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1． Abstract  

Thispaperproposestoemployanemplricalchar－  

acteristicfunctionbasednon－Gaussianitymeasure  

asaone－unitcontrastfunctionforindependen七COm－  

ponentanalysis．Thisnon－Gaussianitymeasureisa  

WeighteddistanCebetweenthecharacteristicfunc－  

tion ofa random variable and a GaussianCharac＿   

teristicfunCtionatsomeadequatelychosensample  

points・hdependentcomponentanalysisofanOb－  

SerVedrandomvectorisperformedbyoptimizing  

theabovementionedcontrastfunction（fordiffer－  

entunits）usingafixed－POintalgorithm．Moreover，  

inordertoobtainabetterseparationperformance，  

Weemployamechanismtochooseappropriatesam－  

Plepointsfromaninitial1yselectedsamplevector．  

Final1y，SOmeCOmPuterSimulations arepresented  

todemonstratethevalidityandeffectivenessofthe  

PrOpOSedme七hod．  

2．Introduction   

Intheproblemofblindsourceseparation（BSS），  

weobservemsignals天（k）＝匝1（k），雷2（k），‥・，雷m（k）］T  

at di鮎rent sensorsthat aregeneratedbythefol－  

lowlngmul七i－inputmulti－OutputSyStem  

更（た）＝互s（た）＋戸（た），  （1）   

where kis a（discrete）timeindex，瓦∈RmXn  

（m≧n）is afu11rank mixing matrix，S（k）＝  

［sl（k），S2（k），…，Sn（k）］Tisthevectoroforiginal  

sourcesignals，andi7（k）＝［171（k），i72（k），・・・，i7m（k）］T  

denotesthevectorof（Gaussian）noisesignalspresent  

atmsensors．TheobjectiveofBSSistoestimate  

theinputvectors（k），givenonlytheobservedvec－  

tor更（k），andcertainassumptionsaboutthestatis－  

tics of sol∬CeS．The primary taskin BSSis to  

Obtain ade－mlXlngmatriⅩW∈RnXm that esti－  

matesthepseudo－inverse（A†）ofthemixingmatrix  

Withtheexceptionsofsomescalingandpermutar  

tionambiguitiesl）．Theoutputofthisde－mixing  
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SyStemCanbewrittenas  

