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Abstract 

iMagnetic iresonance iimaging i(MRI) iis ian iimaging itechnique ithat ihas iplayed ian iimportant irole iin 
ineuroscience iresearch ifor istudying ibrain iimages i.X-ray iis ilikewise iexceptionally ihelpful ifor 
ianalyzing ithe icerebrum iand ispinal irope irelated iissues. iThe isize iof ithe ipicture ichooses ihow 
ioften ithe iRadio iFrequency ibeat ishould ibe iapplied, isubsequently imaking ithe iMRI iexamine ia 
itedious iprocedure. iThere iis ia ideveloping iprerequisite ifor idecreasing ithe idiagnosing itime iin iMRI 
irequiring iexamination ito iquicken ithis inon idirect istreamlining iissue. iCompressed iSensing i(CS) 
iaims ito ireconstruct iimages ifrom iconsiderably ismaller imeasurements ithan iwere ithought ibefore. 
iApplying iCS ito iMRI ioffers ipotentially isignificant iscan itime ireductions. iA itechnique ito iMRI 
iremaking ifrom iunder iexamined iestimations iis iproposed iin ithis ipaper. iDiscrete iWavelet 
iTransform iis iutilized ito imeagerly iportray iMRI. iCS iremaking iis iperformed iutilizing il1 istandard 
iby iapplying iBasis ipursuit iprimal- idual iinterior ipoint imethod. iTrial iresults iuncover ithat ithe 
iproposed istrategy irecreates ipictures iwith igreat iquality. iClassification iis ian iimportant ipart iin 
iretrieval isystem iin iorder ito idistinguish ibetween inormal ipatients iand ithose iwho ihave ithe 
ipossibility iof ihaving iabnormalities ior itumor. iIn ithis ipaper, iwe ihave iobtained ithe ifeature irelated 
ito iMRI iimages iusing idiscrete iwavelet itransformation. iAn iadvanced ikernel ibased itechniques isuch 
ias iSupport iVector iMachine i(SVM) ifor ithe iclassification iof ivolume iof iMRI idata ias inormal iand 
iabnormal iwill ibe ideployed. 

Keyboards— iCompressive iSensing, iMRI, iPrimal idual iinterior ipoint imethod, iSparse, iSVM, iBrain 
iTumor, iClassification, iWavelet 
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I. INTRODUCTION 

Medical iImage ianalysis iand iprocessing ihas 
igreat isignificance iin ithe ifield iof imedicine, 
iespecially iin iNon- iinvasive itreatment iand 
iclinical istudy. iMedical iimaging itechniques 
iand ianalysis itools ienable iboth idoctors iand 
iradiologists ito iarrive iat ia ispecific idiagnosis. 
iMedical iImage iProcessing ihas iemerged ias 
ione iof ithe imost iimportant itools ito iidentify 
ias iwell ias idiagnose ivarious idisorders. 
iImaging ihelps ithe iDoctors ito ivisualize iand 
ianalyze ithe iimage ifor iunderstanding iof 
iabnormalities iin iinternal istructures. iThe 
imedical iimages idata iobtained ifrom iBio-
medical iDevices iwhich iuse iimaging itechniques 

ilike iComputed iTomography i(CT), iMagnetic 
iResonance iImaging i(MRI) iand imammogram, 
iwhich iindicates ithe ipresence ior iabsence iof 
ithe ilesion ialong iwith ithe ipatient ihistory, iis 
ian iimportant ifactor iin ithe i idiagnosis i[1]. 

MR iimage iis iacquired ib y ifirst 
ipositioning ithe ipatient iunder ia istrong 
imagnetic ifield iand ithen iapplying ithe iRF 
ipulses ialong iwith ithe iapplication iof ithe 
iPhase iEncode iGradient iand iFrequency 
iEncode iGradient. 

An iMRI iis ia icostly iand itime iconsuming 
iinspection. iLong iacquisition itimes iare istill ia 
idifficulty. iIt ilimits iMRI i ito iuse ionly ia ifew iof 
ithe imany ipossible icontrasts. iIt ialso ilimits 
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ispatial iresolution iand icoverage. iAlso, ihigh 
icosts iare iincurred ifor ilong iacquisition itimes. 
iIt iinvolves ilimiting ithe ipatient iin ian 
iuncomfortable inarrow iposition iand ihence 
ireduces ipatient icomfort. iIf ithe iscan itime iof 
iMRI iis ishortened, iit imight iboost ipatient 
isatisfaction iand ialso ireduce imedical icost. 

