
AProject/DissertationReview-2Report

on

BRAINTUMORDETECTIONUSING(CNN)

Submittedinpartialfulfillmentofthe

requirementfortheawardofthe

degreeof

BACHELOROFTECHNOLOGY

UnderTheSupervision:
Damodharan.D

SubmittedBy
GROUPNO-BT3462
Salonikumari

SCHOOLOFCOMPUTINGSCIENCEANDENGINEERING
DEPARTMENTOFCOMPUTERSCIENCEANDENGINEERING

GALGOTIASUNIVERSITY,GREATERNOIDA
INDIA

December,2021



SCHOOLOFCOMPUTINGSCIENCEANDENGINEERING
GALGOTIASUNIVERSITY,GREATERNOIDA

CANDIDATE’SDECLARATION

I/Weherebycertifythattheworkwhichisbeingpresentedinthethesis/project/dissertation,entitled

“CAPS….”inpartialfulfillmentoftherequirementsfortheawardoftheNameofDegreesubmittedin

theSchoolofComputingScienceandEngineeringofGalgotiasUniversity,GreaterNoida,isanoriginal

workcarriedoutduringtheperiodofmonth,YeartoMonthandYear,underthesupervisionofName…

Designation,Department of Computer Science and Engineering/Computer Application and

InformationandScience,ofSchoolofComputingScienceandEngineering,GalgotiasUniversity,

GreaterNoida

Thematterpresentedinthethesis/project/dissertationhasnotbeensubmittedbyme/usforthe

awardofanyotherdegreeofthisoranyotherplaces.

Thisistocertifythattheabovestatementmadebythecandidatesiscorrect

tothebestofmyknowledge.

SupervisorName
Designation

CERTIFICATE

TheFinalThesis/Project/DissertationViva-VoceexaminationofName:AdmissionNohasbeenheld

on_________________andhis/herworkisrecommendedfortheawardofNameofDegree.

SignatureofExaminer(s) SignatureofSupervisor(s)

SignatureofProjectCoordinator SignatureofDean

Date: November,2013
Place:GreaterNoida



TABLEOFCONTENT

Title Page

No.

Abstract I

ListofTable II

ListofFigures III

Chapter1 Introduction 1

1.1 Introduction 2

1.2 FormulationofProblem 3

1.2.1 ToolandTechnologyUsed

Chapter2 LiteratureSurvey/ProjectDesign 5

Chapter3 UMLDiagram
DataFlowDiagram



Abstract

Thebraintumors,arethemostcommonandaggressivedisease,leading
toaveryshortlifeexpectancyintheirhighestgrade.Braintumorisoneof
themostdangerousdiseaseswhichrequireearlyandaccuratelydetection
methods.
Thus,treatmentplanningisakeystagetoimprovethequalityoflifeof
patients. Generally, various image techniques such as computed
tomography(CT),MagneticResonanceImaging(MRI)andultrasoundimage
areusedtoevaluatethetumorinabrain,lung,liver,breast,prostate…etc.
Especially,inthisworkMRIimagesareusedtodiagnosetumorinthe
brain.Braintumors,eithermalignantorbenign,thatoriginateinthecellsof
thebrain.Theconventionalmethodofdetectionandclassificationofbrain
tumorisbyhumaninspectionwiththeuseofmedicalresonantbrain
images.Butitis impracticalwhen large amounts ofdata is to be
diagnosed and to be reproducible.And also the operatorassisted
classification leads to false predictions and may also lead to false
diagnose.Medicalresonanceimagescontainanosecausedbyoperator
performancewhichcanleadtoseriousinaccuraciesclassification.Inthis
work we used Brain tumor Detection Using ConvolutionalNeural
Network(CNN).



