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ABSTRACT

Thisarticlepresentsanalgorithmforthesegmentationofretinalbloodvesselsforthedetectionof
diabeticretinopathyeyediseases.Thisdiseaseoccursinpatientswithuntreateddiabetesforalongtime.
Sincethisdiseaseisrelatedtotheretina,itcaneventuallyleadtovisionimpairment.Theproposed
algorithmisasupervisedlearningmethodofbloodvesselssegmentationinwhichtheclassification
system is trained with the features that are extracted from the images. The proposed system is
implementedontheimagesofDRIVE,STAREandCHASE_DB1databases.Thesegmentationis
donebyformingclusterswiththefeaturesofpatterns.Thefeatureswereextractedusingindependent
componentanalysisand theclassification isperformedbysupportvectormachines (SVM).The
resultsoftheparametersaregroupedbyaccuracy,sensitivity,specificity,positivepredictivevalue,
falsepositiverateandarecomparedwithparticleswarmoptimization(PSO),thefireflyoptimization
algorithm(FA)andthelionoptimizationalgorithm(LOA).
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INTROdUCTION

Thestructureofbloodvesselsinretinahelpsindetectionofnumberofeyediseaseswhichincludes
arteriosclerosis, diabetes, retinal vein occlusion, retinal artery occlusion, hypertension, cataract,
glaucomaandmostimportantlydiabeticretinopathy.Thesealldiseasescanbedetectedbymonitoring
thechangesinthestructureofaneye.Ahumaneyeconsistsofiris,lens,bloodvessels,pupil,retina
etc.Eyehelpsinsensingandvisualizingdifferentobjects.Allthedifferentpartsofaneyehelpin
visualizinginoneoranotherway.Eachandeverypartcanleadtodifferentdiseaseifaffectedby
diabetes.Thepatientshavingprolongedanduntreateddiabetessufferedfromeyediseasenamedas
diabeticretinopathy(DR).DRistheleadingcauseofblindnessastheretinaoftheeyeisdirectly
affectedbythisdisease.AccordingtothelatestfiguresissuedbyWorldHealthOrganization(WHO),
thepatientssufferingfromdiabeteswillreachto300millionby2025(Zimmet,2016).Currently,the
numberofdiabeticsare69.2millionfromwhich7millionpeoplesufferfromvisionloss(Joshi,2016).

Diabetescanaffectanybodypartlikeeyes,kidneys,theliver,theheart,andbones.Eyebecame
thesignificantpartofthehumanorgansystemneedsspecialcare.Theimpactofuntreatedblindness
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isshownonbloodvessels,nervesandthevisionofthepatient.DRiscausedwhenthebloodvessels
ofthehumanretinaaredamaged,andtheyleakedbloodandlipids.ThesymptomsofDRissame
asthatofchangesthatoccurineyesduetoage,sothereisaneedoffineprocedureswhichcan
differentiatebetweenDRandagerelatedeyedegradation.

DRcanbedetectedeasilybysegmentingretinaanditsbloodvessels.Thesegmentedimages
oftheretinahelpinstudyingthebloodcirculationofhumaneyeatthemicrolevel.Asitisthepart
ofcentralnervoussystem,soitiseasyforresearchersaswellasfortheophthalmologiststostudy
theretinafordifferentpathologies(Fraz,2012).Itishighlysensitivetolightandconsistsofoptic
disc,bloodvesselsandmacula.Thevariouspathologiesintheretinaofaneyecanbedetectedby
monitoringthevariationsinthevariouscomponentsofretina.Thebloodvesselscanbeeasilyvisible
tothehumaneye.So,thepathologiesinbloodvesselscanbecheckedeasilybytheclinicians.All
thedifferenteyediseasesthatoccurduetopathologiesinretinacanbedetectedbysegmentation
ofretina.TheretinalimagesarecapturedusingspecialcameranamedasFundusCameraaswellas
byusingophthalmoscopes.Funduscameraisacameraofhighresolutionespeciallyusedforretinal
imaging.Othertechniquesusedforacquiringretinalimagesincludelaserscreening,opticsscreening
andangiography.Fundusimagingisprominentlyusedforretinalimagingbydilatingthepupilof
retinausingsomeeyedrops.Thenthefundusoftheimagewhichistheregionoppositetolensof
eyeandincludesopticdiscandmaculaisfocusedforimaging.