For iremoving ialiasing, iNyquist icriterion 
iviolation iexists i[3]. iIn i2004, iEmmanuel 
iCandes iet ial. i[4] iproved ithat iif ithe isignal‟s 
isparsity iis iknown, ithe isignal imay ibe 
ireconstructed iwith ifewer isamples ithan ithe 
iNyquist itheorem iinsists. 

In ithe iprevious iyears, ivarious imethods iare 
ipresented ifor iMRI ireconstruction ifrom iunder 
isampled imeasuremets iusing iBlock iMatching 
iand iAdaptive iKernel iMethods i[5], iGraph- 
ibased iRedundant iWavelet iTransform i[6], 
iConvolutional ineural inetwork i[7], ideep 
ilearning i[8], iModel-Based iImage 
iReconstruction i[ i9]. 

Compressive isensing ican ibe icombined iwith 
iParallel i i iimaging ito iimprove ithe iquality iof 
iMRI iimages. iTowards ithis, ithe iiterative 
ialgorithms iwhich iare iused iare imore 
icomputationally iexpensive. iTo iovercome ithis 
idrawback, ito ispeed iup ireconstruction 
iprocess ithe iGraphics iProcessing iUnits i(GPUs) 
iare iutilized. iThese iare iimplemented ion 
imassively iparallel iprocessors. iVarious 
imethods iare iinvestigated ifor ispeeding iup iCS 
ireconstruction. iThis iincludes iregularized iMRI 
iimage ireconstruction i[10], iCardiac iMagnetic 
iResonance iImaging i[11], iBarzilai i- iBorwein 
iand iSplit iBergman iapproaches i[12] i[13] iand 
imultiple iGPUs i[14] iand ialso ion i2D icine iMRI 
idatasets i[15]. 

In ithe ipresent iwork, iDCT iis iused ifor 
itransformation iof ithe iMRI iimage. 
iMeasurement imatrix iis iused ifor icompressive 
isensing iand iMRI iimage iis ireconstructed iby 
iPrimal idual iInterior ipoint imethod i[16]. 

The iclassifications iof ibrain iMRI idata ias 
inormal iand iabnormal iare iimportant ito iprune 
ithe inormal ipatient iand ito iconsider ionly 
ithose iwho ihave ithe ipossibility iof ihaving 
iabnormalities ior itumor i[17]. 

The ishortage iof iradiologists iand ithe ilarge 
ivolume iof iMRI ito ibe ianalysed imake isuch 
ireadings ilabor iintensive iand icost iexpensive. 

iThis icalls ifor ian iautomated isystem ito 
ianalyse iand iclassify iall ithe imedical iimages. 
iIn idealing iwith ihuman ilife, ithe iresults iof 
ihuman ianalysis iinvolving ifalse inegative icases 
imust ibe iat ivery ilow irate. iA idouble ireading 
iof imedical iimaging icould ilead ito ibetter 
itumor idetection. iRecent iwork i[18,19] ihas 
ishown ithat iclassification iof ihuman ibrain iin 
imagnetic iresonance i(MR) iimages iis ipossible 
ivia isupervised itechniques isuch ias iartificial 
ineural inetworks iand isupport ivector imachine 
i(SVM) i[18] iand iunsupervised iclassification 
itechniques isuch ias iself-organization imap 
i(SOM) i[18] iand ifuzzy ic-means[19]. 

 

II. MATHEMATICAL iFOUNDATION iOF 
iCOMPRESSIVE iSENSING 

 

Let ix∈ iRN ibe ithe isignal. i iAn iorthonormal 
ibasis iΨ i∈ i iRNxN isparsifies ix iif iθ i= iΨT ihas 
ionly iK iš iN inonzero ientries iand iwe ican i isay 
i ithat i ix i iis i iK-sparse i i[17]. i iΨ i icompresses 
ix iif i the ientries iof iθ, iwhen isorted iby 
imagnitude iwill idecay iaccording ito i| iθ(i)| i< 
iCi-1/p ifor isome ip i≤ i1. iθ iis is i– icompressible 
iin iΨ iif is i= i1/p i– i1/2. iBy itransform icoding, 
i ithe ivectors ican ibe icompressed iand iK 
ilargest icoefficients iare iretained iby 
imagnitude. iThe iremaining icoefficients iare iset 
ito izero. 

