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Abstract 

In the process of wireless communication, the improved wireless communication 

technology is optimized by exploiting the sparsity of the signal transmission to 

improve the system communication efficiency and the communication performance. In 

the case of insufficient system resources and few active users, in order to save system 

resources, the pilot signal is not sent. Recover the source signal from the received data 

when the channel parameters are unknown., we combine the advantages of 

independent component analysis and compressed sensing to obtain the multiuser 

detection. Based on the multi-user detection model, the independent component 

analysis algorithm is introduced into the compressed sensing data processing. Two 

different data processing processes are analyzed and compared. The experimental 

results show that the compressive sensing algorithm combined with the independent 

component analysis can be applied to multi-user detection without prior information 

and has good performance. 

Keywords: Independent component analysis, compressive sensing , Multiuser 

detection 

 

1.Introduction 

Intheprocessofmultiusertransmissiondetection,onlyaf

ewuserstransmitsignalsatthesametime,sothetransmiss

ionsignalissparsely.Intheprocessofwirelesscommunic

ation,byexploitingthissparsitytooptimizeandimprove

wirelesscommunicationtechnology,wecaneffectivelyi

mprovetheefficiencyofsystemcommunicationandimp

rovetheperformanceofthesystem.Compressedsensing

isappliedtomultiuserdetection
[1-3]

.Compressedsensin

ghasastrongabilitytosparsesignal,butintheprocessofsp

arsity,itoftenomitssomecomponentsofweaksignals.A

ndtheindependentcomponentanalysiscanrevealallkin

dsofsignalsinarelativelycomprehensiveway.Buttheex

cessivedensityoftheindependentcomponentreducesth

eabilitytoanalyzetheeffectivesignal
[4-6]

.Therefore,itis

bettertocombinetheadvantagesofthetwotheoriestocarr

youtmultiuserdetection. 

2.Systemsignalmodel 

Inthemultiuserdetectionofuplink,iftheuserusescodedi

visionmultipleaccess,eachuserisassignedasinglesequ

enceofLlength,eachuserhasitsownsequenceinformati

on,andthebasestationhasthesequenceinformationofall

users.Themultiuserdetectionsignalmodelintheuplinkc

anbeexpressedas 

 ( )Y Hdiag s V N   (1) 

Theabovemodelindicatesthatthereare n

usersinacell.Thelengthofthespreadcodeforeachuseris

l .
m nH C  isachanneltransfermatrix,and

1{0,1}ns 

representstheuserinformationvector.Whentheuser i

hastransmissiondata,thevalueofthecorrespondingele

mentis

1is  .Whentheuserisinidlestate,thevalueofthecorresp

ondingelementis 0is  .Eachlineofthe
n lV C 

correspondstotheonlyspreadsequenceinformationofa
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user.Multiuserdetectionistorestorethevector s . N

representsthewhitenoisecomponent.Theaboveequatio

ncanbeexpressedas 

 
'( ( ) )Y H diag s V N HV N     (2) 

When

1l  ,Theaboveproblemisageneralcompressivepercept

ionproblemmodel.Intraditionalmultiuserdetection,all

usersareactivated.Whenthebasestation'santennanumb

er m ismuchsmallerthanthenumberofusers
n .Andwhen

1n  ,itisimpossibletorecoverthedeterminedcoefficien

tvector
s .Therefore,intherealsystem,CDMA,FDMAandTD

MAareneededtodistinguishusers
[7-9].

TakeCDMA,fore

xample,whichassignsauniqueidentifiertoeachuser,an

d

l n .Inthedetectionprocess,whichuserisintheactivati

onstateisunknown,sothedetectionistotreatallusersasac

tivatedstate.Eachuser'scodewordisusedtomatchtherec

eiveddataatthereceivingend.Theamountofworkandco

stishuge.Onlyasmallnumberofusersintheuplinkaretra

nsmittingdataatthesametime,sothetransmissionsignal

atthesametimeissparsely.Usingthissparsity,compressi

onperceptioncanbeeffectivelyapplied. 

Intheuplinkchannelestimation,theterminalsendsaspec

ificpilotsequencetothebasestationforthebasestationto

performchannelestimation.Thebasestationknowsthep

ilotsequenceofeachuser.Atthispoint,thechannelrespo

nsecorrespondingtothetransmittedpilotsequenceusern

eedstoberestored. 

