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ABSTRACT

In this paperwe presenta new sourceseparatiormethodbasedon
dynamicsparsesourcesignal models. Sourcesignalsare modeled
in frequeny domainasa productof a Bernoulli selectionvariable
with adeterministicbut unknavn spectramplitude. The Bernoulli
variablesaremodeledin turn by first orderMarkov processesvith
transitionprobabilitieslearnedfrom a training database.We con-
sideravideoconferencingcenariavherethe mixing parameterare
estimatedoy the video system. We obtainthe MAP signalestima-
torsandshav they areimplementedy a Vitterbi decodingscheme.
We validatethis approactby simulationausingTIMIT databaseand
comparethe separatiorperformanceof this algorithmwith our pre-
viousextendedDUET method.

1. INTRODUCTION

SignalSeparatioris awell studiedtopicin signalprocessingMany
studieswerepublishedduringthepastlOyears eachof themconsid-
eringtheseparatiomproblemfrom differentpointsof view. Oncecan
usemodelcompleity to classifythesestudiesinto four cateories:

1. Simplemodelsfor both sourcesandmixing. Typical signals
aremodeledasindependentandomvariables,in their origi-
nal domain,or transformediomain(e.g. frequeng domain).
The mixing modelis eitherinstantaneousr anechoic.The
ICA problem[1], DUET algorithm([2]), or [3] belongto this
catgory;

2. Comple sourcemodels,but simplemixing models. An ex-
ampleof this type is separatiorof two speechsignalsfrom
onerecordingusingonemicrophoneln this case sourcesig-
nalsaremodeledusingcomple stochastianodels, e.g. AR
processem [4], HMMs in [5], or generalizeadxponentialsn
(61;

3. Comple« mixing models,but simple sourcemodels. This is
thecaseof standardconvolutive ICA. For instancesourcesig-
nalsarei.i.d. but the mixing operatoris composedf un-
known transferfunctions.Thusthe problemturnsinto ablind
channekestimationasin e.g.[7, 8, 9];

4. Comple mixing andsourcemodels. For instance[10] uses
AR to modelsourcesignals,and FIR transferfunctionsfor
mixing.

We chosethe compleity criterion in orderto point out the basic
trade-of of signalseparatioralgorithms.A morecomplex mixing or
sourcemodelmayyield abettemperformancerovidedit fits well the
data. However morecomplex modelsarelessrobustto mismatches
thana simplermodel,andmay performunexpectedlyworseon real

world data. In our prior experimentq11] we foundthatsimplesig-
nalandmixing modelsyield surprisinglygoodresultson realworld
data.Rohustnesto modeluncertaintiegxplainsthesegoodresults.

Indeedthis is the casewith DUET. The basicideaof the DUET
approachis the assumptiorthatfor ary time-frequeng point, only
onesignalfrom theensemblef sourcesignalswould usethattime-
frequeny point. In [12] we extendedthis assumptiorin a system
with D sensordo whatwe called generalized W-digjoint orthogo-
nality hypothesis by allowing upto D — 1 sourcesignalsto usesi-
multaneoushary time-frequeng point. In bothcasesourcesignals
wereassumednutuallyindependenacrosdothtime andfrequeng.
In otherwords,ary two differenttime-frequeng coeficientsof the
samesourceareassumedndependent.

However we would like to increasehe power of sourcesepara-
tion particularlywhenthereexistsprior knovledgeaboutthesources
(seealso[5, 6]). In this paperwe proposeanincrementalncreasen
sourcemodelcompleity combinedwith simplemixing modelthat
conformsto our basicbeliefthatmodelsshouldnotbe morecompli-
catedthanwhatis really neededn orderto solwe the problem. For
thiswewe allow for statisticaldependenciesf sourcesignalsacross
time.

