
DOI: 10.4018/IJISMD.315281

International Journal of Information System Modeling and Design
Volume 13 • Issue 7


Copyright©2022,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



*Corresponding Author

592

An Enhanced Image Segmentation 
Approach for Detection of Diseases in Fruit
Bikram Keshari Mishra, Silicon Institute of Technology, India*

Pradyumna Kumar Tripathy, Silicon Institute of Technology, India

Saroja Kumar Rout, Gandhi Institute for Technology, India

Chinmaya Ranjan Pattanaik, Ajay Binay Institute of Technology, India

ABSTRACT

Theprogressintherealmofimagesegmentationhashelpedfarmerstousenominalinputsforhigher
productionwithinlimitedtime.Preliminaryidentificationofdiseasesonfruitsislimitedtonaked
eyessince themajorityof thesesymptomscanonlybe identifiedbymicroscopicvisuals. Image
segmentationplaysavitalpartindistinguishingtheirinfectedpartsfromthedisinfectedones.Inthis
paper,clusteringisusedasanapproachinimagesegmentationtocautiouslydiscovertheaffected
partsof the fruitsby segmenting theaffectedareas from thenon-affectedparts.Four clustering
techniques—IS-KM, IS-FEKM, IS-MKM, and IS-FECA—were employed for this purpose. The
qualityofsegmentationwasevaluatedusingfewperformancemeasureslikeSC,RMSE,MSE,MAE,
NAE,andPSNR.The resultobtainedusing IS-FECAismore reasonablecompared to theother
methods.RoughlyeachvalueofperformanceparametersconfersbetterresultsforIS-FECA-based
imagesegmentationmethod,whichmeansproperseparationofdiseasedpartsinfruitsfromtheir
un-affectedonesisattainable.
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1. INTRoDUCTIoN

Now-a-daysthepresentagriculturalscienceandtechnologyisintenselyadvanced.Theworthoffruits
andvegetablesdependsontheirquality.Itisanimperativeconcernhowtoevaluatethequalityof
fruitsinagricultural/horticulturalrealm(Saxena,2014),and(Balakrishna,et al.,2019).Theorthodox
methodoffruitsqualityjudgmentismadebytheexpertsinthosedomainsthatisquiteeffective,
but isvery time-consuming. Itbecomes incredibly imperative toexamine the fruitdiseasesvery
preciselywithinlimitedtime.Studyrevealsthat,approximately50%offruitslikeapples,oranges,
lemons,grapes,bananasetc.aredestroyedeveryyearduetoplantdiseaseswhichcannotbedetected
professionallyattheearlystage.Fewdiseasescanbeidentifiedbyhumanexperts,butitisalwaysnot
likelytogetthemontimeatremoteareas.Somefruitdiseasesaresocomplicatedthattheyrequire
powerfulmicroscopesfortheiridentification.Hence,theexpansionofcomputervisualizationsystem
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foridentifyingandcategorizingdiseaseinfruitswillimmenselyevadehumaninterventionandwill
leadtoimpartialdecisionmakingaboutdiseasedetectioninfruitsandthiswillalsohelpinquick
andabsoluterecoveryofthedisease.Withtheadventofimagesegmentation(Masood,2016),and
(Singh,et al.,2020)weareeffortlesslyabletoidentifythedefectedportionofthefruit.

Digitalimagesarenowregardedasakeyfactorofconveyinginformationinthisrealworld.
Mining the information from images and studying themminutely inorder tomake the extorted
informationvaluableforseveralapplicationsisavitalqualityofdigitalimageprocessing.Image
segmentation(Gonzales,et al.,2008)playsakeyroleinextortingtherequiredfeaturesfromthe
images.Thedatapixelswithfamiliarvisualcharacteristicsaregroupedintothesameregionand
areseparatedfromthosehavingdifferentcharacteristics.Atpresent, imageprocessingformsthe
mainstayintheresearchareainalmostallthedisciplines.Forinstance,afterminutelyanalyzingthe
segmentedimagesthecanceroustissue(Altarawneh,2012)and(Kahaki,S.M.M,et al.2017)canbe
effortlesslydistinguishedfromthenon-cancerousones.Fromtheresultsobtainedfromsegmentation,
itiseffortlesslyfeasibletodiscovertheessentialareaofsignificance.

