International Journal of Engineering Science Invention
ISSN (Online): 2319 — 6734, ISSN (Print): 2319 — 6726
www.ijesi.org ||Volume 6 Issue 2|| February 2017 || PP. 72-78

Classification and detection of Lung Cancer byusing Machine
Learning &Multinomial Bayesian

Jyostnarani Tripathy®, Satya Sobhan Panigrahi? Satyabrata Dash®
L2passociate Professor, Department of Computer Science Engineering, Gandhi Institute For Technology (GIFT),
Bhubaneswar
® Assistant Professor, Department of Computer Science Engineering, Gandhi Engineering College,
Bhubaneswar

Abstract:ImageProcessingisatechniquetoenhancerawimagesreceivedfromcameras/sensorsplacedonsatellites,sp
aceprobesandaircraftsorpicturestakeninnormaldaytodaylifeforvariousapplications.Varioustechniqueshavebeen
developedinimageprocessingduringthelastfourtofivedecades. Mostofthetechniquesaredevelopedforenhancingima
gesobtainedfromunmannedspacecrafts,spaceprobesandmilitaryreconnaissanceflights.ImageProcessingsystemsa
rebecomingpopularduetoeasyavailabilityofpowerfulpersonnelcomputers,largesizememorydevices,graphicssoftw
areetc.Medicalimagesegmentation&classificationplayanimportantroleinmedicalresearchfield. Thepatient
CTlungimagesareclassifiedintonormalandabnormalcategory.Then,theabnormalimagesaresubjectedtosegmentati
ontoviewthetumorportion.Classificationdependsonthefeaturesextractedfromtheimages.Wemainlyareconcentratin
gonfeatureextractionstagetoyieldbetterclassificationperformance.TexturebasedfeaturessuchasGLCM(GrayLevel
CooccurrenceMatrix)featuresplayanimportantroleinmedicalimageanalysis.Totally12differentstatisticalfeatures
wereextracted.Toselectthediscriminativefeaturesamongthem
weusesequentialforwardselectionalgorithm.Afterwards ~ weprefermultinomial — multivariate  Bayesianforthe
classification stage.Classifier performance willbeanalyses further.Theeffectivenessofthemodifiedweighted
FCMalgorithmintermsofcomputationalrateisimprovedbymodifyingtheclustercenterandmembershipvalue
updatingcriterion.

Objectiveofthispaperisthat

To achievea perfectclassificationbymultivariatemultinomialBayesian

IndexTerms:Histogram  Equalization,Imagesegmentation,featureextraction,neuralnetworkclassifier,fuzzy  c-
means algorithm.

I. Introduction
Theearlydetectionoflungcancerisachallengingproblem,duetothestructureofthecancercells,wheremost
ofthecellsareoverlapped  witheachother.Classificationisvery importantpartofdigitalimageanalysis. Itisa
computational Procedurethatsortimagesintogroupsaccordingtotheirsimilarities. InthispaperHistogram

Equalizationisusedforpreprocessingoftheimagesandfeatureextractionprocessandneuralnetworkclassifierto
checkthe  stateofa  patientinitsearlystagewhetheritisnormalorabnormal. The  manualanalysisofthesputum
samplesistimeconsuming,inaccurateandrequiresintensivetrainedpersontoavoiddiagnostic errors. The
segmentationresultswillbeused as  abaseforaComputerAidedDiagnosis(CAD)  systemforearlydetectionof
lungcancerwhichwillimprovethechancesofsurvivalforthepatient. However,theextremevariationinthegray
levelandtherelativecontrastamongtheimagesmakethesegmentation resultslessaccurate,thusweapplieda
thresholdingtechniqueasa pre-processingstepinallimagestoextractthe nucleiandcytoplasmregions,because
mostofthequantitativeproceduresarebasedonthenuclearfeature..Experimentalanalysisismadewithdatasetto
evaluatetheperformanceofthedifferentclassifiers. Theperformance isbasedonthecorrectandincorrect
classificationoftheclassifier. AllexperimentsareconductedinWEKAdataminingtool.

