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ABSTRACT

The medical imaging technique showed remarkable improvement in interventional treatment
of computer-aided medical diagnosis system. Image processing techniques are broadly applied
in detection and exploring the abnormalities issues in tumor detection. The early stage of lung
tumordetectionisextremelyimportantinmedicalresearchfield.Theproposedworkusesimage
processing segmentation technique for detection of lung tumor and the support vector classifier
learningtechniqueforpredictingstageoftumor.Afterperformingpreprocessingandsegmentation
thefeaturesareextractedfromregionof lungnodule.Theclassification isperformedondataset
acquiredfromnationalcancerinstitutefortheevaluationoflungcancerdiagnosis.Themulti-class
machinelearningclassificationtechniqueSVM(supportvectormachine)identifiesthetumorstage
oflungdataset.Theproposedmethodologyprovidesclassificationoftumorstagesandimproves
thedecision-makingprocess.Theperformanceisevaluatedbymeasuringtheparametersnamely
accuracy,sensitivity,andspecificity.
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1. INTRodUCTIoN

Lungtumorisaprogressivediseasecontainingabnormalcellsleadingtocancer.Theabnormality
presentdevastatestheproperregularperformanceandfunctioningoflungs.Automaticdiagnosis
systeminmedicalimagininghasincreasedthesurvivalrateoflungpatientsatearlystagefrom20
percentto70percentbasedon5yearssurveysinceitprovidestheappropriateresultsattheright
time.(Gajdhane&Deshpande,2014).Thesurvivalratepredictionisalarmingandthenecessary
factorwhichprovedtohelpinpropertreatmentanddiagnosisoflungcancerpatient(Hawkinset
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al.,2014).Therearetwomajortypesoflungcarcinomabroadlysubdividedintononsmallcelllung
cancerandsmallcelllungcancer.Thenonsmallcelllungcarcinomassubtypesaresquamouscell
carcinoma,adenocarcinomaandlargecellcarcinoma(Patil&Jain,2014).Theprognosisoflung
Tumoristhemostchallengingtaskasthecellsareassembledoneachotherthereforeitisessentialto
determinethefeaturesandstructureofdiagnosedimage(Tiwari,2016).Theautomatedlungnodule
detectiononmedicalimagesinvolvesimageenhancement,imagesegmentationandfeatureextraction
toclassifythestagesoftumorsothatproperplanningoftreatmentcouldbeaccomplishedonlung
cancerpatient(Tariqetal.,2013).Theresearchinthefieldofmedicalimagingisrisingespecially
inmagneticresonanceimagingof lungtumorso thateffective techniquecouldbedevelopedfor
evaluationoftremendousdata.OnthemedicallungMRI(MagneticResonanceImaging)zoomed
image,theforemostmethodimplementedisimagefilteringtoremovedistortionandimprovethe
qualityofimage.Therearenumerouswaystoperformfilteringonimagebyusingmethodssuch
as thresholding, fast Fourier transform, morphological operation, median filter, Gaussian filter
(Dimilileretal.,2017).Themedianfilterisfoundtobeeffectivetechniqueinthispapertoremove
noiseanddistortion(Tun&Khaing,2014).Thereisvariousimagesegmentationalgorithmusedin
medicalimageresearchforanalysisofcancerdetectionandfindingthemeasurementoflungnodule
detection(Norouzietal.,2014).BasedonthepreviousresearchthesegmentationtechniqueonMRI
imageisbroadlyclassifiedinto(a)Thresholding(b)Clustering(c)Region-Growing(d)Edgeand
Lineoriented(e)Regionsplitting(Sharmaetal.,2018).Althoughvariousdistincttechniquesare
proposedbytheresearchersinliteraturestillthevariousmethodologiesareproposedtomeetthe
challengesofsegmentationandprovidingbetteroutcomes.ThispaperincludestheMarkercontrolled
watershedtransform(Kanitkaretal.,2015)algorithmwhichprovidesbetterresultsthanadaptive
Otsu algorithm for detection of abnormalities (Prasad, 2013). The Marker controlled watershed
algorithm(Abdillahetal.,2017)isimprovedtechniqueforobservingthestructureoflungswhereas
theadaptivethresholdingisdynamicmethodtoanalysetheimage.Watershedalgorithmisefficient
imageprocessingtoolbasedonmathematicalmorphologytorecognizeandenvisioncancerpresence
inlungsofpatientasitrelocatesthecanceronpixelswithhighcontrast(Janardhanan&Satishkumar,
2014).Thefeatureextractiononregionofinterestisperformedafterimagesegmentationtoobtain
thegeometricalandintensitybasedmathematicalcharacteristiconMagneticResonanceimaging
using masking and binarization. The features such as Area, Perimeter, Standard deviation and
Centroidprovidethelocationandotheranalysisfeaturesoftumor(Tun&Soe,2014).Theclassifier
systeminmedicalimageresearchdiagnosisprovidestheevaluationofdataofpatientdiseaseand
graduallyprovidingbetterresultstoexperts.SVMhasbecomeprogressivelyprevailingsupervised
learningalgorithmincludingclassification,noveltydetectionandregression(Sweilametal.,2010).
ThedatasetusedfortrainingandtestinginSupportvectormachineisselectedfromcancerinstitute
forresearch.Afinitetrainingsetisformulatedusingpreviouslyknowndecisionparameters.Itis
supervisedlearningapproachwhichenablestheinputandoutputmappingfunctionsfromlabelledand
categorizedtrainingdataset.Onthebasisoftraining,SVMclassifiesthecategories(Low,Medium,
high)ofunknowndataintelligentlyfortestingpurpose(Kauchaetal.,2017).Thepresentedpaper
hasdevelopedthecomputeraideddiagnosisandestablishedthepredictionmodelofSVM(Support
vectormachine)(Xiuhuaetal.,2010)byevaluationofparameterssuchasaccuracy,sensitivityand
specificationusingtrueandfalseprediction.Thisproposedsystemisanintegrateddiagnosticsystem
forlungcancerdetectionandclassifiesthetumorpatientstagesbyconstructingoptimalclassifier
usingSVM(Supportvectormachineclassifier).