Introduction

1.1 Overview
Medicalimaging techniquesareusedto imagetheinnerportionsofa
humanbodyformedicaldiagnosis.Andmedicalimageclassificationisone
ofthemostchallenging&affluenttopicsinthefieldofImageProcessing.
Medicalimageclassificationproblems,tumordetection,ordetectionof
Canceristhemostprominentone.Thestatisticsaboutthedeathratefrom
braintumorssuggestthatitisoneofthemostalarmingandcriticalcancer
typesintheHumanbody.AspertheInternationalAgencyofResearchon
Cancer(IARC),morethan1,000,000peoplearediagnosedwithbraintumors
peryeararoundtheworld,withanever-increasingfatalityrate.Itisthe
secondmostfatalcauseofdeathrelatedtocancerinchildrenandadults
youngerthan34years.
Inrecenttimes,physiciansarefollowingadvancedmethodstoidentifythe
tumorwhichismorepainfulforthepatients.Toanalyzetheabnormalitiesin
differentpartsofthebody,CT (ComputedTomography)scanandMRI
(MedicalReasoning Imaging)are two convenientmethods.MRI-based
medicalimageanalysisforbraintumorstudieshasbeengainingattentionin
recenttimesduetoanincreasedneedforefficientandobjectiveevaluation
oflargeamountsofmedicaldata.Analysisofthisdiverserangeofimage
typesrequiressophisticatedcomputerizedquantificationandvisualization
tools.So,automaticbraintumordetectionfrom MRIimageswillplaya
crucialroleinthiscasebyalleviatingtheneedformanualprocessingof
hugeamountsofdata.

1.2 BrainTumor
Abraintumorisamassorgrowthofabnormalcellsinyourbrain.Many

differenttypesofbraintumorsexist.Somebraintumorsarenoncancerous

(benign),andsomebraintumorsarecancerous(malignant).Braintumors

canbegininyourbrain(primarybraintumors),orcancercanbegininother

partsofyourbodyandspreadtoyourbrainassecondary(metastatic)brain

tumors.Howquicklyabraintumorgrowscanvarygreatly.Thegrowthrate,

aswellasthelocationofabraintumor,determineshow itwillaffectthe

functionofyournervoussystem.Braintumortreatmentoptionsdependon

thetypeofbraintumoryouhave,aswellasitssizeandlocation.

1.3 ClassificationofBrainTumor



Therearetwotypesofbraintumor.OneisBenignTumorcharacterizedas

non-cancerousandtheotheroneisaMalignantTumor-alsoknownas

CancerousTumor.

1.3.1 BenignTumor

Benignbraintumorsareusuallydefinedasagroupofsimilarcellsthatdo

notfollow normalcelldivisionandgrowth,thusdevelopingintoamassof

cellsthatmicroscopicallydo nothavethecharacteristicappearanceof

cancer.Thesearethepropertiesofabenigntumor:

•MostbenigntumorsarefoundbyCTorMRIbrainscans.

•Growsslowly,doesnotinvadesurroundingtissuesorspreadtoother

organs,andoftenhasaborderoredgethatcanbeseenonCTscans.

•Itcanbelife-threateningbecausetheycancompressbraintissuesand

otherstructuresinsidetheskull,sotheterm ‘benign’canbemisleading.

1.3.2 MalignantTumor

Malignantbraintumorscontaincancercellsandoftendonothaveclear

borders.Theyare considered to be life-threatening because theygrow

rapidlyandinvadesurroundingbraintissues.Thesearethepropertiesofa

malignanttumor:

•Fast-growingcancerthatspreadstootherareasofthebrainandspine.

•Amalignantbraintumoriseithergraded3or4,whereasgrade1or2

tumorsareusuallyclassifiedasbenignornon-cancerous.

•Generallythesearemoreseriousandoftenmorefatalthreatstolife.



Figure1.1:BenignTumor(left)andMalignantTumor(Right)

