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ABSTRACT

We presentanddemonstrat@ methodfor blind separation
and bearingestimationof broadbandraveling waves, im-
pingingon a sensorrraywith dimensionsmallerthanthe
shortestwavelengthin the sources.By sensingspatialand
temporalgradientsof the receved signal, the problem of
separatingnixturesof time-delayedsourceseducego that
of separatingnstantaneousnixturesof the gradientcom-
ponentsof the sourcesusingcorventionaltools of indepen-
dentcomponentnalysis Experimentalesultsdemonstrate
real-world separatiorof speectin outdoorsandindoorsen-
vironmentsusingaplanararrayof four microphonesvithin
a 5 mm radius and analogcircuits computingspatial and
temporalderiatives.

1. INTRODUCTION

Blind separatiorof real-world acousticsourceds generally
considereda hard and unsohed problem, with mixed de-
greeof successn practicalrealizations. Closelylinkedto
acousticsourceseparatioiis the problemof sourcdocaliza-
tion, or bearingangleestimation.Supetresolutionspectral
methodsare commonlyusedto localize multiple narrov-
bandsourceq1], yet little is known aboutthe problemof
localizingandseparatingnultiple broadbandources.

Becausef thewave propertiesnf sound,it appearghat
instantaneoumixing modelsasstandardlyusedin indepen-
dentcomponentinalysisvould beinadequateThe conven-
tional approachis to blindly estimatemultiple time delays
in thewave propagatiorbetweersourcesandmicrophones,
besideslindly estimatingthe sourcegshemseles|2, 3, 4].
Several systemshasedon this approacthave beendemon-
stratedonrealspeeche.g., [5, 6,7, 8,9, 10].

Like optical flow for motion estimation[11], the di-
rectionof soundpropagatiorcanbe inferreddirectly from
sensingspatialandtemporalgradientsof the wave signal,
on a sub-wavelengthscale. This principle is exploited in
biology [12], andimplementedn biomimetic MEMS sys-
tems[13]. Wavefrontsensingn spacefor localizing sound
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hasbeenin practicesincethe pioneeringwork by Blumlein
in the 1930s[14], a precursorto the advancesin binaural
signalprocessinghatwe know today

We proposggradientflowto corverttheproblemof sep-
aratingdelayedmixturesinto a simplerproblemof separat-
ing instantaneousixturesof spatialandtemporalgradients
of thewave signals.This yieldsa formulationequialentto
that of standardCA, anda humberof approachesxist for
suchblind separationsomeutilizing VLSI hardware[15].
The mixing coeficients obtainedfrom ICA directly yield
the anglesof the incomingwaves. Thereforeour method
canbeseenasabroadbandeamformingextensionto static
ICA, performingat onceblind separatiorand localization
of travelingwaves.

In what follows we review the principle of operation,
andpresenexperimentatesultshatdemonstrateeal-world
separatiorandlocalizationof speectsourcesisingaplanar
geometryof miniaturemicrophonegKnowlesIM-3268) on
a spatialscalesignificantlysmallerthanthe shortestwave-
length presentin the speech.Details of theoreticalnature
aregivenin aprecursoiof this paper{16].

2. MODELS

We considerinear mixturesof traveling wavesemittedby
sourcesat variouslocations,and obsened over a distribu-
tion of sensorsn space Thedistribution of sensorgouldbe
continuousor discrete.In whatfollowswe assumeanarray
of discretesensorsbut thetheoryappliesaswell to sensors
distributedcontinuouslyin space However, the sourcesare
assumedo bediscrete.

