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ABSTRACT

Image fusion is a technique to fuse the two or more images. As the fused image gathers more
informationascomparativetothesingleimage, imagefusionofmultiple imagescanbedoneto
extractmorenumberofinformation,withthisreasontheitisimportantinthefieldofmedicalimage
analysis.Thefusiontechniqueissousefulindetectionofdifferentkindofdiseaseusingdifferent
kindofmedicalimages.Braintumordiseaseisalargeissuebecauseofnon-properdiagnosisand
treatmentislackingaccordingly.UsingT1,T2WeightedMRimagesaretwomedicalMRimagesat
differenttimeconstantduringthescanningofbraintumor.Thesetwoormoreimagescanbeused
toextractmoreinformationbythevariousimagefusiontechnique.
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1. INTRoDUCTIoN 

Thefusiontechniqueinvolvesintegratingorcombiningthetwoormorelevelinformationtogether
toobtainmoreaccurateinformation.HereinourproposedmethodbeforefusingtwoMRIimages,
theprocessofreducingthenoiseelementsinthesourceimagesisdoneusingWeinerFilterandthen
two-level fusion isperformed.Discretewavelet transforms (DWT)andcurvelet transforms (CT)
(Candes&Donoho2000)areusedforhybridfusion.Fusionofimagesisdoneusingco-efficient
developed.DWTCoefficientswillbeoftwolevels;detailedandapproximatecoefficient.Approximate
coefficientsareappliedfurthertoCurveletTransformanddetailedcoefficientisdirectlyassignedto
fusionrule.ResultedcoefficientsarecombinedwithdetailedcoefficientsdevelopedbyDWT(Candes
&Donoho2005)usingfusionrule.

1.1. Fusion of Brain Tumor MRI using DWT and CT Techniques
1.1.1. Curvelet 
Curvelet(Starcketal.,2002)willdeveloplow-low,low-high,high-lowandhigh-highbandswith
theinformationoftheimage.Amongallfourlow-lowbandconsistsofhighestinformationofthe
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coefficient.Ignoringrestthreebandsfusionrulesareappliedonlyonthelow-lowband.Oncethe
fusionruleisappliedcoefficientsaretobeconvertedbacktotheiroriginalspatialdomain.Inverse
transformsareappliedonfusedvaluestorebuiltspatialdomainvaluesthatcanbeanalyzedeasily.
Thefinalfusedimagerepresentstheimagewiththeinformationintegratingintoitofbothtwoinput
images.

1.1.2. DWT
In numerical analysis and functional analysis, a discrete wavelet transform (DWT)(Sruthy et
al.,2013) isanywavelet transformforwhich thewaveletsarediscretelysampled.Aswithother
wavelettransforms,akeyadvantageithasoverFouriertransformsistemporalresolution:itcaptures
otherfrequencyandlocationinformation(locationintime).TheFigure1showshowtoextractthe
approximatecoefficientsanddetailedcoefficientsandtheseinformationarefurtherfusedusingsimple
averagefusionrulerespectivelyforboththecoefficienttoextractfeaturesoffusedcoefficientsof
information.

2. FUSIoN oF T1, T2 WeIGHTeD MRI USING RPCA 
AND QUADTRee TeCHNIQUeS

InPrevious fusionmethod, image fusion isdoneusingcurvelet andDWT. In this fusionFuzzy
basedfusionisdoneonthecoefficientsgeneratedbyRPCA(Wrightetal.,2009)(RobustPrincipal
ComponentAnalysis)andQuadtreebaseddecompositiontechniques.