I1. Procedureoverview

A. ProposedMethodology

Inourproposedmethod,wehavetopreprocessthegiventestimageforreducingnoiseandtoenhancethecontrast.
Afterwards, texturefeatures(GLCM)willbeextractedfromit.Infeatureextractionstage,statistical ~measurements
arecalculatedfromthegraylevelco-occurrencematrixfordifferentdirectionsanddistances.
Amongthevariousfeaturesextracted. Wehavetoselectthedistinctfeaturesthatwillbeutilizedforclassificationpurpose.
FortheselectionoffeaturesSFS(SequentialForwardSelection)isused.KernelisedBayesianisusedtoclassifywhetherth
etestimagecomesundernormalandabnormal.

WWW.ijesi.org 72 | Page



Classification anddetection of Lung Cancer byusing Machine Learning &Multinomial Bayesian

B.SystemArchitecture
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C.SystemRequirements

1. HardwareSpecification
JTPentiumIV- 2.7GHz
11GBDDRRAM
1250GbHardDisk

2. SoftwareSpecification

" Operatingsystem:Windows7

TLanguage :Matlab
JVersion 7.9

111 System Processing
ContrastEnhancement

* CLAHE-ContrastLimitedAdaptiveHistogramEqualization.
» CLAHEdiffersfromordinaryadaptivehistogramequalization(AHE)initscontrastlimiting.
*Thecontrastlimitingprocedurehastobeappliedforeachneighborhoodfromwhichatransformationfunctionis derived.
*Thecontrastamplificationinthevicinityofagivenpixelvalueisgivenbytheslopeofthetransformationfunction,whichis
Proportional totheslopeoftheCDFandthereforetothevalueofthehistogramatthatpixel value.
» CLAHElimitstheamplificationbyclippingthe histogramata predefinedvaluebeforecomputingthe CDF.
*ThislimitstheslopeoftheCDFandthereforeofthetransformationfunction. Thevalueatwhichthehistogramisclipped,te
so-calledcliplimit,dependsonthenormalizationofthehistogramandtherebyonthesizeofthe neighborhoodregion.
WhileperformingAHEiftheregionbeingprocessedhasarelativelysmallintensityrangethenthenoiseinthat
regiongetsmoreenhanced. Itcanalsocausesomekindofartifactstoappearonthoseregions. Tolimittheappearanceofsuch
artifactsandnoise,amodificationof AHEcalledContrastLimited AHEcanbeused. Theamountofcontrastenhancementf
orsomeintensityisdirectlyproportionaltotheslopeoftheCDFfunctionatthatintensitylevel. Hencecontrastenhancemen
tcanbelimitedbylimitingthe slopeofthe CDF.TheslopeofCDFat abinlocationisdetermined
bytheheightofthehistogram forthatbin.Thereforeifwelimittheheightofthe histogramtoa certainlevelwecanlimitthe
slopeoftheCDFandhencetheamountofcontrastenhancement. TheonlydifferencebetweenregularAHEandCLAHEist
hatthereisoneextrasteptoclipthehistogrambeforethecomputationofitsCDFasthemappingfunctionisperformed.Henc
eCLAHEisimplementedinthesamefunctiontiledAHEinahe.cpp.Theprogram”AHE"takesanadditionaloptionalpara
meterwhichspecifiesthelevelatwhichtoclipthehistogram.Bydefaultnoclippingisperformed.Validvaluesforclippingf
allintherange from1 tol/bins.
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Followingistheoverviewofthealgorithmforthisfunction:

1. Calculateagridsizebasedonthemaximumdimensionoftheimage. Theminimumagridsizeis32pixelssquare.

2. Ifa windowsizeisnotspecifiedchosethe gridsizeasthedefaultwindowsize.

3. Identifygridpointsontheimage,startingfromtop-leftcorner.Eachgridpointisseparatedbygridsizepixels.

4. Foreachgridpointcalculatethehistogramoftheregionaroundit,havingareaequaltowindowsizeand centeredatthe
gridpoint.
5.Ifaclippinglevelisspecifiedclipthehistogramcomputedabovetothatlevelandthenusesthenewhistogramtocalculatet
he CDF.

