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ABSTRACT

To beapplicablein realisticscenariosblind sourcesep-
arationapproacheshoulddealevenlywith non-squareases
andthe presenceof noise. We consideran additive noise
mixing modelwith anarbitrarynumberof sensorsandpos-
sibly moresourcegshansensorgthenon-square€asewhen
sourcesare disjointly orthogonal. We formulatethe max-
imum likelihood estimationof the coherentnoise model,
suitablewhensensorgarenearbyandthenoisefield is close
toisotropic,andalsounderthedirect-pathfar-field assump-
tions. Theimplementatiorof the derivedcriterioninvolves
iteratingtwo steps:apartitioningof thetime-frequeng plane
for separatioriollowedby anoptimizationof themixing pa-
rameterestimatesThestructureof thesolutionis surprising
atfirst but logical: it consistof abeamformindinearfilter,
which reduceshoise,andafilter acrosgime-frequeng do-
main to separatesources.The solutionis applicableto an
arbitrarynumberof microphonesandsources.Experimen-
tally, we show the capability of the techniqueto separate
four voicesfrom two, four, six, and eight channelrecord-
ingsin the presencef isotropicnoise.*

1. INTRODUCTION

Sourceseparatiorpromisesto further a variety of applica-
tionsof speeclenhancemerdndseparatiorbeyondwhatis
possibletodaywith classicalmicrophonearraytechniques
[1]. In particularfor audio signals(the domainof interest
in this work), a variety of BSStechniquesave beenintro-
ducedin recentyears. Few work on real audio data(e.qg.
[2, 3, 4]), even fewer with noisy data[5], and mostdeal
with the “square” caseof sourceseparatior(equalnumber
of sourcesand sensors). Claims of generalizatiorto the
non-squarecaseexist, however most often it is not clear
how techniqueswould scale,neitherfrom an algorithmic
perspectie norin termsof computationaproperties.

[6] introduceda BSStechniquefor the separatiorof an
arbitrarynumberof sourcegrom justtwo mixturesprovided
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the time-frequenyg representationsf sourcesdo not over-

lap. Thekey obsenationin thetechniques thateachtime-

frequeng (TF) pointdepend®n atmostonesourceandits

associatednixing parameters.This deterministichypoth-
esiswascalledW-digjoint orthogonality andis reviewedin

section2.2. In anechoimon-noisyervironmentsit is possi-
bleto extractthemixing parameterfrom theratio of the TF

representationsf the mixtures. Using the mixing parame-
ters,onecanpartitionthe TF representationf the mixtures
to producethe original sourcesSuchanapproachwasused
in [7] aswell.

Thedeterministicsignalmodelwasextendedo astochas-
tic signalmodelin [8], whereeachtime-frequenyg coefi-
cientwasmodeledasa productbetweena continuousran-
domvariableanda 0/1 discreteBernoulli randomvariable
(indicatingthe “presence’of the source).This way signals
canbe modeledasindependentandomvariables,andone
canderive the maximumlikelihood (ML) estimatorof the
mixing parameters.

In contrasto thecaseof [9], in thispapemweanalyzehe
estimatorsvhennoisecomedrom anisotropicdiffusenoise
field, asstudiedin differentialmicrophonemicrophonear
ray literature[1]. Sucha modelis consistenwith the as-
sumptionaboutthe microphonearray geometry whereby
microphonespacings assmallasonecentimeter

ThelCA literaturescarcelydiscussethenoisecasq10].
BSS and decowolution resultsof a theoreticalnaturein
dealingwith noisewerepresentedh [5]. Forthetwo-channel
systemin [4], the ML estimatorof the mixing parameters
wasderivedin thepresencef Gaussiarsensomnoise.How-
ever the noiseelementrepresente@ technicalityin that it
was consideredn thelimit zeroin orderto be ableto de-
rive parameteupdateequationsNonethelesshe approach
provedeffective on realnon-noisydata.