2.LITERATURESURVEY

2.1AsurveyofMRI-basedmedicalimageanalysisforbraintumorstudies

AUTHORS:S.Baueretal

ABSTRACT:MRI-basedmedicalimageanalysisforbraintumorstudiesis

gainingattentioninrecenttimesduetoanincreasedneedforefficientand

objective evaluation of large amounts of data.While the pioneering

approachesapplyingautomatedmethodsfortheanalysisofbraintumor

imagesdatebackalmosttwodecades,thecurrentmethodsarebecoming

morematureandcomingclosertoroutineclinicalapplication.Thisreview

aimstoprovideacomprehensiveoverview bygivingabriefintroductionto

braintumorsandimagingofbraintumorsfirst.Then,wereviewthestateof

theartinsegmentation,registration,andmodelingrelatedtotumor-bearing

brainimageswithafocusongliomas.Theobjectiveinthesegmentationis

tooutlinethetumorincludingitssub-compartmentsandsurroundingtissues,

whilethemainchallengeinregistrationandmodelingisthehandlingof

morphologicalchangescaused bythe tumor.The qualitiesofdifferent

approachesarediscussedwithafocusonmethodsthatcanbeappliedon

standardclinicalimagingprotocols.Finally,acriticalassessmentofthe

currentstate is performed and future developments and trends are



addressed,givingspecialattentiontorecentdevelopmentsinradiological

tumorassessmentguidelines.

2.2Themultimodalbraintumorimagesegmentationbenchmark(BRATS)

AUTHORS:B.Menzeetal.

ABSTRACT:Inthispaperwereporttheset-upandresultsoftheMultimodal

Brain Tumor Image Segmentation Benchmark (BRATS) organized in

conjunctionwiththeMICCAI2012and2013conferences.Twentystate-of-

the-arttumorsegmentationalgorithmswereappliedtoasetof65multi-

contrastMR scans oflow-and high-grade glioma patients -manually

annotatedbyuptofourraters-andto65comparablescansgeneratedusing

tumor image simulation software. Quantitative evaluations revealed

considerabledisagreementbetweenthehumanratersinsegmentingvarious

tumorsub-regions (Dice scores in the range 74%-85%),illustrating the

difficultyofthistask.Wefoundthatdifferentalgorithmsworkedbestfor

differentsub-regions(reachingperformancecomparabletohumaninter-

ratervariability),butthatnosinglealgorithm rankedinthetopforallsub-

regionssimultaneously.Fusingseveralgoodalgorithmsusingahierarchical

majorityvote yielded segmentations thatconsistentlyranked above all

individual algorithms, indicating remaining opportunities for further

methodological improvements. The BRATS image data and manual

annotationscontinuetobepubliclyavailablethroughanonlineevaluation

system asanongoingbenchmarkingresource.

2.3 BrainTumorSegmentationUsingConvolutionalNeuralNetworksinMRI

Images

AUTHORS:SergioPereira,AdrianoPinto,VictorAlves,andCarlosA.Silva

ABSTRACT:Among brain tumors,gliomas are the mostcommon and

aggressive,leadingtoaveryshortlifeexpectancyintheirhighestgrade.

Thus,treatmentplanningisakeystagetoimprovethequalityoflifeof



oncologicalpatients.Magneticresonanceimaging(MRI)isawidelyused

imagingtechniquetoassessthesetumors,butthelargeamountofdata

produced byMRIprevents manualsegmentation in a reasonable time,

limitingtheuseofprecisequantitativemeasurementsintheclinicalpractice.

So,automaticandreliablesegmentationmethodsarerequired;however,the

largespatialandstructuralvariabilityamongbraintumorsmakeautomatic

segmentationachallengingproblem.Inthispaper,weproposeanautomatic

segmentation method based on ConvolutionalNeuralNetworks (CNN),

exploringsmall3×3kernels.Theuseofsmallkernelsallowsdesigninga

deeperarchitecture,besideshaving a positiveeffectagainstoverfitting,

giventhefewernumberofweightsinthenetwork.Wealsoinvestigatedthe

useofintensitynormalizationasapre-processingstep,whichthoughnot

commoninCNN-basedsegmentationmethods,provedtogetherwithdata

augmentationto beveryeffectiveforbraintumorsegmentationinMRI

images.Ourproposalwas validated in the Brain TumorSegmentation

Challenge2013database(BRATS2013),obtainingsimultaneouslythefirst

positionforthecomplete,core,andenhancingregionsinDiceSimilarity

Coefficientmetric(0.88,0.83,0.77)fortheChallengedataset.Also,it

obtainedtheoverallfirstpositionbytheonlineevaluationplatform.Wealso

participatedintheon-siteBRATS2015Challengeusingthesamemodel,

obtainingthesecondplace,withDiceSimilarityCoefficientmetricof0.78,

0.65,and0.75forthecomplete,core,andenhancingregions,respectively.