6. Aftercalculatingthemappingsforeachgridpoint,repeatsteps6 to8 foreachpixelintheinputimage.

7. Foreachpixelfindthefourclosestneighboringgridpointsthatsurroundthatpixel.

8. Usingtheintensityvalueofthepixelasanindex, finditsmappingatthefourgridpointsbasedontheircdfs.

9. Interpolateamongthese valuestogetthemappingatthecurrentpixellocation.Map thisintensitytotherange
[min:max)andputitintheoutputimage.

IV. Feature Extraction

Agraylevelco-occurrencematrix(GLCM)containsinformationaboutthepositionsofpixelshavingsimilar
graylevel values.Aco-occurrencematrixisatwo-dimensionalarray,P,inwhichboththerows andthecolumns represent
asetofpossibleimagevalues. AGLCMPA[i,j]isdefinedbyfirstspecifyingadisplacementvector
d=(dx,dy)andcountingallpairsofpixelsseparatedbyd havinggraylevelsiandj. TheGLCMisdefinedby:
—wherenij isthe numberofoccurrencesofthepixel values(i,j)lyingatdistanced intheimage.
—Theco-occurrencematrixPd hasdimensionnx n, wherenisthe numberofgraylevelsintheimage.
Fromtheco-occurrencematrixobtained,we havetoextractthe21differentstatisticalfeatures.
Agraylevelco-occurrencematrix(GLCM)containsinformationaboutthepositionsofpixelshavingsimilar
graylevelvalues.
*Acooccurrencematrixisatwodimensionalarray,P,inwhichboththerowsandthecolumnsrepresentasetofpossibleimag
evalues.
+AGLCMPd[i,jlisdefinedbyfirstspecifyingadisplacementvectord=(dx,dy)andcountingallpairsofpixelsseparatedby
d havinggraylevelsiand;.
» TheGLCMisdefinedby:
—wherenij isthe numberofoccurrencesofthepixel values(i,j)lyingatdistanced intheimage.
—Theco-occurrencematrixPd hasdimensionnx n, wherenisthe numberofgraylevelsintheimage.
Forexample,ifd=(1,1)
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Therearel6pairsofpixelsintheimagewhichsatisfythisspatialseparation.Sincethereareonlythreegraylevels, P [i,j]isa
3x3matrix.

Algorithm:
«Countallpairsofpixelsinwhichthefirstpixelhasa valuei, anditsmatchingpairdisplacedfromthefirst
pixelbyd hasa valueofj.

-Thiscountisenteredintheithrowandjthcolumnofthematride[i,j]

*NotethatPd [i,jlisnotsymmetric,sincethe numberofpairsofpixelshavinggraylevels[i,jjdoesnot necessarilyequalthe
numberofpixelpairshavinggraylevels[j,i].

V. Feature Selection
Automaticfeatureselectionisanoptimizationtechniquethat,givenasetoffeatures,attemptsto
selectasubsetofsizethatleadstothemaximizationofsomecriterionfunction.Featureselectionalgorithmsareimportantt
orecognitionandclassificationsystemsbecause,ifafeaturespacewithalargedimensionisused,theperformanceof
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theclassifierwilldecreasewithrespecttoexecutiontimeandtorecognitionrate. Theexecutiontimeincreaseswith the
numberoffeaturesbecauseofthemeasurementcost. Therecognitionratecandecreasebecauseofredundantfeaturesando
fthefactthatsmallnumberoffeaturescanalleviatethecourseofdimensionalitywhenthetrainingsamplessetislimited, lea

dingtoovertraining.Ontheotherhand,areductioninthenumberoffeaturesmayleadtoalossinthediscriminationpoweran
dtherebylowertheaccuracyoftherecognitionsystem.Inordertodeterminethebestfeaturesubsetforsomecriterion,some
automaticfeatureselectionalgorithmcanbeappliedtothecompletefeaturespace,varyingthenumberofselectedfeatures

fromlto m.