y（た）＝弓∇更（た）＝弓軒瓦s（た）＋取（た），（2）  

＝Hs（た）＋両面（た），  （3）   

WhereH＝WA∈RnXnistheglobaltranSformar  

tionmatrixfroms（k）toy（k）．Onceanunbiased  

estimateofA†isavailable，WeCanemPloysome  

auxiliary丘1tersoroptimalnonlinearestimatorsin  

OrdertoreconstruCtthesourcesfromtheobserved  

data（inthepresenceofnoise）1，2）．  

Independentcomponentanalysis（ICA）（seel））  

isastatisticaltechniquethatcanbeusedforBSS，  

PrOVidedthesourcesarestatisticallyindependent  

and at皿OS七one sourceis Gaussian．Although，  

there exist many apprOaChes fbrICA，Our main  

COnCerninthispaperisICAbymaximizingnon－  

Gaussianity．Inordertoimplementthemaximun  

non－Gau5Sianityapproach，Werequiresomequan－  

titativemeasureofnon－Gaussianitysuchasnegen－  

tropy・ThewellknownFastICAalgorithm（see3））  

maximizescertainapproximationsofnegentropyln  

Orderto performICA・Although，praCtically any  

SmOOth non－quadraticfunction can be employed  

forthispurpose4），theoptimalnonlinearfuncti。nS  

dependonthe（unknown）pdfsofso。r。eS3）．This  

impliesthatifsomepreselected（parametric）non－  

1inearitydi庁ersconsiderablyfromtheoptimalfunc－  

tion，theFaBtICA algorithmmayperformpoorly  

forthesesources．   

Itisthereforenecessarytoemploysomedirect  

mea5ureOfnon－Gaussianitythatworkswe11forsig－  

nals with wide range ofpdf岳．In this paper，We  

proposetoutilizeanempiricalcharacteristicfunc－  

tion（ecf）basednon－Gaussianitymeasure（contrast  

function）inordertoperformICA．Itmaybenoted  

thattheecf，beingtheFburier－StieltjestranSformof  

theempiricaldistribution，retainsal1theinforma－  

tionaboutthedata・Consequently，theestimation  

methodsbasedontheecfcanbemadease氏cient  

asthelikelihood－basedapproaches5）．InICAes＿  

timation，theecfhasalreadybeenusedin6）t。  

COnStruCtanObjectivefunctionformeasuringsta－  

tisticalindependencebetweenrandomvariables．In  

thiscontribution，Weemploytheecfto（directly）  

measurethedistanceofanarbitraryempiricaldis－  

tributionfromtheGaussiandistribution（atsome  

adequatelychosensamplepoints）．Suchacontra5t  

functioncanbeeasilymaximizedbyuslngafixed－  

point algorithm・nlrthermore，Wealsosuggest a  

procedureforchoosingappropriatesamplepoints  

（fromaninitial1ychosensamplevector）inorder  

toobtainsomewhatbetterseparationperformanCe．  

Finally，SOmeSimulationresultsareglVeninorder  

toshowthattheproposedapproachworkswe11for  

bothsymmetricanda5ymmetricdistributions．  

3・Pre－Whitening  

Pre－Whiteningisacommonlyemployedpre－prOCeSSing  

techniqueinmanyICAalgorithmsincludingJADE  

7）andFastICA3）．Itismainlyusedtoreduce  

thecomplexityoftheBSS problem．Considering  

thenoISymixturemodelgivenbyEq．1，arObust  

pre－WhiteningstagelinearlytranSformtheobserved  

VeCtOrintoanOthern－dimensionalvector x（k）＝  

Q更（た），かenby  

x（た）＝Q瓦s（た）＋Qラ（た）＝As（た）＋〝（た），（4）   

WhereQ∈RnXmisawhiteningmatrix，Z／（k）＝  

Qi7（k）isthetransformed noisevector，and A＝  

Q瓦∈RnXnisanorthogonalmatrixi．e，AAT＝  

In．Thereた〉re，inordertoachieveBSS，WearenOW  

requiredtoobtainanOrthogonalde－mixlngmatrix  

WthatestimatesA－1＝AT・Thecorresponding  
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whereJ（yi）isthenegentropyofyiandCissome  