The iCompressive isensing imeasures iinner 
iproducts iof ia iset iof imeasurement ivectors 
i{A1, i…..AM} iand ithe isignal. iCompressing iof ithe 
isignal iis idone iwhen iM i< iN. iThe iobjective iof 
iCompressive isensing iis ito irecover ithe isignal 
ix ifrom ithe ismallest ipossible imeasurements iy. 
iTowards ithis, iinfinitely imany ivectors ican 
igive ithe i irecorded imeasurements iy idue ito 
ithe irank idefieciency iof imatrix iϒ=AΨ. 

For istable isignal irecovery, ithere iare 
iconditions ion ithe itype iand inumber iof 
imeasurement ivectors. iThe iRestricted 
iIsometry iProperty i(RIP) istates ithe icondition 
ito i imeasure ithe ifitness iof imatrix iϒ ifor iCS. 

Definition: iThe iK- irestricted iisometry iconstant 
ifor ithe imatrix iϒ, idenoted iby iδK, iis ithe 
ismallest inonnegative 

number isuch ithat, ifor iall iθ i∈ iRN iwith i||θ||O 
i=K. 
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  When ithe iinformation iis imeasured 
ilinearly, ireconstruction iof isignal iwill ibecome 
ia iproblem iof isolving ia ilinear isystem iof 
iequations. iMathematically, ithe iobserved idata 
iy∈ iCm iis irelated ito ithe isignal ix i∈ iCN 
ithrough ithe iequation: 

 i i i i i i i i i i i i i i i i i iAx i= iy  i i i i i i i i i i i i i i i 
i i i(1) 

Since ithis iis ia ilinear imeasurement iprocess, 
ithe ivector ix∈ iCN ican ibe irecovered iby 
isolving ithe ilinear isystem iin iequation i(1). 

CS iproblem iconsists iof ireconstruction iof ia 
isparse ivector 

x i∈ iCN ifrom iunderdetermined imeasurements 

y i= iAx∈ i iCm, im i< iN. i i i i i i i i i i i i i i i i i i i i 
i(2) i 

Hence, iCS iposes itwo iproblems. 

  i iDesign iof ilinear imeasurement imatrices 
ii.e, i i i i i i i i 

 i idetermining isuitable imeasurement imatrix iA. 

  i iDetails iof iefficient ireconstruction iof ix 
ifrom iy. 

 

Matrix iA ishould ibe idesigned isuch ithat iit 
ishould icater ito iall isignals ix isimultaneously. 
iIn icompressive isensing, ithe isparsest ivector 
iis ito ibe isearched iin iconsistent iwith ithe 
imeasured idata. iThe iproblem ican ibe istated 
ias il0 iminimization. 

i.e. iMinimize i||x||0 isubject ito iAx i= iy 
iUnfortunately, isolving ithe il0 iminimization 
iproblem ican ibe ishown ito ibe iNP ihard. 
iHowever, icomputationally iefficient ialgorithms 
iare iwell-developed ito isolve ia irelaxed iversion 
iof ithe iproblem. iBasis ipursuit iis ione iof ithe 
iapproaches iwhich ican ibe istated ias ibelow. 

Minimize i||x||1 isubject ito iAx i= iy. il1 inorm iis 
ia iconvex ifunction, ihence ithis iproblem ican ibe 
isolved iwith iefficient itechniques ifrom iconvex 
ioptimization. 

Basis iPursuit iis ione iof ithe itechniques ifor 
iconvex ioptimization. 

 

 

 

 

III. SPARSITY iOF iMRI iIMAGES 

 

An iimage ican ibe itreated ias isparse iwhen iits 
iinformation iis idefined iby ionly ia ifew ipixels, 
iwhile ithe icontribution iof ithe iremaining 
ipixels iis inear ito izero. iMR iimage iis ia ivery 
igood iexample ifor isparse irepresentation. iStill, 
iall ithe iimages iare inot inaturally isparse. iBut 
iby iusing ia itransform, ithese iimages ican ibe 
iconverted ito isparse. iThe iimages ithat ihave 
ionly iedge iinformation irequires ia isimple 
itransform ito iachieve igood isparse 
irepresentation. 

To idemonstrate ithat ithe iMRI iimage iis isparse, 
ilet ius iconsider ithe ifollowing iMRI iimage 
ishown iin iFig. i1. 

 

Fig. i1 iSample iMRI iImage 

 

After ithe iDCT itransformation, ithe iDCT 
icoefficients ifor ithe iMRI iimage iare ishown iin 
iTable iI. 

