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ABSTRACT

Melanomaisaharmfuldiseaseamongalltypesofskincancer.Geneticfactorsandtheexposureof
UVrayscausesmelanomaskinlesions.Earlydiagnosisisimportanttoidentifymalignantmelanomas
toimprovethepatientprognosis.Abiopsyisatraditionalmethodwhichispainfulandinvasivewhen
usedforskincancerdetection.Thismethodrequireslaboratorytestingwhichisnotveryefficientand
time-consumingtodetectskinlesions.Tosolvetheaboveissue,acomputeraideddiagnosis(CAD)
forskinlesiondetectionisneeded.Inthisarticle,wehavedevelopedamobileapplicationwiththe
capabilitiestosegmentskinlesionsindermoscopyimagesusingatriangulationmethodandcategorize
themintomalignantorbengin lesions throughasupervisedmethodwhich isconvolutionneural
network(CNN).Thismobileapplicationwillmaketheskincancerdetectionnon-invasivewhich
doesnotrequireanylaboratorytesting,makingthedetectionlesstimeconsumingandinexpensive
withadetectionaccuracyof81%.
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1. INTRoDUCTIoN

Skinformsthefirstlayerofdefensemechanismagainstdiseasesandinfections,primarilyatprima-
faceprotectionfromUVradiationisensuredbyskin.Ifpropercareisnottakenaftersomeyearthe
skinitselfcanturnintoasourceofadiseases.Mostdangerouskindofskindiseaseisskincancer
andmelanomaisoneofthemwhichaccountsforalmost4%ofallskincancer.Ifmelanomaisnot
identifiedatearlystages,itcangrowdeeperintotheskinandmayspreadacrossotherpartsofthe
bodywhichisdangerousasitisverydifficulttocure(Bafounta,Beauchet,Aegerter,&Saiag,2001).
Figure1showsimagesofskinlesions.

Thediagnosisaccuracyofmelanomastaysbetween75%to84%evenafterbeingexaminedbythe
expertdermatologists.Forincreasingspeedanddiagnosisaccuracythecomputeraideddiagnostics
isrequired(Argenzianoetal.,2003;Garnavi,Aldeen,&Bailey,2012).Someinformationcanbe
extractedusingcomputers,likeasymmetry,texturefeatures,colorvariation,whichcannotbereadily
perceivedusinghumaneyes.Currentlymostusedmethodsforclassificationofskinlesionrelyon
hand-craftedfeatureslikeABCDErule(Nachbar,Stolz,Merkle,&Cognetta,1994),Menziesmethod
(Menzies,2001),3-pointchecklist(Soyeretal.,2004),CASH(Henningetal.,2007)and7-point
checklist(Argenzianoetal.,2011).Personalexperienceiswhatthephysiciansdependsonevaluating
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eachpatient’slesionsovercase-by-casebasisbycaptivatingintopatternsofpatient’slocallesion
incontrasttothatofthewholebody(Gachonetal.,2005).Withoutanytypeofcomputer-based
assistance,theaccuracyofclinicaldiagnosisformelanomalesiondetectionisreportedtobearround
65%to80%(Argenziano&Soyer,2001).Useofdermoscopicimages,picturestakenskinbyaskin
surfacemicroscopy(Kittler,Pehamberger,Wolff,&Binder,2002),canincreasediagnosticaccuracy
oftheskinlesionsbyarround49%(Kawahara,BenTaieb,&Hamarneh,2016).InFigure1,itcanbe
visuallyseenthedifferencesbetweenmelanomaandbenignskinlesions,makingitverydifficultto
distinguishbetweenthetwocases,evenfortrainedmedicalexperts.Forthereasonsdescribedabove,
thephysicianshouldbeprovidedwithanintelligentmedicalimaging-basedskinlesiondiagnosis
systemthatcanassistaphysicianinclassifyingskinlesions.TheMenzies,ABCDRuleandSeven
Point Checklist are one of the few most referred algorithms which may improve the Melanoma
diagnosticsinSkinCancer(Kawahara,BenTaieb,&Hamarneh,2016).Acomputerimagebased
melanomadiagnosisfollowsasequencewhichcontainsthefollowingsteps:1.Scanningtheimage
ofskinlesion,2.SkinLesionsegmentation,3.ExtractionofLesion’sfeatures,4.Segmentationof
SkinLesionand5.Featureclassification(Celebi,Iyatomi,Schaefer,&Stoeck,2009).

Thisresearcharticleisdividedintosevensections;SectionIIgivesanexplainationofdifferent
typesofskinlesion.SectionIIIpresentsthedifferentmelanomadiagnosistechniques.SectionIV
describes thework thathasbeendonerelated toskin lesion imagerecognitionanddetection. In
sectionV,ageneralizedmodelforimproveddetectionandpredictionofskinlesionispresented.In
SectionVI,Themobileimplementationofthedermoscopyimageanalysisispresentedwhichhelps
todetecttheskinlesion.InSectionVII,wehaveshowntheresultsandinSectionVIIIconclusion
ofpaperisdiscussed.