irrelevantconstant．Negentropyofarandomvari－  

ableuis de丘ned as  

J（む）＝ガ（餌gau8S）一方（祝），  （10）   

WhereugauB8denotesaGaussianrandomvariable  

withthesameVarianceasu．NegentropylSamea－  

SureOfnon－Gaussiamityinthesensethatitis al－  

WaySnOnnegative，andattainsitsminimumvalue  

（ofO）ifandonlyifuhasaGaussianpdf，Therev  

fore，inthelightofCLT，Eq．9impliesthatICA  

byminimizationofmutualinformationis equivar  

lenttofindingdirectionsinwhichtheoutputsyi  

areuncorrelatedandmaximal1ynon－Gaussian．   

Final1y，itmaybenotedthatnegentropyisdiト  

毘cult to estimatefromits definition sinceit re－   

quires an estimate ofthe pdf．However，We Can  

StillperformconsistentICAestimationbyreplac－  

ingnegentropybyanyOther（good）measureofnon－  

GausSianity．TheFastICAalgorithm，forinstance，  

employscertainsimplerapproximationsofnegen－  

tropyto performICA．Theseapproximations can  

bewritten・as4）  

j（㍊）∝［且（G（祝）－C（祝gau8S））］2，（11）   

WhereGisanySmOOthno－quadraticfunction．Some  

Choicesofthesenonlinearfunctionsincludelogcosh（u），  

exp（－u2），u4，andu3．Nevertheless，thebestper－  

formanceisobtainedifwechooseGproportional  

tothelogofthepdfofu3）．Thisimpliesthatany  

fiⅩedgeneralpurposefunctionmaynotworkwell  

foral1thepdfs．Wecanovercomethisdrawback  

byemployingmorethanone（appropriate）nonlin－  

earities orutilizeanon－GaussianitymeaBurethat  

WOrkswellfbrdifferentpdfs，  

OutputVeCtOrisglVenby  

y（た）＝Wx（可．  
（5）   

Forsimplicity，WeaSSumethat m＝n，andthe  

COVarianCematrixCvofi7isknown．Inthiscase，a  

robustpre－Whiteningmatrixcanbeobtainedas8）  

Q＝（C更－C予）‾1／2，   （6）   

whereC更＝β天文Tisthecovariancematrixof烹．  

ItcanbeeasilyseenfromEq．4thatthecovariance  

matrix C, of the transformed vector x is given by 

Cx＝Ⅰれ＋Cレ，  （7）   

whereCレ＝QCi，QTisthecovariancematrixofz／．  

4．ICA by Maximizing Non－  

Gaussianity   

ICAis usually achieved by minimizing a con－  

trastfunctionthatattainsitsminimumvaluewhen  

theoutput signals（yi＝WTx）た1becomemu－  

tual1ystatisticalindependent，Wherew㌻denotes  

theith row ofthe de－mixing matrix．A natural  

Choiceforsuchacontrastfunctionismutualinfor－   

mation，Whichisconsideredasthemostsatisfying  

information－theoreticmeasureofstatisticaldepen－  

dence between random variables．In case of the  

outputvectorgivenbyEq．5（withWWT＝In），  

itleadstothefollowingcontrastfunctionl）  

n  

g（y，W）＝∑叫涙」拍）， 
£＝1  

（8）   

WhereH（yi）＝－Elog（qi（yi））istheentropyofyi，  

qi（yi）isthepdfofyi，andH（Ⅹ）istheentropyof  

X．Aftersomesimplemanlpulations，WeCanWrite  

Eq．8a53）  

m  

～（y，W）＝C－∑J（眺），  
豆＝1  

（9）  
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5・TheProposedApproach  
5．1 AnEmpiricalCharacteristicFhnc－  