Thevariousdiseasesineyecausedifferenttypesofchangesinthevasculatureofhumanretina.
Thevariousdisordersofaneyecanbecheckedbystudyingthesegmentationofretinaanditsvarious
parts.Thecliniciansalsostudythechangesintheretinalvasculatureforevaluatingtheseverityofeye
diseasesandtodecidewhetherthediseasecanbecurableornot.Thevariouschangesintheretinal
eyecanbecategorizedintoneovascularization,collateralizationandoriginationofretinalvascular
shunt(Paul,1974).Ifthenewbloodvesselsareoriginatedineitherretinaorintheareaadjacentto
it,thenitleadstoneovascularization.Inthisthebloodvesselsgrowsinirregularfashiongenerally
nearlargerarteriesandveinsinanydirection.Theyareappearedintheareaswherethereareno
bloodvesselspresent.Collateralizationrelatestothegrowthofbloodvesselsinbetweentheexisting
bloodvesselsbyjoiningnewarteriesandveinstotheexistingnewarteriesandveinsrespectively.
Thebloodflowinthevesselsishamperedifthereiscrossconnectionbetweenthem.Thelastcaseof
formationofshuntoccurredwhenthebloodflowswithoutusingcapillarybedataveryhighspeed.

DRisdisorderofhumaneyewhichiscausedbyuntreateddiabetes.Inthisthebloodvesselsare
damagedandtheyleakbloodandinsomecasestheyleadtogrowthofnewbloodvessels.Dueto
which,thevisiondeterioratesanditleadstoblindness.DRleadstoformationofmicroaneurysms,
exudates,hemorrhages,cottonwoolspots,andlesions.Microaneurysmsaresmallreddotswhichare
formedwhenthewallsofcapillarybloodcellsareweakened.Whentheweakenedbloodcellsleak,
theybecomehemorrhageswhichareflame-shaped.Afterthat,whentheproteinsandlipidsfrom
thebloodareleaked,thentheyleadtoformationofexudates.Hardexudatesareofyelloworwhite
colorineyeretina.WhentheseverityofDRadvances,thebloodvesselsgetobstructedandleadsto
softexudatesorcottonwoolspotsandtheyarewhiteincolor.

DR is classifiedbroadly into two stages:ProliferativeDR (PDR)andNon-ProliferativeDR
(NPDR).NPDRistheinitialstageofDRinwhichthedamageofretinalbloodvesselshasjuststarted.
ThethreestagesofNPDRaremild,moderateandsevere(You,2011).ThemildstageofNPDRis
theinitialstageofNPDRandrequiresnotreatmentbuttheprogressionofthediseaseneedstobe
monitoredstronglybytheclinicians.InmildNPDRonlymicroaneurysmsoccurorinsomeother
caseshemorrhagescanalsooccur.InmoderateNPDR,cottonwoolsspotsstartappearingdueto
blockageofbloodvesselsthatnourishtheretina.InthecaseofsevereNPDR,thegrowthofnew
bloodvesselsstartsinanirregularfashionintheeyeretina.Finally,visionlossorblindnessoccurs
duetoformationofnewbloodvesselsandduetoweaknessofexistingbloodvesselsintheretina.

DRcanbedetectedbythesegmentationofbloodvesselsoftheretina.Thevariationsinwidth,
length,branchingangle,vascularpattern,andtortuosityofthebloodvesselscanbehelpfulindetecting
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variouseyediseases.Manualsegmentationofthehumanretinaisatedioustaskandrequiresexpertise.
So,variouscomputer-aided techniqueshavecome intoexistencewhichhelpedophthalmologists
todetecteyediseasestohelptheirpatientsfromvisionimpairment.Althoughtherearenumberof
techniques,butthereisalwaysawayofimprovingtheexistingmethods.