2.4Braintumordetectionbasedonwatershedtransformation

AUTHORS:k.RamyaandL.K.JoshilaGrace

ABSTRACT:Inthispaper,awatershedtransformationtechniqueisusedwith

gradientmagnitude with morphologicalopen image and two important

featuresisusedasforegroundandbackgroundtoidentifythetumor.First

theMagneticResonanceimaging(MRI)Scanoftumorisgivenasaninput

anditundergoesintowatershedtechniquewhichisatopologicalboundary



dividing into two adjacentbrain cells.With the gradientmagnitude for

segmentationtechniquetherateofinclinationordeclinationofatumorwill

beidentified.To identifytheforeground ofthetumor,open theimage

morphological,thusitacquiresclearideaabouthowtheparticulartumorwill

beclosertonormalcells.Withthebackgroundmarker,theinvisibletumor

willbeidentifiedusingthresholdvalue.Inthesegmentationoutputfinally,the

intensity,size,shapeofthetumorinthebrainisdisplayedandcanbe

analyzed.

2.5Anadaptivefilteringtechniqueforbraintumoranalysisanddetection

AUTHORS:MinuSamantaray,MilleePanigrahi,K.C.Patra,AvipsaS.Pandaand

RinaMahakud

ABSTRACT:Braintumordetectioninanearlystageisadifficulttask,asthe

imagingisquiteunclear.Thenecessityofautomatedbraintumorsegmentation

anddetectionishigh.ToobtainanaccurateMRIimageofthebraintumoris

challenging.AnMRIimagehashighcontrastimagesindicatingregularand

irregulartissuesthathelpindifferentiatingtheoverlapmargins.Butincaseof

anearlybraintumor,theedgesoftheimagearenotsharpwhichcausesthe

segmentationresultstobeinaccurate.Hence,thispaperputsforthamethod

fordetectionandsegmentationofthetumor.Themethodproposedhereisa

segmentationprocessof2D MRIimageusingvariousfilteringtechniques.

MATLABhasbeenusedfortheimplementation.



3.SYSTEM ANALYSIS
3.1EXISTINGSYSTEM:

In the existing technique,the Support Vector Machine (SVM) based

classificationisperformedforbraintumordetection.Itneedsfeatureextraction

output.Based on featurevalue,theclassification outputisgenerated and

accuracyiscalculated.Thecomputationtimeishighandaccuracyislow in

SVM basedtumorandnon-tumordetection.

3.1.1DISADVANTAGESOFEXISTINGSYSTEM:

Accuracyislow.

Moretimeisrequiredtoclassifytheresult.

3.2 PROPOSEDSYSTEM:

In the proposed CNN based classification doesn’trequire feature

extractionstepsseparately.Thefeaturevalueistakenfrom CNN itself.

TheclassifiedresultofTumorandNon-tumorbrainimage.Hencethe

complexityandcomputationtimeislowandaccuracyishigh.Theoutput

ofbraintumorclassificationaccuracyisgiven.Finally,theclassification

resultsasTumorbrainornon-tumorbrainbasedontheprobabilityscore



value.Thenormalbrainimagehasthelowestprobabilityscore.Thetumor

brainhasthehighestprobabilityscorevalue,whencomparedtonormal

andtumorbrain.

3.2.1ADVANTAGESOFPROPOSEDSYSTEM:

TheusageofCNNsismotivatedbythefactthattheycancapture/areable

tolearnrelevantfeaturesfrom animageatdifferentlevelssimilartoa

humanbrain.Thisis featurelearning.

3.3SYSTEM REQUIREMENTS:

HARDWAREREQUIREMENTS:

• System :Pentium IV2.4GHz.

• HardDisk :40GB.

• FloppyDrive :1.44Mb.

• Monitor :15VGAColour.

• Mouse :Logitech.

• Ram :512Mb.

