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ABSTRACT

Few sourceseparatiorand independentomponentanalysis
approacheattemptto dealwith noisy data. We consideran addi-
tive noisemixing modelwith an arbitrarynumberof sensorsand
possibly more sourcesthan sensors(the “degenerateseparation
problem”)whensourcesaredisjointly orthogonal.We shav how
disjointorthogonalitycanbeviewedasalimit of astochastiwoice
modelingassumption.This is the basisfor our approachto noisy
model estimationby maximumlikelihood, underthe direct-path
farfield assumptionsTheimplementatiorof the derived criterion
involvesiteratingtwo steps:a partitioning of the time-frequeng
planefor separatioriollowedby anoptimizationof the mixing pa-
rameterestimatesThe solutionis applicableto anarbitrarynum-
berof microphonesandsources Experimentallywe shav the ca-
pability of thetechniqueto separatéour voicesfrom two, four, six
andeightchannekecordingdn the presencef strongnoise.

1. INTRODUCTION

Sourceseparatiorpromiseso further a variety of applicationsof
speechenhancemenand separatiorbeyond what is possibleto-
day with classicalmicrophonearraytechniquedl]. In particular
for audiosignals(the domainof interestin this work), a variety of
BSStechnigueshave beenintroducedin recentyears. Fen work
onrealaudiodata(e.g. [2, 3, 4]), evenfewer with noisy data[5],
andmostdealwith the “square”caseof sourceseparatior(equal
numberof sourcesand sensors).Claims of generalizatiorto the
non-squareaseexist, hovever mostoftenit is not clearhow tech-
nigueswould scale neitherfrom analgorithmicperspectie norin
termsof computationaproperties.

[6] introduceda BSStechniquefor the separatiorof anarbi-
trary numberof sourcedrom justtwo mixturesprovidedthetime-
frequeny representationsf sourcegdo not overlap. The key ob-
senationin the techniqueis that eachtime-frequeng (TF) point
depend®n at mostonesourceandits associatednixing parame-
ters. This deterministichypothesisvascalledW-disjoint orthogo-
nality andis reviewedin section2.2. In anechoimon-noisyervi-
ronmentsijt is possibleto extractthe mixing parameterérom the
ratio of the TF representationsf the mixtures. Using the mixing
parameterspnecanpartitionthe TF representationf themixtures
to producetheoriginal sources.

The deterministicsignal modelwas extendedto a stochastic
signal modelin [7], where eachtime-frequeng coeficient was
modeledasa productbetweeracontinuougandomvariableanda
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0/1 discreteBernoullirandomvariable(indicatingthe “presence”
of the source). This way signalscanbe modeledasindependent
randomvariables,and one can derive the maximum likelihood
(ML) estimatorof the mixing parameters.

TheICA literaturescarcelydiscusseshe noisecase[8]. BSS
and decowvolution resultsof a theoreticalnaturein dealingwith
noisewerepresentedh [5]. Forthetwo-channebystemin [4], the
ML estimatorof the mixing parametersvas derived in the pres-
enceof Gaussiarsensomoise. However the noiseelementrepre-
sentedatechnicalityin thatnoisewasconsideredn thelimit zero
in orderto beableto derive parameteupdateequationsNonethe-
lessthe approactproved effective on realnon-noisydata.

In this paperwe dealwith the multi-channelcasefrom anal-
gorithmic perspectie. We presenta novel approachto BSS ex-
ploiting TF propertiesof the input data,which is readily applied
to speeclseparatiorontwo, four, six andeightchannelsFor this,
we extendthe ML estimatorslerived before(underthe W-disjoint
orthogonalityassumption)The ML approaclconsiderdothmix-
ing parameterandsourcesunlike in [4] wherethe optimization
wasover mixing parametersnly. The estimationalgorithmiter-
atestwo optimizationsteps.First, likelihoodis optimizedover the
setof mixing parametergor eachsourceseparately Secondthe
partitionof TF pointsis optimized.For the purpose®f this paper
we considettheanechoianixing modelonly. Howeverthemethod
presentedanbe extendedo arbitrarycomple« mixing models.