Thecluster-basedapproachofimagesegmentation(Tichkule,2016)isextensivelyusedowing
to itseaseofunderstandingandproducingmorepreciseresults.Asimplemethodtoresolve the
difficultyofgenerality-basedimagesegmentation(Kaur,2012)isusedinwhichtheperformance
evaluationsofdiversecluster-basedimagesegmentationmethodsaredone.Thismethodhasused
quiteafewmeasurestoevaluatethequalityofclustering.Awateet al.(2015)initiatedanimage
processing technique to diagnose and categorize disease within fruits. The images are mapped
totheirowndiseasegroupsonbasisofcolour,morphology,textureandformationofholeonthe
fruit.Thesystemusestwoimagedatabases,oneforexecutionofqueryimagesandthesecondfor
trainingtheexistingdiseaseimages.TheyhaveusedArtificialNeuralNetworkforpatternmatching
andclassificationofdiseases.Deshpandeet al.(2014)proposedaschemetorankthediseaseson
pomegranateplantleavesautomatically.Animageprocessingtechniquetodealwiththeissueofplant
pathologythatisdiseasegradingwasproposedbythem.Themodelworksefficientlytoidentifythe
presenceofbacterialblightdiseaseonpomegranateplant.Imagesegmentationisusedtoobtainany
diseasespotsontheleavesandfruits.Dubeyet al.(2013)suggestedadefectsegmentationoffruits
basedontheircolourfeatureswiththehelpofK-meansclusteringalgorithm.Themethodwascarried
outintwophases.Inthefirstphase,theimagepixelsareclusteredbasedontheircolourandspatial
featuresandthentheclusteredblocksarecombinedtoadefinednumberofregions,andinthesecond
phase,thecomputationalefficiencywasimprovedbyevadingfeatureextractionforeverypixelinthe
image.Revathiet al.(2012)proposedastrategyusingmobilecapturedsymptomsofcottonleafspot
imagesandcategorizethediseasesusingHPCCDDAlgorithm.Theclassifierwastrainedforearly
identificationofdiseasesinthegroves,selectivefungicideapplication,etc.Thisworkusesimage
RGBfeaturerangingtechniquesforidentifyingthediseases.Dantiet al.(2012)suggestedatechnique
fororganizingarecanutintotwoclassesbasingontheircolour.Thismethodusessegmentation,
maskingandclassification.AtfirsttheRGBimageistransformedintoYCBCRcolourspace.Areca
nutcolourspaceismodelledusingthreesigmacontrollimits.Classificationisdonebasedonthe
redandgreencolourcomponents.Resultswerequiteencouragingwiththismethod.Pujariet al.
(2015)proposedamodeltoremotelyexaminethecropforthepresenceofanyprobablediseases
andidentifythematanearliestusingGSMandremotesensing.Theyfocusedonearlydetectionof
fungaldiseasesbasedontheirsymptoms.Vijayalaxmiet al.(2018)suggestedamethodfordetection
ofleafdiseasesinplantsusinganimprovedsparserepresentationclassifier(ISRC)technique.They
hadusedfourparameterslikeclassificationaccuracy,errorrate,precisionandrecallvaluetoanalyze
theperformanceoftheirmethod.Animageprocessingmethodforidentifyingplantlesionfeaturesis
describedbyPetrellis,2015.Thelowcomplexityofthistechniquemakesitcompetentenoughtobe
implementedonmobilephones.Theaccomplishedaccuratenessishigherthan90%asobtainedfrom
theexperimentalresults.Theapproachofdefectsegmentation,featureextraction,andclassification
(Dubeyet al.,2014)isusedfortheidentificationoffruitdiseases.Thismethodusesanimprovedsum
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anddifferencehistogram(ISADH)texturefeaturebasedontheintensityvaluesoftheneighbouring
pixels.Experimentalresultshintedthattheclassificationaccuracyismorethan97%usingISADH
andnearly99.9%inconjunctionwiththegradientfilters.Madgiet al.(2015)presentedamethod
forclassificationofvegetablesbasedonRGBcolourandlocalbinarypattern(LBP)texturefeatures.
Theyused18varietiesofvegetableswithnineleafyandninenon-leafyvegetables.Amulti-layer
neuralnetworkisusedfortheclassification.Theexperimentalresultsshowanoverallclassification
accuracyof93.3%isachievedwithdifferentvegetables.Atechniqueforcolourenrichmentoflow
resolutiondigitalimageswasproposedbyGuptaet al.(2016)andtheybasicallyfocusedonimage
enhancement.Theyusedtheclockalgorithminthisworkwhichisbasedontheoperationofanalogue
clock.Thisalgorithmprovidesbetterresultsasitworksongettinginformationfromuserandalso
fromsurroundingregionofimageunderprocessing.Muhammadet al.(2018)conductedasurveyon
thedetectionandclassificationofdifferentdiseasesthatoccurredontheleavesofcitrusplants.They
studiedonvariousimageprocessing,featureextractionanddeeplearningmethodsimplementedon
thisrealm.Theirsurveyresultshowsthatimplementationofmechanizeddetectionandclassification
methodsfordiseasedetectioninplantsisverymuchinitsearlystages.

Theseinnovativeworkssuggestedbyresearchersweretheinitiativefactorsforustoputourfoot
intherealmofimagesegmentationandthusimplyaneffectivewaywhichcanhelpourfarmersin
identifyingdiseasesinfruits(andcanbeextendedtoplantcrops)easilytherebylimitingtheirwastage
ofproduct,timeandrevenue.Inthisresearch,weareinclinedtowardsworkingonthecluster-based
imagesegmentationapproach.Ourobjectiveistoemployclusteringasameanstoachieveimage
segmentationforidentifyingthepresenceofanyrottenordiseasedportionoffruitswhichgenerally
isnotvisibletothenakedeyes.Inthismethodthepixelspresentinanyfruitimageareexaminedand
anychangeswiththeirintensityaretracked,anddependingupontheuser’srequirementsthosepixels
withsimilarintensityaregroupedintotheirrespectivesegments.Inthiswayonecanidentifythereal
fruitpartsfromtheaffectedones.Thismethodofdiseasedetectioninfruitsisquitestraightforward
andyieldsspecificresults,consequentlylimitingtheirwastage,cultivationtimeandrevenue.

Inthispaper,wehaveevaluatedfewdiversecluster-basedmethodsusedforimagesegmentation
viz.,ImageSegmentationusingK-Means(IS-KM),ImageSegmentationbyFarEnhancedClustering
Algorithm (IS-FECA), Image Segmentation using Modified K-Means (IS-MKM) and Image
Segmentation Using Far Efficient K-Means (IS-FEKM). These are enforced on different input
imagesofcommonlyavailablefruits.Then,experimentationwasconductedtotestthequalityof
outputobtained.Wehavetrackedtheperformancesofthesesegmentationapproachesbyusingsome
performancequalitymeasureslikeSC,NAE,MSE,RMSE,PSNR,andMAEbesides,wehavealso
notedthetimeeachsegmentationalgorithmtakesformeetingtheirconvergence.Themainmottoof
choosingafewperformanceparametersandenforcingthemonnumerousfruitimagesistoobtain
moreaccuratesegmentedimagessothatthepresenceofanydiseasesonthesurfaceofafruitcan
beeasilyandefficientlytrackedascomparedtothetraditionalapproachofdetection.Thereafter,we
havecalculatedtheaccuracyofsuccessfulidentifieddiseasedportionsbyusingJaccardsimilarity
index.Decidingthefinequalityofsegmentedresults,determiningitsaccuracyandmakingadecision
abouttheconvergenceperiodofsegmentationalgorithmsaresomeimportantcausesthatinfluence
theeffectofsegmentation.Hence,wehaveselectedtheseparametersasourprincipalcriteriafor
decision making and limited our current research within this scope, for accurately and clearly
identifyingtheaffectedportionsofthefruitsandtheperiodwithinwhichthedetectionismade.This
researchcouldbefurtherimprovedforclassificationofthedetecteddiseasedportionsofthefruits
intovariousseveritylevels.

1.1 Approach
Thisresearchiscarriedoutinthefollowingmanner:theimagesofvariousfruitsarefirstobtained
byusingadigitalcameraorpossiblybyamobilecamera.Inthiswork,mostofthemwerecaptured
atacloserproximityandsomeofthemarerawimagescollected.Nevertheless,theycanalsobe
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capturedthroughaerialview.Then,theyarethengivenasinputtoacomputerwhichconvertsthem
intoa3-DmatrixconsistingoftheRGBvalueofeachpixelpresentintheimage.Then,cluster-based
imagesegmentationtechniquesareemployedtotheinputmatrix.Thesealgorithmsproducedifferent
segmentsofthefruitimagesfromwhichthedefectedportionscanbetracedoutfromtheactualones.
Since,therearevarietiesoffruitsavailablewhichdifferintheircolour,sizesandappearancesso,
variouscolourgroupsmaybeformulatedlikegrayscale,3-colouredsegment,4-colouredsegments
etc.inordertoeasilyidentifythepossiblepresenceofdiseasesinthemthosearenotrecognizable
bythenakedeyes.Fromtheobtainedsegmentedform,thediseasedpartofthefruitisidentified
bycomparingitwiththediseasedata(colour)forthatfruit.ThisprocessisillustratedinFigure1.