 
'( )T T T T T TY V diag s H N V H N     (3) 

Intheaboveexpression,
'H istherowsparsematrix

( ) Tdiag s H

thatneedstoberestored.Fromtheaboveanalysis,itcanbe

seenthatthesignalmodelcanbeexpressedasformula(2)(

3)fortheuplinkmultiuserdetectionoruplinkchannelesti

mation,onlythevariablestobesolvedaredifferent. 

Inthemultiuserdetectionmodel,comparedwiththecom

pressedsensingmodel,itistorecover

( )diag s V .Weconsiderasignal
nx R withsparse

s ,andbyusingcompressedsensingtechnology,measure

mentvector
my R

canbeobtainedfromthesignalandthendimensionalspac

ethroughmatrix
m nA R  . 

 y Ax N   (4) 

TheresearchshowsthatwhenthemeasurementmatrixAi

sgaussianrandommatrixorBernoullirandommatrix,the

sparsevectorcanbewellrecoveredbycompressedsensin

g.Whenthenumberofrowsofthemeasurementmatrixsa

tisfies ( log / )m O cs n s ,where c

isthecoefficientrelatedtotheprobabilityofrecoverysuc

cess, s isthesparsityofthesignal,and n

isthedimensionofthesignalvector.Whentheabovecond

itionsarenotsatisfied,and m

isevensmallerthanthis,itisimpossibletodirectlyuseco

mpressedsensingtechnologytorestoretheoriginalspars

esignal.Inordertosolvethisproblem,theconstraintofco

mpressedperceptioncanbesatisfiedbydimensionalexte

nsion.Itisusuallyassumedthatthebasestationhas m

receivingantennas,andthenumberofobservationsis m .
m isfarlessthan n andcan'trestore

S .Inliterature
[10]

,anextendeddimensionisproposedto

meettherequirementsofthecompressedsensingalgorit

hm.Assumingthattheextendeddimensionis d , 

 1 1 2( , ,..., )nY Adiag x x x V N   (5) 

n dV R  isadimensionextensionmatrix,

1 2[ , ,..., ]T

nV v v v ,amongthis
d

iv R

isthespreadspectrumvectorofuser i . 1

d mY R 

representsthematrixmeasuredbytheresult.Theabovee

quationcanbeexpressedas 

 1 1 2( , ,..., )T T T T T T

n AY V diag x x x A Z V X N     (6) 

 1 2( , ,..., ) T

A nX diag x x x A  (7) 

Inanexpression 1

T d mY R  .
n m

AX R 

istherowsparsematrix.Inequation(7),therecoveryproc

essofsparsematrix AX

canbeacompressionperceptionproblemofMMV.Bydi

mensionalextension,thesignalmodelthatcouldnotbeus

edforcompressedsensingwastransformedintoamodelt

hatcouldbeusedforcompressedsensing.When AX

restoredcorrectly,thenon-zeroelementsoftheoriginals

parsesignal x measuredbythematrix A
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canbeexpressedas 

 2

2

( ) ( )
ˆ

( )

T

A

i
T

X i A i
x

A i
  (8) 

Thedimensionexpansionmatrix V

istheGaussmatrix.Afterdimensionexpansion,therecov

eryprocessofsparsematrixbecomesanMMVcompressi

onperceptionproblem.SOMPalgorithmcanbeusedtore

storethesparsesignalandrealizetheresultofmultiuserde

tection. 

Usually,inwirelesscommunication,thepilotsequenceis

usedtoestimatechannelparametersinordertoobtaincha

nnelparameterinformation.Onmanyoccasions,suchas

wirelesssensornetworks,thenumberofsensorsthatusua

llytransmitsdataisnotmuch,andthewirelessresourcesa

renotrich,soinordertosavethesystemresources,thesour

cedatarecoverysituationisconsideredwithouttheneedo

fpilotinformationandtheunknownchannelparameters. 

3.MultiuserdetectionbasedonCSICA1 

Inthetheoryofcompressedsensing,thesourcesignal S

canbeexpressedsparselyinagroupofbases： 

 
1

N

i i

i

S   


    (9) 

Intheformula: 1 2[ , ,..., ]M    isthebasevector, 

isthecoefficientvector.Foragivenobservationsignal X

andameasurementmatrix  ,thesourcesignalis S

found. 

