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ABSTRACT

In this paperwe presenta new sourceseparationmethodbasedon
dynamicsparsesourcesignalmodels. Sourcesignalsaremodeled
in frequency domainasa productof a Bernoulli selectionvariable
with a deterministicbut unknown spectralamplitude.TheBernoulli
variablesaremodeledin turn by first orderMarkov processeswith
transitionprobabilitieslearnedfrom a training database.We con-
sideravideoconferencingscenariowherethemixing parametersare
estimatedby the videosystem.We obtainthe MAP signalestima-
torsandshow they areimplementedby a Vitterbi decodingscheme.
Wevalidatethisapproachby simulationsusingTIMIT database,and
comparetheseparationperformanceof this algorithmwith our pre-
viousextendedDUET method.

1. INTRODUCTION

SignalSeparationis a well studiedtopic in signalprocessing.Many
studieswerepublishedduringthepast10years,eachof themconsid-
eringtheseparationproblemfrom differentpointsof view. Oncecan
usemodelcomplexity to classifythesestudiesinto four categories:

1. Simplemodelsfor bothsourcesandmixing. Typical signals
aremodeledasindependentrandomvariables,in their origi-
nal domain,or transformeddomain(e.g. frequency domain).
The mixing modelis eitherinstantaneous,or anechoic.The
ICA problem[1], DUET algorithm([2]), or [3] belongto this
category;

2. Complex sourcemodels,but simplemixing models.An ex-
ampleof this type is separationof two speechsignalsfrom
onerecordingusingonemicrophone.In thiscase,sourcesig-
nalsaremodeledusingcomplex stochasticmodels, e.g. AR
processesin [4], HMMs in [5], or generalizedexponentialsin
[6];

3. Complex mixing models,but simplesourcemodels.This is
thecaseof standardconvolutiveICA. For instancesourcesig-
nals are i.i.d. but the mixing operatoris composedof un-
known transferfunctions.Thustheproblemturnsinto ablind
channelestimationasin e.g.[7, 8, 9];

4. Complex mixing andsourcemodels.For instance[10] uses
AR to modelsourcesignals,andFIR transferfunctionsfor
mixing.

We chosethe complexity criterion in order to point out the basic
trade-off of signalseparationalgorithms.A morecomplex mixing or
sourcemodelmayyield abetterperformanceprovidedit fits well the
data.However morecomplex modelsarelessrobustto mismatches
thana simplermodel,andmayperformunexpectedlyworseon real

world data.In our prior experiments[11] we foundthatsimplesig-
nalandmixing modelsyield surprisinglygoodresultson realworld
data.Robustnessto modeluncertaintiesexplainsthesegoodresults.

Indeedthis is thecasewith DUET. Thebasicideaof theDUET
approachis theassumptionthat for any time-frequency point, only
onesignalfrom theensembleof sourcesignalswouldusethattime-
frequency point. In [12] we extendedthis assumptionin a system
with � sensorsto what we calledgeneralized W-disjoint orthogo-
nality hypothesis by allowing up to ����� sourcesignalsto usesi-
multaneouslyany time-frequency point. In bothcasessourcesignals
wereassumedmutuallyindependentacrossbothtimeandfrequency.
In otherwords,any two differenttime-frequency coefficientsof the
samesourceareassumedindependent.

However we would like to increasethepower of sourcesepara-
tion particularlywhenthereexistsprior knowledgeaboutthesources
(seealso[5, 6]). In thispaperweproposeanincrementalincreasein
sourcemodelcomplexity combinedwith simplemixing modelthat
conformsto ourbasicbelief thatmodelsshouldnotbemorecompli-
catedthanwhat is really neededin orderto solve theproblem.For
thisweweallow for statisticaldependenciesof sourcesignalsacross
time.