2. MATERIAL ANd METHodS

In the proposed system, Lung tumor segmentation is designed using different image processing
techniquetosegmenttheportionwherenodulesarepresent.Thelungdatasetimagesareacquired
fromcancerimagingarchive(CancerImagingArchive,n.d.).Theimagedatasetbelongstodifferent
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partoflungscontainingminutemicroscopicparticles.Thecombinationofoverlappedcellsorparticle
leadstoformationofTumor.TheMagneticResonanceimagingimageshavebeentakeninthisresearch
due tobetter quality and lessdistortion in comparison toX-ray images (Uzelaltinbulat&Ugur,
2017).TheMRIimagesareobtainedfromcancerimagingarchivefortheevaluationoflungcancer
diagnosisatanearlystage.Thepreprocessing,Segmentation,featureextractionandclassificationare
thesimulatedstepsperformedontumordataset.MagneticResonanceimagingprovidesthedetailed
analysisoflivingtissuewhichhelpsindetectingthedeformitiessuchascancerandinjuries(Atkins
&Mackiewich,1998;Dograetal.,2018).

TheMRIzoomedimagesof20patientsaretakenfromcancerimagingarchivetrainingandtesting
themodelusingSupportvectormachine.Thepulmonarynoduleofimagevariesfrombeginning
stagetohigherstage.Theclassificationcategoriesarepredictedasanalysisexperimentalresults.
Thereare14imagesintrainingdatasetand6imagesintestingdataset.

2.1. Preprocessing
Inimageprocessing,smoothingisthetechniquetoprovideclarityofimagebyremovingthenoise
andhighlightingtheimage.Therearebroadlytwocategoriesofimageenhancementprocessthatis
spatialdomainandfrequencydomain.Thesmoothingfilterappliedinthisresearchpaperismedian
filter.Unnikrishnanetal.(2007)statedthattheevaluationismadeonthebasisofmedianofwindow
pixelssurroundingtheobservedpixeltodeterminetheresultofprocessedpixels(Unnikrishnanet
al.,2007).Itislineargaussianfilteringwhoseperformanceiseffectiveforsaltandpeppernoise,
specklenoise(Katiyar&Singh,2017).

2.2. Segmentation
Image segmentation is the process of representing the image for examining the pixels. Image
segmentationistheprocessofpartitioningofimageintonon-overlapping,integralregionswhich
areidenticalinreferencetosomecharacteristics.Therearevariousmethodsforsegmentationwhich
areusedinmedicalimageapplicationsdependingupontheirmodalityandotherfactors(Phametal.,
2000;Vijhetal.,2020).InthispaperMarkercontrolledwatershedtransformsegmentation(Bhargavi
etal.,2015)isimplementedasefficienttechniquefordeterminingthesegmentednoduleregionof
tumorforstageprediction.ImageSegmentationoflungMagneticResonanceimageisdemanding
andchallengingtechniqueforevaluationoflungtumorduetoirregularityinsize,structure,location
andshapeaffectingtheadjustmentofneighbournormaltissues(Menzeetal.,2015).