BACKGROUNd

The existing techniques of retinal blood vessels segmentation was categorized into seven major
categoriesnamed:a)machinelearningorpatternclassificationtechniques;b)matchedfiltering;c)
mathematicalmorphologicaltechniques;d)vesseltracing;e)multiscaleapproaches;f)modelbased
approaches;andg)hardware-basedapproaches.Thelargenumberofexistingtechniquesisunder
thecategoryofpatternclassificationtechniqueswhichcategorizestheextractedfeatureseitherinto
vesselsornon-vessels.Thepatternclassificationtechniquesarefurtherdividedintosupervisedand
unsupervisedtechniques.Inthecaseofunsupervisedtechniques,theclassificationofvesselsand
non-vesselsisdonebasedonextractedpatterns.

Supervised Methods of Pattern Classification
In case of supervised techniques, the training data or the ground truth images are available for
trainingthesystem.Thegroundtruthimagesaregenerallysegmentedbytheexpertsorclinicians.
Theclassificationofbloodvesselsisdonebycomparingthefeaturesofextractedpatternsandthe
patternsofgroundtruthimages.Li,Zhenshen,Chaoetal.(2017)proposedasupervisedtechnique
forbloodvesselsegmentationbasedonfeaturesgivenbylength,widthandintensityoftheinput
images.Sincethesearethelocaldescriptorsoftheimage,sotheyhelpedinmaintainingtheedge
informationlocally.Mustafa,HanizaandWahida(2017)proposedatechniqueforthedetectionof
diabeticretinopathyandglaucomabasedon7-dimensionalfeaturevectorthatwashybridofgray
levelsandmomentinvariantsfeatures.Theclassificationofvesselsandnon-vesselswasfinallydone
byusingdecisiontrees.Shah,Tong,Ibrahimaetal.(2017)proposedatechniquethatcanfindthe
abnormalitiesofhumanretinausingregionalandHessianmatrixdescriptors.Thetotalnumberof24
featureswasextractedforthepatternrecognitionprocessandtheclassificationwasperformedusing
linearminimumsquarederrormethodandthishelpedinachievingtheaccuracyof93%approximately.
GeethaRamanietal.(2016)proposedasupervisedmethodforthesegmentationofbloodvessels
basedonbothimageprocessinganddatamining.Thesupervisedlearningwasperformedbythe
combinationofk-meansclustering.Thefinalsegmentedimagewasformedbyusingdecisiontree
classificationandimagepost-processingbymathematicalmorphologyandconnectedcomponent
analysis.Rahimetal.proposedatechniqueforthedetectionofmicroaneuysmsusingfeaturesgiven
byarea,length,mean,perimeter,majorandminorarealength,standarddeviation.Theclassification
processwasperformedbyusingdecisiontrees,k-nearestneighbors,supportvectormachine,RBF
KernalSVM.ThismethodwashighlyhelpfulindetectionofDRasmicroaneuysmsexistsduring
theinitialstagesofDR.AslaniandSarnel(2016)computethe17-dimensionalfeaturevectorfor
thesegmentationofbloodvessels.TheclassificationwasdoneusingRandomForest(RF)classifier
fordealingwithbothwithhomogeneousandheterogeneousdata.RFclassifierisbasedondecision
treesand itwas implemented in theproposedalgorithmusing150decision treewithadepthof
15foreachbranch.Hatanaka,Samo,Tajimaetal.(2016)proposedasupervisedtechniqueforthe
segmentationusingautocorrelationmethodonshiftinvariantlocalfeaturesonneighborsofpixels.
Theclassificationprocesswasdoneusingneuralnetworksoftwotypesinwhichfirstneuralnetwork
workedon105pixelswhilethesecondneuralnetworkworkedonoutputoffirstneuralnetwork,
filteringandtransformationprocess.Theadvantageofthismethodisthatitcansegmenttheimages
withlowcontrast.