2. TyPE oF SKIN LESIoN

Firststepofanydermoscopicexaminationistodistinguishbetweennon-melanocyticandmelanocytic
lesionsasgiveninFigure2.Thesetwoclassesdiffersincemelanocyticlesionsarisefromaproliferation
ofmelanocyteswhichproduceapigmentcalledmelanin.Bothclassesincludemalignantandbenign
lesions. Neverthless, as melanoma which belongs to melanocytic class is considered the most
problematiclesion,itbecomesacrucialtodifferentiatebetweenthistypeoflesionandtheremaining.
Therearefourformsofnon-melanocyticlesionknownbyseborrheickeratosis,vascularlesions,basal
cellcarcinomaanddermatofibromawhicharecharacterizedbyspecificmorphologicalfeatures.The
mostincidentmalignantneoplasminhumansisbasalcellcarcinoma.Nonetheless,asitsgrowthis
slow,theyaretreatedasharmlesslesions.However,ifappropriatetreatmentisnotcarriedout,they
canproducenumerousstructuraldestructionintissuesleadingtodeath.Theotherthreelesionsare
benignfromwhichdermatofibromaoccurswithmoreregularly,indifferentportionsofthebody,
mainlyextremities.Figure2showsexamplesofNonMelanocyticandMelanocyticlesions.

Ontheotherhand,melanocyticlesionsarealsodistinguishedbetweenthemalignantandbenign
ones.Thecolorationthatoftencharacterizesamalignantmelanomaincludesblackandbrown,but
regionsofblue,redorwhitecanalsoappear.Theconceptofmelanomainsitumentionstoaphase

Figure 1. Skin lesion images
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ofneoplasmwhichispresentonepidermis.Asitisnotinskindermis,thereisnocontinuitywith
vascularplexusanditdoesnothaveapotentialformetastasis.Neviarebenignmelanocyticlesions
whichareclassifiedascongenitalwhenpresentatbirthoracquiredwhengeneticchangesarenottheir
cause.Estimatessuggestthatabout50%ofmelanomasarisefrompre-existingmelanocyticnevi.One
ofthemostimportanttypesisClarknevuasitisconsideredarelevantprecursorofmelanoma.Itis
alsocalleddysplasticoratypicalneviasitsappearanceisdifferentfromtheregularones.Generally,it
islargeandhasirregularborders.Furthermore,thecolorofitisnotuniform,rangingfrompinkcolor
todarkbrowncolor.Oneofthemajorchallengesindermoscopyisthedistinctionbetweenmelanomas
andothermelanocyticlesions.Sometimes,thedetectionofmalignantneoplasmsbydermatologistsis
toughduetothesimilaritiesthatmanymelanomassharewithnevi.Thisfactconstitutesamotivation
todevelopCADsystemstoallowamoreefficentdetectionofthesediseases.

Figure 2. Non-Melanocytic and Melanocytic lesions-example: (1) Benign; (2)Solar; (3) Melanocytic Nevus; (4) Atypical Nevus are 
samples of melanocytic lesions; (5) Seborrhoeic Keratosis; (6) Basal cell carcinoma, (7) Dermatofibroma; (8) Vascular lesions; 
(9) Malonama are examples of non-melanocytic lesions
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3. MELANoMA DIAGNoSIS TECHNIQUES

Melanomaiscausedbycancerouscellgrowthduetodamagedskincellswhosemultiplicationcreates
malignanttumors.Theaforementionedcellscomefrommelanocytes.Intheepidermis,melanocytes
areinitiated,whichistopcoveroftheskinandareresponsibleforproductionofmelanin,apigment
meanttoprotecttheskinfromthenegativeimpactofsunradiation.Themostcommonprocedure
formelanomadiagnosisbeginswithaphysicalexaminationbyadoctor,followedbyanon-invasive
diagnostictechniqueknownasdermoscopy.Dermoscopyentailsthemagnifiedvisualizationofthe
pigmentedlesionwithadevicethatallowsdigitalimaging,suchasacameraoradermatoscope.
Someofthemelanomadiagnosistechniques(seeTable1)are:

1. ABCD-E Rule:Dermatologistsfirstused,ABCDruleforthedetectionoflesiontoassessthe
threatofmalignityofpigmented lesion(Stolz,1994). It takes intoconsiderationparameters
presentinthelesion:asymmetricalshape,irregularborder,diameterandunevennessofitscolor.
Thisrulehasbeenfurthercompletedwiththeinclusionoftheevolutionfactor(ABCDErule).