Theorganizatiorof the paperis asfollows. Section2 presents
the signal mixing model and a statisticalmotivation of the W-
disjoint orthogonalitysignalmodel. Section3 shaws the deriva-
tion of the ML estimatorof mixing parameterandsourcesignals,
andits implementatiorby aniterative procedure Section4 exper
imentally highlightsthe capabilityof the systento dealwith noisy
echoicdata,andits scalingproperties Experimentsith two, four,
six andeightinputsshav increasedseparatiorcapabilityandde-
creasedrtifactswith anincreasen the numberof inputson data
rangingfrom anechoido echoic.

2. MIXING MODEL AND SIGNAL ASSUMPTION

2.1. TheMixing Model

Considerthe measurementsf L. sourcesignalsby a equispaced
linear array of D sensoraunderfar-field assumptiorwhereonly
the direct pathis present.In this case without lossof generality
we can absorbthe attenuationand delay parameterf the first



mixture z1 (t), into thedefinitionof the sources:
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whereny,...,np arethe sensomoises,and (aq,; 74,;) arethe
attenuatioranddelay parametersf sourcel to sensord. For the
far-field modelandequispacedensorarray the attenuationsiq,;
anddelaysry ; arelinearly distributedacrosghesensorgi.e. with
respecto index d). Thuswe candefinethe averageattenuationu;,

anddelayr;, sothat

ad,1 = (d—l)al, Td,l = (d—l)Tl, 1 S d S D, 1 S l S L (2)

Clearly othermixing modelscanbe consideredat the expenseof
increasinghemodelcompleity. We useA to denotethemaximal
possibledelaybetweeradjacensensorsandthus|r;| < A, Vi.

We denoteby Xg4(k,w), Sl(kz,wg, Ng(k,w) the short-time
Fouriertransformof signalsz4(t), s;(t), andng(t), respectiely,
with respecto awindow W (t), wherek is theframeindex, andw
thefrequeny index. Thenthe mixing model(1) turnsinto

L
Xa(k,w) =D (1 (d—Day)e” D78 (k,w) + Na(k,w) (3)
=1
Whenno dangerof confusion,we shall drop the agumentsk;, w
in Xd, S; ande.

Ourproblemis: givenmeasurements (¢), ..., p(t))i<i<r
of the system(1) we wantto determinethe ML estimateof the
mixing parameterga;, 71)1<i<r. and the sourcesignals (s (t),
... sp.(t))1<e<r. Whenthenumberof sourcess greatetthanthe
numberof mixturesthe problemis degenerate.In orderto solve
this we rely on the W-disjoint orthogonalityassumption.

2.2. The Stochastic W-Disjoint Orthogonal Signal Model

In [4] we calledtwo signalss; ands2 W-disjointorthogonal for a
givenwindowing function W (t), if the supportsof the windowed
Fouriertransformsof s; ands, aredisjoint, thatis:

Si(k,w)S2(k,w) =0, Vk,w (4)
For L sourcesS,,. . .,S1, theassumptiorgeneralizeso:
Si(k,w)S;(k,w)=0, V1<i#j <L, Vkw (5)

Suchadeterministicconstraintis not only rarely satisfied put
it alsoimplies that the signalsarein generalstatisticallydepen-
dent, which is not the casefor voice signals. Yet, in [9] it has
beennoticedthatrelation(4) is satisfiedin anapproximatesense
by real speeclsignals. To reconcilethe inconsistenbasisfor the
theoreticaldevelopmentof the algorithmwith the factthatthe al-
gorithmworksin practice we take a closerlook atour model,and
shav that (4) canbe seenasthe limit of a stochastionodelwe
introducedn [7].