Saha,Naskar,andChatterji(2016)proposedatechniquefordetectionofDRusingwavelettransform
andneuralnetwork.Thewavelet-basedanalyzerwasusedtoanalyzethesegmentedimageswithground
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truthimages.Thefeedforwardneuralnetworkwasusedforclassificationofvesselsandnon-vessels
inthesegmentedimages.Rajput,Manza,Patwarietal.(2015)proposedamethodtodetectNPDRin
whichfeatureswereextractedusingHaarandSymletwaveletsandtheywillextractthefeaturesforeach
symptomofDR.Thisprocessoffeatureextractionhelpsinclassifyingtheinputimageintodifferent
stagesofNPDRthatismild,moderateorseverebyextractingpatternsforeachsymptomseparately.
Theclassificationwasfinallydonebyk-meansclusteringandstatisticalmeans.Tang,Lin,Yangetal.
(2015)designedafeaturevectorof94dimensionsforpatternrecognition.ThefeaturesincludeGabor
responsesatdifferentscalesanddimensions.Theclassificationprocesswasperformedusingsupport
vectormachines (SVM).Franklin et al. gavea supervised techniqueusingneuralnetwork for the
segmentationofretinalbloodvessels.Theimagewaspreprocessedusingbackgroundnormalizationand
thesystemwasthentrainedusingfeed-forwardperceptronneuralnetworkandtheclassificationwasdone
usingback-propagationalgorithm.FranklinandRajan(2014)usedartificialneuralnetworkfortraining.
TheextractedfeaturesincludeGaborresponsesandmomentinvariantbasedfeatures.Theinputimage
waspreprocessedusingdifferentfilteringtechniquesandthesystemwastrainedandclassificationwas
done.Theimagewasalsopostprocessedafterconnectingdifferentisolatedpoints.Wang,Yin,Cao
etal.(2014)proposedatechniqueusingensemblelearningforthesegmentationprocess.Inthis,two
classifierswereused,randomforest(RF)classifierandconvolutionalneuralnetwork(CNN)which
actasafeatureclassifierandfeatureextractor,respectively.CNNworksintwodifferentsublayersas
convolutionalsublayerandsubsamplingsublayerforextractionoffeatures.RFclassifiesthevesselsusing
themajorityvotingprocessandusingwinner–takes-alldecisionstrategy.Roychowdhury,Koozekanani
andParhi(2017)usedaGaussianMixtureModel(GMM)fortheclassificationofprominentfeatures.
Thefeatureswereextractedusinggradientsoffirstandsecond-orderderivatives.Thekeyfeatureof
thisproposedalgorithmisthattheinputimageisconvertedintobinaryimageforextractionoffeatures.
Marin,Awuino,Gegundezetal.(2011)designeda7-dimensionalfeaturevectorfortheclassificationof
inputimages.Theextractedfeaturesincludegraylevelandmomentinvariantbasedfeatures.Theinput
imagewaspreprocessedusingcentrallightreflexremoval,backgroundhomogenizationmethods.The
trainingwasdoneusingneuralnetworksbycalculatingprobabilitymapofeachpixel.Theclassification
wasperformedusingthresholdingprocess.Finally,thegapswerefilledinpost-processingphaseusing
artifactfillingprocess.Pengetal.proposedanalgorithmthatcansegmentboththinaswellaswide
vesselsbyusingradialprojection.Thethinandnarrowvesselsweresegmentedusingradialprojections
andthewidevesselsweresegmentedusingsteeringwaveletandsemisupervisedlearning.Lupascu,
TegoloandTrucco(2010)usedafeature-basedAdaBoostclassifierforthesegmentationofretinalblood
vessels.Theconstructedfeaturevectorisof41dimensionsincludingfeaturesofintensity,spatialand
geometricalfeatures.XuandLuo(2010)proposedasegmentationprocessusingwaveletsandcurvelets
forboththinandthickvessels.ThethinvesselswereclassifiedfurtherusingHessianmatrixandthick
vesselsbysupportvectormachines.OsarehandShadgar(2009)proposedamethodforsegmentation
forcoloredimagesofretinausingprincipalcomponentanalysis,Gaussianmodelandsupportvector
machines.Anzalone,Bizzari,Parodietal.(2008)proposedanalgorithmconsistingoftwoblocksin
whichfirstblockwasusedforenhancementofimagesofbloodvesselsandsecondblockwasabletodo
imagebinarization,imagecleaningafterevaluatingtheoptimizedvaluesofmeasuresofperformance
(MOPs).Riccietal.proposedatechniqueforsegmentationofbloodvesselsusingorthogonallinegradient
detectorsandsupportvectormachines.Bothsupervisedandunsupervisedlearningwasperformedforthe
detectionofallbloodvessels.Soaresetal.usedGaborwaveletatdifferentscalesforfeatureextraction
alongwithBayesianclassifierforclassificationofextractedvessels.Staal,Abràmoff,Niemeijeretal.
(2004)proposedamethodforsegmentationofbloodvesselsfromtwo-dimensionalcoloredimages.In
this,theridgesandpatcheswereextractedwhichwasfromthevesselcenterlineswhichinturnhelpedin
extractionofprominentfeatures.Theclassificationprocesswasdonebyk-nnclassifier.Sinthanayothin,
Boyce,Cooketal.(1999)proposedamethodforthedetectionofopticdiscandbloodvesselsusing
multilayerneuralnetworkwhichconsistsof200inputnodesandtwooutputnodes.
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PROPOSEd ALGORITHM

