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ABSTRACT

We presentanddemonstratea methodfor blind separation
andbearingestimationof broadbandtraveling waves, im-
pingingon a sensorarraywith dimensionssmallerthanthe
shortestwavelengthin the sources.By sensingspatialand
temporalgradientsof the received signal, the problemof
separatingmixturesof time-delayedsourcesreducesto that
of separatinginstantaneousmixturesof the gradientcom-
ponentsof thesourcesusingconventionaltoolsof indepen-
dentcomponentanalysis.Experimentalresultsdemonstrate
real-world separationof speechin outdoorsandindoorsen-
vironments,usingaplanararrayof four microphoneswithin
a 5 mm radiusand analogcircuits computingspatialand
temporalderivatives.

1. INTRODUCTION

Blind separationof real-world acousticsourcesis generally
considereda hard and unsolved problem,with mixed de-
greeof successin practicalrealizations.Closelylinked to
acousticsourceseparationis theproblemof sourcelocaliza-
tion, or bearingangleestimation.Super-resolutionspectral
methodsare commonlyusedto localize multiple narrow-
bandsources[1], yet little is known aboutthe problemof
localizingandseparatingmultiplebroadbandsources.

Becauseof thewavepropertiesof sound,it appearsthat
instantaneousmixing modelsasstandardlyusedin indepen-
dentcomponentanalysiswouldbeinadequate.Theconven-
tional approachis to blindly estimatemultiple time delays
in thewavepropagationbetweensourcesandmicrophones,
besidesblindly estimatingthesourcesthemselves[2, 3, 4].
Severalsystemsbasedon this approachhave beendemon-
stratedon realspeech,e.g., [5, 6, 7, 8, 9, 10].

Like optical flow for motion estimation[11], the di-
rectionof soundpropagationcanbe inferreddirectly from
sensingspatialandtemporalgradientsof the wave signal,
on a sub-wavelengthscale. This principle is exploited in
biology [12], andimplementedin biomimeticMEMS sys-
tems[13]. Wavefrontsensingin spacefor localizingsound�
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hasbeenin practicesincethepioneeringwork by Blumlein
in the 1930s[14], a precursorto the advancesin binaural
signalprocessingthatweknow today.

Weproposegradientflow to converttheproblemof sep-
aratingdelayedmixturesinto a simplerproblemof separat-
ing instantaneousmixturesof spatialandtemporalgradients
of thewavesignals.This yieldsa formulationequivalentto
thatof standardICA, anda numberof approachesexist for
suchblind separation,someutilizing VLSI hardware[15].
The mixing coefficients obtainedfrom ICA directly yield
the anglesof the incoming waves. Thereforeour method
canbeseenasabroadbandbeamformingextensionto static
ICA, performingat onceblind separationand localization
of travelingwaves.

In what follows we review the principle of operation,
andpresentexperimentalresultsthatdemonstratereal-world
separationandlocalizationof speechsourcesusingaplanar
geometryof miniaturemicrophones(KnowlesIM-3268)on
a spatialscalesignificantlysmallerthantheshortestwave-
lengthpresentin the speech.Detailsof theoreticalnature
aregivenin aprecursorof thispaper[16].

2. MODELS

We considerlinearmixturesof traveling wavesemittedby
sourcesat variouslocations,andobserved over a distribu-
tion of sensorsin space.Thedistributionof sensorscouldbe
continuousor discrete.In whatfollowswe assumeanarray
of discretesensors,but thetheoryappliesaswell to sensors
distributedcontinuouslyin space.However, thesourcesare
assumedto bediscrete.

2.1. InstantaneousSeriesExpansion

Let thecoordinatesystem� becenteredin thearraysothat
the origin coincideswith the “centerof mass”of the sen-
sor distribution. We define �����
	 as the time lag between
the wavefront at point � andthe wavefrontat the centerof
the array, i.e., the propagationtime �����
	 is referencedto
the centerof the array. Thenthe field ����
���������	�	 canbe
expandedaboutthe centerof the arrayin the power series



expansion,
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The ratio in amplitudeof successive terms in the se-
ries shouldnot be too large so that it convergesproperly,
nor too small so an adequatenumberof termscanbe re-
solvedto identify thesources.This impliesthatthedimen-
sionsof thesensorarrayshouldbesmallerthanthatof the
(largest)wavelength,but notmuchsmaller. Moredetailson
thewave-resolutionconditionsaregivenin [16].

2.2. The far field

In the far-field approximation,thedistancefrom thesource
is muchlargerthanthedimensionsof thesensorarray. This
isasensibleapproximationfor anintegratedMEMS orVLSI
arraywith dimensionstypically smallerthan1 cm. Thenthe
wavefrontdelay �����
	 is approximatelylinear in theprojec-
tion of � on theunit vector ( pointingtowardsthesource,
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where , is thespeedof (acousticor electromagnetic)wave
propagation.