2.1. InstantaneousSeriesExpansion

Let the coordinatesystemr be centeredn thearraysothat
the origin coincideswith the “center of mass”of the sen-
sor distribution. We definer(r) asthe time lag between
the wavefrontat pointr andthe wavefrontat the centerof
the array i.e., the propagationtime 7(r) is referencedo
the centerof the array Thenthefield s(¢ + 7(r)) canbe
expandedaboutthe centerof the arrayin the power series



expansion,
s(t+7(r)) = s(t) + 7(r)s(t) + 27(r)%5(t) +... (D)

The ratio in amplitudeof successie termsin the se-
ries shouldnot be too large so that it corvergesproperly,
nor too small so an adequatenumberof termscan be re-
solvedto identify the sources.This impliesthatthe dimen-
sionsof the sensorarrayshouldbe smallerthanthat of the
(largest)wavelength but not muchsmaller More detailson
thewave-esolutionconditionsaregivenin [16].

2.2. Thefar field

In the far-field approximationthe distancefrom the source
is muchlargerthanthedimensionof thesensoiarray This
isasensibleapproximatiorfor anintegratedMEMS or VLSI
arraywith dimensiongypically smallerthan1 cm. Thenthe
wavefrontdelayr(r) is approximatelylinearin the projec-
tion of r ontheunit vectoru pointingtowardsthe source,

T(r) = -r-u 2

wherec is the speedof (acousticor electromagneticjvave
propagation.

2.3. Signal Model

We assumehatthe sourcesarestatisticallyindependenso
thattheir joint probability densityfunctionfactors:

L
Pr(s) = [ #*(s"). (3)

This allows us to apply ICA to the instantaneousixture
problemthatfollows.

2.4. Mixing and Acquisition Model

Let z(r, t) be the signal mixture picked up by a sensorat
positionr. As one specialcasewe will considera two-
dimensionalarray of sensorswith position coordinatesp
andq sothatr,, = pr; + grs with orthogonalvectorsr;
andr, in thesensomplane.

In thefar-field approximation(2), eachsourcesignal s
contritutingto z,,, is advancedn timeby 7!, = pr{ + q75,
where
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aretheintertime differencegITD) of sourcef betweerad-
jacentsensoron the grid alongthe p andq placecoordi-
natesfespectiely. Knowledgeof the anglecoordinatesr{

and7{ uniquelydeterminesthrough(4), the directionvec-
tor u® alongwhich sources? impingesthe array in refer
enceto the {p, ¢} plané.

Theseriesexpansion(1) for eachsourceyields

wheren,,(t) representsdditive noisein the sensombser
vations.Althoughnot essentialye will assumehatthe ob-
senationnoiseis independenacrossensorsandfollows a
univariateGaussiardistribution n,, (¢) o< A'(0, o).

In what follows we will concentrateon the first two
termsin the seriesexpansion(5), linearin the spacecoordi-
nates:

c
Tpq(t) ~ Z st(t) + (pri + q73)8(t) +mpg(t) . (6)
=1

3. GRADIENT FLOW ICA

A gradientflow formulationis obtainedby isolatingtime
derivativesof the linearly combinedsignalsby taking spa-
tial gradientof 2 alongp andg. Theadvantageof thistech-
niqueis thatit effectively reducegheproblemof estimating
st(t) and7! to thatof separatingnstantaneoumixturesof
gradientcomponent®f theindependensourcesignals.
For arraydimensionsmallerthanbut comparabléo the
largestwavelength(wave-esolvingconditions[16]), indi-
vidual termsin the seriesexpansion(5) can be resoled.
Differentlinearcombination$ of the signalss’ arethusob-
tainedby taking spatialderivativesof variousordersi and
j alongthe positioncoordinate® andgq, aroundthe origin

p=q=0
yiti
3ip6jq$pq (t) oo
ity G
= ;(71) (1) s @) + vi(®), (7)

&ij (1)

wherew;; arethe correspondingpatialderivatives of the
sensomoisen,, aroundthe center The point hereis that
all signalss! in (7) aredifferentiatedo the sameorderi + 5
in time. Therefore,taking spatialderivatives§;; of order
i +j < k, anddifferentiatingé;; to orderk — (i + j) in
time yields a numberof differentlinearobsenationsin the
kth-ordertime derivativesof the signalss®.