2. PERFoRMANCE MEASURES

Theperformancemeasureisanimportantaspectinimagesegmentation.Thequalityofsegmentation
obtainedbyusingdifferentalgorithmsi.e.formationofwellsegmentedgroups,restrainingofnoisein
thesegmentedimageandobtainingtheresultofsegmentationintheminimumtimeintervalaresome
ofthebasiccausesthatinfluencetheeffectofsegmentation.Thesefactorsdeterminehoweffectively
thediseasesarediscoveredinrawfruitsbyusingsystem-basedtechnologies.Thetechniquesbuildfor
thisreasonshouldeffectivelyconsiderthesematters.Thequalitymeasuredealswithjudgingthese
segmentationconsequences.Now,wediscussinbriefavarietyofqualitymeasuresthatisbeenused
inthisresearchthatinfluencetheresultofsegmentation.

2.1 Structural Content (SC)
SCvalue(Kauret al.,2012)immenselyinfluencestheclassofsegmentedimage.Itapproximates
thesimilarityofconfigurationoftwosignals.Itcomparestheentireweightofanoriginalsignalto
thatofagivenone.SCmeasureisgivenby:
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Figure 1. Basic flow diagram of the method used
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where,in(i, j)istheinputimage,seg(i, j)isthetargetsegmentedimageandm&nareimagematrix
rowsandcolumnsrespectively.

AlesservalueofSCimpliestheimageisofsuperiorqualityandalargervalueindicatesthatthe
segmentedimageobtainedisofpoorquality.

2.2 Root Mean Square Error (RMSE)
RMSE(Poobalet al.,2011)and(Willmottet al.2005)isfrequentlyusedtomeasuretheclassof
segmentedimages.Itfindoutthedifferenceinthevaluesexpectedbyamodelwiththoseactually
presentinthatmodel.Itisequivalenttothequantityofdeviationpresentinthesegmentedimagein
contrasttothatpresentintheinputimage.RMSEisspecifiedby:

RMSE M N x i j y i j
i
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j

N
= ( )− ( )
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1 1

2/ * (( , , )  (2)

AsmallervalueobtainedforRMSEimpliestheimageisofpremiumquality.

2.3 Peak Signal-to-Noise Ratio (PSNR)
PSNR(Poobalet al.,2011)isawidelyusedmeasureforaccessingtheimagequality.Thevitalquality
ofPSNRisthatanegligiblespatialchangeofanimagemayproducealargenumericalalteration
butnovisualdeformation.AsmallvalueofPSNRimpliestheimageisofpoorquality.PSNRis
definedbytheequation:
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where,themaximumintensityofpixelisdenotedbyN.

2.4 Mean Square Error (MSE)
MSEworkswellwhentheimagedeformationiscausedbythepresenceofnoise.Itdeterminesthe
differencebetweenthefilteredimageandthenoisyimage(Rajkumar,et. al,2016).IfMSEvalueis
toolarger,theresultingimageobtainedaftersegmentationisimperfect.MSEisdefinedas:

MSE M N x i j y i j
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where, Misthenumberofpixelspresentinparallel,Nisthenumberofpixelspresentperpendicularly,
x(i, j)isthefilteredandy(i, j)isthenoisyimagerespectively.

2.5 Mean Absolute Error (MAE)
MAEisusuallyengagedinsituationswhereitisnecessarytodetectthepresenceofanydistortion
inimageswhichmayoccurmainlyduetopoorcameraquality,atmospherichazinessetc.MAEis
givenbytheequation:

MAE M N x i j y i j
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AsmallervalueofMAEspecifiesthatimageisofbetterquality.
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2.6 Normalised Absolute Error (NAE)
NAEgivesanideaabouthowfarthedecompressedimageisfromtheoriginalimage.NAEwitha
largervalueindicatespoorqualityoftheimage.NAEcanbecalculatedbysingtheequation:

NAE x i j y i j x i j
i

M

j

N

i

M

j

N
= ( )− ( ) ( )

= = = =∑ ∑ ∑ ∑1 1 1 1
(| ( , , |) / (| ( , |)  (6)

2.7 Jaccard Similarity Measure (JSM)
Jaccardmeasureisusedtoevaluatethesimilaritymeasureforbinarydata.Itabstractlydetermines
apercentageofnumberofobjectstwosetshaveincommonoutofthetotalnumberofobjects.The
JaccardsimilaritymeasureoftwosetsAandBisgivenby:

JSM=(no.ofcommonobjects)/(totalno.ofobjects)i.e.jaccard(A,B)
=|intersection(A,B)| / |union(A,B)| (7)

JSMobtainsanumericscalarorvectorvalueintherangebetween[0,1].Ifthesimilarityvalue
obtainedisclosertowards1,itimpliesthesegmentationoftwoimagesisideallymatched.

3. METHoD

Forthepurposeofthisresearch,weanalyzefewimagesegmentationmethodswhere,wesegregatethe
colourimagepixelsofthefruitfromoneanotherandthusdiscriminatetheportionoffruitwhichmay
haveaffectedfromanydiseasesfromtherestpart.Inthiswayweidentifytheailingpartofafruit.This
severanceisdonebymeansofclustering.Clusteringinimagesegmentationseparatesagiveninput
imageintoseparatecolourgroupssothatthepixelspresentinonegroupsharescommoncharacteristics
tothosepresentinothergroups.Wecaptureddifferentfruitimagesandsegmentittograyscaleand
othercolourgroupsusingdifferentclusteringapproaches.Diversecolourgroupswereframedbecause
fruitsvaryintheircolour,dimension,surfaceandvariety.Detectinganaffectedpartusinggrayscale
inonefruitmaybemoreprecisethanitscolourgroupingswhereas,moreaccurateresultsmaybeseen
withmorethantwocolored-groupformationinanotherfruitthanitsgrayscalesegmentedimage.A
fewvarietiesofcluster-basedimagesegmentationmethodsusedinthispaperarediscussedbelow.