(A)standsforASYMMETRY:Forthemeasurementoftheasymmetryscoreofthelesion,lesion
isseparateintominoraxisandmajoraxis.Asymmetryisevaluatedforbothaxisregardingcolors,
shapeordermoscopicstructures.2scoreisgivenifthereisasymmetryalongboththeaxis(i.emajor
andminor),itisscored1ifthereisasymmetryalongoneaxis,and0otherwise.

(B)standsforBORDER:Edgescanbeirregular,notched,raggedorblurred.Forthecalculation
oftheborder,lesionisdividedintoeightsectionsandthescoreof1isgiventoasharppattern,8
scorewillbegiven to themaximumirregularborderand0scorewillbegiven to theminimum
irregularborder.

(C)standsforCOLOR:Theskinlesioncolorisgenerallynotalloverthesame,butmayhave
diverseshadesofblackorbrown,occasionallywithpatchesofwhite,blueorred.Forthediagnoses
ofmelanoma,thescoreisincreasedbyoneforeachprevailingcolor(red,darkbrown,lightbrown,
white,blue-greyandblack).Ifwehaveallthecolorsthescoreis6and0fortheminimum.

(D)standsforDIAMETER:Dependinguponthescales,wecanfindtheexactdiameterofthe
skinlesion&ifthediameterisfoundtobegreaterthan6mmthenmostlikelytheyaremalignant
melanoma..

Attheend,theTDScangiveusascorebaseonallfourparameters,whichbasedonthatwe
makeadecision.Ifthescoreislessthan4.75,thenwecansayit’sabenignskinlesion,forTDS
between4.75and5.45,wearesuspicioustomelanomaandiftheTDSisgreaterthan5.45,weare
greatlysuspicioustomelanoma.

Tocalculatefinalscore:
Total Dermoscopy Score TDS A B c D( ) = × + × + × + ×1 3 0 1 0 5 0 5. . . .
(E)standsforEvolution:checktheevolutionandchangingofthemoleinsize,shapeandcolor

duringthetime.

2. Pattern Analysis:Thisalgorithmsalwaystriestoidentifythespecificpatternspresentinskin
lesion,whichmaybelocal(streaks,blotches,pigmentednetwork,hypopigmentation,blue-whitish
veil,regressionstructures,vascularstructures,dots/globules/moles)orglobal(globular,reticular,
cobblestone,parallel,starburst,homogeneous,nonspecific,multicomponent)

3. The 3-Point Checklist:Thismethodisusedtodetectskinlesionusingfeatureslike:asymmetry,
blue-whitestructureandatypicalpigmentnetwork.

4. Texture Analysis:Toanalyseandcategorizetexturefeaturesas“Fine”,“Irregular”or“Rough.”
5. The Menzies method:TheMenziesscaleisusedtoanalysistheskinlesion,itoffersabinary

classificationbasedonnegative(axialasymmetry,colorsymmetry,presenceofonecolor)and
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positivefeatures(discoloration,manycolors,blue-whiteveil,certainpatterns).Melanomawill
bediagnosedifwedon’thaveanyofthesefeaturesetslikeanegativesignoratleastoneof
thepositivesign.Theabsenceofnegativefeaturepairedwithanypositivefeatureimpliesthe
presenceofmelanoma(Menzies,2001).

6. The 7-Point Checklist:Ascorebaseddiagnosticmethodwhichassignsquantitativescoresto
asmallsetofidentifiablefeatureswhichincludesirregulardots/globules,regressionstructures,
irregularblotches, irregular streaks, atypicalvascularpattern, atypicalpigmentnetworkand
blue-whitishveil(Argenzianoetal.,2011).Table1showsdiagnosesofskincancer.

4. LITERATURE REVIEw

Skincancercasesareincreasingrapidly,withannualgrowthofthreetosevenpercent.Itispredicted
thatbytheyear2030morethan12millionpeoplewillbeaffectedfromthisdisease(Iyatomietal.,
2006).Earlydetectionisthemosteffectivetoolforcontrollingthiskindofcancer.TheuseofABCD
ruleistodifferentiatebetweenbenignandmalignantskinlesion.Thismethodevaluatesthecolour,
asymmetry,edgeandsizeoftheskinlesionforthegenerationofadiagnosticreport(Satheesha,
Narayana,&Giriprasad,2012).Themeasurementofgeometriccharacteristicshasledthescientific
communitytoproposeComputer-AidedDiagnosisSystems(CADS)forearlydetectionofskincancer
(Korotkov&Garcia,2012).Fundamentally,anyCADSiscomposedoffourblocks:imageprocessing,
edgedetectionandsegmentation,classificationandfeatureextraction.Thestepofextracting the
geometriccharacteristicsandcolourofthelesionarethebasicrequirementforaccuratediagnosis
ofskinlesion.Severalproposalshavebeenusedformeasuringasymmetryandedgefeatures.These
proposalscanbeclusteredintothreegroups:signalprocessingbasedmethods,fractalapproaches
andmeasurementoftheregionusinggeometricproperties,thefirsttwomethodsareleasteffective