SOFTWAREREQUIREMENTS:

•OperatingSystem:Windows

•CodingLanguage:Python3.7



4.SYSTEM DESIGN
4.1SYSTEM ARCHITECTURE:



BlockDiagram:

4.2DATAFLOW DIAGRAM:

1.TheDFDisalsocalledasbubblechart.Itisasimplegraphicalformalism

thatcanbeusedtorepresentasystem intermsofinputdatatothe

system,variousprocessingcarriedoutonthisdata,andtheoutputdatais

generatedbythissystem.

2.Thedataflowdiagram (DFD)isoneofthemostimportantmodelingtools.

Itisusedtomodelthesystem components.Thesecomponentsarethe

system process,thedatausedbytheprocess,anexternalentitythat

interactswiththesystem andtheinformationflowsinthesystem.

3.DFDshowshowtheinformationmovesthroughthesystem andhowitis

modifiedbyaseriesoftransformations.Itisagraphicaltechniquethat



depictsinformationflowandthetransformationsthatareappliedasdata

movesfrom inputtooutput.

4.DFDisalsoknownasbubblechart.ADFDmaybeusedtorepresenta

system atanylevelofabstraction.DFDmaybepartitionedintolevelsthat

representincreasinginformationflowandfunctionaldetail.

UMLDIAGRAMS

UMLstandsforUnifiedModelingLanguage.UMLisastandardizedgeneral-

purposemodelinglanguageinthefieldofobject-orientedsoftwareengineering.

Thestandardismanagedandwascreatedby,theObjectManagementGroup.

ThegoalisforUMLtobecomeacommonlanguageforcreatingmodelsof

object-orientedcomputersoftware.Initscurrentform,UMLiscomprisedoftwo

majorcomponents:aMeta-modelandanotation.Inthefuture,someform of

methodorprocessmayalsobeaddedto;orassociatedwith,UML.

TheUnifiedModelingLanguageisastandardlanguageforspecifying,

Visualization,Constructing,anddocumentingtheartifactsofasoftwaresystem,

aswellasforbusinessmodelingandothernon-softwaresystems.

TheUMLrepresentsacollectionofbestengineeringpracticesthathaveproven

successfulinthemodelingoflargeandcomplexsystems.

TheUMLisaveryimportantpartofdevelopingobjectsorientedsoftwareand

thesoftwaredevelopmentprocess.TheUMLusesmostlygraphicalnotations

toexpressthedesignofsoftwareprojects.

GOALS:

TheprimarygoalsinthedesignoftheUMLareasfollows:

1.Provideusersaready-to-use,expressivevisualmodelingLanguageso

thattheycandevelopandexchangemeaningfulmodels.

2.Provideextendibilityandspecializationmechanismstoextendthecore

concepts.



3.Beindependentofparticularprogramminglanguagesanddevelopment

processes.

4.Provideaformalbasisforunderstandingthemodelinglanguage.

5.EncouragethegrowthofOOtoolsmarket.

6.Supporthigherleveldevelopmentconcepts such as collaborations,

frameworks,patternsandcomponents.

7.Integratebestpractices.

Usecasediagram:

Theusecasediagram isusedtoidentifytheprimaryelementsandprocesses

thatform thesystem.Theprimaryelementsaretermedas"actors"andthe

processesarecalled"usecases."Theusecasediagram showswhichactors

interactwitheachusecase.



Statediagram:

Astatediagram,asthenamesuggests,representsthedifferentstatesthat

objectsinthesystem undergoduringtheirlifecycle.Objectsinthesystem

changestatesinresponsetoevents.Inadditiontothis,astatediagram also

capturesthetransitionoftheobject'sstatefrom aninitialstatetoafinalstate

inresponsetoeventsaffectingthesystem.





4.3IMPLEMENTATION:

1.UploadBrainTumorImage

Inthismoduleuseruploadsimage.

2.DataPreprocess

Inthismoduleimagedataistakeplacepreprocessedhere.

3.ModelGeneration

Inthismodule,therewillbemodelgenerationforclassifyingtheimagedataset.

4.BuildCNNAlgorithm

InthismoduleBuildCNNclassifiertakesplace.

5.Segmentation

Hereimagesegmentationistakeplace.

6.Detection

Inthismodulepredictionofbraintumoursisdetected.

7.Reset

Inthismoduledataisclear.