More precisely{13] postulates signalmodelthatstateghatthe
time-frequeng coeficient S(k, w) of a (speechkignals(t) factors
asaproductof acontinuougandomvariable,sayG(k, w), anda0/1
Bernoullib(k, w):

S(k,w) = bk, w)G(k, w) 1)

Thisformulamodelssparsesignals.Seealso[14] for asimilarsignal
model. Denotingby ¢ the probability of b to be 1, andby p(-) the
p.d.f. of G, thep.d.f. of S turnsinto

ps(S) = ap(S) + (1 — q)5(S) )
with §, theDiracdistribution. For L independergignalsSs, . . ., St,

thejoint p.d.f. is obtainedy conditioningwith respecto theBernoulli
randomvariables.Therankk term,0 < k£ < N, is associatedo a
casewhenexactly k sourcesareactive, andtherestarezero.In [12]
we shavedthatby truncatingo thefirst N+1 termstheapproximated
joint p.d.f. correspondso the casewhenat most N sources are ac-
tive simultaneously, which constituteshe generalized W-digoint hy-
pothesis. This paperextendsthe signalmodel (1) by assuminghe
Bernoulli variablesare generatedby a Markov processwhile the
complex amplitudesG (k, w) aremodeledasunknavn deterministic
variables.

The applicationwe tamgetis a video conferencingsystem(see
Figure 2) wherea video camerais usedto estimatethe location of
the spealkrs. We assumean anechoiamixing model,whereknowl-
edgeof direction-of-arrnvals (DOAs) implies knowledge of mixing



parametersSection3 describeghe statisticalsignalestimators We

shaw thatsignalestimationis similar to a Viterbi decodingscheme.
Section4 presentghe methodfor learningthe transitionprobabili-

ties of sourcemodels. Section5 containsnumericalresults,andis

followedby the conclusionsection.

2. SIGNAL AND MIXING MODELS

2.1. Anechoic Mixing Model

Considerthe measurementsf L sourcesignalsby an equispaced
lineararray (uniform linear array) of D sensorsunderthe farfield
assumptiorwhereonly the directpathis present.n this casewith-
out lossof generality we canabsorbthe attenuatiorand delay pa-
rametersf thefirst mixture z; (¢), into thedefinitionof thesources.
Furthermore for the purposeof this paperwe neglect the relative
attenuatiorbetweersensorsin time domainthe mixing modelis

5

=1

(t—(d—1)m) +ng(t), 1<d<D (3

wheren, ..., np aresensonoisesandr = d, fscos(ay)/cisthe
relative delayof sourcel betweeradjacensensorswith d, distance
betweensensors,f; samplingfrequeng, ¢ speedof sound,and ¢

theanglew.r.t. thearrayaxis (seeFigure2).

Wedenoteby X 4(k,w), Si(k,w), Na(k,w) theshort-timeFourier
transformof signalsz4(t), s;(t), andng(t), respectiely, with re-
spectto a window W (t), wherek is the frameindex, and w the
frequeng index. Thenthemixing model(3) turnsinto

L
3 e TG (k,w) + Ny, w)
=1

Xd(kr w) = (4)
Whenno dangerof confusionariseswe droptheargumentst, w in
Xd, Si ande.

2.2. Signal Model
<t<

Considera sourcesignals(t), 1 < T, andits associatedghort-
time Fourier transformS(k,w), 1 < k < Kmaz, 0 < w < Q.
Eachtime-frequenyg coeficient S(k, w) is modeledby the product
b(k,w)G(k,w) asin (1), whereb is a Bernoulli (0/1) randomvari-
able, and G is an unknavn deterministiccomplec amplitude. In
previouswork we assumedb(k,w) ; k,w} is asetof independent
randomvariables. In this paperwe presere independencealong
thefrequeng index, but we introducea Markov dependencalong
thetime index. Theindependence frequeny is supportedoy the
remarkthatlocal stationarityin time domainimplies decorrelation
of frequeny components.Along the time index, our assumption
amountgo:

P(b(k,w)b(k —1,w),b(k — 2,w),...,b(1,w)) =
P(b(k~w)|b(k -1, w)) = WW(b(kaw)7 b(k -

where{r,,} isthesetof 2 x 2 matricesof probabilitiesof transition.
By successie conditioningwe obtainthat:

HP(bl w)

Kmam

) I mobk,w), bk —1,w))

k=2

(5)

For eachsourcein the mixture we assumewe have a databasef

training signalswherewe learnthe matricesof transitionprobabili-

tiesandthe setof initial probabilities(seeSection5).