Theproposedalgorithmiscarriedoutinnumberofstepsgivenby:

1. ImagePreprocessing
2. ImageSegmentation
3. FeatureExtraction
4. FeatureSelectionandOptimization
5. ObjectiveandClinicalEvaluation

Image Preprocessing
Alltheexistingalgorithmsforthesegmentationofbloodvesselssufferedfromtheproblems
ofnon-uniformilluminationsinceall thepublicdatabasesavailableonlineneedsometype
ofpreprocessingforenhancingtheimages.Otherproblemsincludethepresenceofvarious
pathologies such as cotton wool spots, bright lesions, hard and soft exudates. The actual
accuracyofsegmentationdependsupontheaccurateclassificationofvesselsandnon-vessels
which in turndependsupon thesegmentationofall thebloodvessels includingboth thick
andthinvessels.

TheinputimagewastakenfromthepubliclyavailableonlinedatabasesnamedasDRIVE,
STAREandCHASEdatabases.DRIVE(DigitalRetinalImagesforVesselExtraction)consists
of40imagesinwhich20imagesareintrainingsetand20imagesareintestset.Inthedatabase,
13imagesareofhealthyretinaand7imagesareofpathologicalretina.Figure1aand1bshow
theimageofnormalandabnormalretinaofDRIVEdataset.Thegroundtruthimagesarealso
available which are segmented from three different observers manually. STARE (Structured
AnalysisofRetina)consistsof20imagesinwhich10imagesareofhealthyretinaand10images
ofpathologicalretina.Thegroundtruthimagesoftwoobserversarealsopresent.CHASE_DB1
(ChildHeartandHealthStudyinEnglandSet)consistsof28fundusimagesof14schoolchildren
byimagesbotheyesofeachchild.Thereferenceoftheresultsisgivenbytwoobserversbygiving
resultsofmanualsegmentation.

Extraction of Green Channel
TheinputimageisRGBimage,butonlygreencoloroftheimagehasthehighercontrastofblood
vessels.Theredchanneloftheimagehastheproblemofoversaturationandthereisnoeffective

Figure 1a. Normal retina of DRIVE dataset



International Journal of Healthcare Information Systems and Informatics
Volume 15 • Issue 2 • April-June 2020

66

informationinthebluechannel.So,thefirststepinthepreprocessingstepistheextractionofgreen
channel.Figure2a,2b,2cand2dshowstheinputimage,correspondingredchannel,greenchannel
andbluechannel.

Conversion Into Gray Level
ThegreenchanneloftheRGBimageisconvertedintograylevelasgraylevelimagesrequiresless
computationandlesscomplex.Figure3aand3bshowsthegreenchannelandcorrespondinggray
scaleimage.