Figure 1. Fusion using feature extraction
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Inthismethod,twoweightedimagearepreprocessedusingwienerfilterandthenfusedusing
RPCAandQuadtreedecomposition.AfterfusionofRPCAandQuadtreedecompositionmethodthe
resultedfusedimageiscomparedwiththeimagesfusedusingDWTandCT.Thecomparisonistaken
byconsideringtwoparameters:PSNRandRMSE.Themethodwithbetterparametricvalueswill
beconsideredasthebestfusionmethodinourproposedmethod.Thebestoutofthesetwomethods
willbeconsideredforthesegmentationstage.Inthesegmentationstage,tumorpartsinthefused
imagewillbesegmentedoutusinglevelsetsegmentation.Theresultedimageofsegmentationstage
isusedasaninputforthephase3forthefeaturescalculationsandclassification.

2.1 RPCA 

Robust Principal Component Analysis (RPCA)(Wright et al., 2009)isamodificationofthewidely
usedstatisticalprocedureofPrincipleComponentAnalysis(PCA)whichworkswellwithrespectto
grosslycorruptedobservations.AnumberofdifferentapproachesexistforRobustPCA,includingan
idealizedversionofRobustPCA,whichaimstorecoveralow-rankmatrixL0fromhighlycorrupted
measurementsM=L0+S0.Thisdecompositioninlow-rankandsparsematricescanbeachievedby
techniquessuchasPrincipalComponentPursuitmethod(PCP),StablePCP,QuantizedPCP,Block
basedPCPandLocalPCPThen,optimizationmethodsareusedsuchastheAugmentedLanguage
Multiplier,AlternatingDetectionMethod(ADM),FastAlternatingMinimization(FAM)orIteratively
ReweightedLeastSquares(IRLS).

2.2 Quadtree
Aquadtreeisatreedatastructureinwhicheachinternalnodehasexactlyfourchildren.Quadtrees
arethetwo-dimensionalanalogofOctreesandaremostoftenusedtopartitionatwo-dimensional
spacebyrecursivelysubdividingitintofourquadrantsorregions.Thedataassociatedwithaleaf
cellvariesbyapplication,buttheleafcellrepresentsa“unitofinterestingspatialinformation”.The
subdividedregionsmaybesquareorrectangular,ormayhavearbitraryshapes.Asimilarpartitioning
is also known as a Q-tree decomposition. All forms of quadtrees share some common features:
TheydecomposespaceintoadaptablecellsEachcell(orbucket)hasamaximumcapacity.When
maximumcapacityisreached,thebucketsplitsThetreedirectoryfollowsthespatialdecomposition
ofthequadtree.TheFigure2showsthefusionofT1andT2WeightedMRimagesarefusedusing
RPCAandQTdecompositionrespectivelyandtheirperformanceresultsarecomparedamongboth
thefusiontechniques,todetectthetumorsegmentedsections.

RPCA generates two sparse matrixes Sm1 and Sm2 each for each image. This two matrices
are combined into single sparse matrix Sm and then passed to Quadtree decomposition module.
DecompositionisperformedonthesparsematrixvaluesbyQuadtreedecomposition.Inourmethod
EOG(Energyofimagegradient)hasusedtokeeptrackonhomogeneityinformation.EOGAand
EOGBarethetwoEOG’sgeneratedforT1-T2imagesrespectively.Thecalculationsdoneforactive
levelsbyEOGaregiventodecisionmatrix.Thesedecomposedvaluesarethenfilteredoutbefore
goingforthefusionrule.Themethodutilizedbyusforthefusionisfuzzy.Fuzzybeingthemodule
ofruleshas itsowncriterion in the imageprocessingfield.Pixels topixel levelcalculationsare
allowedbythismethod.