tionbasedNon－GaussianityMea－  
Sure  

Thecharacteristicfunction（cf）ofarandomvari－  

ableuisdefineda5theFburier－StieltjestranSform  

Ofitscumulativedistributionfunction（cdf），  

fartwodistributionsare＆omeachother．Inpar－  

ticular，We employ a weighted distance between  

CN（u，入）andc（uga。SB，入）inordertoobtainanon－  

GaussianitymeaBure・Here，C（ugau8S，入）＝eXp（一入2／2）  

is thecfoft，he Gaussiandistribution andwehave  

assumedthatbothuandugau88haveunitvariances・   

Suchadistancemeas11re，incomparisonto ap－  

proximationsofnegentropygivenbyEq．11，isex－  

pected to workforwider range ofpdfb．Forin－  

StanCe，itis possible to observe a non－Gaussian  

random variable u that has a zero kurtosis value   

butnonzerohigherordercumulantS（orthepdfof  

uisasymmetric）．Forthesesignals，kurtosiswill  

notworkasameasureofnon－GausSianity．Onthe  

Otherhand，aSindicatedabove，CN（u，入）becomes  

equaltoc（uga。BS，入）∀入onlywhenuhasaGaussian  

pdf．  

IfweuseanL2typedistanCemeaSure，there－  

sultingteststatisticscanbewrittenaslO）  

ノ、二二、  C（叫入）＝   exp（J入祝）dF（祝），   （12）  

wherej＝Vq，入isarealvaluedfrequencypa【  

rameter，andF（u）isthecdfofu．Thecfcanbe  

easilyestimatedfromthedatabyreplacingitwith  

theecflGivenNindependentsamples（u（k）lた1，  

theecfisde丘ned as   

cⅣ（叫入）＝exp（刷（13）  

Fromtheaboveequation，WeSeethatcN（u，入）isa  

SumOfboundedi．i．d．randomvariables．Therefore，  

itfo1lowsfromthestronglawoflargenumbersthat  

CN（u，入）convergesalmostsurelytoc（u，入）fbrevery  

入・ThisimpliesthatcN（u，入）isaconsistentesti－  

mateofc（u，入）∀入．Furthermore，itisshownin9）  

thatasarandomprocess，YLr（入）＝ノ万（cN（u，入）－  

C（u，入））convergesweaklytoazeromeancomplex  

GaussianprOCeSSSatisfyingY（入）＝Y（一入）and  

且y（入1）y（入2）＝C（入1＋入2）一C（入1）c（入2）．（14）   

Inordertomeasurenon－Gaussianitybyecf，We  

note that cN（u，入）is the Fourier－Stieltjes tranS－  

formoftheempiricalcdf鞠（u）＝P（u）／N，Where  

P（u）isthenumberofu（i）≦uwithl≦i≦N．  

Thisimpliesthatthereexistsaone－OneCOrreSpOn－  

dencebetweenFhr（u）andcN（u，入）．Morespeci丘－  

Cal1y，ifulandu2aretWOrandomvariablesthenwe  

haveダⅣ（ul）＝Fk（u2）ifandonlyifcN（ul，入）＝  

CN（u2，入）∀入．Consequently，WeCanutilizeadis－  

tanCemeaSureintheecfdomainto determinehow  

ノ’一二  
β（入）lc入「（叫入）－C（祝ga。SS，入）12d入，  7★（餌）＝  

（15）  

whereβ（入）isanonnegativeintegrableweightfunc－  

tion．Moreimportantly，the test statistics ofthe  

formgivenbyEq．15haveshowntobeconsistent  

againstgeneralalternativeslO）．Theweightfunc－  

tioninEq．15ischosensotha七theintegralremains  

bounded and yields aclosed fbrm expression．A  

COnVenientchoiceforsuchaweightfunctionisthe  

pdfofastandardGaussiandistributioni．e．  

βC（入）＝eXp（一入2／2）．   （16）   

With this weightfunction，We Can Write the test  

statisticsgivenbyEq．15as（see5））  

Ⅳ∧r  

稽（祝）＝ ノ涼∑∑exp（－（祝（た卜祝（J））2／2）－  

た＝1ヱ＝1  

Ⅳ  

2㍉∑exp（一視（た）2／2）＋∨師・（17）  

ん＝1  
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teststatisticsll）withweightingmatrixequalto  