2.3. Signal Model

We assumethat thesourcesarestatisticallyindependentso
thattheir joint probabilitydensityfunctionfactors:

/�0 ��12	�� 34576 � 8
5 �9� 5 	:$ (3)

This allows us to apply ICA to the instantaneousmixture
problemthatfollows.

2.4. Mixing and Acquisition Model

Let ;�����<�
�	 be the signalmixture picked up by a sensorat
position � . As one specialcasewe will considera two-
dimensionalarray of sensors,with position coordinates=
and > so that �&?&@ = =�� � �A>2� ! with orthogonalvectors � �
and � ! in thesensorplane.

In the far-field approximation(2), eachsourcesignal � 5
contributingto ;B?&@ is advancedin timeby � 5?&@ ��=�� 5� �C>2� 5! ,where

� 5� � +, � � -&( 5� 5! � +, � ! -&( 5 (4)

aretheinter-timedifferences(ITD) of sourceD betweenad-
jacentsensorson the grid alongthe = and > placecoordi-
nates,respectively. Knowledgeof theanglecoordinates� 5�

and � 5! uniquelydetermines,through(4), thedirectionvec-
tor ( 5 alongwhich source� 5 impingesthe array, in refer-
enceto the EF=�<�>�G plane1.

Theseriesexpansion(1) for eachsourceyields
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where N ?'@ ��
�	 representsadditive noisein thesensorobser-
vations.Althoughnotessential,wewill assumethattheob-
servationnoiseis independentacrosssensors,andfollowsa
univariateGaussiandistribution N ?&@ ��
�	�O�PQ�9RB<FS�	 .

In what follows we will concentrateon the first two
termsin theseriesexpansion(5), linearin thespacecoordi-
nates:
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3. GRADIENT FLOW ICA

A gradientflow formulation is obtainedby isolating time
derivativesof the linearly combinedsignalsby taking spa-
tial gradientsof ; along= and > . Theadvantageof this tech-
niqueis thatit effectively reducestheproblemof estimating� 5 ��
�	 and � 5W to thatof separatinginstantaneousmixturesof
gradientcomponentsof theindependentsourcesignals.

For arraydimensionssmallerthanbut comparableto the
largestwavelength(wave-resolvingconditions[16]), indi-
vidual terms in the seriesexpansion(5) can be resolved.
Differentlinearcombinations2 of thesignals�&X arethusob-
tainedby taking spatialderivativesof variousorders Y andZ

alongthepositioncoordinates= and > , aroundtheorigin=[��>\��R :
] W_^ ��
�	a` b Wdc#^b W = b ^ > ;H?&@I��
�	
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Wicj^g Wicj^ 
 � 5 ��
�	k�ml Wn^ ��
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where l W_^ are the correspondingspatialderivativesof the
sensornoise N#?&@ aroundthe center. The point hereis that
all signals�'X in (7) aredifferentiatedto thesameorder Y�� Z
in time. Therefore,taking spatialderivatives

] Wn^ of orderY�� Zhprq , anddifferentiating
] W_^ to order

q[s ��Yt� Z 	 in
time yieldsa numberof differentlinearobservationsin theq
th-ordertime derivativesof thesignals� 5 .

1We assumethat the sourcesimpinge on top, not on bottom, of the
array. This is a reasonableassumptionfor an integratedMEMS or VLSI
arraysincethesubstratemasksany sourceimpingingfrom beneath.

2The issueof linear independencewill be revisited whenwe consider
the geometryof the sourceanglesrelative to that of the sensorsin Sec-
tion 3.1.



Fig. 1. Geometryof four co-planarsensorscomputingfirst-
ordergradientflowin twodimensionsaccordingto (9). Us-
ing four KnowlesIM-3268 microphones,the array is con-
tainedwithin a 5 mmradius.

As anexample,considerthefirst-ordercase
q � + , cor-

respondingto (6):] fFf ��
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�	��vl fFf ��
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Estimatesof

] fFf , ] � f and
] f � are obtainedwith just four
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A practical realizationof this configuration,using minia-
turemicrophones,is illustratedin Figure1. Takingthetime
derivative of

] f�f , we thusobtainfrom the sensorsa linear
instantaneousmixtureof thetime-differentiatedsourcesig-
nals,}
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anequationin thestandardform �v���[1���� , where � is
givenandthemixing matrix � andsources1 areunknown.
Ignoringfor now thenoiseterm � (andfor a squarematrix,� ��� ) this problemsettingis standardin ICA, with anin-
dependenceassumption(3) onthesources1 . ICA produces,
at best,anestimate�1 thatrecoverstheoriginal sources1 up
to arbitraryscalingandpermutation.Thedirectioncosines� 5W are found from the ICA estimateof � , after first nor-
malizing eachcolumn(i.e., , eachsourceestimate)so that
the first row of the estimate �� , like the real � according
to (10), containsall ones. This simpleproceduretogether
with (4) yields estimatesof the directionvectors �( 5 along
with thesourceestimates�� 5 ��
�	 , which areobtainedby inte-
gratingthecomponentsof �1 overtimeandremoving theDC
components.