Table 1. Diagnosis of skin cancer

Approaches Features Weight Score Range Creteria of 
Classification

ABCDruleof
demosopy

Asymmetry 1.3           0to2 <4.75=Benign
melanocyticLesion;
4.8-5.45=Suspicious
lesion;
>5..45=Lesion
greatlysuspiciousto
melanoma

Borderirregularity 0.1           0to8

Color 0.5           0to6

Dermoscopic
Structure 0.5           0to5

7-pointchecklist

Irregulardotsand
globules 1           0or1

>=3=melanoma

Regressionpattern 1           0or1

Blotches 1           0or1

Straks 1           0or1

Atypicalvascular
pattern 2           0or1

Atypicalpigment
network 2           0or1

Gray-blueareas 2           0or1
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todescribethepropertiesofasymmetryandborder(Maglogiannis&Doukas,2009).Mostofthe
CADsystemsusedforevaluationanddiagnosisoftheskinlesionarehighlyexpensive.Invarious
researchpapers, theskin lesionsegmentationwasbasedonshape,color, textureand luminance.
Someoftheborderdetectionmethodincludesglobalthresholding,histogramthresholdingandhybrid
thresholding(Liu,Sun,Smith,Smith,&Warr,2012).Inthispaper,theauthorusedtheEuclidean
DistanceTranformationtechniquebydividingtheimputimageintodifferentclinicallysignificant
regionsbasedoncolorandtexturefeatures(Ng,Fung,&Lee,2005).Theauthorappliedanautomated
globalborder-detectionmethod(Ahighperformancetechniquetodetecttheborderofmelanoma
lesions)basedonglobalhistogramthresholdingandcolorspaceanalysis(Garnavietal.,2010).In
afewpapers,thesymmetryfeatureisevaluatedonbehalfofgeometricalmeasurementoftheskin
lesionsuchas:circularityindex,symmetricdistanceetc.Theproposedsystemwasintroducedfor
automaticextractionoflesionareaandtoclassifythemasbenignormalignant(Celebietal.,2007)
thestudystartswiththeprocessofde-noisingandremovingtheunwantedpartssuchashair,prior
tothesegmentationofthelesion.Itwastestedwith141differentimagesof5classesofthediseases
usedforclassificationofextractedfeatures(Maglogiannis&Doukas,2009).Theselectedfeatures
areappliedtoaSVMfortheclassificationofmelanomasasmalignantorbenign(Sumithra,Suhil,
&Guru,2015;Razmjooy,Mousavi,Soleymani,&Khotbesara,2013).Newstudybasedontexture
analysis,theoriginimageisresizedtoafixedscalebeforeitconvertsfromRGBtoagreyscaleimage.
Thentheco-occurrencematrixismappedontheconvertedgrayscaleimagetoexcerptimportant
features.Theextractedfeaturesarebasedoncombinationbetweenmultilayerperceptronclassifier
andgraylevelco-occurrencematrixtoclassifybetweennon-melanomaandmalignantmelanoma
(Sheha,Mabrouk,&Sharawy,2012).Table2reviewsskinimagerecognitiononsmartphones.

5. METHoDoLoGy FoR DERMoSCoPy IMAGE ANALySIS

Mainfocusofthisstudyistocreateareal-timemobile-basedapplicationwhichcandetectskincancer.
Usingtheapplication,amobilephonecouldbeusedasadetectingtooltoanalyseskinlesionsin
apersonanditwillevaluatetheimageandnotifytheuserabouttypeoflesion.Figure3showsthe
proposeddermoscopyimageanalysissystem.

Extractingthecontourofthelesionareaisdonefromtheproposedalgorithmanditisorganised
intwostages:EdgeDetectionandTriangulationmethod(seeFigure4).Edgedetectorisusedtofind
theedgesoflesionandTriangulationmethodisusedfortracingtheshapeofskinlesion.
Step1: Todeterminethecenteroflesion(seeFigure5),firstthedermoscopicimageistransformed
into gray-scaled image using equation: I R G B= × + × + ×0 2989 0 5870 0 1140. . . . Later,
normalizationofIbetween0and1takeplaceanddarkerpixelswith I I

d
≤

 
aretakenout.

Resulting,XandYwhicharecoordinatesofdarkerpixelsandarewrittenasas:
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Table 2. Review of skin image recognition on a smartphone

AUTHOR INVESTIGATION

(Massone,Brunasso,
Campbell,&Soyer,2009)

Proposedstudyintroducesmobileteledermoscopybyoneclickforthediagnosisof
melanoma.Systemlackedmoduleforautomaticimageprocessingandisdependenttotally
onthedermatologist,availabilitytodiagnoseandclassifythedermoscopicimages.Thus,
itisnotregardedasareal-timesystem.