3.1 Method ‒ I
3.1.1 Image Segmentation Using K-Means (IS-KM)
TheK-MeansalgorithmproposedbyJ.MacQueen(1967)isasimplestunsupervisedalgorithmused
foranyclusteringproblems.Ineverypass,eachpixelisconsignedtothenearestpartitionbasedon
somesimilarityconstraint(suchasEuclideandistancemeasure).Theimageisinitiallydecidedtobe
segmentedintoadefinednumberofgroups.Theinitialclustercentersareselectedrandomly.Every
imagepixelpossesstheirownRGBvalues.Everypixelismatchedwiththepreviouslyselectedcluster
centersanditsnearestcenterisrecorded.Thepixel that isnearest toaclustercenterisassigned
tothatcluster.Afterthat,inaclustertheRGBmeanvalueofallpixelsisfoundout.Thismeanis
regardedasthenewclustercenter.Thisisrepeateduntilthepixelsdonotchangetheircorresponding
clusters.TheEuclideandistancemeasureisusedforcalculatingthedistancebetweeneachpixeland
theclustercenterswhichisgivenby:

D x x
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Theprincipalconstraintinthismethodisthat,sincetheinitialcentersarerandomlychosenit
mayhappensometimesthatawronglyselectedinitialcentermayresultinmalicioussegmentation
therebydetectingthewrongportionofthefruitimagewhichmaynotbeaffectedbyanydiseases.

3.2 Method ‒ II
3.2.1 Image Segmentation Using Modified K-Means (IS-MKM)
IS-MKMcaneffectivelydealwiththeconstraintsfacedbyIS-KM.Therandomselectionofcluster
centers canbeavoidedand so-callednearoptimalcenters canbeobtained to someaspect.This
methodcanbesuccessfullyappliedtoimagesegmentationapplicationswheretheimageresolution
isnotsohigh.Insuchcases,thiscanproducegoodsegmentationresultsbothforgrayscaleaswell
ascolourimagepartitioninginlesscomputationtime.Hence,wehaveusedthismethodinourwork
todetectefficientlytherotordiseasedportionsofdifferentkindsoffruits.Thepseudo-codeofthis
methodispresentedbelow:

Pseudo-code: 
       IS-MKM (fruit_img_data, k): 
1.     add fruit_img_data[1] to center[ ] 
       // Record the intensity difference from fruit_img_data[1]  
       to the remaining  pixels present in image matrix 
2.     for every pixel in fruit_img _data:
           add eucldist_dif (fruit_img _data[1], pixel) to inten_dif [ ] 
3.         sort fruit_img _data in ascending order according to inten_dif [ ]
4.         split fruit_img _data into k number of clusters
5.         add mean pixel value of each cluster to center[ ]
6.     return center 
7.     After K number of centers are obtained, run K-Means for 
       cluster formation  
8.     end 

Inthebeginning,theuserdecidesthenumberofsegmentstobeframedfortheinputimageof
thefruit.TheveryinitialpixelpresentintheimagematrixispickedandtheEuclideandistanceis
measuredfromittoallotherpixelspresentintheimagematrix.Thisdistancecalculatedisstoredin
inten_dif [ ]asshowninstep2.Thosedistancesarethensortedinascendingorderoftheirvalues,
aspresentedinstep3.Nowinstep4,wesplitthefruitimagematrixintoKnumberofsegmentsas
initiallydecidedbytheuser.Instep5,thecentersofeachsegmentareupdatedbytakingtheirmean.
AfterKnumbersofcentersareobtained,K-Meansalgorithmisinvokedfortheformationofcluster
andisrepeateduntilconvergenceisreached.

3.3 Method – III
3.3.1 Image Segmentation Using Far Efficient K-Means (IS-FEKM)
KnowingfromtheshortcomingsofK-Means,wesuggestedFEKM(Mishraet al.,2012)forefficiently
selectingtheinitialclustercenters.Thisalgorithmtoodealswithavoidingtherandomselectionofinitialimage
centroidstoachievenearoptimalimageclustercenters.Thecentralideaofthisalgorithmisoutlinedbelow:

Algorithm: 
1. From the fruit image, find two farthest pair of pixels and 
treat them as two initial cluster centers (say d

1
 and d

2
).

2. Assign all pixels nearest to d
1
 to d

1
 cluster. Remove them from 

image matrix. 
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3. Repeat step (2) till cluster segment d
1
 attains a threshold 

value (50% of (N/K)). Recalculate new centroid c
1
 by taking the 

mean of d
1
 .

4. Recur steps (2) and (3) for d
2
 to obtain its centroid c

2
. 

5. For third center choose a pixel d
i
 such that, 

max(min(distance({d
i
, c

1
},{d

i
, c

2
 })))

6. Assign pixels to this cluster till its capacity attains the 
given threshold value. Remove the pixels of this cluster from 
fruit image matrix.  
7. Find mean of d

i
 to obtain its centroid c

i
.

8. Repeat steps (5) to (7) till number of clusters is less than K.
9. After K number of centers are obtained, run K-Means for cluster 
formation

3.4 Method – IV
3.4.1 Image Segmentation by Far Enhanced Clustering Algorithm (IS-FECA)
ThisalgorithmproposedbyMishraet al.,(2018)isanefforttoimprovethesegmentationefficiencyof
FEKM,MKMandK-Meansusedforimagesegmentation.Theideaistoachievebettersegmentation
ofimagepixelssothatitiseasiertoidentifytheportionsoffruitswhichareinfected.Thetechnique
isdiscussedasfollows:

PhaseI-DiscoveringKclustercentersusingFEKM

Initially,Kisgivenbytheuser.PhaseIbeginswithfindingthenearoptimalKsegmentcenters
byusingMethod–III.Thestepsfrom(5)to(7)discussedabovearerepeatedtillnumberofsegments
arelessthanK.Then,secondphaseofthealgorithmisusedtoperformthesegmentationofimage.