8.Exit

Inthismodule,applicationisclosedhere.
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5.SYSTEM TEST

Thepurposeoftestingistodiscovererrors.Testingistheprocessoftryingtodiscoverevery

conceivablefaultorweaknessinaworkproduct.Itprovidesawaytocheckthefunctionality

ofcomponents,subassemblies,assembliesand/orafinishedproductItistheprocessof

exercising software with the intentofensuring thatthe Software system meets its

requirementsanduserexpectationsanddoesnotfailinanunacceptablemanner.Thereare

varioustypesoftest.Eachtesttypeaddressesaspecifictestingrequirement.

TYPESOFTESTS

Unittesting

Unittestinginvolvesthedesignoftestcasesthatvalidatethattheinternalprogram logicis

functioningproperly,andthatprogram inputsproducevalidoutputs.Alldecisionbranches

andinternalcodeflowshouldbevalidated.Itisthetestingofindividualsoftwareunitsofthe

application.itisdoneafterthecompletionofanindividualunitbeforeintegration.Thisisa

structuraltesting,thatreliesonknowledgeofitsconstructionandisinvasive.Unittests

perform basictestsatcomponentlevelandtestaspecificbusinessprocess,application,

and/orsystem configuration.Unittestsensurethateachuniquepathofabusinessprocess

performsaccuratelytothedocumentedspecificationsandcontainsclearlydefinedinputs

andexpectedresults.

Integrationtesting

Integrationtestsaredesignedtotestintegratedsoftwarecomponentstodetermineifthey

actuallyrunasoneprogram.Testingiseventdrivenandismoreconcernedwiththebasic

outcomeofscreensorfields.Integrationtestsdemonstratethatalthoughthecomponents

wereindividuallysatisfaction,asshownbysuccessfullyunittesting,thecombinationof

componentsiscorrectandconsistent.Integrationtestingisspecificallyaimedat exposing

theproblemsthatarisefrom thecombinationofcomponents.

Functionaltest

Functionaltestsprovidesystematicdemonstrationsthatfunctionstestedare
availableasspecifiedbythebusinessandtechnicalrequirements,system
documentation,andusermanuals.

Functionaltestingiscenteredonthefollowingitems:

ValidInput :identifiedclassesofvalidinputmustbeaccepted.

InvalidInput :identifiedclassesofinvalidinputmustberejected.

Functions :identifiedfunctionsmustbeexercised.
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Output :identifiedclassesofapplicationoutputsmustbe exercised.

Systems/Procedures:interfacingsystemsorproceduresmustbeinvoked.

Theorganizationandpreparationoffunctionaltestsisfocusedonrequirements,

keyfunctions,orspecialtestcases.Inaddition,systematiccoveragepertainingtoidentify

Businessprocessflows;datafields,predefinedprocesses,andsuccessiveprocessesmust

beconsideredfortesting.Beforefunctionaltestingiscomplete,additionaltestsareidentified

andtheeffectivevalueofcurrenttestsisdetermined.

System Test

System testingensuresthattheentireintegratedsoftwaresystem meetsrequirements.It

testsaconfigurationtoensureknownandpredictableresults.Anexampleofsystem testing

istheconfigurationorientedsystem integrationtest.System testingisbasedonprocess

descriptionsandflows,emphasizingpre-drivenprocesslinksandintegrationpoints.

WhiteBoxTesting

WhiteBoxTestingisatestinginwhichinwhichthesoftwaretesterhasknowledgeofthe

innerworkings,structureandlanguageofthesoftware,oratleastitspurpose.Itispurpose.

Itisusedtotestareasthatcannotbereachedfrom ablackboxlevel.

BlackBoxTesting

BlackBoxTestingistestingthesoftwarewithoutanyknowledgeoftheinnerworkings,

structureorlanguageofthemodulebeingtested.Blackboxtests,asmostotherkindsof

tests,mustbe written from a definitive source document,such as specification or

requirementsdocument,suchasspecificationorrequirementsdocument.Itisatestingin

whichthesoftwareundertestistreated,asablackbox.youcannot“see”intoit.Thetest

providesinputsandrespondstooutputswithoutconsideringhowthesoftwareworks.