(Wadhawan,Situ,
Lancaster,Yuan,&
Zouridakis,2011)

Proposedmodelworksonaportablelibraryonhandhelddevicesformelanomadetection.
Theauthorusedmostofthetimeinconsumingandcomputationalintensivealgorithmsof
libraryforsegmentationoftheimagesandthereclassification.Thesystemdonotallow
theusertousesmartphonetocaptureimage.

(Ramlakhan&Shang,
2011)

Proposedstudyworksfortheclassificationofskinlesiononmobileautomatedsystem.
Thesystemconsistofthreemaincomponentsthatisimagesegmentation,feature
estimation,andclassification.Thesystemaccomplishanaverageaccuracyof66.7%,
specificityof80.5%andsensitivityof60.7%asshownbyexperimentalresultwhichwas
nothighlyefficient.

(Karargyris,Karargyris,&
Pantelopoulos,2012)

Proposedmodelworksonmonitoringskincancerusingadvancedimage-processing
mobileapplication.Theauthordevelopedanapplicationforpreventionofskindisease
usingamobiledevicewithaverysmalldatabaseconsistingofonly6imagesforbenign
casesand6imagesfordoubtfulcases.

(Doukas,Stagkopoulos,
Kiranoudis,&
Maglogiannis,2012)

Theproposedstudyworksonmobileapplicationwhichisunderdevelopmentthatcould
obtainmolesandrecognizetheminanimageandclassifyitintobenign,nevusand
melanomalesions.77.06%isclassificationaccuracyofsupportvectormachine.

Figure 3. Skin lesion detection proposed model
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Step2:Afterdetermingcenterofskinlesion,thelesionisfirstdividedintoNpartitionsand
edgepointarejoinedtoformtriangle.Ifthegiventriangledoesn’tcoverthelesionareacompletely
thenitisfurtherdividedintoMpartitionsgettheexactshapeofskinlesionasshowninFigure6.
Theasymmetryoflesionshapeisdeterminedusingthemajorandminoraxes.MajorAxisLengthis
thelengthofthelinejoiningcentroidoflesionandconnectingthetwooutermostboundarypoints.

x y x

n

y

n
c c i

n

i i

n

i, ,( ) =











= =∑ ∑1 1 

Where,

n:no.ofpixelsinsidethelesion.

x y
i i
,( ) :coordinatesofthe ith pixeloflesion.

The lengthof the line joining lesionblobcentroidandconnecting the twoclosestboundary
pointsisassumedasminoraxislength.

Asymmetryfeaturesuchasasymmetryindex(AI)andlengtheningindexareusedtocalculate
degreeofsymmetry.

Figure 4. Skin lesion border detection
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AI
A

A
=
∆
*100 

Where,
ΔA:Areavariancebetweentotalimageandlesionarea.
A:AreaofthetotalImage.

Border irregularity is calculated by shape features such as solidity, compactness, thinness ratio,
convexity,circularityindexandvarianceofthedistancefromthepointsofthelesionbordertothe
centroidlocation.CircularityIndex(CRC)givestheshapeuniformityandismeasuredbyequation:

CRC
A

P
=
4
2

π 

Where,

Figure 5. Profile of a malignant skin lesion
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A:Lesionarea.
P:Perimeteroflesion.

Lesioncircularity,valuerangesfrom(0to1).Whentheedgesareuneven,blurred,andBorder
Irregularity B value will approaching to zero, which mean irregularly shape. For checking the
Roundness(R)ofaskinlesion,useRfactor;howmuchtheskinlesionlooklikeacircle.

R
area

perim

L

L

=
( )
4

2

π.


Where,
permi

L
:Perimeteroflesion

area
L  

:Areaoflesion

Step5: Nowwecalculatethediameter(D)oflesion.Theaveragediameterforthelesioncanbe

determinedbyusingtheequation:D A
=

4

π

Figure 6. Skin lesion detection using Triangulation method
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Where𝐴 is the lesion’s area, the diameter should be less than 6 mm for benign lesion and more
than6mmformalignant.

6. IMPLEMENTATIoN oF MoBILE DERMoSCoPy IMAGES ANALySIS

Smartphoneapplicationsmakes lifeeasier forpeoplebycapturingskin lesion, ifdetectedearly
chancesofthecureincreasessignificantly.Theappcheckstheasymmetry,border,color,diameter
andevolutionoflesionandgivesustheresultofhavingthemelanomaornot.Theproposedsystem
Apprequiresonlyinternetconnectionforsendingimageandreceivingresult.Thescreenshotmobile
applicationisshowninFigure7.