Moreprecisely[13] postulatesasignalmodelthatstatesthatthe
time-frequency coefficient �	��

����� of a (speech)signal ������� factors
asaproductof acontinuousrandomvariable,say ����
������ , anda0/1
Bernoulli ����
������ :

�	��

�����	� �!��

����������

����� (1)

Thisformulamodelssparsesignals.Seealso[14] for asimilarsignal
model. Denotingby " the probability of � to be 1, andby #$��%&� the
p.d.f. of � , thep.d.f. of � turnsinto

#(')���	�*�+",#$���	�.- �/���0"���1)���	� (2)

with 1 , theDiracdistribution. For 2 independentsignals�435��6�656����.7 ,
thejoint p.d.f. isobtainedbyconditioningwith respectto theBernoulli
randomvariables.Therank 
 term, 8:9;
<9>= , is associatedto a
casewhenexactly 
 sourcesareactive,andtherestarezero.In [12]
weshowedthatby truncatingto thefirst N+1termstheapproximated
joint p.d.f. correspondsto thecasewhenat most = sources are ac-
tive simultaneously, whichconstitutesthegeneralized W-disjoint hy-
pothesis. This paperextendsthe signalmodel(1) by assumingthe
Bernoulli variablesare generatedby a Markov process,while the
complex amplitudes����
������ aremodeledasunknown deterministic
variables.

The applicationwe target is a video conferencingsystem(see
Figure2) wherea video camerais usedto estimatethe locationof
thespeakers. We assumeananechoicmixing model,whereknowl-
edgeof direction-of-arrivals (DOAs) implies knowledgeof mixing



parameters.Section3 describesthestatisticalsignalestimators.We
show thatsignalestimationis similar to a Viterbi decodingscheme.
Section4 presentsthemethodfor learningthe transitionprobabili-
ties of sourcemodels. Section5 containsnumericalresults,andis
followedby theconclusionsection.

2. SIGNAL AND MIXING MODELS

2.1. Anechoic Mixing Model

Considerthe measurementsof 2 sourcesignalsby an equispaced
lineararray(uniform lineararray)of � sensors,underthe far-field
assumptionwhereonly thedirectpathis present.In this case,with-
out lossof generality, we canabsorbthe attenuationanddelaypa-
rametersof thefirst mixture ? 3 ����� , into thedefinitionof thesources.
Furthermore,for the purposeof this paperwe neglect the relative
attenuationbetweensensors.In timedomainthemixing modelis

@(A�BDC�EGF 7H I J 3,K
I BDCGLMBDN�LMO�EDP I E)QSR4ATBDC�E�UVOXW<NYW[Z (3)

where\X35�56�6�6���\^] aresensornoises,and_ I �+`.a,b,ced5f)�T��g I ��hid is the
relativedelayof sourcej betweenadjacentsensors,with ` a distance
betweensensors,b c samplingfrequency, d speedof sound,and g I
theanglew.r.t. thearrayaxis(seeFigure2).

Wedenoteby k A ��
������ , � I ��

����� , = A ��
������ theshort-timeFourier
transformof signals? A ���5���5� I ����� , and \ A ����� , respectively, with re-
spectto a window lm���5� , where 
 is the frame index, and � the
frequency index. Thenthemixing model(3) turnsinto

n A Bpo(U�qrEGF 7H I J 3Tsut vDw$x A t 3�y{z�|{}
I Bpo(U�qrE)QV~ A Bpo(U�qrE (4)

Whennodangerof confusionarises,wedropthearguments
���� ink A �5� I and= A .
2.2. Signal Model

Considera sourcesignal ������� , �S9���9�� , andits associatedshort-
time Fourier transform �*��

����� , ��9�
�9��0�Xa5� , 8m9���9�� .
Eachtime-frequency coefficient �*��

����� is modeledby theproduct����
�����������

����� asin (1), where� is a Bernoulli (0/1) randomvari-
able, and � is an unknown deterministiccomplex amplitude. In
previouswork we assumed���!��

�����	��

����� is a setof independent
randomvariables. In this paperwe preserve independencealong
the frequency index, but we introducea Markov dependencealong
the time index. The independencein frequency is supportedby the
remarkthat local stationarityin time domainimplies decorrelation
of frequency components.Along the time index, our assumption
amountsto:�

������
�������� �!��
��������������!��
�������������6�6�6������/�!�����/�	��
������
�������� �!��
����������/�	� � w ���!��

���������!��
��+�������/�

where��� w � is thesetof ����� matricesof probabilitiesof transition.
By successive conditioningwe obtainthat:

� B����TBpo(U�qrE$��o(U�qr��E4F[  w � Bp�TB�OTUeqrE�E¢¡	£r¤�¥ ¦ J.§©¨ w BD�TBpo(U�q^E�U��TBDo�L0OTU�qrE�E
(5)

For eachsourcein the mixture we assumewe have a databaseof
trainingsignalswherewe learnthematricesof transitionprobabili-
tiesandthesetof initial probabilities(seeSection5).