In this paperwe dealwith the multi-channelcasefrom
an algorithmic perspectie. We presenta novel approach
to BSS exploiting TF propertiesof the input data,and of
thenoise,which arereadilyappliedto speectseparatioron
two, four, and six channels. For this, we extend the ML



estimatorglerivedbefore(underthe W-disjoint orthogonal-
ity assumption).The ML approachconsidersboth mixing
parametersnd sourcesunlike in [4] wherethe optimiza-
tion was over mixing parameter®nly. The estimational-
gorithmiteratestwo optimizationsteps.First, likelihoodis
optimizedoverthesetof mixing parameterfor eachsource
separately Secondhe partition of TF pointsis optimized.
Unlike[9] herewe considerandcompareheisotropicnoise
field (characterizedy a sinc coherencenatrix) to the un-
correlatednoisefield, and showv the gainsoffered by tak-
ing into accountthe right noise model. For the purposes
of this paperwe considerthe anechoianixing modelonly.
Howeverthe methodpresenteadanbe extendedo arbitrary
complex mixing models.

The organizationof the paperis asfollows. Section2
presentghe signalmixing modeland a statisticalmotiva-
tion of the W-disjoint orthogonalitysignalmodel. Section
3 shaws the derivation of the ML estimatorof mixing pa-
rametersand sourcesignals,andits implementatiorby an
iterative procedure Section4 experimentallyhighlightsthe
capabilityof the systemto dealwith noisy echoicdata,and
its scalingproperties.Experimentswith two, four, six, and
eight inputs shav increasedseparationcapability and de-
creasedrtifactswith anincreasen thenumberof inputson
datarangingfrom anechoido echoic.

2. MIXING MODEL AND SIGNAL ASSUMPTION

2.1. TheMixing Model

Considerthe measurementsf L sourcesignalsby a equis-
pacedineararrayof D sensorsinderfarfield assumption
whereonly the direct pathis present.In this case without
lossof generality we canabsorbthe attenuatiorand delay
parametersf the first mixture =1 (¢), into the definition of
thesources:

M=

zi(t) = si1(t) +ma(?)
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wheren,,...,np arethesensonoisesand(aq,; 74,1) are
theattenuatioranddelayparametersf source to sensou.
For thefarfield modelandequispacedensorarray, the at-
tenuations:q ; anddelaysr, ; arelinearly distributedacross

thesensorgi.e. with respecto index d). Thuswe candefine
theaverageattenuation:;, anddelayr;, sothat

agy=(d—1a;, 7q;=d—-1n, 1<d<D,1<I<L (2

Clearly othermixing modelscanbe consideredht the ex-
penseof increasinghe modelcomplexity. We useA to de-
notethe maximalpossibledelaybetweernadjacentsensors,
andthus|r| < A, V.

sinc(wrmaz (D — 1))

We denoteby X,(k,w), Si(k,w), Nq(k,w) the short-
time Fouriertransformof signalse,(t), s;(¢), andng(t), re-
spectvely, with respecto a window W (t), wherek is the
frameindex, andw the frequeng index. Thenthe mixing
model(1) turnsinto

L
Xa(k,w) =Y (1= (d=1V)a)e” ™ F 78 (k,w) + Na(k, w) (3)
=1

or, morecompactly
L
X(kvw) = ZZ[(L())SI(]C,W)-FN(/C,W) (4)
=1

with

1T

Ziw) = 1 (1-apeTi®n (1= (D — 1ay)ewP=D7

(5)
andX, N the D-vectorsof measurementsgspectiely noises.
Whennodangerof confusionariseswe dropthearguments
k,w.

We assumehe noiseis Gaussiardistributedwith a co-
variancematrix of theform

R, =o’l', (6)

whereo? is the averagenoisefield spectralpower, andT",,
the coherenceamatrix. The uncorrelatechoisefield is char
acterizedby theidentity matrix,

y=1Ip (7)

whereaghe isotropic,diffusenoisefield hasthe coherence
matrix givenby (see[1])

sinc(wrmaz (D — 1))
sinc(wrmaz (D — 2))

1 sinc(w Tmaz)
sine(wTmaw)

sinc(wTmazx) 1

)
Ourproblemis: givenmeasuremeni&; (¢), ..., zp(t))1<i<T
of thesystem(1) we wantto determinghe ML estimate®f
the mixing parameterga,, 7)1<;<r, andthe sourcesignals
(s1(t), ..., sp(t))1<e<T in thepresencef isotropicdiffuse
noise.Whenthe numberof sourcess greatetthanthenum-
berof mixturesthe problemis degenerateln orderto solve
this we rely onthe W-disjoint orthogonalityassumption.