Figure 1b. Abnormal retina of DRIVE dataset

Figure 2a. Input image

Figure 2b. Red channel
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Contrast Enhancement
Theappearanceof the imagescanbe increasedbycontrastof imagebyusingContrastLimited
AdaptiveHistogramEqualization(CLAHE)whichenhancestheimagelocallybydividingtheminto
tiles.Figure4aand4bshowtheinputgraylevelimageandcorrespondingCLAHEimage.

Image Filtering
Theimageneeds tobefilteredusingthegradientdirectionalfeatures.Thisfilteringprocesswill
depicttheedgestrength.Figure5aand5bshowthecorrespondinginputimageandfilteredimage.

Figure 2c. Green channel

Figure 2d. Blue channel

Figure 3a. Green channel



International Journal of Healthcare Information Systems and Informatics
Volume 15 • Issue 2 • April-June 2020

68

Figure 3b. Gray level image

Figure 4a. Input image

Figure 4b. CLAHE image
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Image Segmentation
Thesegmentationofretinalbloodvesselsisdoneforanalyzingtheflowofbloodinhumaneye
retina.Thesegmentationprocessgivesthebestresultsifalltheartifactsfromthemhavebeen
removedbefore thesegmentationprocess.Thepreprocessingstepof theproposedalgorithm
hasextractedthegreenchannel,enhancedthecontrastandremovedalltheunwantednoisefrom
theinputimage.Therearenumberofmethodsbywhichsegmentationcanbeperformedwhich
include thenameofoperators likePrewitt,Robert,Canny,different thresholding techniques,
andedge-baseddetectiontechniques.

Intheproposedalgorithm,thresholding-basedclusterswereusedforthesegmentationprocess
orforthesearchingofpatternofedges.Thisprocessofsegmentationwillmaketheclustersofthe
samepatternsandthentheedgeswillbedetected.Theinitialseedpointswerechosenbycomparing
thevaluesofintensitiesasthepixelwiththehighestintensityvaluewillbethestartingpoint.The
membershipvalueofeachpixeliscalculatedandthenitisassignedtospecificcluster.Figure6shows
thecorrespondingpreprocessedimagegivenasinputbothonenormalandabnormalimageandthe
correspondingresultofsegmentation.

Figure 5a. Input image

Figure 5b. Filtered image
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Figure 6a. Normal image

Figure 6b. Segmented image

Figure 6c. Abnormal image
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Feature Extraction
Thequantitativeinformationisdetectedintheprocessoffeatureextraction.Thefeaturesofallthe
segmentedimagesneedtobeextractedsothattheproposedsystemcanbetrainedfordetectionof
bloodvesselsandfordifferentiatingbetweenvesselsandnon-vessels.Featuresaregenerallydefined
asattributesorpropertiesofvarioussegmentedpixels.Thefeaturevectorforboththenormaland
pathologicalimagepixelsismadesothattheindividualresultscanbemaintained.Also,theinput
imagehasnumberoffeatures;theprocessoffeatureextractionwillreducethedimensionsofthe
extractedfeatures.

TheprocessoffeatureextractionisdonebyusingIndependentComponentAnalysis(ICA)which
isastatisticaltechniqueforanalysisofdatabycomputingIndependentComponents(ICs)ofraw
data.ICAgivesthebestresultsasitfirstremovesthecorrelationbetweenthedata.Theadvantage
ofusingICAisthatitgeneratesstatisticallyandnon-GaussianICswhicharenotvariabletolocation
andchangeinphase.

Algorithm1.IndependentComponentAnalysis(ICA)
Input: Segmented Image
Output: Extracted features for both healthy and pathological retina.
Step 1: Calculate mean and covariance matrix of the image.
Step 2: The Independent Components of the raw feature vector will 
        be extracted after performing 
        Step 2.1: The Centering and Whitening version of the input 
                  matrix is calculated. 
        Step 2.2: The features were extracted at random points 
                  after giving them random weights and adjusting  
                  it accordingly. The weights are adjusted by  
                  computing the values of Negentropy which is  
                  modified version of Entropy. 
        Step 2.3: The transformation matrix of the values is 
                  computed by decorrelating the weight matrices  
                  using decomposition method. 
Step 3: The ICs computed in Step 2 are saved separately for 
        healthy and pathological retina. Figure 7 and 8 shows the  
        feature vector plot for both healthy and pathological retina.