1We assumethat the sourcesimpinge on top, not on bottom, of the
array Thisis areasonabl@assumptiorfor anintegratedMEMS or VLSI
arraysincethe substratenasksary sourcempingingfrom beneath.

2Theissueof linearindependenceill be revisited whenwe consider
the geometryof the sourceanglesrelative to that of the sensorsn Sec-
tion 3.1.



Fig. 1. Geometryof four co-planarsensos computingfirst-
order gradientflowin two dimensiongccodingto (9). Us-
ing four KnowlesIM-3268 microphonesthe array is con-
tainedwithin a 5 mmradius.

As anexample,considetthefirst-ordercasek = 1, cor
respondingo (6):

oo (t) S8t () + voo(t),
Go(t) = Yo,mis'(t) + vio(t), (8)
bor(t) = Xym3s(t) +von(b).

Estimatesof &g, £10 and &1 are obtainedwith just four
Sensors,,:

oo (z_1,0 + 21,0 + To,—1 + T0,1)
b0 = L(z0—2-10) 9)

o1 = %(%,1—560,—1)

[

2

A practicalrealizationof this configuration,using minia-
turemicrophonesis illustratedin Figurel. Takingthetime
derivative of &y, we thusobtainfrom the sensorsa linear
instantaneoumixture of thetime-differentiatedsourcesig-
nals,

. B )
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Eo1 Ty v Téc L Vo1

(10)

anequationin the standardorm x = As + n, wherex is
givenandthe mixing matrix A andsources areunknaown.
Ignoringfor now the noisetermn (andfor a squarematrix,
L = 3) this problemsettingis standardn ICA, with anin-
dependencassumptior§3) onthesources. ICA produces,
atbest,anestimates thatrecoversthe original sources up
to arbitraryscalingandpermutation.The directioncosines
7 arefound from the ICA estimateof A, after first nor-
malizing eachcolumn(i.e., , eachsourceestimate)so that
the first row of the estimateA, like the real A according
to (10), containsall ones. This simple proceduretogether
with (4) yields estimatesof the directionvectorsii? along
with the sourceestimates’ (¢), which areobtainedby inte-
gratingthecomponentsf § overtimeandremoving theDC
components.
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Fig. 2. Common-modé&y, and gradient&;o components
obtainedfrom the microphonearray of Fig. 1, for a single
audiosignalgeneatedfroma triangular waveformsource
&10 approximateghe time derivative&yo, scaledby the an-
gle cosiner; in all four quadmants.

It is interestingo notethefunctionalsimilarity between
(10),with £ = 1, andoptical flowfor constraint-solvingye-
locity estimationin a visualscend11]. Figure?2 illustrates
thetemporalderivativerelationshipbetweercommon-mode
&oo anddifferentialé; o component®f thearrayoutputs,of
whichtherelative amplituderevealsonecosineof theangle
of incidence.

3.1. NoiseCharacteristics

Thepresencef thenoisetermn complicatesheestimation
of s and A. For localizationof a singlesource simpleex-
pressionganbe obtainedfor the CramerRaolower bound
on the varianceof the 7; estimatesassumingsecond-order
(Gaussian}tatistics.As in [17], this bounddependn the
aperture,i.e., the dimensionsof the array relative to one
wavelength. For miniaturearrays,it is thereforeimportant
to boostthe signalto noiseratio to compensatéor theloss
in aperture.The critical factorhereis a high sensitvity of
gradientacquisition,which canbe attainedby a differential
sensordesigneitherthroughmechanicatoupling[12, 13]
or differentialamplificationat the sensotevel.