2.2. TheW-Digoint Orthogonal Signal M odel

Two signalss; ands, arecalledW-disjoint orthogonal, for
a given windowing function W (), if the supportsof the
windowed Fouriertransformsf s; andss aredisjoint, that
is:

Sl(kaw)SZ(kaw) =0, Vkw 9)

For L. sourcesS,,. . .,St, thedefinitiongeneralizeso:

Si(k,w)S;(k,w) =0, V1<i#j<L, Vk,w (10)



Disjoint orthogonalityhas beenextensively studiedas
the basisfor time-frequeng processingn [11]. Relation
(9) doesindeedholdin anapproximatesensdor realspeech
signalsanda large classof real signals.In [9] we addition-
ally provedthat (9) canbe seenasthelimit of a stochastic
modelintroducedin [8]. In this paperwe assumehat(10)
is satisfiedfor all practicalpurposes.In addition, we as-
sumethatnoiseis Gaussiardistributedwith zeromeanand
coherencegivenby (8).

3. THE MAXIMUM LIKELIHOOD ESTIMATOR
OF SIGNAL AND MIXING PARAMETERS

In this sectionwe derive the joint maximumlik elihoodes-
timator of parameterandsourcesignalsunderassumption
10. Thesourcesignalsnaturallypartitionthetime-frequeng
planeinto L disjointsubsets),, ..., Qr, whereeachsource
signalis non-zero(i.e. active). Thusthe signalsaregiven
by thecollection(2,,. . .,Q2;, andonecomplex variableS that
definesheactive signal:

Si(k,w) = S(k,w)lg, (k,w) (11)

Let the model parameter® consistof the mixing pa-
rameterga;, ), 1 <1 < L, thepartition(€2;)1<;<z andS.
Basedon equations4 and 6, its likelihoodand maximum
log-likelihoodestimatoraregivenby:
£(0) =TTier M (r,wyen, 7omzp exp{— 22 Y, (k)7 (@)Yi(k, )}
Orrr =agming 72, 3 wyen, Vi (k)T (@)Yi(k,w)} - (12)
whereY(k,w) = X (k,w) —Z;(w)S;(k,w). For ary parti-
tion (Q4, . ..,Q21) wedefinetheselectiormapy. : TF-plane—
{1,..., L}, X(k,w) = 1 iff (k,w) € . ClearlyX defines
auniguepartition. Optimizingover .S in (12) we obtain

ZiT X

S = 13
ZTa'Z) 13)

wherel = X(k,w). Letusdenoteby A = (a;, 77)1<i<1, the
mixing parameterslnserting(13) into (12), the optimiza-
tion problemreducedo:

(As i) = argmaXA,Z‘](Aa ¥) (14)
where:

|Z35 1 oy T X (R, w) 2

JAS) =Y

(k,w)

- — (15)
ZE(k,w)F” 253 (k)

Note the criterionto maximizedepend®n a setof contin-
uousparametersd, anda selectionmap . A typical op-
timization algorithmfor sucha criterion works asfollows.
Theoptimizationis donein two steps:first the optimization
over the continuousparametersandthenthe optimization

overtheselectiormap(or, equivalently, the partition). Such
a procedurds iterateduntil the criterion reachesa satura-
tion floor. Becausehe criterionis boundedabove, we are
guaranteed will converge. Next we describesolutionsfor

thetwo optimizationproblems.

3.1. Optimal Partition

Given a setof mixing parametersA = (a;, 7)1<i<1., the
optimalselectionrmapis simply givenby

|23 oy T X () 2
* —1
Z5(kw) ' Z5(kw)

S (k,w) = argmay (16)

(kyw)

Thepartitionis thenimmediate:(; = {(k,w)|X(k,w) = [}.