PhaseII-Performingthesegmentation

Pseudo-code: 
1.     Initially, each pixel is assigned to its nearby centroids 
2. (a) Frame two matrices Clust_cent[ ][ ] and Dist_matrix[ ][ ].
   (b) for (every pix[i][j] є Fruit_img) {
          Set Clust_cent [i][j] ← num    /* num is cluster index 
          where pix[i][j] was prior allotted)  */
         Set Dist_matrix[i][j] ← distance of pix[i][j]  its nearby cluster
       }   /* for loop ends */
3.  Re-compute centres for all clusters by finding their mean. 
4.  repeat 
    { 
       for (each pix[i][j] є Fruit_img)
       { 
            find distance from pix[i][j] to its center to which it now belongs
             if (distance ≤ stored distance in Dist_matrix[ ][ ])   
             then 
                pix[i][j] remains in its original dispense cluster
             else
                { 
                    for (each center  j)  {
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                      find distance d
j
 between  j and pix[i][j] 

                    } 

                      d min d
m j K j
← { }

≤ ≤1

                      Dist_matrix [i][j] ← d
m

                      Clust_cent [i][j] ← m
                } 
       }          /* for loop ends */
      Recalculate the cluster center. 
    }  until convergence is reached.
5.  end

AfterobtainingtherequiredoptimalpixelcentersfromPhaseI,themethodofsegmentationof
imagebeginsinPhaseII.Instep(2)ofPhaseII,twomatricesClust_cent[ ][ ]andDist_matrix[ ][ 
]areformedtokeepanindexoftheclusternumberanddistancefromtheclustercentreforagiven
pixelrespectively.Instep(4),anassessmentismadewhetherapixelwillremaininitsoriginalcluster
segmentoranewsegment.Thisprocedureisrepeateduntilconvergenceisreached.

Usingalltheseabovediscussedmethodsweareabletogetthesegmentedimagesoftheinput
fruitimage.Thesegmentationcanbeobtainedforpreferredvaluesofinitialdecidedclusternumbers.
ThequalityofsegmentationobtainedforeachvaluesofKarefurtheranalyzed.

4. RESULTS AND DISCUSSIoN

Todemonstrateourmethodwehavecreatedanimagedatasetconsistingofavarietyoffruitimages.
Mostofthoseimageswerecapturedby8MPor13MPmobilecamerasconsideringthefactthat
farmersgenerallyuse themfor thispurposeandalsosomeof these imagesare rawfruit images
collected.Wehavetakensomeofthefruitswhicharealreadyinfectedbydiseases.Knowinglythey
havebeenchosenasinputtomakeanassessmentthatthemethodsselectedforsegmentationefficiently
traceouttheinfectedpartspresentinthefruits.Besidessomeotherfruitimagesareconsideredin
whichthedefectedportionsontheirsurfacesareclearlynotvisibletothenakedeyes.Presenceofa
bunchofvariationsinthecolour,sizeandtexturemakesthefruitdatasetmoresagacious.Different
varietiesoffruitsareconsideredinordertotesttheeffectivenessofthesegmentedresultsobtained.
Further,theimageswereresizedfromtheiroriginalonesandwereconvertedinto(200X200)pixel
resolutionforsensiblecomputationspeed.Totesttheeffectivenessofthealgorithms,experiment
wasconductedconsideringroughlyaboutfifteenvarietiesoffruitsandforeachfruitnolessthanfour
orfiveimageswereconsidered.Experimentwascarriedoutforobtainingdifferentoutputsegments
oftheoriginalfruitimage.However,inthispaper,wehaveshownthesegmentationresultsforgray
scaleandthree-colouredsegmentsonly.

Ifcloselyviewedwithamagnifiedglass,thediseasescanbewitnessedatvarioussurfacesof
thefruitbythepresenceoftinydotlikeformationorexistenceofnegligibledarkspotsonthem.But,
thesefactsareestablishedonceagoodqualitysegmentationresultconfirmsthem.Hence,wehave
usedquiteafewstandardperformancemeasurestotestthequalityofsegmentation.Theperformances
ofthediscussedcluster-basedsegmentationalgorithmsaremeasuredusingSC,RMSE,MSE,MAE,
NAEandPSNRqualitymeasures.

Table1(a)to6(a)representstheperformancemeasureswhichjudgethegrayscalesegmentation
consequences and Table1 (b) to 6(b) verifies the same for three colored segmentation outputs.
Performancemeasuresdeterminetheresemblanceoftwoimagesbyusingaco-relationfunction.
Theydeterminethevariationsofresultsexpectedbyamodelthanthosewhichisreallypresent.This
functionmakesitfeasibletodeterminetheclosenessbetweentwoimageswhichthenakedeyesfail
todiscriminate.Forexample,twoimageswithSCvalues0.5and0.6willappearsimilartonaked
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eyesbutinrealitythesetwoimagesdonotacquirethatmuchofsimilarity.Infact,lowerthesevalues
obtainedusingthesesimilaritymeasures,betteristhesegmentationresult.However,thisisopposite
forPSNRwhichiscalculatedbytakingtheinverseofRMSE,ascanbeseenfromequation(3).
So,alargervalueofPSNRmeanstheobtainedsegmentedresultisofbetterquality.Ifweconsider
Table1(a),SCvaluesarecalculatedfordifferentimagesoffruitsusingdifferentcluster-basedimage
segmentationtechniquesforobtaininggrayscalesegmentationresults.Thesevaluesareobtainedby
usingequation(1)forallalgorithms.Similarcasesforothertablesmentioned.

Researchwasdoneconsideringdifferentvaluesofsegmentsformation,K.KeepingKas2itwas
observedthat,almostallvaluesofSCobtainedforeachinputfruitimagesforIS-FECAaresmaller
ascomparedtothoseobtainedfromIS-KM,IS-MKMandIS-FEKM.ThisfactisalsotruewhenK
wasinitializedto3.ThisimpliesgoodqualitysegmentationforIS-FECA.Table1(a)and(b)shows
thesefacts.Inthesameway,majorityvaluesofRMSEforIS-FECAarelesserincontrasttoother
threesegmentationmethodsforbothK=2and3,asshowninTable2(a)and(b)respectively.That
impliesclearvisibilityofanysortofdiseasescanbediscriminatedfromtheunaffectedportionby
usingIS-FECA.Next,whenPSNRwasconsideredasthenextqualitycheckforimageevaluation,