 X   (10) 

Inthecompressedsensingalgorithm,itisknownthatthe

measurementmatrix 

isknown,anditisdesignedasarandommatrix.Thecoeffi

cientbase 

isalsoknown.Inthispremise,avarietyofoptimizational

gorithmsaredesignedtoestimatethesparserepresentati

onofthesignal  .Thenthesourcesignal S 

isobtainedbytransformation. 

Independentcomponentanalysis(ICA)isablindsources

eparationtechnique
[11,12]

,whichextractsindependentco

mponentsfrommixedsignals.Themathematicalmodeli

sasfollows: 

 X AS  (11) 

X isasetofvectors  1 2, , ,
T

nx x x   . , 1ix i n  isagroupof n

differentobservationdata. S isasetofsourcevectors

 1 2, , ,
T

ms s s , 1is i m 

isanindependentsourcesignal,and A isa n m

dimensionalfullrankmixedmatrix.ThepurposeofICAi

stogettheseparationmatrix W

throughcertainrulesinthecaseofonlyknownobservatio

ndata X . S WX


istheapproximateestimationofthesourcevector

S .Butthepremisethatthesignalsourcecanbeseparatedi

sthatthedimensionoftheobserveddata n

isgreaterthanthenumberofthesourcesignals
m ,andthereisonlyoneGausssignalinthesourcesignal.T

hewidelyusedICAalgorithmistheFastICAalgorithm.T

heindependentcomponentanalysisalgorithmisusedfor

signalextraction.Combinedwiththesignalprocessingp

rocessofcompressedsensing,therecoveryprocessofsou

rcesignalisasfollows. 

Fig.-1isaformationblockdiagramofobservationdata.T

hedataextractionprocessofcompressedsensingisthepr

ocessofextractinginformationfromtheobservedvalues

ofthemixedsignal X .Thesourcesignals

1[ ( ),..., ( )]nS s t s t

aremixedinthechanneltransmissionprocessbythemixe

dparametermatrix A togetthemixedsignal

1[ ( ),..., ( )]nX x t x t .Theobservationmatrixis

 .Thecompressiveobservationvalueis 1[ ,..., ]nY y y . 

 T TY S A  (12) 

Compression

perception

.

..

    mix

1( )s t

( )ns t

1( )x t

( )nx t

.

..

1( )y t

( )ny t

.

..

Y

 A
 X AS

   TY X  S

 

Figure.1.Formationblockdiagramofobservationdata 
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Fig.-2isatraditionalprocessingframeworkforinformati

onextractionfromobservedvaluesofmixedsignalcomp

ression. ˆ ( )is t 、 ˆ ( )ix t and Â isValuationof ( )is t 、 ( )ix t and

A

respectively.Inordertoextractthemixedparametersand

sourcesignals.Themixedsignal X̂

isreconstructedfirstandthemixedparameter Â

andthesourcesignal Ŝ areextracted.

extractrestructure 

1( )y t

( )ny t

...
1̂( )x t

2
ˆ ( )x t

1̂( )s t

 ˆ ( )ns t

 Â

...
...

 

Figure.2.TheprocessofextractingdataofCSICA1 

InFig.-2,SOMPcanbeusedtoreconstructthemixedpara

meters.Thespecificimplementationisasfollows: 

Step1:initializationresidualerror 0R Y ,supportset

0   ,iterationtimes 1t  , T̂ isthenullmatrix; 

Step2:matching:findtheatomthatbestmatchesthecurre

ntresidualerror 

 1 11,...,
arg max T

t t i
i N

R 


   

Step3:updatethesupportset 

 1t t t      

Step4:estimatethesparsesignal 

 2
ˆ arg mint tT Y T


    

Step5:updateresidual 

 ˆ
t t tR Y T    

Step6:t=t+1,if

t K ,returnstep2,otherwisethealgorithmwillend. 

Step7:Thelocationofnonzerorowsin T̂ isstoredin t

and ˆ ˆ
t tT T  . 

Thesignal ˆ ( )ix t

isobtainedthroughtheaboveprocess,andthedesiredmix

edparametermatrix Â andsourcesignal ˆ ( )is t

arerecoveredfrom

ˆ ( )ix t .Comparingthemodel(6)withthemodel(12),itcan

beseenthattheabovedataprocessingprocesscanbeappli

edtothemultiuserdetectionprocess.Wesetthemultiuser

detectioninthescenarioofsporadiccommunication,and

useCDMAasamulti-accessmode,channelparametersa

reunknown,usingtheaboveprocesstodetect,theresultsa

rerecordedasCSICA1. 