For a collection of L sourcesignals,we assumethat only N

Bernoulli variablesare nonzero;the rest are zero. We denoteby
{(bi(k,w))1<i<r; k, w} thecollectionof Bernoullirandomvariables,

P({b(k,w); k,w})

o(k,w) = {l; bi(k,w) = 1} the N-setof nonzerocomponentf
S(k,w), (t4)1<1<L.0<w<a the collectionof transitionprobability

matrices,(P.)1<i<r.0<w<q the collection of initial probabilities.
Thenthejoint pdf becomes:

P({by(k,w); I, k,w}) H Q%(e(1,w) [ Qulo(k,w), o(k—1,w))

k>2
(6)
where
L
QW (U(kvw)7 U(k - 1’ w)) = H 7rtlu(bl (kvw)v bl (k - lvw))
=1
L
Q% (o(1,w)) H L (by(1,w)) @)

Thecollectionof all subsetsr (k, w) definesatrajectorythroughthe
selectionspaceST , thesetof N-subset®f {1,2,..., L}. Thusfor
eachfrequeny w we associat&, = {o(k,w); 1 < k < Kmas}
theselectiorspacdrajectory Sourceestimationis thenequialentto
estimatingboththe selectionspacerajectoriegX., )., andthecom-
plex amplitudes{G;(k,w) ; | € o(k,w)}.

In this paperwe assumehatthe mixing modelis givenby (4),
signalsS; (k, w) satisfythe signalmodelabove, and noisecompo-
nentsNy(k, w) areGaussian.i.d. with zeromeanandspectralari-
anceo?.

Our problemis: Estimatethe sourcesignals(si(t), . . .,
1 <t < T, given measurementée; (t), ..
system(4) andassuminghefollowing:

sL(t)),

. JZD(t))1§t§T of the

1. Themixing parameter$r;)1<;<r areknown;

2. Thenoise{n(t)} isi.i.d Gaussiamwith zeromeanandknown
spectrabower o2;

3. The component®f signal S areindependenaindsatisfythe
stochastianodelpresentedefore,with known probabilities
of transition(r’,); ., andinitial probabilitiesP,;

4. At every time-frequeng point (k, w) atmost/N components
of S(k,w) arenon-zeroand N is known.

3. MAP SIGNAL ESTIMATION

In this paperwe estimatethe signals(s:(t)):,» by maximizingthe
posteriordistribution of the Bernoulli variables,andthe likelihood
of the complex amplitudes. Alternatively, usinga uniform prior
model on the amplitudes,our solutionis a MAP estimatorof both
the selectionvariablesandthe complex amplitudes.The criterionto
maximizeis:

I=]] PUX(k,w)i1 < k < Kmaz}{bi(k,w), Gk, w);

1,1 <k < Kmaa })P({b1(k,w); 1,1 <k < Kmas}) (8)
WereplaceheBernoullivariablesdby theset-\aluedvariables:,, =
(o(k,w))r,w, andwe considerthe reducedcomplex amplitude V-
vectorG(k, w) correspondingo nonzerccomponent®f S (in turn
selectedby o (k,w)). Welet A, (k,w) denotethe D x N mixing
matrix whosecolumnscorrespondgo the nonzerocomponentf
S(k,w): (Ar(k,w))am = e~ @D ‘wherel(m) is them!"
elementof o (k, w). Thefirst termdecouplesnto a productof like-
lihoodsat eachtime k; the secondermis estimatedn (6). Putting
thesetwo expressiongogether the criterion to maximizebecomes



(upto amultiplicative constanterm):

1(5,G) = H[Hexp{—gnx—AgGrnQ}] 11
k

Qulo(kw). ok - Lw))} Q%(0(1,w))

Giveno(k,w), atevery (k,w) we cansole for G, (k,w) andob-
tain:
Gr(k,w) = (A;Ag) TALX

Takingthelogarithm,flipping thesign,ignoringsomeconstantsand
replacingG,- by the abore estimate we obtainthe following opti-
mizationproblem

mins Y Y [XT(1 - Ag(A;A.) 1A X — 0% log Qu(o(k,w),
w k

ok —1,0))] = 0* log QL (a(1,w)) 9)
Let usdenoteby

Fig. 1. Transitionprobabilititesof onesignalfor - = 0.1

the secondcomponents Gaussianthe estimationof sc:ic is done
by (soft, or hard)thresholdingof the measureaignal. We chosea
thresholdproportionalto squareroot of signalspectrapower. Thus,
in caseof hardthresholding:

Seritical(k, w) = { S(kawg if

|S(k,w)| > 7/Ra(@)

otherwise

C(o(k,w)) = X (k,w)* (1—Ag(k, w)(Aj (k, w)Ag (k,w)) "' A} (k,w)) X (k, w) Thefactor is choserso thatthe thresholdedsignal soundsalmost

and
D(U(kﬂ UJ), U(k - 17 w)) = 70’2 lOg Q(O’(k, w)ﬂ G(k - ]‘ﬂ UJ))
for k > 2. Thentheoptimizationbecomes

min Z C(o(k,w))+D(o(k,w), o(k—1,w))+C (o (1, w)—Q2 (a(1, w))
“ k>2

at every frequeny w. The solutionrepresents trajectoryy,, in
the selectionspace( Sy )¥== The optimizationcanbe efficiently
implementedisinga backward-forward bestpathpropagatioralgo-
rithm (Viterbi) widely usedin channeldecodingproblems.The al-
gorithmis asfollows:
Algorithm

Stepl. (Initialization) Setk = Kmaz, andJ;; (s) = 0 for all
se Sy,

Step2. (Backward propagation¥or all s € SY N-subsetof
{1,2,..., L} repeat

e Forall s € SY computeJ(s,s') =
D(s',s)

e Findtheminimumovers’, andsetJ;;_; (s) = ming J(s,s’)

Step3. Decremenk = k — 1, andif £ > 1 go Step2.

Step4. At k = 1, replaceC(s”) by C(s") — o2 log Q% (o(1,w))
andperformStep2. Denotes™ (1, w) = argminsJi (s).

Step5. (Forward iteration) Setk = 2 andrepeatuntil & =
Kma.z:

e Foralls € S¥ computeJ(s) = C(s)+ D(s,0*(k — 1,w))

e Findtheminimumandseto™(k,w) = argminsJ(s)

e Incrementt = k + 1.

Ji(s) + C(s') +

4. MODEL TRAINING

For training we useda fixed sentencaitteredby the corresponding
spealer. Weassumedtherecorded/oiceis madeof two components:
onepartwhichis critical to understandinganda secondccomponent
which canberemovedlosslesslyfrom aninformationpoint of view.
Thuss = Scritic + Sewtra- ASSUMingthe first componenthasa
Laplace(or evenpeackierdistributionin frequeng domainwhereas

identicalto theoriginal signals. Subjectve experimentatiorshaved
thatafactorr = 0.1 satisfieghisrequirementOnce{Scriticai (k, w);
k,w} hasbeenobtainedwe estimatethe binary sequencdb(k, w);

k,w} simply by settingb(k,w) = 1 for Scriticai(k,w) # 0, and
0 otherwise.Fromthebinary sequencgb(k, w); k, w} we estimate
thetransitionprobabilitymatricesr,, andinitial probabilititesP,, by

maximumlik elihoodestimators:

Noo
0,00 = — 99 2,(1,0)=1—7,(0,0
7w (0, 0) Noo + Nov Tw(1,0) 7w (0,0)
Ni1
1,1) = ——  7,00,1)=1—mu(1,1
mo(1,1) Nio 4 Nt 7w (0, 1) mw(1,1)
N
P,(1) = 7N0+1N1 , Pu(0) =1— P,(1)

where Ny, N1, Noo, Noi, Nio, N11 are,respectiely, the number
of 0’s, 1's, 00's, 01's, 10’s, 11's in the binary training sequence
(b(k,w))r. Figurel plotsanexampleof the distributions., (0, 0)
andm,, (1, 1).