Table 1a. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using SC (with K=2)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 0.631 0.805 0.612 0.564

pomegranate.jpg 3.790 2.817 1.933 0.682

orange.jpg 3.041 2.394 1.768 0.741

lemon.jpg 1.711 1.967 0.986 0.614

grape.jpg 1.854 0.624 0.781 0.667

banana.jpg 0.838 1.092 0.654 0.699

guava.jpg 2.017 2.303 1.752 1.224

papaya.jpg 0.996 0.875 0.606 0.723

watermelon.jpg 0.772 1.644 1.208 0.905

cucumber.jpg 2.325 2.042 1.670 1.313

Table 1b. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using SC (with K=3)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 1.160 1.501 1.105 1.044

pomegranate.jpg 1.285 1.334 1.187 1.035

orange.jpg 2.049 1.963 1.727 1.092

lemon.jpg 0.613 1.509 1.326 0.804

grape.jpg 3.015 2.752 1.785 1.996

banana.jpg 1.863 1.642 0.954 0.661

guava.jpg 2.736 1.913 1.605 0.913

papaya.jpg 2.024 2.348 1.948 0.892

watermelon.jpg 1.235 0.851 0.909 0.679

cucumber.jpg 0.983 0.602 0.851 0.766
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weobtainedbiggervaluesforIM-FECAthanIM-KM,IM-MKMandIM-FEKMformorethan60%
offruitimageskeepingK=2and3respectively.Table3(a)and(b)revealsthisfact.Consideringfor
bothgrayscaleandthree-coloredsegmentationresultbykeepingK=2and3respectivelywithMSE,
weobtainlessvaluesofIM-FECAforaround70%fruitimages.Thisresultisrelativelyacceptable
forMSE.TheresultscanbeseenfromTable4(a)and(b)inthatorder.Lastbutnottheleast,the
computedvaluesofbothMAEandNAEaresmallerformajorityfruitimageswithIS-FECAforboth
valuesofKas2and3.ThisfactisshowninTable5(a),(b)andTable6(a),(b)respectively.Allthese
factsconfirmthat,almostallvaluesofdisparateperformancequalityparametersshowbetteroutcome
forIS-FECAasperouranticipation.Therefore,thepossibilityofdetectinganykindofdiseaseson
thesurfacesoffruitsusingIS-FECAisbetterthanthetraditionalandothercluster-basedmethods.
But,itsonlydrawbackisit’sslightlylargerconvergencetime.

Allalgorithmswereimplementedusing5thgenerationIntelcorei3processorwithfrequency1.90
Ghz.and4GBRAM.Thecomputationtimeofeachmethodwererecordedforachievingdifferent
segmentationresultsascanbewitnessedfromTable7(a)and(b).Itwasobservedthat,bothIS-KM
andIS-MKMreachtheirstoppingcriteriaslightlyearlyascomparedtoIS-FEKMandIS-FECA

Table 2a. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using RMSE (with K=2)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 5.835 5.701 4.629 4.010

pomegranate.jpg 5.164 3.105 2.575 2.946

orange.jpg 4.842 3.920 3.601 3.136

lemon.jpg 3.102 3.358 2.006 1.579

grape.jpg 3.395 3.193 2.956 2.251

banana.jpg 2.411 2.691 2.144 2.352

guava.jpg 1.907 1.774 1.842 1.830

papaya.jpg 2.624 2.438 2.212 2.021

watermelon.jpg 2.707 3.586 3.952 3.605

cucumber.jpg 4.639 3.271 3.018 2.629

Table 2b. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using RMSE (with K=3)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 5.035 4.881 4.650 3.998

pomegranate.jpg 4.003 4.396 4.211 4.148

orange.jpg 5.568 3.845 3.642 3.060

lemon.jpg 3.919 3.703 3.251 3.410

grape.jpg 4.015 4.206 2.983 2.466

banana.jpg 3.092 2.819 2.405 2.011

guava.jpg 2.641 2.593 2.429 1.904

papaya.jpg 3.014 2.743 2.551 2.124

watermelon.jpg 2.924 1.633 1.219 2.153

cucumber.jpg 4.644 4.027 3.878 3.270
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Table 3a. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using PSNR (with K=2)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 42.431 40.023 44.971 46.812

pomegranate.jpg 39.958 40.414 41.497 44.226

orange.jpg 39.162 36.046 37.441 38.925

lemon.jpg 40.234 42.490 45.523 44.347

grape.jpg 37.911 38.347 38.442 41.524

banana.jpg 41.143 40.032 40.986 42.327

guava.jpg 43.174 43.119 44.591 45.209

papaya.jpg 40.485 43.013 42.147 42.816

watermelon.jpg 33.644 32.370 36.244 35.982

cucumber.jpg 30.565 30.095 30.864 32.112

Table 3b. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using PSNR (with K=3)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 37.819 37.043 40.771 38.166

pomegranate.jpg 43.020 40.932 43.204 45.112

orange.jpg 37.167 37.092 39.841 40.802

lemon.jpg 46.895 44.128 45.782 45.084

grape.jpg 39.870 41.256 42.992 42.011

banana.jpg 40.321 42.287 44.007 44.880

guava.jpg 40.129 40.572 43.016 47.256

papaya.jpg 40.954 46.001 44.202 44.215

watermelon.jpg 38.628 36.017 36.145 37.022

cucumber.jpg 32.456 34.903 35.021 35.935

Table 4a. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using MSE (with K=2)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 10.308 7.621 7.305 5.851

pomegranate.jpg 9.997 9.162 8.566 8.012

orange.jpg 13.078 13.905 10.131 11.009

lemon.jpg 7.290 6.410 6.858 4.120

grape.jpg 10.353 9.751 8.233 7.066

banana.jpg 12.453 10.394 10.151 8.282

guava.jpg 3.018 2.615 3.423 3.094

papaya.jpg 7.137 7.889 6.227 7.230

watermelon.jpg 13.690 13.991 13.010 12.063

cucumber.jpg 9.563 10.124 8.546 6.023
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Table 4b. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using MSE (with K=3)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 16.740 17.141 15.071 14.329

pomegranate.jpg 12.130 12.908 10.739 8.902

orange.jpg 17.546 13.374 12.570 10.495

lemon.jpg 7.571 6.185 5.099 6.042

grape.jpg 6.115 4.172 3.086 3.909

banana.jpg 5.085 7.340 6.986 6.127

guava.jpg 6.870 6.583 5.126 4.024

papaya.jpg 11.112 10.480 8.163 6.404

watermelon.jpg 11.623 12.057 10.239 8.045

cucumber.jpg 12.508 9.996 9.014 7.564

Table 5a. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using MAE (with K=2)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 134.431 131.578 126.803 120.129

pomegranate.jpg 73.567 68.238 70.509 65.896

orange.jpg 127.007 119.142 113.275 110.106

lemon.jpg 61.063 54.926 60.735 58.080

grape.jpg 68.981 68.236 66.768 62.045

banana.jpg 60.629 59.112 57.417 55.692

guava.jpg 49.868 48.458 48.753 47.687

papaya.jpg 53.405 50.211 47.384 44.466

watermelon.jpg 124.614 113.764 106.832 110.193

cucumber.jpg 111.547 105.141 107.715 102.188

Table 5b. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using MAE (with K=3)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 124.554 127.423 124.056 122.112

pomegranate.jpg 80.405 68.832 75.236 71.281

orange.jpg 121.657 105.112 91.409 86.761

lemon.jpg 84.645 93.011 62.002 67.323

grape.jpg 107.631 68.932 66.112 56.392

banana.jpg 88.075 86.810 77.536 65.008

guava.jpg 49.369 33.316 28.212 30.789

papaya.jpg 86.682 78.119 74.173 53.919

watermelon.jpg 112.640 110.034 98.721 97.909

cucumber.jpg 54.623 80.915 68.092 61.364



International Journal of Information System Modeling and Design
Volume 13 • Issue 7