3.2. Optimal Mixing Parameters

Now given a partition (£;)1<;<1, the optimal mixing pa-
rametersareobtainedndependentlyor eachl by:

> 1234 oy T X (R, )2
(kyw)e ZE(k,u)Fﬁle(k,w)
Notethatboththedenominatoandnumeratodepencnw,
unlike theindependennoisecasewhenthe numeratomwas
independentf & andw (se€9]). Thereforea2-dimensional
optimizationprocedurds requiredin orderto solve (17). In
thenumericalsimulationgpresentecdhext we usedthe gradi-
entdescentnethodto searchfor the optimum.

Summingthesefindings,the optimizationalgorithmbe-

comes:

(di, 7y) = agmax,, - an

3.3. ML Algorithm

e StepO. Initialize (a?, 7")1<i<r With randomvalues
sothat|a)| < 1 and|r’| < A; Sets = 0, J* =0,
andchoosea stoppingthresholck;

e Stepl. Find the optimalpartition (2 *') </< 1., and
selectionmap, X**! by solving (16) with a; = af,
T =17,

e Step2. Apply gradientdescento (17) until it con-
vergesto alocal optimum (a; !, 71) for eachl <
| < L, andsubsebf time-frequeny pointsQ;+*;

e Step3. Sets = s+ 1, andcompute]® = J(A%, ¥*).
If (J5 — J5°1)/J* > e thengoto Stepl; otherwise:

e Step4. Estimatedparametersfter s iterationsare
a = aj, 7 =717, andQ; = Q7. Thesourcesignal
arethencomputedby corvertingthe estimatedime-
frequeng representationisackinto thetime domain.



The algorithm canbe modified to dealwith an echoic
mixing model or differentarray configurationsat the ex-
penseof increasedcomputationalcompleity. It requires
knowledgeof the numberof sourceshowever this number
is notlimited to the numberof sensorsit worksalsoin the
non-squarease.

The solution (11,13) can be understoodn the follow-
ing way. Oncethe mixing parametersiave beenestimated,
we applytwo independenlinearfilters. Onelinearfilter is
acrosgthe spatialchannelg13) and performsa beamform-
ing in orderto reducethe outputnoise. The other(11) is
acrosstime-frequeng domain and solves the sourcesep-
arationproblemby selectingthosetime-frequeng points
where, by our W-disjoint orthogonalityassumption,only
onesources active.

4. EXPERIMENTAL RESULTS

We implementedthe algorithm and appliedit to realistic
synthetiomixturesgeneratedvith araytracingmodel. Mix-
turesconsisteaf four sourcesignalsin differentroomervi-
ronmentandGaussiamoise. Theroomsizewas4 x 5 x 3.2
m. We usedfour setupscorrespondingo anechoiamixing,
low echoic(reverberationtime 18 ms), echoic(reverbera-
tion time 130 ms), and strong echoic (reverberationtime
260 ms). The microphonesormed a linear array with 2
cm spacing. Sourcesignalswere distributed in the room.
Input sighalswere sampledat 16KHz. For time-frequeng
representatiowe useda Hammingwindow of 256 sample
and50%overlap. Coherennoisewasaddedon eachchan
nel. The averageinput signal-to-interference-rati¢SIR]
wasabout—5 dB. The averageindividual signal-to-noise
ratio (SNR)was 10 dB (i.e. SNR of one sourcewith re-
spectto noiseonly). Eachtestwas performedthreetimes
with independennoiserealizationghatwerefilteredto the
isotropicdiffusenoisecoherence.

The optimizationproblem(17) wassolved by perform
ing 30 gradientdescentstepsat eachiteration (Step 2 of
the algorithm). Experimentally the optimizationalgorithr
corvergedvery fast. In at mostfive iterationsit reache
0.1% of the local maximum. Also experimentally we no-
ticedthe algorithmcorvergesmoreoftento thetrue direct:
pathparametersvhenwe addsmallnoiseto thediagonalof
(8). In factwe chosel’,, asthe sumbetween(8) and0.01

timestheidentity matrix.