For a collection of 2 sourcesignals,we assumethat only =
Bernoulli variablesare nonzero;the rest are zero. We denoteby�ª��� I ��

�����/� 3/« I «(7 ��
������ thecollectionof Bernoullirandomvariables,

¬ ��

�����­�®�ij*�¯� I ��

�����°�±�!� the = -setof nonzerocomponentsof�*��

����� , ���
I
w � 3/« I «.7)² ³5« w «$´ the collectionof transitionprobability

matrices, �
� Iw � 3/« I «.7)² ³5« w «$´ the collection of initial probabilities.

Thenthejoint pdf becomes:� B���� I Bpo(U�qrE¢��µ�U�o(U�qr��E4F[  w·¶ ³w Bp¸4B�OTU�qrE�E( ¦T¹ § ¶ w BD¸GBpo(UeqrE�U�¸GBDoºLXOTUeqrE�E
(6)

where

¶ w Bp¸4Bpo(U�qrE�U�¸4Bpo»L0OTUeqrE�E4F 7  I J 3 ¨
I
w BD� I Bpo(U�qrE�U�� I BDo�L¼OTU�qrE�E

¶ ³w BD¸GB�OTU�qrE�EGF 7  I J 3 �
I
w Bp� I B�OTUeqrE�E (7)

Thecollectionof all subsets¬ ��
��e��� definesatrajectorythroughthe
selectionspace�r½7 , thesetof = -subsetsof �ª�!�5����6�6�6���2�� . Thusfor
eachfrequency � we associate¾ w �±� ¬ ��
������	�X��9±
[9��0�Xa5�¢�
theselectionspacetrajectory. Sourceestimationis thenequivalentto
estimatingboththeselectionspacetrajectories�/¾ w � w andthecom-
plex amplitudes��� I ��
������G�Gj^¿ ¬ ��

������� .

In this paperwe assumethat themixing modelis givenby (4),
signals � I ��

����� satisfy the signalmodelabove, andnoisecompo-
nents= A ��

����� areGaussiani.i.d. with zeromeanandspectralvari-
ance¬ § .

Our problemis: Estimatethesourcesignals��� 3 ����� , 6�6�6 , � 7 �����/� ,��9+�X9+� , given measurements��?^3������ , 6�656 , ?	]­�����/� 3/«$À�«$Á of the
system(4) andassumingthefollowing:

1. Themixing parameters��_ I ��3/« I «.7 areknown;

2. Thenoise �i\r������� is i.i.d Gaussianwith zeromeanandknown
spectralpower ¬ § ;

3. Thecomponentsof signal � areindependentandsatisfythe
stochasticmodelpresentedbefore,with known probabilities
of transition ���

I
w � I ² w andinitial probabilities

� Iw ;
4. At every time-frequency point ��
������ at most = components

of �	��
������ arenon-zero,and= is known.

3. MAP SIGNAL ESTIMATION

In this paperwe estimatethe signals ��� I �����/� I ² À by maximizing the
posteriordistribution of the Bernoulli variables,andthe likelihood
of the complex amplitudes. Alternatively, using a uniform prior
modelon the amplitudes,our solution is a MAP estimatorof both
theselectionvariablesandthecomplex amplitudes.Thecriterionto
maximizeis:Â F   w � B�� n Bpo(U�q^E��iOXW<oSWÄÃ ��a�� ��Å&���

I Bpo(UeqrE�UeÆ�Bpo(U�qrE��
µ�U/OXWÄoSWÄÃ ��a5� ��E � B���� I BDo(U�qrE���µ�UiO°W<oSW<Ã ��a5� ��E (8)