TABLE iI 

SAMPLE iVALUES iOF iDCT 

-0.0000 0.0003 0.0002 0.0029 -0.0000 

0.0006 -0.0001 -0.0091 0.0000 0.0006 

-0.0002 0.0000 0.0033 0.0022 0.0002 

-0.0014 0.0001 0.0082 -0.0001 -0.0002 

-0.0000 0.0014 0.0001 0.0034 -0.0000 

-0.0009 0.0003 0.0028 0.0019 0.0004 

-0.0001 -0.0040 -0.0000 -0.0017 0.0000 

-0.0012 -0.0000 0.0009 -0.0000 0.0011 

0.0001 -0.0038 -0.0013 0.0001 -0.0014 
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It ican ibe iobserved ithat imost iof ithe iDCT 
icoefficients iare inear ito izero iand ithe 
iinformation icontent iis irepresented iby ivery 
iless ivalues. iThus iMRI iimage iprovides ia igood 
iexample ifor isparse irepresentation. 

 

IV. RECONSTRUCTION iMETHOD i i 

Compressive iSensing iconsists iof imainly ithree 
istages. 

1. Sparse irepresentation iof ithe iimage 

2. Measurement imatrix iand 

3. Reconstruction ialgorithm. 

The iimage iis itransformed ifrom ione idomain 
ito ianother idomain iutilizing ione iof ithe 
iTransform ito irepresent ithe iimage iinto isparse 
idomain. 

A isuitable imeasurement imatrix iis idesigned ito 
ireduce ithe isampled idata. iGaussian iRandom 
iMatrix iis iused ias imeasurement imatrix iin 
ithis iwork. 

A. Reconstruction 

To irecover ithe ioriginal isignal ifrom ithe 
imeasured idata, iBasis i i i ipursuit i i i 
itechnique i i i is i i i employed. iOptimization 
ichallenges ican ibe itackled isuccessfully iby ithe 
irecent iadvances iin iinterior ipoint imethods. 
iPrimal idual iinterior ipoint imethod ihas ibeen 
iused ifor ireconstruction iof ithe iimage. 

B. Basis iPursuit iAlgorithm 

The irecovery iof ithe ioriginal iimage iis idone iby 
ithe iImage iReconstruction iProcess. iSparse iMR 
iimage iis ireconstructed iusing ithe iBasis 
iPursuit ialgorithm ialso iknown ias il1 inorm 
iminimization ibased ion iCompressive iSensing 
ito iachieve ian ioptimal iimage iquality. 

The isolution iis iobtained iby iPrimal i– idual 
iInterior ipoint imethod. 

The iproblem ito isolve iin istandard iform iis 
iMinimize icTx 

 isubject ito iAx i= iy ix i≥ i0; 

where ic, ix i∈ iRn, iy i∈ iRm iand iA iis ian im ix in 
imatrix. iThis iis icalled ithe iprimal iproblem. 

The idual iproblem ican ibe irepresented ias 
iMaximize ibTy isubject ito iATy i≤ ic 

 

 iNewton iequations ifor ithe ilogarithmic ibarrier 
i i i irepresentation iof iproblem iis idefined iby 

 

 

      (3) 

where ir∈ i[0, i1] iis ia iis ia iduality imeasure 
i[16]. i 

C. Inverse iTransform 

 

The ifinal istage iis ithe iInverse iTransform. iThe 
iinverse iof ithe iDCT ireconstructs ia isequence 
ifrom iits idiscrete icosine itransform 
icoefficients. iImage iis ireconstructed iusing ithe 
iInverse iDiscrete iCosine iTransform i(IDCT). 

 

V. CLASSIFICATION iUSING iSUPPORT 
iVECTOR iMACHINE i(SVM) 

The iaim iof iclassification iis ito igroup iitems 
ithat ihave isimilar ifeature ivalues iinto igroups. 
iClassifier iachieves ithis iby imaking ia 
iclassification idecision ibased ion ithe ivalue iof 
ithe ilinear icombination iof ithe ifeatures. iSVM 
iis ia ibinary iclassification imethod ithat itakes 
ias iinput ilabelled idata ifrom itwo iclasses iand 
ioutputs ia imodel ifile ifor iclassifying inew 
iunlabeled/labelled idata iinto ione iof itwo 
iclasses. iThe iSVM ioriginated ifrom ithe iidea iof 
ithe istructural irisk iminimization ithat iwas 
ideveloped iby iVapnik i[20]. 