In the following we presenthe resultsobtainedas de-
scribedabove. To compareresults,we usedthreecriteria:
output averagesignal to interferenceratio gain (includes
othervoicesandnoise),segmentalSNR, andsignaldistor
tion, definedasfollows:

Ny

, 1 Il So 112
SIRgain = — Z 10log o (
Nr i

IS~ So |I?

| X - S |”?
IS 12

) (18

Ny

1 I Sill?
segSNR = — g 10logg————= (19)
Nem o IS
Ny
N 1 | So— Si |I?
distortion = — E 10log1g———— (20)
Ny =70 s

where: S is the estimatedsignalthatcontainsS, contribu-

tion of the original signal; X is the mixing at sensorl, and
S; is theinput signalof interestat sensorl; Ny is the num-

berof frameswherethe summands above —10 dB for SIR

gain andsggmentalSNR, and —30 dB for distortion. The

summanddor SIR gain and sggmentalSNR computation
were saturatedat +30 dB, andwere saturatedat +10 dB

for distortion. Ideally, SIRgain shouldbe a large positives,
whereaslistortion shouldbealargenegative.

SIR gainsarepresentedn Figurel, sgmentalSNRin
Figure2, andthedistortionvaluesaregivenin Tablel. Re-
sultsshav separatiorof all voicesparticularlyfor D > 4.
A sampleof input andoutputsfor D = 4 is givenin Fig-
ure 3. Also SIR gainstendto improve with anincreasen
thenumberof sensorsThis indicateshatseparatiompower
of the systemincreases.Also, one cannotice a decrease
in performanceaswe move from anechoicto echoicdata.
Interestingly the 8 microphonesetupseemdo increaseby
little (if any) comparedo the 6-mic case.This seemdo be
dueto the simplified mixing model(enforcingan anechoic
model,whenin factit is echoic).
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Fig. 1. SIR gainsfor 2-8 microphoneon four datatypes
(anechoic)ow echoic,echoic,andstrongly echoic). Each
barincludesonestandardieviation bounds.

5. CONCLUSIONS

Realsourceseparatiorscenariosarerarely square.On the
contrary situationsconstantlyvary betweenthe so called
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Fig. 2. SggmentalSNRsfor 2-8 microphoneson four data
types(anechoiclow echoic,echoic,andstrongly echoic).
Eachbarincludesonestandardieviation bounds.

D | Anechoic LowEch Echoic StrongEch
2 | -3.98(1.35) | -3.49(1.17) | -2.58(0.92) | -2.61(1.01)
4 | -4.36(1.41) | -3.69(1.53) | -2.79(0.92) | -2.70(0.78)
6 | -4.43(1.68) | -3.74(1.10) | -2.88(0.93) | -2.61(0.85)
8 | -4.36(1.71) | -3.57(1.18) | -2.61(0.73) | -2.01(0.50)

Table 1. Distortionsfor -5dB input SIR and 10dB individ-
ualinputSNR:mean(standardleviation)for D = 2, 4,6, 8.

degeneratecaseand the over specifiedcase. Particularly
for small microphonearrays,noiseis coherent. By being
ableto dealevenly with suchcasesandin the presencef
coherenhoise thepresenapproaclopenghedoorto audio
sourceseparationn realisticscenarios.

Thiswaspossibleny exploiting thetime frequeng sparse-
nessof signalswithin the moregeneraoisy signalmodel.
Our sourceseparatioralgorithmimplementshe maximum
likelihoodestimatorfor bothmixing parameterandsource
signalsundera direct-pathmixing modelandfor a linear
arrayof sensorsWe presentedniterative procedureo op-
timizethelikelihood,similarin spiritto hybrid optimization
algorithms.Interestinglyenough the optimal solutioncon-
sistsof a beamformingfilter, which reducesoutputnoise,
followed by time-frequeng processingor sourcesepara-
tion.

Theresultingalgorithmexhibits nice scalingproperties
both algorithmicallyandexperimentally The formerrefers
to scalabilityin the numberof inputs (herewe usedtwo,
four, six, and eight microphonelinear arrays). The latter
views the increasedseparationpower on echoic data (as
shaved by SIR gainand sggmentalSNR) at decreasingpr

time [s]

Fig. 3. Exampleof 6-channelalgorithmbehaior on mix-
ture of coherenmnoiseandfour voices. The separatedut-
putsaresi-sg.

relatively constantartifactswith anincreasean the number
of inputs.

Futurework could addresghe questionwhetherary-
thing is to be gainedby consideringan echoicmodel. This
extensionis naturallyfeasiblein this approach.
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