Figure 6d. Segmented image
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Feature Optimization
Thestepoffeatureoptimizationhelpsinoptimizingthesolutionfromallthecandidatesolutions.
Theobjectivefunctionisdefinedfortheproblemandfeatureoptimizationwillbeperformedafter
maximizingandminimizingtheobjectivefunction.Theoptimizationalgorithmsarerequiredfor
dealingwithimagedataoflargersize.Theyonlyselecttheprominentfeaturesoroptimizethedata
according to theirvalueandpriority.Like in thisproblem, the featureswhichwillbehelpful in
diagnosingDRwillbeselectedandallotherwillnotbeshowninfinalimage.

In the proposed algorithm, the features were optimized one by one using Particle Swarm
Optimization (PSO), Firefly Algorithm (FA), Lion Optimization Algorithm (LOA) and Entropy
based optimization algorithm. These all are bio-inspired methods of optimization. PSO predicts

Figure 7. Plot of feature vector for healthy retina

Figure 8. Plot of feature vector for pathological retina
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thesolutionofanyproblemusingthebehaviorofbirdsflockingandswarming.Thebestsolution
isprovidedaftercomputingvaluesofvelocityofthecandidates.Boththelocalbestandglobalbest
solutionisprovidedbyPSO(SinghandPandey,2014).Fireflyalgorithmisbasedonthebehaviorof
fireflieswhichattracttowardsthebrightnessandthesolutionsarefoundbyrandomwalkingofthe
fliesandinsects.LOAisanotherbio-inspiredoptimizationalgorithmthatisbasedonbehaviorof
lions.Thespecialattractionofbehavioroflionistheircooperationbehaviorforfindingmatesand
preys.Figure9a,9band9cshowstheoptimizedplotsoffeaturesaftertheoptimizationoffeature
vectorwiththehelpofPSO,FAandLOA.

TheproposedalgorithmnamedasEntropybasedoptimizedsegmentation(EBOS)optimizethe
extractedfeaturesareoptimizedusingthevaluesofentropy.Entropyisameasureofdispersionof
histogram.Entropywilldefinetheuncertaintyofanyrandomvariable.Iftheimageishighlyordered,
thenthevalueswillbelow.Theentropyvaluesforlocalaswellasglobalneighborhoodarecalculated
andfinaloptimizedvaluesarecalculated.Figure10showstheoptimizedfeaturevector.

Feature Classification
Duringtheprocessoffeatureclassification,theoptimizedfeaturesareassignedtospecifictargetclass.
Therewillbetwotargetclassesinthiscase,onewillbeNORMALclassofimagesofhealthyretina

Figure 9a. Optimization plot after PSO

Figure 9b. Optimization plot after FA
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andanotheronewillbeABNORMALclassofpathologicalretina.Itismainphaseofsupervised
learningasithelpsinclassifyingtheextractedfeaturesintothetargetclassandthecorresponding
imagesasofhealthyandpathologicalretina.Thefeaturesintheproposedalgorithmwereclassified
usingSupportVectorMachines(SVM)(TakkarSingh,&Pandey,2017)whichisasuperiorprocessof
classificationusingtheprincipleofminimizationofrisks.Theinputfeaturesaredividedintodifferent
targetclassesusinghyperplanesandthedifferencebetweenhyperplaneandcorrespondingtargetclass.