Identity．Wecanalsoutilizeasimi1arstatisticsby  

Obtainingtheweightingmatrixfromanestimateof  

thecovariancestructureglVenbyEq．14．However，  

forsimplicityweavoidtheestimateofsuchama－  

trix．ThisapproachisjustifiedifNissu瓜ciently  

largeorthesamplepointsarechosenadequately．  

In Section5．3，We COnSider theeffect ofchoosing  

di丘もrentsamplepointsonthe（separation）perfor－  

mancefor some distributions．  

Next，We Slightly modifythe distanCe meaSure  

givenbyEq．20inanattempttoremovetheef－  

fectofadditiveGaussiannOise．Inordertodoso，   

1etlB COnSider that the observed random variable   

COntainsanoisecomponentr7i．e．u＝ul＋r7．As－  

Sumingthatuland77areStatisticallyindependent，  

thecfofuisgivenby   

C（叫入）＝C（叫，入）c（り，入）＝C（叫，入）exp（－J若人2／2）  

（24）  

whereJ名＝CT孟一1isthevarianceofT7・Conse－  

quently，theeffectofnoisecanbereducedbyre－  

placingcN（u，入i）inEq・20byexp（聯君／2）cN（u，入i）・  

Accordingly，theobjectivefunctioninEq．21mod－  

i丘es to   

八丁  

TSl（u，入）＝∑exp（一入ヲ）（堵（u，入i）exp（q三人君／2）－1）2  
i＝1  

ん－  

＋ ∑exp（一入ヲ）exp（結相成（u，入i）2・（25）  
宜＝1  

The above statistics can now be employed as a 

non－GaussianitymeasureinordertoperformICA．  

Morespeci丘cal1y，aSSumingthattheobservedvec－  

torisalreadypre－Whitened，We Can Obtain ade－  

mixingmatrixbymaximizingthefo1lowlngObjec－  

tivefunctionwithrespecttoW  

γ1  

蛸（y）＝∑稽（駒）・  （18）  

d＝1  

A simplegradientalgorithmcanbeusedforthis  

purpose，However，it may be noted that an op－  

timizationoftheaboveobjectivefunctionwillbe  

COmputational1ycomplexsinceaneValuationofthe  

teststatistics相（yi）requireso（N2）computations  

in eachiteration．VVecan overcomethis drawback   

byemployingthefollowingsimpleweightfunction  

几オ  

βg（入）＝∑∂（入一入i），  
五＝1  

（19）   

where6（．）isthedeltafunctionand（li）だ1are  

SOme apprOpriately chosen M sample points．By  

SubstitutingtheaboveweightfunctioninEq．15，  

Wegetthefo1lowlngSumOfsquaresteststatistics  

〟  

瑠（叫入）＝∑lcⅣ（叫入豆）一C（極。SS，入i）12，（20）  
i＝1  

where入＝［入1，…，入M］Tisthevectorofsample  

points．Theaboveequationcanalsobewrittenas  

〟   

瑠（叫入）＝ ∑捕（叫入五）－eXp（一入君／2））2  

宜＝1  

〟  

＋∑茂（叫人名）2，   
五＝1  

（21）   

where嬬（u，入i）and堀（u，入i）aretherealandimag－  

inarypartsofcN（u，入i），reSpeCtively，i．e．  

5．2 0ptimi2；ationMethod  

Basedontheaboveformulation，Weemploythe  

non－Gaussianitymeasure7憲1（yi，入）asaone－unit  

COntraStfunctionin order to obtain a slnglein－  

dependent component．In particular，We derive  

asimplefiⅩed－pOintiterativealgorithmformaxi－  

mizingTSl（yi，入）undertheconstraintlwi”＝1．  

Ⅳ  

完∑cos（入瀬）），（22）  端（叫入宜）   

堀（叫入壱）   
完∑sin（入瀬））・（23）  
i＝1   

The criterion glVen by Eq．20can be consid－  

eredasaspecialcaseofweightedsumofsquares  

－5－   



p5Esin（入pyi）In3），theapproximateNewtonitera－  

tionreducestothefollowingfixed－pOintalgorithm  

〟  

可 ＝  ∑α1（yゎ入p）勒1（封わ入p）x  

p＝1  

M  

＋ ∑α2（恥入p）勒2（眺，入p）Ⅹ，（33）  
p＝1  

Suchaconstraintoptimizationproblemcaneasily  

besoIvedbyusingt，hemet，hodofLagrangemulti－  

pliers．   