1. IMAGEACQUISITION

Acquisitionofimageisthefirstphaseofautomaticmobileskinlesionanalysis.Whenimage
acquiredisnotacceptably,thentheremainingconstituentsofthesystemmaynotbeattainable,orthe
outcomewillnotbereasonable.Forcapturinghighqualityimage,phonecameraisusedalongwith
adermoscope.Figure8.showsimagescapturedusingmobilephonecameraalongwithdermoscope
attached.

2. PRE-PROCESSINGOFIMAGE

Inputimagesenttothesystemisacquiredbyusingamobilecamera.Theimagerequirestobe
pre-processedindemandtoimprovethequalityofimage(imageresizing,contrastandbrightness
adjustment)andremovethenoises.Noisescauseclassificationinaccuracies.Werequireimagepre-
processingbecauseofnumerouscauses: (i)presencesofartifactssuchashairs,skin lines,black
frames,etc,(ii)irregularborders,(iii)lowcontrastbetweensurroundingskinandskinlesion.Thesteps
involvedinpreprocessingaregiveninFigure9.Applyingdifferentfilterssuchasmeanfilter,median
filter,adaptivewienerfilter,adaptivemedianfilter,gaussianfilterforde-noisingfromsaltandpepper
noise,gaussiannoise,specklenoiseandpoissonnoisetogettheenhancedimage.Morphological
operationsorDullrazorsoftwareareusedtoremovehair(seeFigure10).

3. SEGMENTATIONOFLESION

Segmentationoflesionisasecondstepinwhichregionofinterest(ROI)ispartedfrombackground
asshowninFigure11.Takingbothhealthypartaswellaslesionpartforfurtherprocessing,resultin
lessaccurateclassificationresult.Hence,lesionpartisonlyneededforimagesegmentation.There
aremainlyfourkindofsegmentationtechniquesuchasthresholdbase,regionbased,pixelbased
andmodelbasedtechnique.

Otsuthresholdingmethodisusedtoperformlesionsegmentation,whichwillconvert image
intobinaryimage.Morphologicalfilterisappliedtosmooththeedgesasedgesoftheoutputimage
becomeirregularafterotsuthresholdingmethod.Automaticthresholdingandmaskingoperationin
R,GandBplanesisusedtoachievelesionsegmentation.Otsuautomaticthresholdingisfirstapplied
ineachplane,theneachplan’sbinarymaskisobtainedwhicharethenusedtoobtainfinallesion
maskbycombinedthem.3-planemaskingprocedureisusedtoincreaseaccuracyofsegmentation.
Furthersegmentation,edgedetectionisapplied.

4. SKINLESIONFEARUREEXTRACTION
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Figure 7. Screenshot mobile application
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Figure 8. Modern digital dermoscope image

Figure 9. Preprocessing steps
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Itischallengingtodifferentiatemalignantmelanomafrombenignmelanomaastheyarevisible
sameasintheearlystages.Somedistinctivefeaturessuchasirregularstreaks,multiplebrowndots,
bluewhiteveilandmultiplecolorareusedtodifferentiatemalignantmelanomafrombenignmelanoma.
Border,textureandcolorrelatedfeaturesareextracted,afterskinlesionareaiscalculated.Different
featuresextractiontechniques(seeFigure12)areasfollows:

1. Color feature Extraction:Skinlesionhaveavarietyofcolorswhichincludetan,blue,dark
brown,red,blackandlightgray.Melanomaistypicallyregardedbythreeormorecolorsand
evenfiveorsixcolorsarepresentinabout40%ofmelanomas.Weanalyzethecolorvariation
throughfourdifferentchannelsincludinggreen,red,blueandintensity.Intensitychannelfor
eachpixel(𝑥, 𝑦) is defined as:

I x y R x y G x y B x y, , , ,( ) = ( )+ ( )+ ( )2 2 2

Tocomputethecolordatapresentinaskinlesion,4indicatorswillberetrieved:mean,variation,
standarddeviationandskewness.Theseattributeswillbeextractedfromsegmentedlesion
areaoverindividualchannelsofthesixalteredcolorspaces.Colordiffersconsistentlyfrom
thecentertotheedgesfornormalskinlesion.LesionisdistributedintoMnumberofparts
andthenitisdistributedintoNsubparts.TheneverypartwillbelabelledbyaN-component
(everyconstituentistheaverageofpixelvaluesofasubpart)vector.Inthelaststage,color
variationmeasuresmaximumdistancebetweenthevectors.Methodisusedforred,green,blue
andintensitychanneloflesion.4;8;12and16arethevaluesofM;2;4and8arethevalue
ofN.AnimageforproposedtechniqueisshowninFigure13.

