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1 Introduction

The brain possessethe remarkablecapabilityto filter incomingsignalsof multiple
spealersin suchaway thatthe subjects attentioncanbe focusedon a singlesound
sourcetheothersourcedeingsuppressed.

Much effort hasbeenspentin orderto mimic this behaiour by machinesor
cleveralgorithmswhichtry to reconstructhe separatedourcesA key issuein such
attemptss thequestionWhich is thequantityto optimise’,i.e., which functiontells
us whetherthe original sourceshave beenseparated An appealinganswerto this
guestionmight be givenby the conceptof Independen€Componeninalysis. Here,
the mutualstatisticalindependencef the differentsourcesignalsis exploited. I.e.,
oneof thesourcesignalsdoesnot give usinformationaboutary of theothersources.

However, whendifferentmixturesof the sourcesignalsaredetectede.g.,atthe
two earsof a humansubject,the mixturesarestronglycorrelated,.e., not indepen-
dentof eachother Therefore,in sourceseparatiorone attemptsto filter recorded
mixturesin suchaway thatmutuallyindependensignalsareobtainedwhich resem-
ble theoriginal sourcesignals.

Sincelearningrulesfor this taskexist which employ simple,‘neuronal’ opera-
tionsonly, it is concevablethat the brain exploits the principle of mutualindepen-
denceof the sourcesn orderto separatéhem.

2 Source Separation in the time-domain

In this sectionwe sketcha simplealgorithmfor separatin@ninstantaneousiixture
of independensignals.For areview referto, e.g.,[1] .

ImagineN original sourcesignals,s(t) = (s1(t),.-. ,sn(t)), which areemit-
ted from, say differentspealers. Thesesourcesignalsare superimposedy the
invertiblemixing matrix A, resultingin IV recordednixtures

m(t) = (my(t),... ,mn(t)), m(t) = As(t). (1)



Thegoalis to find aweight-matrixW suchthatthereconstructedignals
X(t) = (@1(8), .. ,2n (1),  x(t) = Wm(f)

aremutually statisticallyindependentlt canbe shavn thatx(t) resembles(t) up
to a constanpermutatiorandrescalingof the sources.

A neurallearningrule finds W by first computinga non-linearfunction of the
reconstructegignals:

u;(t) = tanh(x;(t)), i=1,...,N. )
Afterwards,theweight-matrixis changedy anincrement
AWD « WO —u@)xT(()W®,  Wwitt) = w® L AW (3)

This learningschemads iteratedat eachtime-stept.

3 Sound Source Separation in the frequency-domain

In the caseof acousticsuperpositiorof soundsourceswe are dealingwith echoes
andreflections.Hence,the multiplicationin eq. (1) hasto be replacedy the con-
volution of the sourcesignalswith the room’s impulseresponsesHowever, in the
frequeny domain,we rediscaver multiple versionsof the instantaneousourcesep-
arationproblem,onefor eachfrequeny bandf = fi,..., fu:

m(f,T) = A()s(f,T).

By m(f,T) ands(f,T) we denoteshort-timespectraobtainedrom m(t) ands(t),
respectiely, at consecutie timesT = T3,T»,.... Hence,the goal is to solve
M sourceseparatiorproblemsof the form of eq. (1), resultingin weights-matrices
W(fl)a s aW(fM)

Sincethe spectralcomponentan(f,T') and§(f,T) are comple valued,the
learningalgorithm (eqgs.2, 3) hasto be modified. From a maximumlik elihood ap-
proach[2] we derive thelearningrule

N (£, T) R ,
W(f,T) = 2 U DI, i= 1N

AW(f) o« W(f) —a(f, )X (f,T)W(f),  f=Ff,---, fu-

The operatorx® denotesthe complex conjugatetransposeof vectorx, and ||z||
denoteghe normof thecomple« numberz.

Without additionalprecautionsteconstructiorof the sourcesignalsin thetime-
domainis hinderedby the inherentpermutationinvarianceof sourceseparatioral-
gorithms,i.e., we cant tell which network output resemblesvhich source. E.g.,
atfrequeny f; thereconstructedignalz; (fi,7') might belongto sources; while
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Figurel: Theprocessingtagef our sourceseparatioralgorithm.

at frequeng f> the componenti; (f2,T) belongsto the oppositesource,s,. We
solve this problemfor the casewherethe mixing processntroducedime- andlevel-
differencesonly, which is fulfilled in anideal anechoicchamber In this situation,
thecoeficientsflij( f) of themixing matricesatdifferentfrequenciesanbederived
from thepropagation-times;; and-levels A;; from sourcej to microphone viathe
formula

Aij(f) = Ayje 2T,

The algorithm startsadaptatiorat low frequenciesand propagategime- and level-
differencegowardshigherfrequenciesseealsofig. 1. Hence aroughestimateof the
sourcesparameterss obtainedatlow frequenciesvhile theinformationobtainedn
high frequengy componentémproveson this estimate For moredetailsreferto [3].

Finally, we resohe the scalinginvarianceby fixing the diagonalelementof the
estimatednixing matricesW =1 (f,),... , W~=1(f) to unity.
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Figure2: Resultof a separatiorexperimentin an anechoicchamber The fig-
ureshavsthetime-courseof therelative timing andlevel for bothreconstructed
signals. It is clearly visible thatinitial corvergenceof the algorithmtakesonly
aboutonesecondof therecordedsignals.The algorithm’s estimatefor therela-
tive timing (‘ITD") is accurateanddisplaysthe movementof onespealer. The
estimatedor therelative level (‘ILD’) shaw largerfluctuations.

4 Moving sourcesin an anechoic chamber

Signalsfrom a moving anda standingspealer wererecordedn stereoin the ane-
choicchambeiof the Universityof Oldenlurg. The proposedalgorithmwasusedto
separatehe mixedsignals.

The experimentalsetupwasasfollows: Two microphonesvere placed35 cm
apart. The stationaryspealer wasstandingin a distanceof 3 m at 60 degreedeft of
themid-perpendiculaof the microphonesThe moving spealer startedat a distance
of 4 m at 70 degreedto theright. He walkedin a straightline parallelto the micro-
phonesauntil hereachedh positionatabout30 degreedeft. Thealgorithmstartedoff
from the (wrong) assumptiorthatno mixing of the signalsoccurs.

Figure? illustratesthe outcomeof the experiment.
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