Tobeginwith，Wede丘netheLagranglana5  

エ転入）＝妄動バト芸丁（llwi】l2－1），（26）  
WhereTistheLagrangemultiplierthati＄COmputed  

SOa占tOSatisfytheconstraintequation．According  

totheLagrangeCOnditions，theoptimaofthecon－  

straint optimization problem are obtained at the 

poin七SWherethegradientofL（wi，入）iszero．After  

SOmeSimplecalculations，WeCanWritethegradient  

Ofエ（w豆，入）誠   

〟  

∇w‘ム（wゎ入）＝ ∑α1（yゎ入p）鞄1（肌，入p）Ⅹ＋  
p＝1  

Aオ  

∑α2（恥入p）軸2（眺，入p）Ⅹ一TW宜，（27）  
p＝1   

wherethe four quantitiesα1，α2，91，and92are  

de鼠nedas  

α1（yi，入p）＝eXp（一入岩）［c％（yi，入p）exp（cr冨i入岩）  

－ eXp（グ岩i入墓／2）ト  （28）   

α2（yi，入p）＝eXp（一入芸）exp（q孟i入芝浦（yi，入p），（29）   

gl（yゎ入p）＝一入psin（人跡）＋入岩城（恥入p）封わ（30）   

g2（yゎ入p）＝入pcos（入pyi）＋入岩城（飢，入p）肌・（31）   

TheLagrangemultiplierTCaneaSilybecomputed  

fromEq．27andisgivenby   

入オ  

丁＝ ∑α1（yi，入p）軸1（恥入p）雛  
p＝1  

M  

＋ ∑α2（yゎ入p）勒2（yゎ入p）yi・（32）  
p＝1   

In order to soIve the problem by an approxi－  

mateNewtonmethod，WeeValuatetheJacobianof  

L（wi，入）attheoptimumw‡・Aftersomestraight  

forwa∫dcalcula七ions，andusingtheapproximations  

ExxTcos（入pyi）鳥Ecos（入pyi）InandExxTsin（入pyi）  

Ⅵ・一・・  

llw捌’  
（34）  Wt  

Whereanexplicitnormalizationoftheweightvec－  

toravoidsthecomputationofT．Inordertoimple－  

menttheabovealgoritlm，Wereplacetheexpectar  

tionsinEq．33bytheirsampleestimates．   

Theone－uni七飯ed－pOintalgorithmdescribedby  

Eq．33－34ismeanttoobtainaslngleindependent  

COmpOnent．Morethan oneindependent compo－  

nents（orrowsofthede－mixingmatriⅩ）canbeesti－  

matedbyrunningthesameOne－unitalgorithmsev－  

eraltimesbutensuringthatdifferentweightvectors  

areorthogonaltoeachother．Adeflationapproach  

orasymmetricorthogonalizationapproachcanbe  

employedforthispurpose3）・  

5．3 ChoiceofSamplePoints   

Itmaybenotedthatthenon－Gaussianitymea－  

suregivenbyEq．25isonlyde鮎1edatsome丘nite  

setofsamplepoints．Anadequatechoiceofthese  

SamplepointscanincreasetheefBciencyofthecor－  

responding optimizationalgorithm・Toillustrate  

this，1et us consideraspecialcasewhenM＝1，  

andthesourcesaresymmetricsothatweonlyuti－  

1izethefirstterminEq，25．Thedistancemeasure  

glVenbyEq．25thenbecomesequivalenttoaone－  

unitcontrastfunctionoftheformgivenbyEq．11  

with  

G（祝）＝COS（入㍑）・  （35）   

Thisfamilyofcontrastfunctionsisanalyzedmath－  

ematicallyin12）．Inparticular，thetraceofthe  

－6一   



asymptoticcovariancematrixoftheestimatorwi  

canbewrittenas12）  

β（g2（β壱））一（β（βig（β電）））2  

U （36）主  

ゝこ  
l七＝Cl（A）   

（β（5iタ（βi）一〆（βi）））2’  

whereg（．）isthederivativeofG，andCl（瓦）isan  

irrelevantconstantdependingonthemixingmatrix  

瓦．withG（si）＝COS（入si），Wehave  

05 I H
へ
人
 
 

（b）  

［0・5－0・5c況（β誹）－（彗絆）2］  

1七（入）＝Cl（瓦）   
2  

［旦顎通・入恥入）］  Fig．1Theplotofl七（入）／Cl（A）as afunction  

Of入for（a）theLaplacedistribution，and（b）the  

Uniformdistribut，ion．  
（37）  

InFigurel，WeplotVb（入）／Cl（瓦）fortwowell  

knoⅥ1distributionsincludingtheLaplacedistribu－  

tionandtheUniformdistribution．Thecf岳ofthese  

distributions（withzeromeansandunitvarianCeS）  

areglVenby  

2  

2＋入2’  