We briefly review themodelandsignalclassfrom [7]. It states
thatthetime-frequeng coeficient S(k, w) of aspeectsignals(t)

lindeedthisis easilyprovedby thefactthattheconditionaldistribution
p(S1 = s1|S2 # 0) = §(s1) is differentfrom the conditionalp(S1 =
$1]S2 = 0).

factorsasa productof acontinuougandomvariable,sayG(k, w),
anda0/1Bernoulli V (k,w):

S(k,w) = V(k,w)G(k,w) (6)

Denotingby ¢ the probability of V' to be 1, andby p(-) thep.d.f.
of G, thep.d.f. of S turnsinto

ps(S) = qp(S) + (1 — 9)4(95) @)
with §, theDiracdistribution. For L independengignalsSi, . . ., St,

the joint p.d.f. is obtainedby conditioningwith respectto the
Bernoulli randomvariables.To simplify the notation,we assume
all G(k,w) have the samedistribution p(-), andall V' (k,w) have

thesameg. We obtain:

L
a-g*[[ss)+a1—a"!

p(S1,...,81) =
=1
L L
xY p(s1) ] 6(S;)+ a’Rest(S1,...,SL) (8)
=1 j=1,5#1

whereRest() containstermswith the conditionthatat leasttwo
sourcesare active simultaneously The first two elementsn the
sumcorrespondo the conditionthatat mostonesourceis active,
whichis whatis usedin the disjoint orthogonalitycondition.

Onthecontraryif we donotassuméhatatmostonesourceis
active but ratherapproximate&8) wheng is very small,by ignoring
theq? factorandafterrenormalizatiorwe get:

L

pwoo(S1,...,SL) = ﬁ [T scs0
=1
L
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This is the stochasticcounterparf the deterministicconstraint
(4) for L sources.Equation(9) shavs thatthe deterministiccon-
straintonthesignals(5) is areasonablassumptiorin thestochas-
tic limit, hencethe namepwpo. In this paperwe do assumehe
joint p.d.f. of the sourcesignalsin the short-timeFourierdomain
is givenby (9), with theinterpretatiorthatthis is not aninconsis-
tentassumptiorbut ratherthelimit of a stochastianodel.

The secondngredientof our stochastianodelis givenby the
assumptionthe sensornoisesare independentlydistributed and
have Gaussiaristributionswith zeromeanando? variance.

3. THE MAXIMUM LIKELIHOOD ESTIMATOR OF
SIGNAL AND MIXING PARAMETERS

In this sectionwe derive the joint maximumlik elihood estimator
of parameterandsourcesignalsunderassumptiors. The source
signalsnaturallypartitionthe time-frequeng planeinto L disjoint
subsets$2, ..., Qr, whereeachsourcesignalis non-zerd(i.e. ac-
tive). Thusthe signalsaregiven by the collection?;,...,Q2r and
onecomple variableS thatdefinesheactive signal:

Si(k,w) = S(k,w)lq,(k,w) (10)

Let the modelparameter$ consistof the mixing parameters
(a1, ), 1 <1< L, thepartition (€;)1<i<z andS. Its likelihood
andmaximumlog-likelihoodestimatoraregivenby:

£O) =117 Tzt Mk w)en, 7oz expi—gz Yok, w)*}
Onrr =amming 327" SF Y e, [Yau(k,w))? (11)



whereYy, (k,w) = Xa+1(k,w)—aq,(w)Si(k,w) andag, (w) =
(1 — da;)e %", For ary partition (1, ..., Qr) we definethe
selectionmap ¥ : TF-plane — {1,...,L}, S(k,w) = [ iff
(k,w) € Q. Clearly > definesa uniquepartition. Optimizing
over S in (11) we obtain

. 1

S = X 12
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(k,w). Letusdenoteby R; (w) the D-vector:

wherel = X
R)(w) = [ 1

andby X the D-vector of measurementd X1, ..., Xp]T. We
useA = (a;, 71)1<1< 1 to denotethe mixing parametersinserting
(12)into (11), the optimizationproblemreducego:

ar(w) ap—1,(w) ]T

(A,%) = argmaxy y,J (4, %) (13)
where:
1
J(A,XT) = s [(Rsy (k) (@), X (K, )2
(%) [ Ry @22

Note the criterion to maximize dependson a setof continuous
parametersA, and a selectionmap . A typical optimization
algorithm for sucha criterion works as follows. The optimiza-
tion is donein two steps:first the optimizationover the continu-
ousparametersandthenthe optimizationover the selectionmap
(or, equivalently the partition). Sucha procedurds iteratedun-
til the criterion reachesa saturationfloor. Becausethe criterion
is boundedabore, we are guaranteedt will corverge. Next we
describesolutionsfor thetwo optimizationproblems.