Thewatershedtransformprocessthetopographicsurfaceandperformscomputationofwater
ridgelinesandcatchmentbasins(Derivauxetal.,2010).Thesegmentationoutcomeisanalysedby
thelocationofwatershedlines.Thisapproachcreatesthewatershedbylabellingthedataimage.It
isbasicallyextractingtheseedindicationandgeneratinggradientusingmarkerlocationtoapply
watershedonimage.Theresultscontainthesetofcontourscoveringtheentireimage.Theadvanced
algorithmisusedinthispaperovercomingtheproblemofoversegmentationbyperformingadditional
markeroperationusingmasking.Thisalgorithmishelpfultolocatetheareawherethereispresence
oftumor.

ThestepsperformedinMarkercontrolledwatershedtransformarefollowing:

1. Calculationofsegmentationfunctionusinggradientmagnitude.
2. Computation of foreground markers performing opening by reconstruction and closing by

reconstruction.
3. Computationofbackgroundmarkersusingthresholdingopeningclosingbyreconstruction.
4. Modificationofsegmentationfunctionsothatthefunctioncontainsonlyminimaatthebackground

markerlocationandforeheadmarkerlocation.
5. Computationofwatershedtransformationbyapplyingitonmodifiedsegmentationfunction.
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2.3. Feature Extraction
Featureextractionisperformedthroughbinarizationandmaskingoftheregion.Therearevarious
featureswhichareconsideredtodeterminetheregionofinterestwheretheparticlesarepresent.
Featureextractionisanimportantstageofalgorithmbecauseitdiscoversvariousgeometricaland
intensityrelatedcharacteristicofparticlessothat treatmentofpatientcouldproceedaccordingly
(Dimilileretal.,2016).Itprovidesdetailedunderstandingofimage.Thefactorscalculatedareshown
inexperimentalresultsandareconsideredasshownbelow:

1. Area:Itprovidestheactualnumberofpixelsinsegmentedregionoftumororwithintheboundary.
Perimeter:Itprovidesthesummationofinterconnectedoutlinesofregionpixelsofbinarizedimage.

Mathematically:
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where{S…Sn}arethesetofboundarypoints.

3. Standard Deviation:ThestandarddeviationofGaussianfactordeterminestheneighbourhood
ofpixelswhereweightedsummationoccurs.

2.4. Support Vector Machine
TheSVMalgorithmisdevelopedbyVapnikandLernerin1963.Supportvectormachineusesthe
Multiclassmodellearningtechniquetodeterminethepredictionofdifferentstagesoflungtumor
patient.SVMisconsideredasthemostsuitabletechniquetoperformefficientlyandaccuratelywith
highdimensionalityfeaturespaces.Thesupportvectorreferredtoassubsetofinformativepoints
isautomaticallyidentifiedbysystem(Ali&Feng,2016;Vijhetal.,2019).SVMprovidesbetter
resultsthanotherclassifierssinceitistwoclassclassifiers.Itisclassifiedintotwogroups(a)Linear
classifier(b)Nonlinearclassifier.InLinearclassifier,thetrainingsamplewhichareconsideredare
linearlyseparablehoweverinnon-linearclassifierthehyperplaneisusedfortheseparabilityofdataset
(Machhaleetal.,2015)(Figure1).

SVMconsidersalinearfunctionhavinghypothesisspaceinhigherdimensionalfeaturespace
whichisinstructedwithalearningtechniquebyemployingalearningbiasoriginatedfromstatistical
learningtheory.SVMconstructsoptimalhyperplaneandminimizestheriskofmisclassificationof
dataset(Dwivedietal.,2014).Therearevariousformsofkernelfunctionsuchaspolynomialkernel
function,LinearorMulti-layerperceptronkernelfunction,Radialbasiskernelfunction.Everykernel
functionformstheirownparameter.SVMisclassificationtoolwhichevaluatesthefinalsummation
withactivationfunctiontoprovidethefinalclassificationresult(Sivakumar&Chandrasekar,2013).
Supportvectormachineisbasedontheideaofhyperplanewhichcanmaximizethemarginbetween
theclasses.TheMRimagesaretrainedsothatmultispectralMRimagescanbeclassifiedandtheir
stagesofnodulecanbedetectedonspecification(Wangetal.,2008).Thethreedifferenttypesof
supportvectorkernelcanbepresentedas:

1. LinearKernelfunctionL(x,z)=x,z;

2. PolynomialKernelfunctionL(x,z)= x z
p

�,� +( )1 representsthedegreeofpolynomial;
3. RBFL(x, ′x =exp(-||x-  ′x |/2µ2 )whereµ ispositiverealnumberandwidthoffunction.