5. EXPERIMENTAL EVALUATION

Considethesetupof ateleconferencingystemasdepictedn Figure
2: L = 4 speakrsplacedarounda conferenceablearerecordecby
avideocameraandanarrayof D = 3 microphonesThevideosys-
temis ableto estimatespealer directionsof arrival, a1, as, as. For
eachspealer, the associatedelative delayis then computedusing
71 = Acos(ay), whereA = d, fs /cis themaximumdelaybetween
adjacenmmicrophonesin our simulationsd, = 5 cmand f; = 16
KHz whichmales A = 2.4 samplesWe used2 femaleand2 male
speakrsfromthe TIMIT databasetpositionslocatedat multiple of
60 degrees.Testingwasdoneon wavefilesof around10 secondof
normalspeech.We addedGaussiamoisewith o = 0.1 (noteo is
anabsolutevalueratherthanrelative to signals).We set N = 2 (the
numberof simultaneouspeakrs),eventhoughall L = 4 speakrs
were active mostof the time. We estimatedeachsourceusingthe
MAP-basedEstimationAlgorithm presentedn Section4 for four
choicesof priors: 1) usetheinitial distribution andtransitionprob-
abilities learnedfrom the training databases presentedefore; 2)
useuniforminitial distribution probabilitiesbut the transitionprob-
abilities learnedfrom the training database3) useuniform transi-
tion probabilities,but initial probabilitieslearnedfrom the training
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camera
Mic,
Mic,
Mic,

Fig. 2. ExperimentaSetup

MAP DUET
src | iISNR | SINRg | RDist | Dist | SINRg | RDist | Dist
1 -7.9 11.2 -3.3 | 21.3 8.4 -05 | 241
2 -7.5 6.1 1.3 | 264 48 26 | 27.6
3 -3.3 25 0.7 | 29.0 15 1.7 | 29.9
4 -2.4 1.8 0.6 | 295 1.0 1.4 | 30.2

Table 1. SINR gainsandDistortionsfor thetwo estimators

database4) useuniformdistributionsfor boththeinitial distribution
andfor the transitionprobabilities. This last combinationof priors
turnsour MAP algorithminto theextendedDUET presentedh [12].

We comparedthesealgorithmswith respectto three criteria:
SINR gain, relative distortion and distortion. The SINR gain for
component is definedby:

E(z1 —
SINRg, = oSINR —iSINR = 10log,, %
S — 81

whereE(z) is theenepy of signalz, andx1, s;, §; arerespectiely,
the microphonel measuredignal,input signall at microphonel,

andthet" estimatedsignal. Therelative distortionis givenby:

E(s; — 3;)

RDist; = 10log E(s)
51

= —0SINR

which is equalto negative of the outputSINR, whereaghe (abso-
lute) distortionis computedby:

Dist; = 10log,o E(s; — §1)

Thelargerthe STN Rg the better;the smallerthe RDist and Dist

the better We experimentallyverified thatthe choicefor initial dis-
tribution probabilitiesdoesnothave almostary effectontheoutputs.
Table1 presentsheresultsfor thefirst andthelastchoiceof priors.
Listeningto the estimateswve noticelittle distortion of the signals,
however the strongresidualinterferencenay maskwhatever distor

tion is still present.Overall the useof a prior distribution yields a
gain of about5.4dB andimproves by about1.5dB the SINR gain
anddistortioncomparedo the extendedDUET algorithm. We re-
peatedheexperimentfor multiple combinatiorof voicesignals,and
in every casewe obtainedresultssimilarto Table1.

6. CONCLUSIONS
In this paperwe presented novel signalseparatioralgorithmthat
extendsour pastDUET algorithm. The algorithmsworksfor under
determinedcaseswhenthereare fewer sensorghan sourcesand
in the presencef noise. The main assumptionsre: (i) sourcesig-
nals have sparsetime-frequeng representationgalthoughanother
representationsuch as time-scale,would work aswell); (ii) each
frequeny is independentrom oneanotherf{iii) thebinaryselection

variablesobey a homogeneouMarkov processnodel,with transi-
tion andinitial probabilitieslearnedfrom a training database.We
derivedthe MAP estimatorof binary selectionvariablesandML of
thecomple signalTF coeficients,andshaw it canbeefficiently im-
plementedisinga Viterbi decodingscheme Next we validatedour
solutionin a 4-voice 3-microphonearray video conferencingsce-
nario with known direction-of-arrvals. We obtainedan improve-
mentof aboutl.5dB comparedvith the previous DUET algorithm,
andno noticeabldistortions.The mixing parametergdelays,n our
case)werepresumedknown, beingestimatedby the video system.
Onecanwrite a maximumlik elihoodestimatorof theseparameters,
basedon (8). A joint sourcesignalsand mixing parametersesti-
mation basedon audio signal only would be lessrobust to model
uncertaintiespr mismatches.Resultsof joint optimizationwill be
presenteelsavhere.
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