3. GLCM AND GLRLM FeATURe eXTRACTIoN AND FUSIoN 

Inthisfusionisdividedintotwophasetrainingandtestingphase.Intrainingphasethetumorpart
ofsegmentedbrainimageistakenasinputanditsfeaturesareextractedusingGLCM(GrayScale
Co-occurrenceMatrix)andGLRLM(Grey-levelrun-lengthmatrix).Theextractedfeaturesoftumor
partarestoredinknowledgebase.SimilarlyatthetestingsidetwoseparateBrainimagesarepre-
processedusingWeinerfilter,fusedusingRPCAandQuadtreedecompositionandthensegmented
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usingLevelsetSegmentation(Jaffaretal.,2011;Mustaqeemetal.,2012).Thesegmentedtumor
partistakenoutandfeaturesofthatimageareextracted.FinallyANN(ArtificialNeuralNetwork)
classifierisusedtoclassifythetestedandtrainedfeatures.ANNclassifiesfeatureseitherbenignor
malignant.Theproposedsystemismainlyconcentratedtoclassifythegiventumorstageisaccurately.

Theperformanceofthedesignedsystemismeasuredwithasetoftrainedandtestedsamples,the
applicationofconfusionmatrixcaneffectivelygiveinformationaboutTruePositive,TrueNegative,
FalsePositiveandFalseNegativesamples.Theproposedsystempresenttheresultwithaccuracyis
93.45%.Innextphasewemainlyconcentratedtoimprovetheaccuracylevel.Theadvancedfeatures
extractiontechniquesandmachinelearningclassifiersareusedtoimprovetheperformancelevel.The
Figure3showstheimagefusionusingtheRPCAandQTdecompositiontogetthetumorsegmented
sectionsandfurtherthefeaturesareextractedusingGLCMandGLRLM,andfurtherusingANN
classifierareclassifiedastumorandnon-tumor.

4. CLBP AND PHoG FeATURe eXTRACTIoN AND FUSIoN

Thismethodisdividedintotwophasetrainingandtestingphase.Intrainingphasethetumorpartof
segmentedbrainimageistakenasinputanditsfeaturesareextractedusingCompleteLocalBinary
Pattern(CLBP)(Sinhaetal.,2012)andPyramidHistogramofOrientationGradients(PHOG)(Sinha
etal.,2012).Theextractedfeaturesoftumorpartarestoredinknowledgebase.Similarlyatthetesting
sidetwoseparateBrainimagesarepre-processedusingWeinerfilter,fusedusingRPCAandQuadtree
decomposition and then segmented using Level set Segmentation(Mahantesh & Kanyakumari
2016).Thesegmentedtumor(Samriti&Singh2016)partistakenoutandfeaturesofthatimageare
extracted.FinallyARTclassifierisusedtoclassifythetestedandtrainedfeatures.ART(Adaptive
ResonanceTheory)classifiesfeatureseitherbenignormalignant.Theperformanceoftheproposed
systemisanalysedbyusingconfusionmatrix.Theapplicationadvancedfeatureextractionalgorithm
andmachineleaningclassifiercaneffectivelyincreasestheperformanceleveli.e.97.3%.Inphase4
thereisanimprovementinperformanceaccuracy(i.e.ascomparedtophase3).

4.1 Complete Local Binary Patterns (LBP) 
ThisisatypeofvisualdescriptorusedforclassificationinComputerVision.LBPistheparticular
caseoftheTextureSpectrummodelproposedin1990LBPwasfirstdescribedin1994.Ithassince
beenfoundtobeapowerfulfeaturefortextureclassification;ithasfurtherbeendeterminedthatwhen
CLBP(Tapiaetal.,2010)iscombinedwiththeHistogramofOrientedGradients(HOG)descriptor,

Figure 2. Architecture of fusion using Robust Principal Component Analysis (RPCA) and Quadtree (QT)
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it improves the detection performance considerably on some datasets. A comparison of several
improvementsoftheoriginalLBPinthefieldofbackgroundsubtractionwasmadein2015bySilva
etal.AfullsurveyofthedifferentversionsofLBPcanbefoundinBouwman.TheFigure4showsthe
imagefusionusingtheRPCAandQTdecompositiontogetthetumorsegmentedsectionsandfurther
thefeaturesareextractedusingCLBPandPHOG,andfurtherusingARTclassifierareclassifiedas
tumorsofBenign/Malignantfrombraintumorsknowledgebasetrainingsystemofdeeplearning.