ThestagesarecategorizedinTable1.
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InTable1,thenodulestageisclassifiedinto(a)Low(b)Medium(c)High.Onthebasisof
research,thespecificationisconsideredsuchasforLowthetumorparticleshouldbelessthanand
equalto3cm,formediumthetumorparticleshouldbegreaterthan3cmandlessthanorequalto
7cm,forhighthetumorparticleshouldbegreaterthan7cm.

2.4.1. Steps for Training

Step1.CreatetheTrainingdatabaseforSVMclassifier.
Step2.Computingtheiteratori=1.
Step3.Assumingtheclassoneandclasstwoalgorithm.
Step4.SVMdeterminesthemaximummarginhyperplanetoseparatetheclasses.
Step5.Updatingtheiterator.
Step6.IfconditionsatisfiesthatisifiteratorisgreaterthanN,thanSVMgeneratesthemodelfile

containingallNmaximummarginplane.

2.4.2 Steps for Testing
Step1.CreatethetestingdatabaseforSVMclassifier(Table2).
Step2.Initializeiterator.
Step3.SVMpredictionmodelwillreadtheimageandvalidateitbasedupontrainingtopredictthestage.
Step4.Updatingtheiterator.
Step5.IfconditionsatisfiesthatisifiteratorisgreaterthanM,thenitgeneratesthepredictionanalysis.

Figure 1. Maximum - Margin Hyperplane

Table 1. Stage of lung tumor

Intial Nodule Stage Specification

LOW Lessthanandequalto3cm

MEDIUM Greaterthan3cmandlessthanorequalto7cm

HIGH Greaterthan7cm
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3. PRoPoSEd METHodoLoGy

ThesimulatedflowofproposedalgorithmforlungTumorsegmentationdetectionisshowninFigure
2.ThetechniquesusedarepartofimageprocessingandsoftwareusedisMATLABR2018a.The
proposedmethodologyshownasfollows:

1. ApplytheMedianfilteronMRI(MagneticResonanceimaging)imagetoreducedistortionand
noise.

2. TheMarkercontrolledwatershedtransformsegmentationalgorithmisimplementedtoevaluate
thesegmentedregionofpulmonarynoduletumor.

3. Calculationoffeaturesonregionofinterest.Thefeaturesonbasisofshape,sizeandlocation
areconsideredsuchasarea,perimeter,standarddeviationandcentroid.

4. Formulationoftrainingandtestingdataforsupportvectormachinelearningtask.
5. Formationofdiagnosisrulesforclassification.
6. ClassifyingthePredictedanalysisstage(Low,MediumandHigh)ofpulmonary lungtumor

nodule.

4. EXPERIMENTAL RESULTS

4.1. Simulated Results Analysis
Theanalysisofsimulatedprocessandtheirstepsinobtainingtheresultsarepresented.Thedataset
consistsof20imageswhichareusedforevaluationofnoduleandpredictingtheaccuracy,sensitivity
andspecificity.Dependinguponthesmoothingfilterappliedinthispaperthefollowingresultsare
achievedinfirststageasshowninFigure3.

Table 2. Comparative analysis of related paper

References Segmentation Technique/
Method

Classifier Performance

Adaetal.(2013) Histogramequalization ArtificialNeuralNetwork Accuracy-90.04%

Preethietal.(2016) OTSUthresholding ----- DetectedLungnodule

Asunthaetal.(2016) Edgedetection SupportvectorMachine Accuracy—89.5%

Kuoetal.(2017) Texturefeatureenhancement
method

SupportvectorMachine Accuracy-
70.37%.

Vijaykumaretal.(2017) Markercontrolledwatershed
transform

SupportvectorMachine Accuracy—70%

Kavithaetal.(2018) Thresholding SVM,ANN,KNN Accuracy(%)—95%,
92%,85%
Specificity(%)—88.24,
100.00,76.47

Borzooieetal.(2018) Density-basedclustering
algorithm,DBSCAN

N/A Accuracy—
95.48%

Chiangetal.(2018) CADsystembasedon
3DCNNandprioritized
candidateaggregation

CNN Sensitivity(%)—95%,90%,
85%,80%

IndiraPriyadharsinietal.
(2018)

Regiongrowingtechnique N/A segmentationcorrectness
—
91.2%
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Instep2,thefilteredimageisgivenasinputtoMarkercontrolledwatershedtransformalgorithm
andfollowingexperimentalresultsareachieved.Thestagesofoutcomesachievedinseriesofsteps
areillustratedforthesegmentationtechniqueanditisobservedthatitisprovidingthebetterresults
forconsideredzoomedMRIimagethananyothersegmentationtechnique(Figure4).