Support ivector imachines iare iprimarily itwo 
iclass iclassifiers ithat ihave ibeen ishown ito ibe 
iattractive iand imore isystematic ito ilearning 
ilinear ior inon-linear iclass iboundaries. iThe 
iuse iof iSVM, ilike iany iother imachine ilearning 
itechnique, iinvolves itwo ibasic isteps inamely 
itraining iand itesting. iTraining ian iSVM 
iinvolves ifeeding iknown idata ito ithe iSVM 
ialong iwith ipreviously iknown idecision ivalues, 
ithus iforming ia ifinite itraining iset. iIt iis ifrom 
ithe itraining iset ithat ian iSVM igets iits 
iintelligence ito iclassify iunknown idata. iIn 
iSVM, ifor itwo iclass iclassification iproblem, 
iinput idata iis imapped iinto ihigher 
idimensional ispace iusing iRBF ikernel. iThen ia 
ihyper iplane ilinear iclassifier iis iapplied iin ithis 
itransformed ispace iutilizing ithose ipatterns 
ivectors ithat iare iclosest ito ithe idecision 
iboundary i[7]. iLet im-dimensional iinputs ixi i(i 
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i= i1, i. i. i.,M) ibelong ito iClass i1 ior i2 iand ithe 
iassociated ilabels ibe iyi= i1 ifor iClass iI iand i−1 
ifor iClass iII. iDecision ifunction ifor iSVM iis 
iD(x) i= iw it ix i+ ib 

where iw iis ian im-dimensional ivector, ib iis ia 
iscalar, iand iyi iD(xi)≥1 ifor ii=1, i. i. i.,M. 

The idistance ibetween ithe iseparating ihyper 
iplane iD(x) i= i0 iand ithe itraining idatum 
inearest ito ithe ihyper iplane iis icalled ithe 
imargin. iThe ihyper iplane iD(x) i= i0 iwith ithe 
imaximum imargin iis icalled ithe ioptimal 
iseparating ihyper iplane. 

 

VI. EXPERIMENTAL iRESULTS 

 i i i  This isection igives ithe iresults iof ithe 
iproposed imethod. iThe iimages iare icropped ito 
ia isize iof i100×100 ipixels. iThus, ithe itotal 
iamount iof iinformation iis i10000 ipixels, ion 
iwhich iwe itake i3000, i4000, i5000, i6000 iand 
i7000 imeasurements irespectively. iThe 
ireconstructions iare iconducted ion iI7 ipersonal 
icomputer. iEach iiteration iof ithe icompressive 
isensing itakes iabout i18 iseconds iand ithe 
iprocess iconverges iin iabout i20 iiterations. 
iThus ithe ientire ireconstruction iprocess itakes 
iabout i6 iminutes. 

 Comparison iwith idifferent imeasurement 
ivalues i“m” iare ias idepicted iin iFig. i2. i 

 PSNR ivalues ifor ithese imeasurements iare 
itabulated iin iTable iII. 

 Results ishows ithat ithe icompressive 
isensing ireconstruction ihas imuch ibetter 
ivisual iquality, i iwhich iare inot ivisible iin ithe 
itraditional ireconstruction. 

 i iTABLE i i iII  i i i iPSNR iVALUES iFOR 
iDIFFERENTiMEASUREMENT i(M) iVALUES 

Image m=3000 m=4000 m=5000 m=6000 m=7000 

Image i1 18.36 19.75 21.5 23.02 25.5 

Image i2 21.0 22.01 23.7 25.23 27.3 

Image i2 21,73 23.64 25.95 28.03 30.6 

 

VII. RESULTS iAND iDISCUSSION 

Feature iextraction ihas ibeen iimplemented 
iusing iMatlab i7.9. iEach iof ithe iimages 
iproduces i17689 iwavelet iapproximate 
icoefficients. iThe imain iadvantage iof iwavelets 
iis ithat ithey iprovide ilocalized ifrequency 

iinformation iabout ia ifunction iof ia isignal, 
iwhich iis iparticularly ibeneficial ifor 
iclassification. iBy iusing ithe iwavelets, ia igiven 
ifunction ican ibe ianalyzed iat ivarious ilevels iof 
iresolution. iThe ialgorithm idescribed iin ithis 
iproject iis ideveloped ilocally iusing ia 
icombination iof ithe iImage iProcessing iToolbox 
iand iWavelet itoolbox i(The iMathWorks) ifor 
iMATLAB. iThe imatrix iof icoefficient iis i133 ix 
i133 i double. 