Fig. 2. Common-mode
] fFf and gradient

] � f components
obtainedfrom the microphonearray of Fig. 1, for a single
audiosignalgeneratedfroma triangular waveformsource.] � f approximatesthetimederivative �] fFf , scaledby thean-
gle cosine� � in all four quadrants.

It is interestingto notethefunctionalsimilarity between
(10),with

� � + , andopticalflow for constraint-solvingve-
locity estimationin a visualscene[11]. Figure2 illustrates
thetemporalderivativerelationshipbetweencommon-mode] fFf anddifferential

] � f componentsof thearrayoutputs,of
which therelativeamplituderevealsonecosineof theangle
of incidence.

3.1. NoiseCharacteristics

Thepresenceof thenoiseterm � complicatestheestimation
of 1 and � . For localizationof a singlesource,simpleex-
pressionscanbeobtainedfor theCramer-Raolower bound
on thevarianceof the � W estimates,assumingsecond-order
(Gaussian)statistics.As in [17], this bounddependson the
aperture,i.e., the dimensionsof the array relative to one
wavelength.For miniaturearrays,it is thereforeimportant
to boostthesignalto noiseratio to compensatefor the loss
in aperture.The critical factorhereis a high sensitivity of
gradientacquisition,which canbeattainedby a differential
sensordesigneitherthroughmechanicalcoupling[12, 13]
or differentialamplificationat thesensorlevel.

GeneralCramer-Raoboundson � W 5 for joint localization
andseparationareharderto comeby, sinceit requiresas-
sumptionson thehigher-orderstatisticsof thesignals.Still,
we caninfer noisepropertiesof theestimatedsources�� as-
sumingfixedvaluesfor � W 5 . Assumeastandardformulation
of ICA (e.g., [3]) thatattemptsto linearlyunmix theobser-
vations� :

�1�� �� y � ��� �� y � �[1 s �� y � ��< (11)

where� is squareandinvertible.Assumealsoareasonable
ICA estimate �� so that (11) reducesto �1V)�1 s � y � � ,
disregardingarbitrarypermutationandscalingin thesource
estimates.Theerrorterm ��` s � y � � contributesvariance



to theestimate�1 ; in generalthenoise � will alsoaffect the
estimate �� andproducea biastermin �1 accordingto (11).

Thefunctionalform of theerror � allowsusto estimate
the noisecharacteristicsof the sourceestimates,without
consideringdetailson how ICA obtainedtheseestimates.
Thecovarianceof theestimationerroris��� �������j��� y � ��� �������K�9� y � 	���$ (12)

In otherwords,theerrorcovariancedependson thecovari-
anceof the sensornoise,the geometryof the sensorarray,
andthe orientationof the sources( 5 asdeterminedby the
mixing matrix � .

For example,considerthe case
q � + , suitablefor a

miniaturearray. � in (10) is squarewhen
� ��� . The

determinantof � can be geometricallyinterpretedas the
volumeof the polyhedronspannedby the threesourcedi-
rectionvectors( 5 . Theerrorcovarianceis minimumwhen
thevectorsareorthogonal,andtheestimatesof 1 and � be-
comeunreliableasthesourcedirectionvectors( 5 approach
the sameplane. Therefore,to first order (

q � + ) at most
threenon-coplanarsourcescanbe separatedandlocalized
with a planararrayof sensors.

Arraysof largerdimensionssupporta largernumberof
terms

q
, andthusalargernumberof sources

�
, givenby the

numberof mixture observationsup to order
q

in (7). The
conditionthat � asdeterminedby (7) befull rankamounts
to constraintson thegeometryof the sourcedirectionvec-
tors ( X . For instance,only one sourcecan lie along any
givendirection ( .

Whenthenumberof sourcespresentis greaterthanthe
numberof gradientobservationsD:����� in (7), separationand
localizationisstill possible,but requiresaninformativeprior
on the sources(3). In particular, a sparseICA decomposi-
tion is obtainedin theovercompletecase

�%� D:����� by using
a Laplacianprior on the sources[18]. For example,over-
completeICA couldbedirectlyappliedon themixture(10)
to separatemorethanthreesparsesources.