4.MultiuserdetectionbasedonCSICA2 

Inwirelesschannels,wefocusonmixedparameters,whic

histhechannelparameters,notmixedsignals.Intheproce

ssofsignaldetection,thechannelparametersneedtobees

timatedbypilotsignal,andthesystemresourcecostishig

h.Inordertoimprovetherecoveryaccuracyofthesources

ignalandobtainchannelparametersdirectlyinthereceivi

ngsignaltoreducethesystemoverhead,wechangethesig

nalrecoveryandextractionprocess. 

Reanalyzethecompressionmixingmodelshowninequa

tion(11),make 

 TG S  (13) 

Theithcolumn ( ) ( )T

i ig t s t  ofthematrix G

istheobservationvalueofsourcesignal is

aftercompressedobservationbyobservationmatrix

 .so 

 TY GA  (14) 

Atthistime 

 
1 1

( ) ( ) ( )
n n

i i ji j ji i

j j

y x t a s t a g t
 

       (15) 

Thecompressedsensingalgorithmistoreconstructthem

ixedmatrix X andthenextractthesourcesignal S

onthepremiseoftheknownobservationsignalmatrix

Y ,themeasurementmatrix  andthesparsematrix

 .Mixedsignalsareusuallyonlyanintermediatevariabl

eforsolvingmixedorsourcesignals.Ifwecanbypassthei

ntermediatevariableandsolvethevariableofinterestdire
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ctly,itwillgreatlysimplifythework. 

Theliterature
[13]

proposedICAalgorithmwithcompress

edsensingtogetanotherdataprocessingprocess.Thepro

cessisshownasshowninFig.-3.InFig.-3theICAalgorith

misusedtoextractthemixedmatrix A

andthecompressingobservationmatrixofsourcesignal

G ,withouttheneedtoreconstructthemixedsignal

X .InordertodistinguishfromthedataprocessinginFig.-

2,werefertotheprocessingofFig.-3asCSICA2. 

restructure   extract

1
()yt

()nyt

.

.

.
Y

1̂ ()st

 ˆ ()nst

 Â

.

.

.

.

..

 

 
1̂ ()gt

 
2̂ ()gt

 

Figure.3.TheprocessofextractingdataofCSICA2 

Becausenoreconstructionprocessisneeded,thealgorith

mcannotonlyreducethecomplexityofthealgorithmwhe

nextractingthemixedmatrix,butalsoreducetheerrorintr

oducedbythereconstructionalgorithmwhenreconstruc

tingthemixedsignal. 

Throughtheabovesteps,wecangetthemixedparameter

matrix A inadvanceandgetthesourcesignal ˆ ( )is t from

ˆ ( )ig t .UnliketheprocessinginFig.-2,weavoidtheextract

ionoftheintermediatevariable

X̂ ,thusavoidingtheaccumulationofdataerrors.Therefo

re,intheory,theaccuracyofdataprocessinginFig.-3shou

ldbebetterthanthatinFig.-2. 

Inordertoimprovetheaccuracyofdataprocessing,obser

vationmodel(11)andmodel(6),wefoundthatICAdatapr

ocessingignoredtheimpactofnoise.Asweknowfromm

odelanalysisofICA,theseparationmatrixisobtainedun

derthenoise-freemodel.Therefore,thealgorithmsofIC

Ausuallyignorethenoise,butthenoiseexists,whichlead

stotheestimationdeviationofthealgorithm.Considerin

gtheinfluenceofnoise,thealgorithmofindependentcom

ponentanalysisismodified
[14]

.ThenoisemodelofICAis

asfollows 

 ( ) ( ) ( )X t AS t N t   (16) 

Above ( )X t istheobservationdata, ( )S t

isthesourcesignal, A isthemixedmatrix, ( )N t

isthegaussianwhitenoisecomponent.Eachsourcesigna

lisstatisticallyindependentfromeachother,andisindepe

ndentfromeachindependentcomponentofthenoise.Ign

oringthenoise,thecovarianceofobserveddataisasfollo

ws: 

 
    

 

( ) ( ) ( ) ( )

( ) ( )