 

MRI iimage 
i1 

MRI iimage i2 MRI iimage i3 

 

Cropped Cropped Cropped 

 

M=3000 M=3000 M=3000 

 

M=4000 M=4000 M=4000 

 

M=5000 M=5000 M=5000 

 

M=6000 M=6000 M=6000 
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In ievery iwavelet–coded iMR iimage, ia iclassifier 
ihas ibeen iapplied ito idetermine iwhether iit iis 
inormal ior iabnormal. iThe iparameter iof i‘0’ iis 
ifor iabnormal iwhereas i‘1’ iis ifor inormal 
iimage. iThe iresult ifrom ifeature iextraction iwill 
ibe iused ias iinput ifor iclassification. 

A. Classification iUsing iSupport iVector 
iMachine i(SVM) 

The itype iof iSVM iwhich ihas ibeen iused iis 
i‘c_svc’ i iwhich imeans imulticlasses. iThe 
iparameter ifor ikernel itype iis iusing iRadiant 
iBasis iFunction i(RBF). iThe isettings iof i‘kernel 
itype’, i‘gamma’ iand i‘rho’ iare idone iby idefault 
iof ithe isoftware. iAlso, iwe iare iusing iclass i2 
iwhich iactually imeans i‘normal’ iand 
i‘abnormal’. iThe ilabels ifor ithese iclasses iare 
iusing i‘1’ iand i‘0’ ifor i‘normal’ iand i‘abnormal’ 
irespectively. iThe inumbers iof inormal iimages 
iwhich icounted ifor itraining iset iis i20 iwhereas 
ifor iabnormal iimages iis ieleven. iBy i 
iaccomplishing i ithe i itraining iset, iwe ican 
itherefore iuse iit iinto ilearning ialgorithm. 

 

The ilearning ialgorithm ithen ioutputs ia 
ifunction, iwhich ifor ihistorical ireasons iis 
icalled ithe ihypothesis. iThe ihypothesis’ ijob iis 
ito itake ia inew iinput iand igive iout ian 
iestimate ioutput ior iclass. iThe iparameters ithat 
idefine ithe ihypothesis iare iactually ithings ithat 
i‘learned’ iby ithe itraining iset. 

 

Several itesting ihave ibeen idone iwith isome 
iBrain iMRI iimages. iFrom ithe itesting, iall 
inormal ihave ibeen iclassified isuccessfully ibut 
inot ifor iabnormal iones. iDue ito ithis 
imisclassified ithe iclassification iresults iwith 
iRBF ikernel ihas igot ian iaccuracy iof i65% 
iwhere ionly i39 iimages iare isuccessfully 
iclassified ifrom i60 iBrain iMRI iwhereas i21 
iimages iare inot. 

 

The ialgorithm ithat ihas ibeen ideveloped 
iprobably icannot iwork ion isets iof isample 
ipoints ithat iare itoo ilarge, ifor itwo ireasons: 

 Limited idata iprecision 

 Computational icomplexity i(time, iand ialso 
ispace) 

However, ilarge isets iof itraining ipoints 

i(thousands iper itissue iclass) iare ineeded iby 
ithe ifinal isupervised inon-parametric iclassifier 
iin iorder ito iperform iwell. 

 

VIII. CONCLUSION 

The ipaper ipresents ian ialgorithm ifor iMRI 
iimage ireconstruction, ifrom iunder isampled 
idata. iDCT iis iused ifor isparsifying ithis idata 
iand ibasis ipursuit iis iemployed ifor iimage 
ireconstruction iexperiments. iExperimental 
iresults ireveal ithat ireconstructed iimages iare 
iof igood iquality. iPSNR ivalues iquantify ithe 
iefficacy iof iproposed itechnique. iThis iwork 
ialso iinvolves iusing iSVM ito iclassify ithe iinput 
iwhich iis iMRI iBrain iinto inormal iand 
iabnormal iclassification. iWe iintend ito iprove 
ithat ithis ikennel itechnique iwill ihelp ito iget 
imore iaccurate iresult. iSVM iactually icannot 
iwork iaccurately ifor ia ilarge idata idue ito ithe 
itraining icomplexity iof iSVM iitself iwhich iis 
ihighly idependent ion ithe isize iof idata i[21]. 
iFor ifuture iwork, iwe iwill itry ito iuse i1/3 ior 
i½ iof ithe idata ifor itesting iand iwill ihope ito 
isee ithe iperformance iimprove ion iaccuracy. 
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