V1. Classification Bymultinomialmultivariatebayesian References
A. MedicallmageClassification
ClassificationProcess
1)Training/ClusteringStage:theprocessofdefiningcriteriabywhichpatternsarerecognized,developinga
numericaldescriptionforeachclass
2)ClassificationStage:eachpixelintheimagedatasetiscategorizedintotheclassitmostcloselyresemblesbasedonamath
ematicaldecisionrule
3)OutputStage:resultsarepresentedina varietyofforms(tables,graphics,etc.)

B. Supervisedvs.UnsupervisedApproaches
“Supervised-imageanalyst"supervises"theselectionofimage-regionsthatrepresentpatterns/featuresthatthe
analystcanrecognize:PriorDecision

" Unsupervised-statistical"clustering"algorithmsusedtoclusterthepixels,more

. Computer-automated:PosteriorDecision.

C. MachineLearningandClassification
MachineLearningisafieldofstudythatgivescomputerstheabilitytolearnwithoutbeingexplicitlyprogrammed.Givenat
rainingset,wefeeditintoalearningalgorithm(likeSVM, ArtificialNeuralNetwork,LogisticRegression,LinearRegressi
onetc). Thelearningalgorithmthenoutputsafunction,whichforhistorical
reasonsiscalledthehypothesis.Basicallythehypothesis’jobistotakeanewinputandgiveoutanestimatedoutputorclass.
Theparametersthatdefinethehypothesisarewhatare*“learned”’byusingthetrainingset.
Afterthefeaturesethasbeencomputed foreachpixel,itwillbeusedbyaclassifiertodecidewhethereachpixel representsa
tumorpixeloranormalpixel. Theclassificationstagehastwocomponents,atrainingphaseandatestingphase. Inthetrainin
gphase,pixelfeaturesandtheircorrespondingmanuallabelsrepresenttheinput,andtheoutputisamodelthatusesthefeatu
restopredictthecorrespondinglabel. T histrainingphaseneedstobedoneonlyonce,sincethemodelcanthenbeusedtoclas
sifynewdata. T heinputtothetestingphaseisalearnedmodelandpixelfeatureswithoutcorrespondingclasses,andtheoutp
utofthetestingphaseisthepredictedclassesforthepixelsbasedontheirfeatures. AvarietyofclassifiersincludingkNN,De
cisionTrees,MaximumLikelihood,NeuralNetworks,EnsembleMethods,SupportVectorMachines,andMarkovRand
omFields. Formostclassifiers,assigningclassesbasedonamodeliscomputationallyefficient,whileinitiallylearningthe
modelcanbecomputationallyintensive.Subsampling(usingasubsetofthefulltrainingdata)isonemethodtoeasethecom
putationalcostsofthetraining phase,ifthetimeneededtolearnthemodelisprohibitivelylarge.  Althoughrandomsub-
samplingcanbeused,spatialinformationcanbeusedtoproduceamorestrategicsubsamplingthatwillnotdegradethequali
tyofthelearnedmodeltothesameextentasrandomsubsampling. Anobviousnonrandomsubsamplingstrategythatusess
patialinformationistosubsampleproportionallytothepixel’spriorprobabilitiesofbeingpartofthebrainmask,sincefew
pixelsoutsidethebrainwillbeneededin training(assumingthata brainmaskpriorprobabilityisused).Nonrandomsub-
samplingusingspatialinformationcouldalsobeusedtosubsamplenormalareasthathavelargedistancesfromtumorpixel
s,sincetheseshouldexhibitfairlytypicalbehaviorandwilllikelynothelpsignificantlyinlearningamodelthatappropriatel
yclassifiesambiguousinstances."Thesupportvectormachine(SVM)isauniversalconstructivelearningprocedurebasd
onthestatisticallearningtheorydevelopedbyVapnik,1995.“CherkasskyandMulier(1998).ClassificationwithSupport
VectorMachines(SVM)hasrecentlybeenexploredbytwogroupsforthetaskofbraintumorsegmentationandrepresenta
moreappealingapproachthanANNmodelsforthetaskofbinaryclassificationsincetheyhavemorerobust(theoreticalan
dempirical)generalizationproperties,achieveagloballyoptimalsolution,andalsoallowthemodelingofnonlineardepen
denciesinthefeatures.AsforMRbrainimageclassification, itistypicallysolvedbystandardpatternrecognitionmethods,
withstepsoffeatureextraction,featuredimensionalityreduction,andfeaturebasedclassification. Amongthesethreestep
s,featureextractionisacrucialstep.Onceeffectivefeatureshavebeenextracted, featuredimensionalityreductionandfeat
urebasedclassificationcanbestraightforwardlycompletedbyusingsuitablemethodsdevelopedinmachinelearningarea
.Forexample,forfeaturedimensionalityreduction,PrincipalComponentAnalysis(PCA)andfeatureselectiontechniqu
escanbeused,whereasforclassification,thesupportvectormachine(SVM)based
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classifierorthelineardiscriminationanalysismethodcanbeapplied.Aimofclassificationistogroupitemsthat
havesimilarfeaturevaluesintogroups.Classifierachievesthisbymakinga classificationdecisionbasedonthe
valueofthelinearcombinationofthefeatures.