GeneralCramerRaoboundson 7;¢ for joint localization
and separatiorare harderto comeby, sinceit requiresas-
sumptionson the higherorderstatisticsof the signals.Still,
we caninfer noisepropertiesof the estimatedsourcess as-
sumingfixedvaluesfor 7;¢. Assumeastandardormulation
of ICA (e.g., [3]) thatattemptdo linearly unmix the obser
vationsx:

§=A'x=A"'"As— A 'n, (11)

whereA is squareandinvertible. Assumealsoareasonable
ICA estimateA so that (11) reducesto § ~ s — A !n,
disrggardingarbitrarypermutatiorandscalingin thesource
estimatesTheerrorterme = — A ~!n contritutesvariance



to the estimates; in generalthe noisen will alsoaffectthe

estimateA andproducea biastermin § accordingto (11).
Thefunctionalform of theerrore allows usto estimate

the noise characteristicof the sourceestimates,without

consideringdetailson how ICA obtainedtheseestimates.

Thecovarianceof the estimationerroris
Elee’] = A "' E[nn’](A™HT. (12)

In otherwords,the error covariancedepend®n the covari-
anceof the sensomoise,the geometryof the sensorarray
andthe orientationof the sourcesu‘ asdeterminedy the
mixing matrix A.

For example, considerthe casek = 1, suitablefor a
miniaturearray A in (10) is squarewhen£ = 3. The
determinantof A canbe geometricallyinterpretedas the
volume of the polyhedronspanneddy the threesourcedi-
rectionvectorsu®. Theerrorcovarianceis minimumwhen
thevectorsareorthogonalandtheestimate®f s and A be-
comeunreliableasthe sourcedirectionvectorsut approach
the sameplane. Therefore,to first order(k = 1) at most
threenon-coplanarsourcesanbe separate@ndlocalized
with aplanararrayof sensors.

Arraysof largerdimensionssupporta larger numberof
termsk, andthusalargernumberof source<, givenby the
numberof mixture obsenationsup to orderk in (7). The
conditionthat A asdeterminedby (7) befull rankamounts
to constraintson the geometryof the sourcedirectionvec-
torsu!. For instance,only one sourcecan lie along ary
givendirectionu.

Whenthe numberof sourcegresenis greaterthanthe
numberof gradientobsenationst,,.. in (7), separatiorand
localizationis still possibleput requiresaninformative prior
on the sourceq3). In particular a sparsd CA decomposi-
tionis obtainedn theovercompleteasel > /,,., by using
a Laplacianprior on the sourceq18]. For example,over
completelCA couldbedirectly appliedon the mixture (10)
to separatenorethanthreespaisesources.

4. EXPERIMENT AL SETUP AND RESULTS

To demonstratesourceseparatiorandlocalizationin areal
ervironment,we usedthe experimentalsetupof Figure 1,
with four omnidirectionamminiaturemicrophoneg¢Knowles
IM-3268) asspecifieddy (9) with radius|r1| = |r2| =1cm.
Continuous-timestimate®f common-modeomponentyo,
spatialgradientst;o andéy;, andtime derivative o areob-
tainedusing analogcircuits showvn in Figure 3. The time
derivative £y is constructedy feedingéyo througha high-
passfilter with 20 kHz cut-off frequeng. Signalsé;q and
&o1 areamplifiedto obtainlarger dynamicrangeandthus
larger higher signal-to-noisgSNR) ratio, wherethe refer
encevoltageV,.; is chosenin the middle of the operating
voltagerange. The signalsyo, £10 andéo; arefed through
anti-aliaslow-passfilters with 8 kHz cut-off frequeny and

100p

X10 100k
X1.0 3 0.5n
Xo,-1 Il >
Xo, 1 - " oo
Vref +
Ew
100p
100k
10k
X.1,0 —AN—
10k Elﬂ
X1,0 —AM—
100k
Vref
100p
100k
10k
Xo,-1 —MA—
10k Eﬂl
X0,1  ——AAM—

IOOk%

Vref

Fig. 3. Analog circuit computingcommon-modéyg, spatial
derivativesto and&o:, andthecommon-modémederiva-
tive 500

digitizedto 16-bit precisionat 16 kHz samplingrate,overa
five secondime window.