UnitTesting

Unittestingisusuallyconductedaspartofacombinedcodeandunittestphaseofthe

softwarelifecycle,althoughitisnotuncommonforcodingandunittestingtobeconducted

astwodistinctphases.

Teststrategyandapproach

Fieldtestingwillbeperformedmanuallyandfunctionaltestswillbewrittenin
detail.
Testobjectives

 Allfieldentriesmustworkproperly.

 Pagesmustbeactivatedfrom theidentifiedlink.

 Theentryscreen,messagesandresponsesmustnotbedelayed.
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Featurestobetested
 Verifythattheentriesareofthecorrectformat

 Noduplicateentriesshouldbeallowed

 Alllinksshouldtaketheusertothecorrectpage.

IntegrationTesting

Softwareintegrationtestingistheincrementalintegrationtestingoftwoormoreintegrated

softwarecomponentsonasingleplatform toproducefailurescausedbyinterfacedefects.

Thetaskoftheintegrationtestistocheckthatcomponentsorsoftwareapplications,e.g.

componentsinasoftwaresystem or–onestepup–softwareapplicationsatthecompany

level–interactwithouterror.

TestResults:Allthe testcases mentioned above passed successfully.No defects

encountered.

AcceptanceTesting

UserAcceptance Testing is a criticalphase ofany projectand requires significant

participation by the end user.Italso ensures thatthe system meets the functional

requirements.

TestResults:Allthe testcases mentioned above passed successfully.No defects

encountered.

TestCases
USER REQUIREMENTS:

1.Home

Home:

UsecaseID BrainTumorDetectionUsingConvolutionalNeuralNetwork
(CNN)

UsecaseName Homebutton
Description Displayhomepageofapplication
Primaryactor User
Precondition Usermustopenapplication
Postcondition DisplaytheHomePageofanapplication
FrequencyofUsecase Manytimes
Alternativeusecase N/A
UsecaseDiagrams

Attachments N/A
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Conclusion&FutureWorks

6.1 Conclusion

Performanceanalysisofautomatedbraintumordetectionfrom

MRimagingandCTscanusingbasicimageprocessingtechniques

basedonvarioushardandsoftcomputinghasbeenperformedin

ourwork.Moreover,weappliedsixtraditionalclassifierstodetect

braintumorintheimages.ThenweappliedCNNforbraintumor

detection to include deep learning method in ourwork.We

comparedtheresultofthetraditionalonehavingthebestaccuracy

(SVM)withtheresultofCNN.Furthermore,ourworkpresentsa

genericmethodoftumordetectionandextractionofitsvarious

features.

Inthecontextofthefulldataset,itisnecessarytoparallelizeand

utilize high-performance computing platform for maximum

efficiency.Wetriedourbesttodetectthetumorsaccu-ratelybut,

neverthelesswefacedsomeproblemsinourworkwheretumor

couldnotbedetectedorfalselydetected.So,wewilltrytoworkon

thoseimagesandonthecompletedataset.Hence,wewilltryto

applyotherdeeplearningmethodsinthefuturesothatwecanget

amorepreciseandbetterresult.
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6.2 Limitations

Therearesomelimitationsofourthesisworkthatwehavelistedin

thissectionwhichweareleavingtoimproveinourfutureworks.

TheBRATSdatasethasonly241images

Workedonlyon2Dimages.

Wecouldhavetriedmoretraditionalclassifierstoincreasetheaccuracy.

Typesofthetumorcouldnotbeclassified

6.3 FutureWorks

Therearemoreopportunitiesforimprovementorresearchonourworkinthe
future.

Firstly,thenumberofimagescanbeincreased.Thebiggerthe

numberoftheimagesis,thebetterthemodelistrained.

Secondly,wewanttoworkon3Dimagesinfuture.

Thirdly,moretraditionalclassifierscanbeappliedtogetmoreincreased
accuracy.

Fourthly,wewilltrytoclassifythetumorifitsbenignor

malignantafterthedetectionofthetumor.

Lastbutnottheleast,morevariationsofdeeplearning

methodscanbetestedinfuture.

•

•

•
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