Figure 2. Lung tumor detection system using SVM

Figure 3. Filtered image
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Figure 4. Marker controlled watershed transform algorithm results
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4.2. Parameters Calculation
SeeTable3.

4.3. Performance Evaluation
Theproposedsystemconsiders20lungtumorimageswhicharesegmentedtodetectthetumorand
evaluatethedifferentstagesoflungtumorusingsupportvectorclassifier.The14imagesbelong

Table 3. Images with their corresponding values and Analysis results
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totrainednetworkand6imagesbelongtotestingnetworkpurpose.Thepaperhadconsideredarea
parametertoperformtheclassification.Theperformanceevaluationisrepresentedbythefollowing
considerations.Theconfusionmatrixiscomputedonthebasisofwhichthepredictionisillustrated:

1. Accuracyisthetotalnumberofcorrectlyclassifiedstagesoftumordetectionfordiagnosis:

Accuracy=[TP+TN/Total]*100

2. Sensitivityisthemeasureoftruepositivessegmentedimagewhicharecorrectlyclassifiedstage:

Sensitivity=[TP/TP+FN]*100
TP=overallnumberofcorrectlysegmentedimagewhichareclassifiedcorrectly
FN=overallnumberofcorrectlysegmentedimagewhicharenotclassifiedcorrectly

3. Specificityisthemeasureofproportionofactualnegativewhichiscorrectlyidentified:

Specificity=[1-FPR]*100

FPRreferstotalnumberofincorrectsegmentationandclassifiedproperly.
Thetrainingandtestingperformedisonbasisofrandom2/3classificationofimagesoflung

tumorshowingpositiveandnegativeoutcome.Theconfusionmatrixiscomputedforevaluatingthe
differentparameterssuchasaccuracy,sensitivityandspecificity.InpresentedTable4,theaccuracy
ofthesegmentationandpredictionofstageisobtainedusingsupportvectormodelandobtained
as92.86%.Thesensitivityoftheproposedalgorithmandmethodologyis95%andthespecificity
ofthesystemis100%.Theoutcomemakesthisalgorithmefficientandeffectiveforthefutureuse.

5. RESULTS ANd dISCUSSIoN

TheproposedflowprocessofmethodologyisdescribedinFigure2inwhichvarioustechniqueused
arepresented.Figure3andFigure4showsthepreprocessingandsegmentationofimage.Itisobserved
thatimprovedmarker-controlledwatershedsegmentationtechniqueprovidesbettersegmentedregion
oftumorednodule.Table3presentstheextractedfeaturesandtheirresultsanalysis.Theresultanalysis
showsthestagesoftumor.Table4contributestowardstheperformanceevaluationandtheoutcome
ofproposedmethod.Itshowsthataccuracy,sensitivityandspecificityof92.5%,95%and100%is
achievedinproposedsystem.Figure5andFigure6presentsthegraphicalrepresentationofstage
predictionandcodingmatrix.

6. CoNCLUSIoN

Supportvectorclassifierisapowerfultoolforperformingclassificationoflungtumorstageand
determiningthedecision-makingprocess.Theproposedsystemdesignedthecomputeraideddiagnosis

Table 4. Performance evaluation

Estimated Results Number of 
Images

Error Rate Accuracy Sensitivity Specificity

Tumor 20 7.14 92.86% 95% 100%
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forlungtumorsegmentationandclassification.Thestudyrepresentstheearlydetectionoflungtumor,
determinationofstagesoflungtumorandprocessbiopsywouldbesuggestedbythephysicianif
thereisstrongaffirmationorevidenceoflungcancer.Theembeddedmodelofsegmentationand
classificationisachievedinthisstudywithaccuracy,sensitivityof92.86%and95%respectivelyusing
marker-controlledwatershedalgorithmandsupportvectormachine.Thesimulatedsystemprovides
feasible,efficientandaccurateresultsoverothersystem.Infuturewewillbefocusingonimproving
the accuracy by using some other classifier such as artificial neural network and metaheuristic
techniquesandimprovingtheeffectivenessofthesystemfordifferentmodalityoflungtumorimages.

Figure 5. Stage prediction

Figure 6. Coding Matrix
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