T T T

T T T T

C E AS t AS t E AS t S t A

AE S t S t A AIA AA

 

  
 (17) 

Consideringnoise,thecovarianceofobserveddataisasfo

llows: 

 

     
   

2

( ) ( ) ( ) ( )

( )( ( ))

TT

T T

E X t X t E AS t N AS t N

E AS t AS t E NN

C I

C





    

 

 

 

 (18) 

Fromtheaboveformula,itcanbeseenthatthecovariance

oftheobserveddatawithnoiseisthesumofthecovariance

oftheobserveddatawithoutnoiseandthecovarianceofth

enoise.Itcanbeseenfromthemomentanalysistheory 

 TC U U   (19) 

 1 1 1

TU U    (20) 

Where U and 1U aretheeigenvectormatrixof C and 

respectively,  and 1

arethematrixformedbytheeigenvaluesof C and 

respectively.Observationformula(1)(2),
2C I  ,so 

 
2

1

1

I

U U

   


 (21) 

Ifthenoisedataisprocessedaccordingtothegeneralinde

pendentcomponentanalysisalgorithmbasedonthenois

e-freemodel,thedeviationwilloccurduringthepretreat

mentofalbinism.Setthewhiteneddata Z  

 
1/2

1

TZ U X   (22) 

although

 TE ZZ I ,Meettherequirementofdatawhitening.Butf

orthemixeddatathatweareinterestedin,thewhiteningpr

ocessisnotaswhiteningaswethink. 
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 

  
 

1/2

1

1/2 1/2

1 1

1/2 1/2

1 1

1/2 1/2

1 1

1/2 1/2

1 1

1/2 1/2

1 1

( )

( ) ( )

( ) ( )

T

T
T T

T T T

T

T T

COV U AS t

E U AS t U AS t

U E AS t S t A U

U CU

U U U U

I



 

 

 

 

 



  

  

  

   

   

 (23) 

Albinismischangedasfollows 

 
2 1/2

1 1( ) TZ I U X     (24) 

Althoughthewhiteningprocessofequation(4.18)haswh

itenedthemixeddataofinterest ( )AS t ,theprocesseddata

Z isnotsatisfied

 TE ZZ I .Therefore,thistreatmentisalsocalledequati

on(4.18),whichissemi-bleachingtreatment.Inordertos

implifythederivation,let
2 1/ 2

1( )V I    ,so 

 

 

    1 1 1 1

1 1 1 1 1 1( )

T

T
T T T T T

T T T

E ZZ

E VU X VU X VU E XX U V

VU C U V VU CU V VU U V 

 

   

 (25) 

Thefirsthalfoftheaboveequationisthevalueafterthemix

eddataiswhitened,andthesecondhalfisthevalueofthen

oisecomponent.Accordingtoequation(4.15),wecanget

: 

  

2 1/2 2 1/2

1 1 1 1 1 1

2 1/2 2 1/2 1/2 1/2

1 1

( ) ( )

( ) ( )

T T TVU CU V I U U U U I

I I I

 

 

 

   

     

         
 (26) 

 

so 

 

  1 1

2 1/2 2 2 1/2

1 1 1 1

2 2

1

( ) ( )

( )

T T

T T

E ZZ I VU U V

I I U U IU U I

I I



  

 

 

 

     

   

 (27) 

let
2 2

1( )T I I     ,Theiterativeformulaofnoiseindepe

ndentcomponentanalysisisobtainedaftercorrection 

     1 '

, 1 , , ,3* ( )T T

i k i k i k i kw T E Zg w Z E g w Z w

    (28) 

Aftereachiteration,thenormalizationformulaofthevect

oris 

 , 1 , 1 , 1 , 1'i k i k i k i kw w w Tw     (29) 

Theconcreterealizationisasfollows: 

Step1: Y iscentralatedandwhitenedtoget
2 1/2

1 1( ) TZ I U X    ； 

Step2: 1i  ； 

Step3:The i column iw oftheinitializationmatrix

W ,theelementisarandomvalue,themodulusis1; 

Step4:     1 '

, 1 , , ,3* ( )T T

i k i k i k i kw T E Zg w Z E g w Z w

   ； 

Step5:Orthogonalizationof iw ， 

1

1

( )
i

T

i i i j j

j

w w w w w




  ； 

Step6:Normalization： , 1 , 1 , 1 , 1'i k i k i k i kw w w Tw    ； 

Step7:Judgewhetherthe iw

isconvergentandthenonconvergencereturnstothestep4； 

Step8: 1i i  ，if i n ，returnstothestep3； 

Step9:
1 1ˆ ˆ, ( )TA W G ZW    

Theaboveprocesscangettheparametermatrix A

andtheobservedvalueofthesourcesignal

G .ThenusetheOMPalgorithmtorestorethesourcesigna

l

S .CombiningthedataprocessinginFigure3withtheFas

tICAalgorithmconsideringthenoisemodel,weobtaina

multiuserdetectionprocesscalledCSICA2. 