605

Table 6a. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using NAE (with K=2)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 0.974 0.932 0.789 0.813

pomegranate.jpg 1.045 1.709 0.443 0.337

orange.jpg 1.732 0.890 0.924 0.770

lemon.jpg 0.801 0.699 0.682 0.544

grape.jpg 0.532 0.603 0.560 0.491

banana.jpg 1.634 1.429 0.984 0.701

guava.jpg 0.518 0.587 0.429 0.312

papaya.jpg 1.542 0.974 0.730 0.681

watermelon.jpg 0.891 0.778 0.567 0.342

cucumber.jpg 0.812 0.456 0.731 0.602

Table 6b. Analysis of IS-KM, IS-MKM, IS-FEKM and IS-FECA using NAE (with K=3)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 0.989 0.931 0.871 0.671

pomegranate.jpg 0.756 0.599 0.406 0.375

orange.jpg 0.810 0.589 0.498 0.422

lemon.jpg 0.489 0.297 0.505 0.337

grape.jpg 0.883 0.764 0.804 0.799

banana.jpg 0.590 0.554 0.303 0.493

guava.jpg 0.493 0.442 0.397 0.204

papaya.jpg 1.124 0.832 0.608 0.385

watermelon.jpg 0.873 0.986 0.995 0.899

cucumber.jpg 0.778 0.904 0.891 0.808

Table 7a. Running time (in sec.) of IS-KM, IS-MKM, IS-FEKM and IS-FECA (with K=2)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 3.812 4.124 4.311 5.601

pomegranate.jpg 3.005 3.247 4.860 5.826

orange.jpg 4.055 3.671 4.445 5.617

lemon.jpg 2.661 2.324 3.099 3.554

grape.jpg 2.256 2.948 3.938 4.015

banana.jpg 3.915 3.104 2.449 4.634

guava.jpg 3.008 3.631 4.089 4.412

papaya.jpg 2.820 3.664 3.972 4.236

watermelon.jpg 3.426 3.990 4.551 5.023

cucumber.jpg 3.011 2.871 3.556 3.982
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foralmostallimagesoffruitswhicharethelattertwomethodsdrawback.IS-KMexecutesfaster
becausethesegmentcentersareselectedrandomlyhoweverinmostcasesmayproducemalicious
resultsifwrongandhaphazardcentersareselected.However,IS-MKM,IS-FEKMandIS-FECA
takesslightlymoretimeformeetingtheirconvergencebecausetheyefficientlycomputestheirnear
optimalsegmentcentersthenproceedforgroupingofpixelstotherespectivesegments.

Subsequently, we extend our experimentation for finding out the accuracy of the obtained
segmentedfruitimages.TheJaccardsimilaritymeasurewhichisasimplestapproachforfindingthe
solutionisusedforthispurpose.Initially,thedefectedportionsofthefruitsweremarkedmanually
whichgavethegroundtruthforJaccardmeasure.Thepixelspresentinthedefectedmarkedportions
weregroupedintooneclusterandtheremainingpixelsintoanotherclusterconsideringK=2.The
segmentedgrayscaleimagesobtainedbyapplyingdifferentalgorithmsformedthepredictedparameter
forJSM.Oncethesetwosetswereobtained(groundtruthandpredictedvalues),thepercentageof
similaritiesamongthemwerecalculatedbycomparingeachpixelsofgroundtruthsetwiththoseof
predictedset.SimilarprocedurewasfollowedforK=3,4etc.Table8(a)providestheresultsobtained
forevaluating theaccuracyofsimilarityusingJSMforgrayscalesegmentationandTable8 (b)
evaluatesthoseforthree-colouredsegmentation.Asdiscussedearlier,valueofJSMclosertowards
1isgoodandtowards0isbad,wefindthatbaringafewfruitimagesamajorityofvaluesforIS-
FECAarenearerto1ascomparedtoothersegmentationmethods.Thisconfershigherpercentage
ofclusteringaccuracyforIS-FECA.JSMobtainedforIS-KMisnotsatisfactoryformostimages.
Thismaybeoneofitspitfalls.

WhenK=2,wecanobservethegrayscaleimageoftheoriginalonewhereoneclustershows
thenon-infectedpartandtheotheronethedefectpart.AndwithKas3,thedefectedpartisclearly
separatedfromtheoriginalsurfaceandthebackground.Thedefectedportionsaremarkedbothin
theoriginalaswellassegmentedimages.AfewsegmentedresultsoffruitimagesusingIS-FECA
areshowninFigure2(a),(b)and(c).Figure2(a)showstheoriginalfruitimage,2(b)showsthe
segmentationresultwhenK=3and2(c)showsthesegmentationresultwhenK=2.

As mentioned earlier, most fruit images shown in Figure 2 (a) have a clear presence of
defectivenessontheirsurfaces.Theyareknowinglyconsideredasinputinordertoassessthe
efficacyofthesegmentationmethodsintracingthemout.Consequently,experimentationwas
also conductedon the imagesof fruitswhichhave lesser visibility of thedefectiveportions
to the naked eyes. Figure 3 (a) shows few of them. Figure 3 (b) illustrates its three-colored
and (c) its gray scale segmentationusing IS-FECA respectively. It is quite evident from the

Table 7b. Running time (in sec.) of IS-KM, IS-MKM, IS-FEKM and IS-FECA (with K=3)

Fruit Images IS-KM IS-MKM IS-FEKM IS-FECA

apple.jpg 4.031 4.689 5.268 5.917

pomegranate.jpg 4.042 4.316 4.846 5.772

orange.jpg 4.523 4.873 4.904 5.223

lemon.jpg 3.990 3.112 4.002 4.668

grape.jpg 3.428 2.234 3.716 4.347

banana.jpg 4.453 4.720 5.001 5.342

guava.jpg 3.066 3.889 4.356 5.562

papaya.jpg 4.125 4.868 5.442 5.796

watermelon.jpg 4.541 4.924 5.344 5.558

cucumber.jpg 4.257 3.919 4.428 4.862
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segmentationresultsthatthedefectedportionsonthefruitsurfaceshowninFigure3(a)which
wasnotremarkablyvisiblearenowclearlydistinguishablefromtherealonesemphasizingthe
significanceofthesegmentationmethod.

