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ABSTRACT

InthisarticlefortheseparationofSuperGaussianandSub-Gaussiansignals,wehaveconsideredthe
Multi-UserKurtosis(MUK),Infomax(InformationMaximization)andExtendedInfomaxalgorithms.
ForExtendedInfomaxwehavetakentwodifferentnon-linearfunctionsandnewcoefficientsandfor
Infomaxwehavetakenasinglenon-linearfunction.WehavederivedMUKalgorithmwithstochastic
gradientupdateiterativelyusingMUKcostfunctionabidedbyaGram-Schmidtorthogonalizationto
projectontothecriterionconstraint.Amongstthevariousstandardsavailableformeasuringblind
sourceseparation,Cross-correlationcoefficientandKurtosisareconsideredtoanalyzetheperformance
ofthealgorithms.Animportantfindingofthisstudy,asisevidentfromtheperformancetable,is
thattheKurtosisandCorrelationcoefficientvaluesarethemostfavorablefortheExtendedInfomax
algorithm,whencomparedwiththeothers.
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1. INTRoDUCTIoN

Overthepastfewdecades,theBlindSourceSeparation(BSS)problemhasfoundwideattentioninthe
areaofspeechandsignalprocessing,communicationandneuroscience.TheBlindsourceseparation
problemrecoverstheoriginalsourcesfromtheirmixtureswithoutanypriorinformationaboutthe
inputsources(Amari,1998).InBSStherearedifferentapproachesareconsidered,oneapproachis
instantaneousBSSandtheotheroneisconvolutiveBSS.Inbothcasesthenatureofmixingprocess
aredifferent.Herewehaveconsideredthenumberofoutputssimilartothenumberofinputsources
and themixingprocess is instantaneous.Different researchershave studied theBSSproblem in
differentareassuchasneuralnetworkandstatisticalsignalprocessing.Itisnecessaryforablind
sourceseparationalgorithmtoseparatethesignalsourcesofdifferentdistributions,butduetosome
significantlyfluctuatingparametervaluesmostofthealgorithmsfailedtoseparatethesources.The
InformationmaximizationapproachwhichwasdevelopedbyBellandT.Sejnowskibasedonentropy
maximizationapproachcanseparatethesignalsthosehavesuperGaussiandistributionsandfailsto
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separatethenegativekurtosisvaluesofasignal.Itmotivatedtheresearcherstodeveloptheextended
Informationmaximizationapproachwhichisabletoseparatethesignalsthosehavesuper-Gaussian
andsubGaussiandistributions(Lee,Girolami,&Sejnowski,1999).Heretheperformanceofthe
sourceseparationisevaluatedbydifferentqualitymeasures:suchask,co-relationcoefficientandSIR
whichareoneoftheessentialparametermeasurementofqualityofseparation.ResearchersSoloumiac
andCardoso(1993),Comon(1994)andGarratandPham(1997)proposedsomeofthealgorithms
whichalsoseparatemixturesofSupergaussianandSubGaussiansources.Also,C.BPapadias(2000)
suggestedanotheralgorithmbasedonhigherorderstatisticsi.emultiuserkurtosisalgorithm;thiscan
separatethesignalsofGaussianandsuper-Gaussiansignals.HerewehavecomparedInformation
maximizationalgorithm,ExtendedInfomaxandMulti-UserKurtosismaximizationalgorithms,based
onsourceseparation.Also,wehaveobtainedtheresultsforblinddeconvolutionofonespeechsignal,
forbothInfomaxandExtendedInfomaxalgorithms.

Thepaper isorchestratedasfollows;Section2describesproblemformulation. Insection3,
theinformationmaximizationapproachisdiscussed.Insections4and5,wedescribethedifferent
algorithmsusedforblindsourceseparation.Insection6alltheexperimentalproceduresandthe
correspondingresultsaredescribedindetail.Section7concludesthestudy.

2. METHoDoLoGy

We have passed signal S to the model which is statistically independent, then the signal mixed
withmatrixAtogetresultvectorY.AfterthatmatrixWiscalculatedusingde-mixing(Routray&
Kishore,2007).

TheBSSmodelasinequation(1)below

X r AS r v r( ) = ( )+ ( )  (1)

Where
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, , ,… transmittedSourceSignalsvector

A :isMixingMatrix.
X r( ) :isavector(acquiredsignal)

v r( ) :Vectorwithadd-onnoisesamplesattimeinstantr 

T isMatrix/TransposeVector

Figure 1 shows schematic overview of BSS model. We have considered six audio sources
of different distributions, primarily sub-Gaussian and super-Gaussian using Multiuser kurtosis,
InformationmaximizationandExtendedInformationmaximizationalgorithms(Comon&Rota,2003)
fortheBSS.Herewehaveconsideredthenumberofsourcesignalsequaltothenumberofsensors.
InearlierstudiestherewerevariousalgorithmsalreadydevelopedforBSS.Inourmodel,wehave
takentheextendedInfomax,oneofthesuccessfulneuralnetworkbasedapproachesinseparating
super-Gaussiansignals,inadditiontoInfomaxandmultiuserkurtosisalgorithm.Subsequentlythe
cross-correlationcoefficientandkurtosiswerecomputedforperformancemeasurementin-between
theinputdataandoutputdata.

Thesixsources � , , , , , �s r s r s r s r s r s r
1 2 3 4 5 6( ) ( ) ( ) ( ) ( ) ( ) aremixedthroughamixingmatrix  A ,

gives observed mixed signals X r X r X r X r X r X r
1 2 3 4 5 6( ) ( ) ( ) ( ) ( ) ( ), , , , ,  (Lee, Girolami, &
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