3.1 Optimal Partition
Given a set of mixing parametersA =
optimalselectionmapis simply given by

(a1,m)1<i<z, the

N 1
B(k,w) = argmanmw%z(k,w)(w),X(k7w)>l2 (14)

The partitionis thenimmediate:(2; = {(k, w)|¥(k,w) = I}.

3.2 Optimal Mixing Parameters
Now givena partition (€2;)1<:< 1., the optimalmixing param-
etersareobtainedndependentlyor eachi by:

1
(dy,7) =agmax, . Y o |(Ri(w), X(k,w))|* (15)
P g, IRU@)I2

Expandingthe denominatorand numeratar we obtainquadratic
expressionsn a;. Thecriterionbecomes

oazl2 —20Ba; + v

I(a;, 1) =
(ar, ) paZ —2va; + p
which canbe easilyoptimizedover a;. We obtain
i = M*ap*\/(aﬁ';/zgfjjfufw)(wfﬁp) (16)

This value shouldthen be insertedin I above and optimization
over 7; shouldbecarriedover by a gradientdescentor anexhaus-
tive searchlbecause; is between—A and+A):

a(n)di® = 26(m)di + ()

e —wma+p(m) O

7, = argma

Summingthesefindings,the optimizationalgorithmbecomes:

3.3 ML Algorithm

e StepO. Initialize (af, 7)1 <1< 1. ith, for instancerandom

valuessothat|af| < 1 and|r’| < A; Sets = 0, J* = 0,
andchoosea stoppingthresholdk;

e Stepl. Find theoptimalpartition (2;"*); <;<1,, andselec-
tion map,~°*! by solving (14) with a; = af, 7 = 77,

e Step2. Find the optimal parameterga;**, 71) from
(16,17)for eachl < I < L, andsubsebf time-frequeng
pointsQ;+;

e Step3. Sets = s + 1, andcomputeJ® = J(A® X°). If
(J¥ — J571)/J* > e thengoto Stepl; otherwise:

e Step4d. Theexit valuesarea; = af, 7, = 7, and€); = Qj,
obtainedafter s iterations.The sourcesignalarethencom-
putedby corvertingthe estimatedime-frequeng represen-
tationsbackinto thetime domain.

Thealgorithmcanbe modifiedto dealwith anechoicmixing
model,or differentarrayconfigurationsttheexpenseof increased
computationatompleity. It requiresknowvledgeof thenumberof
sourceshowever this numberis notlimited to the numberof sen-
sors.It worksalsoin non-squarease.Thealgorithmis guaranteed
to convergeto alocal minimumonly.

Sincewe used(9) asthe stochastidimit of (8), the signales-
timatorwe derive is the maximumé posterioriwith respecto the
prior joint p.d.f. (9). However, if one adoptsthe deterministic
point of view regarding(5), our estimatoris truly the maximum
likelihoodestimator

4. EXPERIMENTAL RESULTS

Weimplementedhealgorithmandappliedit onrealisticsynthetic
mixturesgeneratedvith a ray tracingmodel. Mixtures consisted
of four sourcesignalsin differentroom ervironmentsand Gaus-
siannoise.Theroomsizewas4 x 5 x 3.2 m. We usecdthreesetups
correspondingo anechoianixing, low echoic(reverberatiortime
18 ms), andechoic(reverberatiortime 130 ms). Themicrophones
formedalineararraywith 2 cm spacing.Sourcesignalsweredis-
tributedin theroom. Input signalswere sampledat 16KHz. For
time-frequeny representatiowe useda Hammingwindow of 256
samplesand50%overlap.Noisewasaddedon eachchannel.The
average(individual) signal-to-noise-ratigSNR) was 0 dB. The
averageinputsignal-to-interference-rati(GIR) wasabout—5 dB.
Eachtestwasperformedthreetimeswith independenhoisereal-
izations.

Theoptimizationproblem(17) wassolvedthroughanexhaus-
tive searchover a grid of 200 points (thus the precisionin esti-
mating — was roughly 0.005 sample). Experimentally the opti-
mizationalgorithmcorvergedvery fast.In at mostsix iterationsit
reached 0% of thelocal maximum.

