel segmentat@mhniques are categorized, few authors employ amatibn of multiple

segmentation techniques to improve the accuraéies articles that fall into multiple segmentatiaechniques are
described with a brief description in the 0.
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Methodologies

Figure 8: False Positive Rate of Blood Vessel Segmi&tion Techniques

Table 4: Articles with Combination of SegmentationTechniques

Algorithm Year | Classification Description
Goldbaum et al 82 1996 | ANNBA Refer 0
MSA Rotated matched filters are used in segmentatiocegss.
MBA Deformable contour model is used in the segmemtgiiocess
Perez et al. 9,10 1999 | MSA Refer 0
RGA Features derived from image derivatives are usedhivo-stage
region growing procedure of segmentation process.
Miri et al. 32 2003 | RBA Refer 0
MBA Morphological operations applied to find ridges
Wang et al. 35 2004 | RGA Refer 0
MSA Employed MSA along with edge detection, matchedrihg
SBA Refer 0
Mendonca et al. 25 | 2006 - -
MSA Employed MSA in the segmentation process.
MBA Morphological operations are involved in the segraton process.
RGA Employed RGA in the segmentation process (vedsiabj.
Panda et al. 30 2007 | SBA Refer 0
RGA Centreline pixels act as seed points to be useebion growing for
segmentation
MFA Refer 0
Narasimha et al. 54 | 2008 - -
MBA Employed Gaussian function based model.
Kuri et al. 57 2008 | MFA Refer 0
TA Employed in the segmentation process of vessels
MFA Refer 0
Zhang et al. 55 2010 -
MBA Employed dual-Gaussian model based approaches.
o MSA Refer 0
Moghimirad et al. 21| 2010 - - -
SBA Extracted the centrelines of vessels to estimatdulis of vessels
Fraz et al. 80 2011 | MBA Refer 0
MSA Computes output of Gabor filters at multiple scales
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) MSA Refer 0
Quinn et al. 22 2013 .
MBA Morphological operators are used to smoothen thkdraund
Karthik et al. 33 RBA Refold _
2014 Morphology operators are applied in order to locate
MBA - .
the retinal image ridges

SBA — skeleton based approach, MSA — multi-scafga@arh, RGA — region growing approach, A NNBA -faitl
intelligence and neural network based approach, MBAodel based approach, MFA — matching filter apph,
RBA — ridge based approach, TA — tracking approach

CONCLUSIONS

Accuracy and robustness of the segmentation présessential to achieve a more precise and afficiemputer
aided diagnostic system as in ophthalmology, aequietinal images are used for the detection aagndisis of diseases
related to eye, vascular disorders. It is not etgzbthat the vessel segmentation systems will ceplae human experts in
diagnosis; rather they will reduce stress and vaattlof the experts in examining the large volumestihal images. This
could save time and assist ophthalmologist to @edigrge database of retinal images in a systemmatimer with the high
accuracy within a short span. Although many promgssegmentation techniques have been developisdstitl an open
area for research. As the future direction of segaton research will be towards developing fastagurate and

automated techniques.

This paper provides a survey of current segmemtatiethods for retinal structures (blood vesselsapiit disc)
with a theoretical background. Aim of this papetagresent insights of the various retinal segi#on techniques along
with the performance measures, give the readeramework for the existing research and to introdwegious

segmentation algorithms of retinal structures foimiiterature.
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