Figure 10. (1) Image before Processing (2) Image after Processing

Figure 11. Segmenting skin lesion: (1) Real image, (2) Mask image, (3) detection of biggest blob in input image and (4)Edge 
detection of skin lesion.
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Figure 12. Different feature extraction techniques
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d. S:Skewnessisthemeasureofthedegreeofasymmetryinthedistribution.

Figure 13. Color triangle
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2. Texture Features Extraction:Texturesignifytonaldissimilaritiesinthespatialdomain
anddefinesgeneralpictorialcoarsenessorsmoothnessinimage.Spectral,structuraland
statisticalarethreemainclassesoftextureprocessingalgorithm.Statisticaltexturefeature
is used in classifying malignant and benign tissues. Gray Level Co-occurrence Matrix
(GLCM→ �

,
C
i j

. isaformulation;howfrequentlydiversecombinationsofpixel intensity
valuestakeplaceinanimage.
a. Entropycalculatestheirregularityofdistributionofgreylevel.
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e. Homogeneitydeterminesnearnessofelement’sdistributioninGLCM.
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5. CLASSIFICATION
Finalstepofmobiledermoscopyimagesanalysisisaclassificationoflesionanditdetermines

whetherthegivenlesionisbenignormalignant.VariousclassifierssuchasK-nearestneighbourhood,
discriminantanalysis,decisiontrees,artificialneuralnetworkandsupportvectormachineareused
forclassificationpurpose.Convolutionalneuralnetworks(CNN)isusedasclassifierandtheyfind
specificpatternsthatcanbelocal(withirregularstreaks,pigmentnetwork,inadequatepigmentation,
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blue-whiteveil,globulesorblackdots,vascularstructures,regressionstructures)orglobal(with
globular,reticular,homogenous,cobblestone,parallelmulticomponent,starburst,unspecific).

7. RESULTS

Datasetof350dermoscopicimagesareusedtocalculatetheperformanceofproposedtechnique.
DatasetisacollectionofPH2database,collectedfromtheHospitalofPendreHispano,Matosinhos,
Portugalandotherdifferentmedicalsiteslikehttp://www.dermoscopic.blogspot.comorhttp://www2.
fc.up.pt/addi.Totalnumberofcommonneviimageis130,Atypicalneviimageis120,andMelanoma
imagesis100.Proposedmodelisbaseduponlesionsegmentationandclassificationoflesion.Seven
differentclassesofskindiseaseswereselectedlike:melanoma,melanocyticnevi,benignkeratosis,
dermatofibroma,vascularskinlesion,basalcellcarcinoma,seborrheickeratosis.Somesamplesof
sevendifferentclassesofskinlesionareshowninTable3.

TheColorfeatureandTexturefeaturesetsarebeingusedforits(ConvolutionNeuralNetwork’s)
trainingandtesting.TheperformancemeasuresofCNNlikeAccuracy,SensitivityandSpecificity
wereexaminedtochecktheperformanceofallthesedifferentfeaturesets.

1. Accuracy Number of classified mass

Number of total mass
= =

+TP TTN

TP TN FP FN+ + +
= 81 33. %

2. Sensitivity Number of correct classified malignant mass

Num
=

bber of total malignant masses
=

+
=

TP

TP FN
78 66. %

3. Specificity Number of correct classified benign

Number of t
=

ootal benign masses
=

+
=

TN

TN FP
84%

Intheabovecalculationmethodtheabbreviationofthesameisasfollow:TNstandsfortrue
negative,FNisfalsenegative,TPisTruepositiveandFPisfalsepositive.Performanceofaclassifier
maybecalculatedonbehalfofthenumberoffalsepositivesandTruepositives.

8. CoNCLUSIoN

The techniqueproposedhas limitlesspossibilitieswithaccuracyatparwithexistingalgorithms.
Techniqueproposedhasbeen implementedwith thehelpofapp,analternative to thenaked-eye
analysisperformedbyadermatologist.Efficienyofthealgorithmwillimproveasthenumberof
samplesandhencetrainingsetincrease.Accuracyofproposedtechniquecanbefurtherimproved
withnormalizationoftheintensitiesandinclusionofmorerobhustfeatures.Toimproveaccuracy
andhaveconsistentresultswhileperforminglesiondetection,itisrecommendedthatcomparisonof
segmentationalgorithmsshouldbedoneonthesamesetoflesionimages.Numberoftheclassification
modelsproposedin the literaturestillexhibitsomechallengessuchasunbalancebetweenlesion
imageclasses,thedifficultyindefiningdiscriminatingvisualfeaturesandtheeffectofmultiplicities
ofsomelesionimageclasses.Webelievethatagoodclassificationmodelrequireslessnumberof
featurestodiscriminatebetweenlesioncategories.Inmostofthearticlesandliteratureithasbeen
assumethatmalignantmolesarepigmented.However,manyjournalsreportedtheincrementofnon-
pigmentedskintumoursaswellasclinicallyanddermoscopicfeaturelessmolesbeingmisdiagnosed
duringbothclinicalexaminationanddermoscopyscreening,towhichacarefulapproachisrequired.

