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1 Introduction

Thebrainpossessestheremarkablecapabilityto filter incomingsignalsof multiple
speakersin sucha way that thesubject’s attentioncanbefocusedon a singlesound
source,theothersourcesbeingsuppressed.

Much effort hasbeenspentin order to mimic this behaviour by machinesor
cleveralgorithmswhichtry to reconstructtheseparatedsources.A key issuein such
attemptsis thequestion‘Which is thequantityto optimise’,i.e.,which functiontells
us whetherthe original sourceshave beenseparated.An appealinganswerto this
questionmight begivenby theconceptof IndependentComponentAnalysis.Here,
themutualstatisticalindependenceof thedifferentsourcesignalsis exploited. I.e.,
oneof thesourcesignalsdoesnotgiveusinformationaboutany of theothersources.

However, whendifferentmixturesof thesourcesignalsaredetected,e.g.,at the
two earsof a humansubject,themixturesarestronglycorrelated,i.e., not indepen-
dentof eachother. Therefore,in sourceseparationoneattemptsto filter recorded
mixturesin suchaway thatmutuallyindependentsignalsareobtainedwhich resem-
ble theoriginal sourcesignals.

Sincelearningrulesfor this taskexist which employ simple,‘neuronal’opera-
tionsonly, it is conceivablethat thebrainexploits theprincipleof mutualindepen-
denceof thesourcesin orderto separatethem.

2 Source Separation in the time-domain

In thissection,wesketchasimplealgorithmfor separatinganinstantaneousmixture
of independentsignals.For a review referto, e.g.,[1] .

Imagine � original sourcesignals,�������
	��
������������������������������� , which areemit-
ted from, say, different speakers. Thesesourcesignalsare superimposedby the
invertiblemixing matrix � , resultingin � recordedmixtures

� ������	��� � ���������������� � �������!� � ������	"�#��������� (1)



Thegoalis to find a weight-matrix$ suchthatthereconstructedsignals
% �����&	���' � �����!���������(' � �����(��� % �����&	)$ � �����

aremutuallystatisticallyindependent.It canbe shown that % ����� resembles������� up
to a constantpermutationandrescalingof thesources.

A neurallearningrule finds $ by first computinga non-linearfunctionof the
reconstructedsignals:

*,+ �����&	.-0/�1324��' + �����(��� 56	879�������:���;� (2)

Afterwards,theweight-matrixis changedby anincrement< $>=@?�A6B)$>=C?�A4DFEG����� %�H �����I$>=C?�A�� $>=C?�J � A�	"$>=C?�A�K < $>=C?�A0� (3)

This learningschemeis iteratedateachtime-step� .

3 Sound Source Separation in the frequency-domain

In the caseof acousticsuperpositionof soundsourceswe aredealingwith echoes
andreflections.Hence,the multiplication in eq. (1) hasto be replacedby the con-
volution of the sourcesignalswith the room’s impulseresponses.However, in the
frequency domain,we rediscovermultiple versionsof theinstantaneoussourcesep-
arationproblem,onefor eachfrequency band LM	NL9�O����������L�P :

Q� �
LR�(ST�U	 Q�F�
L:� Q�9�
LR�(ST���
By

Q� �
LR��SV� and
Q�W�
LR�(ST� wedenoteshort-timespectraobtainedfrom � ����� and �W����� ,

respectively, at consecutive times SX	XS � ��S:Y�������� . Hence,the goal is to solveZ
sourceseparationproblemsof the form of eq.(1), resultingin weights-matricesQ$[�
L � ����������� Q$[�\L P � .
Sincethe spectralcomponents

Q� �
LR�(ST� and
Q�9�\LR��ST� are complex valued,the

learningalgorithm(eqs.2, 3) hasto bemodified. Froma maximumlikelihoodap-
proach[2] we derive thelearningrule
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The operator % b denotesthe complex conjugatetransposeof vector % , and
^_^ ' ^@^

denotesthenormof thecomplex number' .
Withoutadditionalprecautions,reconstructionof thesourcesignalsin thetime-

domainis hinderedby the inherentpermutationinvarianceof sourceseparational-
gorithms,i.e., we can’t tell which network output resembleswhich source. E.g.,
at frequency L � thereconstructedsignal

]' � �
L � ��SV� might belongto source� � while
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Figure1: Theprocessingstagesof our sourceseparationalgorithm.

at frequency L Y the component
]':���\L Y �(ST� belongsto the oppositesource,� Y . We

solve thisproblemfor thecasewherethemixing processintroducestime-andlevel-
differencesonly, which is fulfilled in an ideal anechoicchamber. In this situation,
thecoefficients

]� +s� �
L:� of themixing matricesatdifferentfrequenciescanbederived
from thepropagation-times� +x� and-levels

� +x� from source� to microphone5 via the
formula

]� +s� �
L:�&	 � +s����� Y�� +_�����C� �
The algorithmstartsadaptationat low frequenciesandpropagatestime- andlevel-
differencestowardshigherfrequencies,seealsofig. 1. Hence,aroughestimateof the
sources’parametersis obtainedat low frequencieswhile theinformationobtainedin
high frequency componentsimproveson this estimate.For moredetailsreferto [3].

Finally, we resolve thescalinginvarianceby fixing thediagonalelementsof the
estimatedmixing matrices

Q$ � � �\L � �!��������� Q$ � � �\L P � to unity.
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Figure2: Resultof a separationexperimentin an anechoicchamber. The fig-
ureshowsthetime-courseof therelative timing andlevel for bothreconstructed
signals.It is clearlyvisible that initial convergenceof thealgorithmtakesonly
aboutonesecondof therecordedsignals.Thealgorithm’sestimatefor therela-
tive timing (‘ITD’) is accurateanddisplaysthemovementof onespeaker. The
estimatesfor therelative level (‘ILD’) show largerfluctuations.

4 Moving sources in an anechoic chamber

Signalsfrom a moving anda standingspeaker wererecordedin stereoin the ane-
choicchamberof theUniversityof Oldenburg. Theproposedalgorithmwasusedto
separatethemixedsignals.

The experimentalsetupwasasfollows: Two microphoneswereplaced35 cm
apart.Thestationaryspeaker wasstandingin a distanceof 3 m at 60 degreesleft of
themid-perpendicularof themicrophones.Themoving speakerstartedatadistance
of 4 m at 70 degreesto theright. He walkedin a straightline parallelto themicro-
phonesuntil hereachedapositionatabout30degreesleft. Thealgorithmstartedoff
from the(wrong)assumptionthatno mixing of thesignalsoccurs.

Figure2 illustratestheoutcomeof theexperiment.
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