ThesegmentationaccuracywasdeterminedusingJSMforcitrus,guavaandpeachimagesforK=2
and3.TheresultsachievedareshowninTable9(a)and(b)respectively.Thesegmentationaccuracy
ofIS-FECAforthethreeimagesisrelativelyhigher.Thiswasachallengingaspectoftheworkto
discoveranydamagedordiseasedportionsfromthefruitsurfacewhichisnotclearlyapparenttothe
nakedeyes.However,IS-FECAcameupwithabettersolutiontothisdilemma.Besides,IS-FEKM
andIS-MKMarenottoofarbehindconsideringbothsegmentationqualityandaccuracy.

Table 8a. Similarity calculation using Jaccard index for IS-KM, IS-MKM, IS-FEKM and IS-FECA (with K=2)

Fruit Images IS-KM IS-FEKM IS-MKM IS-FECA

apple1 0.619 0.699 0.656 0.718

pomegranate 0.685 0.731 0.772 0.752

orange 0.645 0.654 0.623 0.613

mango1 0.704 0.788 0.801 0.799

apple2 0.682 0.894 0.858 0.905

banana 0.748 0.899 0.832 0.921

mango2 0.807 0.885 0.79 0.867

lemon 0.596 0.668 0.601 0.695

watermelon 0.732 0.855 0.791 0.886

grape 0.459 0.549 0.493 0.582

papaya 0.953 0.917 0.869 0.907

guava 0.744 0.802 0.813 0.844

Table 8b. Similarity calculation using Jaccard index for IS-KM, IS-MKM, IS-FEKM and IS-FECA (with K=3)

Fruit Images IS-KM IS-FEKM IS-MKM IS-FECA

apple1 0.512 0.593 0.559 0.601

pomegranate 0.613 0.682 0.753 0.711

orange 0.497 0.551 0.576 0.595

mango1 0.832 0.896 0.805 0.876

apple2 0.657 0.887 0.852 0.921

banana 0.702 0.922 0.871 0.962

mango2 0.689 0.784 0.722 0.823

lemon 0.508 0.676 0.685 0.716

watermelon 0.727 0.867 0.916 0.879

grape 0.642 0.801 0.714 0.755

papaya 0.783 0.861 0.844 0.918

Guava 0.809 0.815 0.899 0.864
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Figure 2. (a) Original fruit image (b) Segmentation result when K=3 (c) Segmentation result when K=2 using IS-FECA



International Journal of Information System Modeling and Design
Volume 13 • Issue 7

609

5. CoNCLUSIoN

Consideringtoday’srequirementsofeffortlessly, timely,accuratelyandcosteffectivelydetecting
thediseasesinvariousfruits,wecameupwithimagesegmentationapproachforthepurpose.Atthe
outsettheimagesweretakenbymobilecamerasandwerereducedto200x200pixelresolutionsfor
speedingupthecomputation.Differentcluster-basedimagesegmentationtechniqueswereemployed
andanalyzedtoefficientlytracethediseasedefectedregionsindifferentvarietiesoffruits.

Inthispaper,wehaveobservedfourvarietiesofclustering-basedimagesegmentationalgorithms
appliedonnumerousdefectedfruitimages.Theeffectivenessofthesegmentedresultsobtainedwas
evaluatedbyusingfewwellknownperformancequalitymeasureslikeSC,RMSE,PSNR,MSE,MAE
andNAE.WhentheresultsofsegmentationwereanalyzedcomparingIS-KM,IS-MKM,IS-FEKM
andIS-FECAbasedimagesegmentationtechniquesitwasfoundthat,thequalityofsegmentation

Figure 3. (a) Original fruit image (b) Segmentation result when K=3 (c) Segmentation result when K=2 using IS-FECA

Table 9a. JSM for IS-KM, IS-MKM, IS-FEKM and IS-FECA on images of fruits (with K=2)

Fruit Images IS-KM IS-FEKM IS-MKM IS-FECA

citrus 0.728 0.819 0.836 0.817

guava 0.705 0.839 0.844 0.923

peach 0.764 0.879 0.871 0.909

Table 9b. JSM for IS-KM, IS-MKM, IS-FEKM and IS-FECA on images of fruits (with K=3)

Fruit Images IS-KM IS-FEKM IS-MKM IS-FECA

citrus 0.584 0.726 0.698 0.792

guava 0.751 0.812 0.843 0.887

peach 0.806 0.739 0.794 0.863
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obtainedbyIS-FECAisbetterthantheothersusedforthispurpose.Almostallvaluesofquality
measuresusedshowedsatisfactoryoutcomeforIS-FECA.Subsequently,theaccuracyofobtained
segmentationmeasuredbyJaccardsimilarityindexsuggestedthatIS-FECAachievedhigherscale
ofprecisionformajorityfruitimagescomparedtoothertechniquesused.Eventhefruitimageswith
lesservisibilityofdefectedportionsontheirsurfacescannowclearlytracedout.Thesefactsimply
thatIS-FECAimagesegmentationmethodfordetectingdiseasesinfruitsisrobustforthereason
thatitcanpreciselysegmentthedefectedpartspresentinseveralfruitregionfromtheun-defected
parts.However,itsonlylimitationisitsslightlargercomputationtime.Ontheotherhand,IS-KM
executesfastersincethesegmentcentersarechosenrandomlyandnotmuchtimeisspentinthatpart
ofthealgorithm,butinmostcasesthecentersselectedmaynotbeoptimalandresultsinineffective
segmentationoutcome.

Inthiswork,themainfocusrevolvesaroundefficientdetectionofanykindofdiseaseonthe
surfaceofvarietiesoffruits,whichisachievedtoalargeextent.Subsequently,wehaveitinmind
toimprovethemethodstoachievetheresultmuchfasterandalsotodetectthediseasesatdifferent
severitylevels.Wehavefurtherthoughtofexpandingthisworkandutilizeitinotherdomainsof
agricultureandsociety.Thisistoimproveourfarmingandhelpourfarmerstoachievequalitycrops
inasmartway.Inordertogetmoreeffectiveresults,wewillalsolookattheotherprospectofremoval
ofnoisypixelsfromtheclusteredimages.
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