sin（ノ喜入）  

C（軋apla。e，入）   

C（祝U。if。rm，入）  
－3    －2    －1    0    1  

入  
＼烹．＼   

（a）  

Fig．2 Characteristicfunctionsofsomedistribu－  

tionswithkurtosisvaluesshowninthelegend．   

Suchaselectioncanbe（roughly）madebyconsid－  

eringthecfoftheoutputyi・AsshowninFigure  

2，thecfofasuper－Gaussian（kurtosis＞0）／sub－  

Gaussian（kurtosis＜0）randomvariableusual1yde－  

CayS Slower／fasterthan a Gaussian cf．There－  

fore，1ngeneral，WeWillusesamplepointsinalim－  

ited range around zeroi．e．0＜入i≦1．How－  

ever，if堵（yi，入p）ll＜入p≦2issufncientlylargerthan  

exp（一入岩／2），Wealsoadd入ptothesamplevector・  

In case of asymmetric distributions，the situa－  

tionissomewhat morecomplicatedsincesineand  

cosinefunctions measuretwodifftrent characteris＿   

ticsofadistribution．Nevertheless，Wehavefound  

throughcomputersimulationsthatinca5eOfasym．  

FromFigurel，WenOtethatincaseofaLaplace  

distribution，theasymptoticvariancedecrea5eSSharply  

and reachesits minlmum value as入isincreased   

fromOto2・Although，for入＞2theasymptotic  

VarianCeincreasesagaln，itremainsclosetoitsmin－  

imumvalueintheneighborhoodof入＝2．Onthe  

Otherhand，foraUniformdistribution，theasymp－  

toticvarianceisminimizedbychoosingaverysmal1  

Value of入near the orlgln．In addition to this，  

theasymptoticvarianCenOWincreasesas入ismade  

large．   

Ftom the above examples，itis evident that a  

goodchoiceof入dependsonthepd鈷ofsources．In  

general，arelativelylarge入ispreferableforsuper－  

Gal，uSiansignalsascomparedtosub－GaussianSig－  

nals．Pursuing thisfurther，We Canimprove the  

Separationperformancebyselectingappropriatesam－  

Plepointsfromsomeinitiallychosensamplevector．  

ー7－   



metricdistributions，SamPlepointsinasmallrange  

aroundzeroyieldsgoodperformanCe．  

Inthelightofabovediscussion，Weinitial1yselect  

SamplepointssuchthatO＜入p≦1・Subsequently，  

moresamplepointsareaddedprovided腐（yi，入p）l  

issl瓜cientlysmal1and礪▲（yi，入p）islargerthan  

exp（一入呈／2）withl＜入p≦2・  

WhichGaussianmoments（de丘nedastheexpecta，  

tionsofGaussianfunctionsortheirderivatives／  

integrals）areusedasone－unitcontrastfunctions  

in order to obtain an unbiased estimate of W in 

thepresenceofGausSiannOise．Themodi丘edone－  

unitalgorithm（withbiasremoval）canbewritten  

aS  

wJ＝ β九た（肌）x－（In＋C〝）βん拍盲）wゎ（42）   

wi←  
（43）  

Wheresomechoicesforthenonlinearitieshkinclude  

hl（u）＝tanh（u），h2（u）＝ueXp（－u2／2），andh3（u）＝  

u38）．ForeaBeOfrefe，enCe，WeCallthisalg。－  

rithm as M－FastICA（hi）i．e．Modified FastICA  

algorithmwithnonlinearityhi．   

TheresultsofthissimulationareshowninFig－  

ure3．Inparticular，Figure3（a）plotstheevolu－  

tionofperformanceindex（averagedoverlOO re－  

alizations）forvarious methods whensources are  

generatedfromtheUniform distribution．Figure  

3（b）showsthesameplotforLaplacedistributed  

SOurCeS．Fromthese丘gures，WeSeethat thepro－  

posedapproachgivesaslightlybetterperformance  

ascomparedtoM－FastICAwithdifferentnonlinear  

functions．   

Experiment2：Inthenextsimulation，We  

WOuldlike to separate sources consisting of sig－  

nals with asymmetric distributions．Inthis com－  

puterexperiment，WeCOmPareOuraPprOadlWith  

thestandardFastICAalgorithm（withdi仔erentnon－  

1inearfunctions）．Again，Wemixfivesourcesbyus－  

ingarandomlychosenmixingmatrix．Figure4（a）  

Showstheevolutionofperformanceindexた〉rVari－  

ous methods when sources are distrib11ted accord－   