WereplacetheBernoullivariablesby theset-valuedvariables¾ w �� ¬ ��

�����/� ¦ ² w , andwe considerthe reducedcomplex amplitude= -
vector ÇMÈ���

����� correspondingto nonzerocomponentsof � (in turn
selectedby ¬ ��

����� ). We let É È ��

����� denotethe �Ê�Ä= mixing
matrix whosecolumnscorrespondsto the nonzerocomponentsof�*��

����� : ��É�È���

�����/� A ² � �ÌË t v{w$x A t 3�yDz | x ��y , wherej/��Í·� is the Í ÀeÎ
elementof ¬ ��

����� . Thefirst termdecouplesinto a productof like-
lihoodsat eachtime 
 ; thesecondterm is estimatedin (6). Putting
thesetwo expressionstogether, the criterion to maximizebecomes



(up to amultiplicative constantterm):

Ï �/¾��iÇ<ÈT�Ð� w ¦ ËT?º#(�,� �¬ §�Ñ kÒ�MÉYÓ�Ç0È Ñ § � ¦T¹ §Ô w � ¬ ��

������� ¬ ��
����������/� Ô ³w � ¬ �/�!�����/�
Given ¬ ��

����� , at every ��

����� we cansolve for Ç È ��

����� andob-
tain: Ç0ÈT��

�����	�Õ��É�Ö Ó ÉYÓª� t 3 É�Ö Ó k
Takingthelogarithm,flipping thesign,ignoringsomeconstants,and
replacing Ç0È by the above estimate,we obtainthe following opti-
mizationproblem

Í[×�\rØ w ¦:Ù k Ö �/���MÉ Ó ��É Ö Ó É Ó � t 3 É Ö Ó ��kÒ� ¬ §!ÚDÛ,Ü Ô w � ¬ ��
��������¬ ��
�� �!�����/��Ý(� ¬ §¢ÚpÛ�Ü Ô ³w � ¬ �/�������/� (9)

Let usdenotebyÞ Bp¸GBDo(U�qrE�EGF n Bpo(U�qrE Ö B�O�L¯ß Ó BDo(U�qrE�Bpß Ö Ó Bpo(U�q^Epß Ó Bpo(U�q^E�E t 3 ß Ö Ó Bpo(U�q^E�E n Bpo(U�qrE
and

�M� ¬ ��
�������� ¬ ��
�� �!�����/�*�à� ¬ § ÚpÛ�Ü Ô � ¬ ��

������� ¬ ��
�� �!�����/�
for 
Sá�� . Thentheoptimizationbecomesâ�ã&äØ�å H¦�¹ § Þ BD¸GBDo$U�qrE�E�Q¯Z©Bp¸4Bpo(U�qrE�Ue¸GBpo$LXOTUeqrE�E�Q Þ Bp¸GB�OTU�qrE�L ¶ ³w BD¸GB�OTU�q^E�E
at every frequency � . The solution representsa trajectory ¾ w in

theselectionspace���*½7 � ¡	£r¤i¥ . Theoptimizationcanbeefficiently
implementedusinga backward-forwardbestpathpropagationalgo-
rithm (Viterbi) widely usedin channeldecodingproblems.Theal-
gorithmis asfollows:
Algorithm

Step1. (Initialization) Set 
¼�æ�0��a5� , and ç Ö¦ �������m8 for all��¿:� ½7 .
Step2. (Backward propagation)For all �è¿à� ½7 = -subsetsof�ª�!�5����6�6�6���2�� repeaté For all ��êM¿��*½7 compute ç4���T���iêe�·�ëç Ö¦ ���iêe��-®ì�����ê��X-�M����ê������é Findtheminimumover �iê , andset ç Ö¦ t 3 �����*�+ÍÄ×e\ ceí çG���ª�5�iêe�Step3. Decrement
��à
�� � , andif 
Yî�� go Step2.
Step4. At 
��Õ� , replaceì����iêe� by ì����iêe�!� ¬ § ÚpÛ�Ü Ô ³w � ¬ �/�������/�

andperformStep2. Denote¬ Ö �/�!�����	�+ï
ðªñ¢ÍÄ×e\ c ç Ö3 ����� .
Step5. (Forward iteration) Set 
Õ�ò� and repeatuntil 
Õ��0��a�� :é For all ��¿·�*½7 computeç4�����r�óì�������-[�M���T� ¬ Ö ��
��¼�!�����/�é Find theminimumandset¬ Ö ��
������*�+ïuð,ñ¢Í[×�\ c ç4�����é Increment
»�à
�-Ì� .