5. eXPeRIMeNT ReSULTS

Figure5.a-b–illustratesinputimagetypeone.c–illustratesfinalcombinedimage
Figure5aandFigure5cillustratesinputimagetypeonei.e.T1weightedimageandT2weighted

images.AndFigure5cillustratesfinalcombinedimage.Thequalityoffusedimagecanbeverified
bycalculatingsomemathematicalformulassuchasPSNR,entropy,standerdeviationandRMSE.
Thesecalculationsforimagesinthedatasetaregivenhereintable.PSNRintherangeof42.83values
indicatesthatthefusiondoneisofbestefficiency.Table1showstheperformanceparameterswith
itsevaluationreadingsofvariousfusedimages

Table2showsthecomparisonslevelsofvariousFusionTechniquesPerformancesevaluation
fromfusionofT1andT2WeightedMRIfortumordetection

Figure 3. Architecture of train and testing using GLCM and GLRLM
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6. CoNCLUSIoN

Theefficienttumorsegmentationandidentificationistheobjectiveofresearchwork.Effectiveness
of results is improved by fusing the brightness information of T1 and T2 images by applying
fusiontechnique.Fuseddatahaveprovidedtheneedfulforaccuratesegmentation.LevelSetbased
segmentationhasgivenaproperboundarybasedsegmentationoftumorsection.Wearecapableto
getbetterPSNRasthefusionmethodisinvolvedininitialstage.

Withsegmentation,classificationoftumorpartismajorobjectiveofresearchwork.Forthis
purposefeaturevectorcalculationismadeusingthealgorithmsGLCMandGLRLM.Theclassification
is completed in two levels; tumor non-tumor and benign or malignant. Based on application
methodologiesarevariedandtheeffectiveresultsareobtained.PHOGandCLBPtechniquesstood
betterforthebenignormalignantclassificationwithARTclassifier.TheRPCAandQudtreebased

Figure 4. Architecture of training and testing using CLBP and PHOG

Table 1. Performance Evaluation of Fused images

  Performance 
  Parameter

    Fused 
    Image 1

   Fused 
   Image 2

    Fused 
    Image 3

    Fused 
    Image 4

  PSNR     42.83    42.95 42.89        42.85

  RMSE     2.2242    2.2063 2.2189       2.2173

  ENTROPY     7.0677    7.0833 7.0898       7.0983

       Standard
      Deviation

    81.50    81.44 81.36        81.24
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decomposingwiththisfinalsetoftechniqueshavereachedtheaccuracylevelof97.3%.Thecollective
performanceofresearchworkisclassifyingthedatasetintotumorornon-tumorinitiallyandfinally
basedonpixelsaffectedundertumorsectionsubclassificationi.e.benignormalignantclassification
isdoneandaffectedsectionishighlighted.

Thefuturescopeforthemethodcanbeanalysingthelevelsoflesioninthesectionandproducing
thedetailedinformationonsublevelsofbenignandmalignant.

Table 2. Performance results of various Fusion Techniques

Sl.No Fusion Techniques Performance

1 MostDominantFeaturesofWaveletandCurveletTransformtechniques
PSNR=+42.66dB

RMSE=2.2767

2 coefficientsgeneratedbyRPCA(RobustPrincipalComponentAnalysis)
andQuadtreebaseddecompositiontechniquesusingCTandDWT

PSNR=24.95

RMSE=2.2063

Entropy=7.0833

StandardDeviation=81.44

3 TumourfeaturesareextractedusingGLCM(GrayScaleCo-occurrence
Matrix)andGLRLM(Grey-levelrun-lengthmatrix). Accuracy=93.45%.

4 TumourfeaturesareextractedusingCompleteLocalBinaryPattern
(CLBP)andPyramidHistogramofOrientationGradients(PHOG). Accuracy=97.3%.
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