ingtoRayleigh（1）distribution．Itisaskeweddis－  

tribution，Whichinemployedforinstanceincom－  

munications to modelthe envelope ofthe fading  

6． Simulation Results   

Inthissection，WeglVeSOmeSimulationresultsin  

Ordertodemonstratetheeffectivenessofthepro－  

posed method・As described previously，We COn－  

SiderthenoisymiⅩturemOdelgivenbyEq．4．This  

isequivalenttoassumlngthatanestimateofthe  

noisecovariancematrixisavailablesothat wecan   

performtherobust pre－Whiteningas describedin  

Section2．  

Theseparationperformanceisevaluatedbythe  

following performance index 

p∫＝（掘妄（裁－1），（40）  
Wherehijistheijthelementoftheglobaltrans－  

formationmatrixH．Theaboveperformanceindex  

effectivelymeasurestheinverseoftheaverageout－  

putsignaltonoiseratio．Therefore，aSmal1value  

OfPIimpliesagoodseparationperformance．   

Experimentl＝Inthe丘rstcomputersim－  

ulation，We eValua七e the performanCe Ofthe pro－  

posedapproachinthepresenceofGaussiannoise．  

Fivesourcesaremixedtogetherusingarandomly  

chosenmlXlngmatrixA∈R5×5・ThecovarianCe  

matrixofthenoisevectorisglVenby  

（41）   
α＝0．1Ⅰ5．  

A comparison ofthe proposed methodis per－  

formedwiththem。di丘edFastICAalg。rithm8）in  

－8－   



－－・M－Fこ⊥SllCA（Cuhiし）  

土二  

5  川   15    ユ0  
JJer（ブrわ乃∫  

（b）  

5  】O   15    20  
JJピr（汀∫β〃∫  

（a）  

Fig・3 AdaptationdynamicsofaverageperformanceindexforvariousmethodsinExperimentlwhen  
sourcesare（a）Uniformlydistributed，and（b）Laplacedistributed・  

－一別CÅ（伽∬  

－Pm画  

12  16  8  

JJβr（‡rわ〃∫  

（a）  

Fig・4 AdaptationdynamicsofaverageperformanceindexforvariousmethodsinExperiment2when  

sourcesare（a）Rayleigh（1）distributed，and（b）Poisson（0・5）distributed・  

verywellfortheasymmetricsources，Wedonotex－  

pectittoworkforsymmetricdistributions・Onthe  

otherhand，theecfbasednon－Gaussianitymeasure  

hasthepotentialtoworkformanydi鮎rentpdfs・  

channel．Simi1arly，Figure4（b）displaystheevo－  

1utionofperformanceindexwhensourcesaregen－  

eratedfromPoisson（0．5）distribution・ThePoisson  

distribution，inadditiontobeskewed，isalsonot  

absolutelycontinuous．   

From Figure4，We See that odd nonlinearities  

mayperformpoorlyfortheabovementionedsources・  

Although，incaseofPoissondistribution，thecu－  

bicnonlinearitygivessatisfaJ：tOryreSults，itsper－  

formanceis muchinferiortothat ofthe ecfbased   

nonLGaussianitymeasureandtheskewnonlinear－  

ity．Fromthissimulation，WeObservethatonlya  

Slngle nonlinearitymaynot workwellfor allthe  

pdfs．Eventhough，theskewfunctionperformed  

7． Conclusion   

In this paper，We have employed an ecfbased  

non－Gaussianitymeasureasaone－unitcontrastfunc－  

tionin order to extract statisticallyindependent  

SignalsfromtheirlinearmiⅩtureS・Thisobject・ive  

functionisoptimizedbyemployingasimplefixed－  

point algorithm．Somecomputersimulations are  

presentedinordertocomparetheseparationper－  
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formanceofdi丘■erentnon－GausSianitymeasures，These  

Simulationresultsshowthatprovidedthesample  

pointsarechosenproperlyぅtheecfbasedcontrast  

function has the potentialto work wellfbr wide  

Classofprobabilitydistributions．Theselectionof  

adequatesamplepointscanbeavoidedifweutilize  

thenon－GaussianitymeasuredescribedbyEq・15，  

Sinceitconsidersthewholefrequencyrange10b－  

tainingane組cientalgorithmfortheoptimization  
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