4. MODEL TRAINING

For training we useda fixed sentenceutteredby the corresponding
speaker. Weassumedtherecordedvoiceis madeof two components:
onepartwhich is critical to understanding,anda secondcomponent
whichcanberemovedlosslesslyfrom aninformationpointof view.
Thus �ô�ò��õ�È v À v õX-æ�ªö ��À È a . Assumingthe first componenthasa
Laplace(or evenpeackier)distributionin frequency domainwhereas
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Fig. 1. Transitionprobabilititesof onesignalfor _0�ô8$6p�
thesecondcomponentis Gaussian,theestimationof � õ�È v À v õ is done
by (soft, or hard)thresholdingof the measuredsignal. We chosea
thresholdproportionalto squarerootof signalspectralpower. Thus,
in caseof hardthresholding:

� õ�È v À v õ a I ��

�����*� �	��
������÷×5b �p�*��

��������áô_ ø c �����8 f,��ù,ËTð,ú�×���Ë
Thefactor _ is chosenso that the thresholdedsignalsoundsalmost
identicalto theoriginalsignal � . Subjectiveexperimentationshowed
thatafactor_<�+8$6&� satisfiesthisrequirement.Once��� õ�È v À v õ a I ��

�����/�
������ hasbeenobtained,we estimatethebinarysequence���!��

�����/�
������ simply by setting �!��

�������Ò� for � õ�È v À v õ a I ��
������Mû�®8 , and
0 otherwise.Fromthebinarysequence���!��

�����/��
������ we estimate
thetransitionprobabilitymatrices� w andinitial probabilitites

� w by
maximumlikelihoodestimators:

¨ w B&ü�U�ü
EýF ~ ³/³~ ³/³ QV~ ³53 U ¨ w B�OTU�ü
E.F+OrL ¨ w B&ü�U�ü
E
¨ w B�OTUiO�EýF ~ 3/3~ 3�³ QV~ 3/3 U ¨ w Bpü�U�O�E.F+OrL ¨ w B�OTUiO�E� w B�O�EýF ~ 3~ ³ QV~ 3 U � w B&ü
E4FôO*L � w B�O�E

where =©³ , =<3 , =©³/³ , =è³53 , =<3�³ , =<3/3 are,respectively, the number
of 0’s, 1’s, 00’s, 01’s, 10’s, 11’s in the binary training sequence���!��

�����/� ¦ . Figure1 plotsanexampleof thedistributions � w ��8$��8$�
and� w �/�!�5�,� .

5. EXPERIMENTAL EVALUATION

Considerthesetupof ateleconferencingsystemasdepictedin Figure
2: 2�� þ speakersplacedarounda conferencetablearerecordedby
a videocameraandanarrayof �ÿ��� microphones.Thevideosys-
temis ableto estimatespeaker directionsof arrival, g�35��g § ��g�� . For
eachspeaker, the associatedrelative delay is thencomputedusing_ I ����� Û�� ��g I � , where�±�+`.a,bªc�h�d is themaximumdelaybetween
adjacentmicrophones.In our simulations,̀.a»�
	 cm and b,c��æ���
KHz which makes �;�m�!6 þ samples.We used2 femaleand2 male
speakersfrom theTIMIT databaseatpositionslocatedatmultipleof
�i8 degrees.Testingwasdoneon wavefilesof around10 secondsof
normalspeech.We addedGaussiannoisewith ¬ �ó8(6&� (note ¬ is
anabsolutevalueratherthanrelative to signals).We set =��Õ� (the
numberof simultaneousspeakers),eventhoughall 2m��þ speakers
wereactive mostof the time. We estimatedeachsourceusingthe
MAP-basedEstimationAlgorithm presentedin Section4 for four
choicesof priors: 1) usethe initial distribution andtransitionprob-
abilities learnedfrom the training databaseaspresentedbefore;2)
useuniform initial distribution probabilitiesbut the transitionprob-
abilities learnedfrom the training database;3) useuniform transi-
tion probabilities,but initial probabilitieslearnedfrom the training