5.Simulationresult 

Fig.-4simulationenvironmentisanadditiveGausswhite

noisechannel.Theresultscomparetheperformanceofth

reedifferentdetectionmethodsunderdifferentsignalton

oiseratio.ThethreemethodsareMMSE,CSICA1andCS

ICA2,respectively.Inthesimulation,thetotalnumberof

usersis128.Theextendeddimensionis10.Theactivation
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useris6.Itcanbeseenthatundertheconditionoflowsigna

ltonoiseratio,MMSEissuperiortotheothertwomethods

.However,asthesignaltonoiseratioincreases,theperfor

manceofCSICA1andCSICA2israpidlyimproved.The

performanceofCSICA2hasbeenbetterthanCSICA1be

causeofthereductionoftherefactoringstepandtheincrea

seoftheantinoiseability. 

 

Figure. 4. BiterrorrateunderdifferentSNR 

 

Figure. 5. Bit errorrateunderdifferentSparsity 

Fig.-5thesimulationenvironmentisstillintheadditiveG

ausswhitenoisechannel.Butthesignaltonoiseratioisfix

edin10dB.Theresultscomparetheperformanceofthree

detectionmethodsunderthedifferentsparsity.Inthesim

ulation,ifthetotalnumberofusersis128,theextendeddi

mensionis10.Itcanbeseenthatwiththeincreaseofsparsit

y,theperformancedegradationofCSICA1andCSICA2

arebothserious.Thisphenomenonisduetotheincreasing

numberofactiveusers,increasingsparsity,compresseds

ensingalgorithmofthecorrectrecoveryprobabilitydecr

eased.Butcomparingthetwoalgorithms,theperforman

ceofCSICA2isbetterthanthatofCSICA1withtheincrea

seofactiveusers.Thisismainlyduetotheaccumulationof

errorsintheprocessofdataprocessing.inaddition,theim

pactofICAalgorithmnoiseisalsothereasonfortheimpac

toftheresults. 

 

6.Conclusion 

Inwirelesssensornetworkscenarios,thesensorstateisno

tacontinuoustransmissionofinformation,occasionallyi

nthetransmissionstate.Theactivestateofsensorsiscontr

olledbytimeandeventdriven.Inthiskindofsporadicwire

lesscommunicationstate,weconsiderusingCDMAasm

ultipleaccessmode,withoutsendinganypriorinformati

on,whenthechannelinformationisunknown,thesystem

usesthereceiveddatatotransmitthesignalorobtainthech

annelinformation.Informationacquisitionisprocessed

bycombiningcompressedsensingandindependentcom

ponentanalysis.Inthispaper,twodataprocessingschem

esarediscussed,oneofwhichistoobtainmixedsignalsfir

st,andthenseparatethesourcesignalandmixedparamete

rsbyindependentcomponentanalysis.Theotheristosep

aratethemixedparameterandtheobservedvalueoftheso

urcesignaldirectlybyindependentcomponentanalysis,

andthenrecoverthesourcesignalfromtheobservedvalu

e.Experimentalresultsshowthatthetwodataprocessing

processescanbeusedinthecaseofsporadicwirelesscom

munication,andthedetectionperformanceisbetter.Butt

hesecondschemehasbetterperformance,sotheseconds

chemecanbeusedasthefirstchoiceformultiuserdetectio

ninwirelesscommunicationwithoutchannelpriorinfor

mation.Inordertofurtherimprovethedetectionperform

ance,consideringtheinfluenceofnoise,theinfluencecau

sedbynoiseisreducedintheprocessofindependentcomp

onentanalysis(ICA)ofthesecondscheme,andwhitenin

ganditerativeprocessingaremodifiedfromthenoisemo

del. 
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