D. MultinomialBayesianClassification:
Itisagenerative(modelbased)approach,whichoffersausefulconceptualframeworkforGlaucomaimages.Anykindofab
normalitiescanbeclassified,basedonaprobabilisticmodelspecificationFeaturesthat
describedatainstancesareconditionallyindependentgiventheclassificationhypothesis.Multivariatemultinomialdistri
butionfordiscretedatathatfitassumeseachindividualfeaturefollowsamultinomialmodelwithinaclass. Theparameters
forafeatureincludetheprobabilitiesofallpossiblevaluesthatthecorresponding featurecan take.
BaysRuleisstatedasfollows, P (h/d)= P (d/h)P (h)/P (d) UnderstandingBaye’srule

d=data

h= hypothesis(model)

-rearranging

P (h/d)P (d)= P (d/h)P (h) P (d, h)=P (d, h)

Thesamejointprobabilityonbothsides.

VII. PERFORMANCE ANALYSIS
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VIIl. Future Enhancement
Infutureweaimtoreducethetimetakenforfeatureextractionofalldatasetimages. Thetrainingtimewillbereducedbyshari
ngtheworkamongdifferentlocalprocessors.Parallelcomputinghasbeenappliedusingmultiplecomputationalresource
sforfeatureextractionstage.Parallelcomputingalsoreducesthememoryconsumptionbyusingacommonsharedmemor
y.Workissharedamongdifferentworkers. Thenumberofworkersthataregoingtosharethatworkforaparticulartaskisbas
edonthenumberofsamples. Thesingleprogrammultipledataconstructallowsseamlessinterleavingofserialandparallel
programming. Itletsusdefineablockofcodetorunsimultaneouslyonmultiplelabs. Thissharedmechanismwilldefinitely
reduceexecutiontimeforfeature extractioncodingpart.

IX. Conclusion
TheworkinthisresearchinvolvesusingkernelisedBayesiantoclassifytheinputwhichisCTlungimageintonormalandab
normalconditions.Weintendtoprovethatthiskenneltechniquewillhelptogetmoreaccurateresult. Thuswehaveachieve
dhighaccuracy.
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