Sunlightformsthesourcenutrientsandvitaminsinlargenumberofbeingsandisthecruxformany
synthesisoperations,howeverultravioletradiationfromsunlightiscategorizedasa“fullycarcinogen”
sinceitisbothamutagenandanon-specificdamagingcatalystandhascharacteristicsofbothatumor
initiatorandatumorpromoter.InIndia,skincancerconstitutesasmallbutsignificantproportionof
patientswithapproximately1-2%ofalldiagnosedcancer.Inordertoreducethemortalityratedueto
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Table 3. Few samples of seven different classes of skin lesion

Images Results

1.nv,MelanocyticNevi:0.622804
2.bkl,BenignKeratosis:0.248136
3.df,Dermatofibroma:0.078298
4.vasc,Vascularskinlesion:0.050061
5.mel,Melanoma:0.000400
6.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.000188
7.bcc,BasalCellCarcinoma:0.000113

1.nv,MelanocyticNevi:0.972513
2.mel,Melanoma:0.024583
3.df,Dermatofibroma:0.002865
4.bkl,BenignKeratosis:0.000038
5.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.000001
6.bcc,BasalCellCarcinoma:0.000000
7.vasc,Vascularskinlesion:0.000000

1.bkl,BenignKeratosis:0.902541
2.vasc,Vascularskinlesion:0.037958
3.nv,MelanocyticNevi:0.032072
4.df,Dermatofibroma:0.022653
5.mel,Melanoma:0.003709
6.bcc,BasalCellCarcinoma:0.000965
7.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.000103

1.mel,Melanoma:0.507914
2.bkl,BenignKeratosis:0.343390
3.df,Dermatofibroma:0.099514
4.nv,MelanocyticNevi:0.029063
5.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.017317
6.vasc,Vascularskinlesion:0.001863
7.bcc,BasalCellCarcinoma:0.00093

1.bkl,BenignKeratosis:0.999228
2.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.000722
3.vasc,Vascularskinlesion:0.000049
4.mel,Melanoma:0.000001
5.nv,MelanocyticNevi:0.000000
6.bcc,BasalCellCarcinoma:0.000000
7.df,Dermatofibroma:0.000000

1.bkl,BenignKeratosis:0.988609
2.nv,MelanocyticNevi:0.010655
3.mel,Melanoma:0.000298
4.df,Dermatofibroma:0.000205
5.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.000097
6.vasc,Vascularskinlesion:0.000079
7.bcc,BasalCellCarcinoma:0.000056

1.df,Dermatofibroma:0.998953
2.nv,MelanocyticNevi:0.000583
3.mel,Melanoma:0.000406
4.bkl,BenignKeratosis:0.000046
5.bcc,BasalCellCarcinoma:0.000010
6.vasc,Vascularskinlesion:0.000001
7.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.000001

continued on following page
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skincancerearlydiagnosiscanplayavitalrole.Thisarticlepresentsarealtimemobilephone-aided
melanomaskinlesiondetectionusingtriangulationtechnique, ithascapabilities tosegmentskin
lesionsindermoscopyimagesusingtriangulationmethodforfastersegemetation;categorizationas
differenttypeandlevelsofinfectionisachievedthroughconvolutionneuralnetwork(CNN).Captured
imagetechniqueswillmakenon-invasiveskincancerdetectionanddoesnotrequirelaboratorytesting
whichmakesthissystemlesstimeconsumingandinexpensive.Performanceachievedisatparwith
existingalgorithmswithimprovedtimeconsumption.Accuracy,sensitivityandspecificityachieved
was81.33%,78.66%,and84%,respectively.

Table 4. Confusion matrix

True/Predicted Malignant Benign

Malignant 59 16

Benign 12 63

Images Results

1.bkl,BenignKeratosis:0.946399
2.nv,MelanocyticNevi:0.034633
3.mel,Melanoma:0.017547
4.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.001319
5.vasc,Vascularskinlesion:0.000055
6.df,Dermatofibroma:0.000039
7.bcc,BasalCellCarcinoma:0.000006

1.mel,Melanoma:0.994695
2.nv,MelanocyticNevi:0.004144
3.bkl,BenignKeratosis:0.001128
4.akiec,ActinicKeratoses(SolarKeratoses)orintraepithelialCarcinoma
(Bowen’sdisease):0.000024
5.df,Dermatofibroma:0.000008
6.bcc,BasalCellCarcinoma:0.000000
7.vasc,Vascularskinlesion:0.000000

Table 3. Continued
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