Differencesn gainbetweeropposingmicrophonesiue
to mismatchcontributesa common-mod&omponentn the
estimatedgradientst;o and&p;. This componenteterio-
ratesseparatiorperformanceand needsto be minimized.
Weightedsubtraction realizedusingthe potentiometersn
Figure 3, is implementedo calibratefor mismatch.In ad-
dition, an LMS adaptve filter is applied on the digitized
signalsto furtherreducethe common-mode&omponenty,
presentn £19 and&yy, prior to applyinglinearinstantaneous
ICA.

We conductedxperimentsn two distinctervironments:
outdoorssurroundedy buildings at a 30 m distancein the
presencef wind andotherambientnoise,andindoorsin a
reverberanroomwith dimensions8, 4, and2.7 m with of-
fice furniture. Two malespealerswereboth 50cm from the
microphonearrayandfrom eachother The digitized ana-
log signalségo, 10, o1, éoo. alongwith the reconstructed
sourcess; and $,, areshavn in Figures4 and5. Listen-
ing testsandvisualinspectionof the waveformsrevealthat
the cross-talkin the unmixedsignalss; and s, is lessthan
-20dB in theoutdoorscase and-12 dB in theindoorscase.
This performancés adequatéor mosthearingaidsapplica-
tions. Theindoorsperformances remarkablegiventhatthe
modelassumegplanarwave signalswithout reverberation.
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Fig. 4. Experimentakepaation of speeb fromtwo malespealersin an outdoors setting Left: Measued componentg,
&0, éo1 andits time derivative&yo, producedby the analog circuit in Fig. 3 on outputsfromthe microphonearray in Fig. 1.
Right: Reconstructedouicess; ands$, usingstaticICA on &1g, £o1 andége.
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Fig. 5. Experimentakepaation of speet fromtwo malespealers in a reverberant indoors setting Sameconditionsasin
Fig. 4.



5. CONCLUDING REMARKS

A methodfor localizing and separatingoroadbandsources
in spaceby measuringpatialandtemporalgradientsof the
field overasensofarrayor distributedsensorandthenper
forming instantaneouCA separationhasbeendescribed.
ThelCA solutionyieldsestimate®f thesourcesalongwith
the cosinesof the anglesof the sourceswith respecto the
coordinateaxes of the array Threeindependenandnon-
coplanarsourcexanbeextractedwith asfew asfour planar
Sensors.

Themainlimiting assumptioris thatthe sourcegpropa-
gateasplanarwaves,althoughin practicewe demonstrated
themethodto work reasonablyvell evenunderseveremul-
tipathconditions.For furtherimprovementsn performance,
decowolutive ICA [7] could performa multi-pathdecom-
positionyielding anglesof incidencefor eachof the prop-
agationpaths. In principle thesecould be usedto identify
the absoluteposition of the sourcein the ervironment,or
possiblythe environmentitself.

Corventionalwisdom dictatesthat large sensorarrays
shouldbe usedfor sourceseparatiorand beamformingto
warrantsufiicient spatialdiversity acrosssensors We have
shavn and experimentallydemonstratedhat a miniature
gradientsensoof dimensionsmallerthantheshortestvave-
lengthin the sourcesgivesresultscomparableto the best
experimentaresultsavailablewith largerarrays.Surelythe
noiseperformanceleterioratesvith shrinkingapertureput
this canbe compensatetbr with improvedsensorghatare
highly sensitve to gradientswith large common-modee-
jection. Sincesmalleris betterfor mary applications,we
believe thatthe largestgainscan be gottenby focusingon
the designand developmentof gradientsensitve sensors,
e.g., usingMEMS [13] technology Hearingaidsandcell
phoneswould be just a few of the applicationsto benefit
dramaticallyfrom suchdevelopments.
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