4. EXPERIMENT AL SETUPAND RESULTS

To demonstratesourceseparationandlocalizationin a real
environment,we usedthe experimentalsetupof Figure1,
with four omnidirectionalminiaturemicrophones(Knowles
IM-3268)asspecifiedby (9) with radius   � �  ¡�   � !  ¡� 1 cm.
Continuous-timeestimatesof common-modecomponent

] fFf ,
spatialgradients

] � f and
] f � , andtimederivative �] fFf areob-

tainedusinganalogcircuits shown in Figure 3. The time
derivative �] fFf is constructedby feeding

] fFf througha high-
passfilter with 20 kHz cut-off frequency. Signals

] � f and] f � areamplified to obtain larger dynamicrangeandthus
larger highersignal-to-noise(SNR) ratio, wherethe refer-
encevoltage ¢�£F¤¦¥ is chosenin the middleof the operating
voltagerange.Thesignals �] f�f , ] � f and

] f � arefed through
anti-aliaslow-passfilters with 8 kHz cut-off frequency and
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Fig. 3. Analogcircuit computingcommon-mode
] fFf , spatial

derivatives
] � f and

] f � , andthecommon-modetimederiva-
tive �] fFf
digitizedto 16-bitprecisionat16kHz samplingrate,overa
fivesecondtimewindow.

Differencesin gainbetweenopposingmicrophonesdue
to mismatchcontributesacommon-modecomponentin the
estimatedgradients

] � f and
] f � . This componentdeterio-

ratesseparationperformanceand needsto be minimized.
Weightedsubtraction,realizedusingthe potentiometersin
Figure3, is implementedto calibratefor mismatch.In ad-
dition, an LMS adaptive filter is appliedon the digitized
signalsto furtherreducethecommon-modecomponent

] fFf
presentin

] � f and
] f � , prior to applyinglinearinstantaneous

ICA.
Weconductedexperimentsin twodistinctenvironments:

outdoorssurroundedby buildingsat a 30 m distancein the
presenceof wind andotherambientnoise,andindoorsin a
reverberantroomwith dimensions8, 4, and2.7 m with of-
fice furniture.Two malespeakerswereboth50,:¬ from the
microphonearrayandfrom eachother. The digitized ana-
log signals

] fFf , ] � f , ] f � , �] f�f , alongwith the reconstructed
sources�� � and �� ! , areshown in Figures4 and5. Listen-
ing testsandvisual inspectionof thewaveformsrevealthat
thecross-talkin theunmixedsignals �� � and �� ! is lessthan
-20dB in theoutdoorscase,and-12dB in theindoorscase.
Thisperformanceis adequatefor mosthearingaidsapplica-
tions.Theindoorsperformanceis remarkablegiventhatthe
modelassumesplanarwave signalswithout reverberation.
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Fig. 4. Experimentalseparation of speech fromtwo malespeakers in an outdoors setting. Left: Measuredcomponents
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Right: Reconstructedsources �� � and �� ! usingstaticICA on
] � f , ] f � and �] fFf .
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Fig. 5. Experimentalseparation of speech from two malespeakers in a reverberant indoors setting. Sameconditionsas in
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5. CONCLUDING REMARKS

A methodfor localizingandseparatingbroadbandsources
in space,by measuringspatialandtemporalgradientsof the
field overa sensorarrayor distributedsensor, andthenper-
forming instantaneousICA separation,hasbeendescribed.
TheICA solutionyieldsestimatesof thesources,alongwith
thecosinesof the anglesof the sourceswith respectto the
coordinateaxesof the array. Threeindependentandnon-
coplanarsourcescanbeextractedwith asfew asfour planar
sensors.

Themainlimiting assumptionis thatthesourcespropa-
gateasplanarwaves,althoughin practicewe demonstrated
themethodto work reasonablywell evenunderseveremul-
tipathconditions.For furtherimprovementsin performance,
deconvolutive ICA [7] could performa multi-pathdecom-
positionyielding anglesof incidencefor eachof the prop-
agationpaths. In principle thesecould be usedto identify
the absolutepositionof the sourcein the environment,or
possiblytheenvironmentitself.

Conventionalwisdom dictatesthat large sensorarrays
shouldbe usedfor sourceseparationandbeamformingto
warrantsufficient spatialdiversityacrosssensors.We have
shown and experimentallydemonstratedthat a miniature
gradientsensorof dimensionssmallerthantheshortestwave-
length in the sourcesgives resultscomparableto the best
experimentalresultsavailablewith largerarrays.Surelythe
noiseperformancedeteriorateswith shrinkingaperture,but
this canbecompensatedfor with improvedsensorsthatare
highly sensitive to gradientswith large common-modere-
jection. Sincesmalleris betterfor many applications,we
believe that the largestgainscanbe gottenby focusingon
the designanddevelopmentof gradientsensitive sensors,
e.g., usingMEMS [13] technology. Hearingaidsandcell
phoneswould be just a few of the applicationsto benefit
dramaticallyfrom suchdevelopments.
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