Comparison of Results
TheproposedoptimizationalgorithmthatisEBOSwascomparedwithalltheexistingoptimization
techniquesthatarePSO,FAandLionusingtheparametersgivenbyAccuracy,Sensitivity,Specificity,
PositivePredictiveValueandFalsePositiveRate.Thevaluesofall theaboveparameterscanbe
calculatedusingTruePositive(TP),FalsePositive(FP),TrueNegative(TN),FalseNegative(FN).
TPrepresentsthepixelswhicharevesselsinbothmanuallysegmentationaswellasinsegmentation
byproposedalgorithm.FPrepresentsthepixelswhicharenon-vesselsingroundtruthimages,but
vesselsinproposedalgorithmsegmentation.TNrepresentsthepixelswhicharenon-vesselsinboth

Figure 9c. Optimization plot after LOA

Figure 10. Optimization plot after EBOS
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manuallysegmentationaswellasinsegmentationbyproposedalgorithm.FNrepresentsthepixels
whicharevesselsingroundtruthimages,butnon-vesselsinproposedalgorithmsegmentation.

Accuracyisdefinedasnumberofcorrectlyclassifiedpixelsbothvesselsandnon-vesselswith
respecttototalnumberofpixels.Sensitivityisdefinedasratioofcorrectlyclassifiedvesselswith
respecttototalnumberofpixels.Specificityisdefinedasratioofcorrectlyclassifiednon-vessels
withrespecttototalnumberofpixels.PositivePredictiveValue(PPV)istheabilityofanyalgorithm
forclassificationofvesselsisreallyavessel.FalsePositiveRate(FPR)istheratioofpixelswhich
aredetectedasvesselpixelduetosomeerror.

AllthealgorithmswereimplementedonDRIVE,STAREandCHASE_DB1databases.Figure
11 shows the graph of accuracy which shows the comparison of Firefly, PSO, Lion and EBOS
algorithmforDRIVEdatabase.

Figure12showsthegraphofSensitivityforallthefouralgorithmsforSTAREdatabase.Figure
13showsthegraphofspecificityforallforPPVandFigure14showsthegraphofFPRvaluefor
DRIVEandFigure15showsthegraphofFPRvalue.

TheobjectiveevaluationofthealgorithmstatesthattheaccuracyofEBOSalgorithmishigher
thanFirefly,PSOandLionalgorithm.Fireflyisthelowestamongstall.Theaverageaccuracyachieved
bytheproposedalgorithmis99.37%forDRIVE,99.13%forSTAREand99.26%forCHASE_DB1,
respectively.Thevaluesofsensitivity,positivepredictivevalue,falsepositiverateandspecificity
arealsobetterincaseofallthreedatabases.

CONCLUSION ANd FUTURE SCOPE

In thisarticle, thesegmentationofbloodvesselsof thehumanretina isperformedbyEBOS
algorithminwhichtheentropyofthefeaturesiscalculatedindividuallyfortheoptimizationof
thefeaturevector.EBOSalgorithmconsistsofpreprocessingphase,segmentationphase,feature
extractionandfeatureoptimization,featureclassificationandobjectiveevaluation.Theobjective
evaluationwasperformedusingaccuracy,sensitivity,specificity,falsepositiverateandpositive
predictivevalue.Thevaluesofparametersexhibitthattheproposedalgorithmoutperformedall
otheralgorithms.Theproposedalgorithmachievestheaverageaccuracy99.37%forDRIVE,

Figure 11. Accuracy graph
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99.13%forSTAREand99.26%forCHASE_DB1respectively.Theaveragesensitivityis99.83%
for DRIVE database, 99.53% for STARE and 99.12% for CHASE_DB1 respectively. EBOS
algorithmwasabletoperformsowellfortheseimagesasitisbasedonentropywhichclassifies
andoptimizestheimagesbycalculatingthedisorder-nessinthesegmentedimage.Infuture,
optimizationoffeaturevectorisdoneforachieving100%accuracyofthesegmentation.This
workcanbefurtherimprovedbysegmentingallthesymptomsofDRintheretinaandpredicting

Figure 12. Sensitivity graph

Figure 13. Graph of positive predictive value
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thespecificstageofDR.Differentoptimizationtechniquescanbefurtherappliedonsegmented
imagesforachievingaccuracy.
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