Fig. 2. ExperimentalSetup

MAP DUET
src iSNR
1 -7.9
2 -7.5
3 -3.3
4 -2.4

SINRg RDist Dist
11.2 -3.3 21.3
6.1 1.3 26.4
2.5 0.7 29.0
1.8 0.6 29.5

SINRg RDist Dist
8.4 -0.5 24.1
4.8 2.6 27.6
1.5 1.7 29.9
1.0 1.4 30.2

Table 1. SINRgainsandDistortionsfor thetwo estimators

database;4) useuniformdistributionsfor boththeinitial distribution
andfor the transitionprobabilities.This last combinationof priors
turnsourMAP algorithminto theextendedDUET presentedin [12].

We comparedthesealgorithmswith respectto three criteria:
SINR gain, relative distortion and distortion. The SINR gain for
componentj is definedby:} Â ~�
�� I F�� } Â ~�
+L�� } Â ~�
>FôO�ü������ 3�³ � Bp@ 3 L K

I E
� B��K
I L K
I E

where�è�! $� is theenergy of signal , and? 3 ��� I �#"� I arerespectively,
the microphone1 measuredsignal,input signal j at microphone1,
andthe j ÀeÎ estimatedsignal.Therelative distortionis givenby:


°Z$� K C
I F+O�ü������ 3�³ � B K

I L%�K
I E

� B K
I E FôL&� } Â ~�


which is equalto negative of theoutputSINR, whereasthe (abso-
lute)distortionis computedby:Z$� K C

I FôO�ü'����� 3�³ � B K
I L%�K
I E

Thelargerthe � Ï =<ø�ñ thebetter;thesmallerthe ø��V×���� and�V×����
thebetter. We experimentallyverifiedthat thechoicefor initial dis-
tributionprobabilitiesdoesnothavealmostany effectontheoutputs.
Table1 presentstheresultsfor thefirst andthelastchoiceof priors.
Listeningto the estimateswe noticelittle distortionof the signals,
however thestrongresidualinterferencemaymaskwhatever distor-
tion is still present.Overall the useof a prior distribution yields a
gain of about5.4dB and improves by about1.5dB the SINR gain
anddistortioncomparedto the extendedDUET algorithm. We re-
peatedtheexperimentfor multiplecombinationof voicesignals,and
in every casewe obtainedresultssimilar to Table1.

6. CONCLUSIONS
In this paperwe presenteda novel signalseparationalgorithmthat
extendsour pastDUET algorithm.Thealgorithmsworksfor under-
determinedcases,when thereare fewer sensorsthan sources,and
in thepresenceof noise.Themainassumptionsare: (i) sourcesig-
nals have sparsetime-frequency representations(althoughanother
representation,suchas time-scale,would work as well); (ii) each
frequency is independentfrom oneanother;(iii) thebinaryselection

variablesobey a homogeneousMarkov processmodel,with transi-
tion and initial probabilitieslearnedfrom a training database.We
derivedtheMAP estimatorof binaryselectionvariablesandML of
thecomplex signalTF coefficients,andshow it canbeefficiently im-
plementedusinga Viterbi decodingscheme.Next we validatedour
solution in a 4-voice 3-microphonearray video conferencingsce-
nario with known direction-of-arrivals. We obtainedan improve-
mentof about1.5dB comparedwith thepreviousDUET algorithm,
andnonoticeabledistortions.Themixing parameters(delays,in our
case)werepresumedknown, beingestimatedby the videosystem.
Onecanwrite a maximumlikelihoodestimatorof theseparameters,
basedon (8). A joint sourcesignalsand mixing parametersesti-
mation basedon audiosignal only would be lessrobust to model
uncertainties,or mismatches.Resultsof joint optimizationwill be
presentedelsewhere.
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