To compareresults,we usedtwo criteria: outputaveragesig-
nalto interferenceatio gain (includesothervoicesandnoise)and
signaldistortion,definedasfollows:

Ny

SIRgain = — Z 10log o ( I 5o I
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D Anechoic LowEchoic Echoic

2 | -4.86(0.94) | -4.93(0.80) | -4.84(1.05)
4 | -3.31(0.95) | -2.88(0.90 | -2.86(0.89)
6 | -3.85(1.24) | -3.36(1.02) | -2.99(1.04)
8 | -4.14(1.28) | -4.14(1.16) | -2.80(0.80)

Table 1. Distortionsfor 0dBinputSNR:mean(standardieviation)
forD =2,4,6,8.

where: N is thenumberof frameswherethe summands abore
—10 dB for SIR gain, and —30 dB for distortion; S is the esti-
matedsignalthat containsS, contrikution of the original signal;
X isthemixing atsensorl, andsS; is theinputsignalof interestat
sensorl. The summandsveresaturatedat +30 dB for SIR gain
and +10 dB for distortion. Ideally, SIRgain shouldbe a large
positives,whereaslistortion shouldbealarge negative.

We presentresultson noisy datafor which SNR level (com-
putedfor averagevoice on a channel)is 0 dB. SIR gainsarepre-
sentedn Figurel andthe distortionvaluesaregivenin Tablel.
Resultsshav separatiorof all voicesparticularlyfor D > 4 (a
sampleof inputandoutputsfor D = 4 is givenin Figure2. Also
SIR gainstendto improve with anincreasdn the numberof sen-

sors.Thisindicatesthatseparatiorpower of the systemincreases.

Also, onecannoticea decreasén performanceaswe move from

anechoicto echoicdata. Artifactsas measuredy distortiondo
decreasewith the exceptionof thetwo channekase.ln thatcase,
separatiorof all voicesdoesnot take place. Threeoutputsout of

four containmerelya mixture of the signals,thereforedistortion
measuresarebetterat the costof decreasedeparation.
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Fig. 1. SIR gainsfor 2-8 microphoneson threedatatypes(ane-
choic, low echoicand echoic). Eachbar includesone standard
deviation bounds.

5. CONCLUSIONS

Real sourceseparatiorscenariosare rarely square. On the con-
trary, situationsconstantlyvary betweenrthe so called degenerate
caseandtheover specifiedcase.By beingableto dealevenly with
suchcasesndin thepresencef noise thepresentaipproactopens
thedoorto audiosourceseparationn realisticscenarios.

This was possibleby exploiting the time frequeng sparse-
nessof signals. We shaved that disjointnessin time-frequeny,
althoughinconsistentheoreticallyfor a deterministicmodel, is

Fig. 2. Exampleof 4-channelalgorithm behaior on mixture of
noiseandfour voices(—8.5 and —3.5 dB input SIR). The sepa-
ratedoutputsshav anSIRgainof 7,4, 5.3and9.5dB respectiely.

justifiablefrom a stochastigerspectie. We modeledeachtime-
frequeny coeficient asa productbetweena continuousrandom
variableanda discrete0/1 Bernoullirandomvariable.In the limit

this correspondedtb the deterministic W-disjoint orthogonality
modelasstudiedin [9].

Our sourceseparationalgorithm implementsthe maximum
likelihood estimatorfor both mixing parameterand sourcesig-
nals undera direct-pathmixing model and for a linear array of
sensorsWe presentedniterative procedureo optimizethelike-
lihood, similar in spirit to hybrid optimizationalgorithms. It is
worthy to outline the nice scalingpropertiesof the approactboth
algorithmicallyandexperimentally The formerrefersto scalabil-
ity in the numberof inputs (herewe usedtwo, four, six andeight
microphondinear arrays). The latter views the increasedsepara-
tion power anddecreaseadrtifactswith anincreasen the number
of inputson echoicdata.

Futurework could addresghe questionwhetheranything is
to be gainedby consideringan echoicmodel. This extensionis
naturallyfeasiblein this approach.
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