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ABSTRACT

Gradientflow converts the problemof separatingunknown de-
layedmixturesof sources,from traveling wavesimpingingon an
arrayof sensors,into asimplerproblemof separatingunknown in-
stantaneousmixturesof the time-differentiatedsources,obtained
by acquiringor computingspatialandtemporalderivativeson the
array. Thelinearcoefficientsin theinstantaneousmixturedirectly
representthedelays,which in turn determinethedirectionangles
of thesources.Thisformulationis attractive,sinceit allowsto sep-
arateandlocalizewavesof broadbandsignalsusingstandardtools
of independentcomponentanalysis(ICA), yielding the sources
alongwith their directionangles.The techniqueis suitedfor ar-
raysof smallaperture,with dimensionsshorterthanthecoherence
lengthof thewaves. We presentgradientflow experimentson an
arrayof four hearingaid microphonesplacedwithin a 5 mm ra-
dius,yielding20dB separationof joint speechin outdoorsacoustic
environments,and10 dB separationindoorsundermild reverber-
antconditions.Theseresultssuggestapplicationsof gradientflow
miniaturemicrophonearraysto intelligenthearingaidswith adap-
tive suppressionof interferingsignalsandnonstationarynoise.

1. INTR ODUCTION

Thehumanauditorysystemperformsremarkablywell in separat-
ing multiple acousticstreamsin the presenceof noise, suchas
babblenoisein a cafeteria. It doesso partly by resolvingtime
andamplitudedifferencesbetweenthe soundenteringboth ears,
which aredifferentfor eachsourcecomponent.Theimpairedear
seemsto loosemostof the ability to function in the presenceof
interferingnoise,andeven the mostadvancedhearingaidswith
directionalmicrophonesandnoisesuppressionhave fallen short
of compensatingadequatelyfor this loss.

Becauseof thewave propertiesof sound,theproblemof sep-
aratingacousticsourcesis tightly coupledto theproblemof local-
izing themby adaptive beamforming.For speechandothersound
sourcesthis problemis generallyconsidereda hard and mostly
unsolved problem,with mixed degreeof successin practicalre-
alizations. The delaysin the sourcemixture observationsrender
instantaneousmixing models,ascommonlyassumedin indepen-
dentcomponentanalysis(ICA), inadequate.Theconventionalap-
proachis toblindly estimatemultipletimedelaysin thewaveprop-
agationbetweensourcesand microphones,besidesblindly esti-�
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matingthesourcesthemselves[1, 2, 3]. Severalsystemsbasedon
this approachhave beendemonstratedon realspeech,e.g., [4, 5,
6, 7, 8, 9].

Like optical flow for motion estimation[10], thedirectionof
soundpropagationcan be inferred directly from sensingspatial
and temporalgradientsof the wave signal, on a sub-wavelength
scale.Thisprincipleis exploitedin biology[11], andimplemented
in biomimeticMEMS systems[12]. Wavefront sensingin space
for localizingsoundhasbeenin practicesincethepioneeringwork
by Blumlein in the1930s[13], a precursorto theadvancesin bin-
auralsignalprocessingthatweknow today.

Gradientflowconvertstheproblemof separatingdelayedmix-
turesinto a simplerproblemof separatinginstantaneousmixtures
of spatialandtemporalgradientsof thewave signals.This yields
a formulation equivalent to that of static ICA, and a numberof
approachesexist for suchblind separation,someutilizing VLSI
hardware[14]. Themixingcoefficientsobtainedfrom ICA directly
yield the anglesof the incoming waves. Thereforeour method
canbeseenasa broadbandbeamformingextensionto staticICA,
performingat onceblind separationand localizationof traveling
waves.

Gradientflow acousticsourceseparationoffersthepossibility
of selectivily amplifingthesourceof interestandsupressinginter-
fering sources.Furthermore,in anextendedICA framework that
accountsfor a convolutive mixing model [15, 16, 17], this solu-
tion allows cancelationof reverberationwhich further aidsin the
clarity of speechunderdifficult acousticconditions.

In what follows we review gradientflow, andpresentexper-
imental resultsthat demonstratereal-world separationand local-
ization of speechsourcesusing a planargeometryof miniature
microphones(Knowles IM-3268) on a spatialscalesignificantly
smallerthantheshortestwavelengthpresentin thespeech.Finally
we discussextensionsof theprinciple thatcanbeusedin thede-
sign of intelligent hearingaids with adaptive beamsteeringand
interferencenoisesuppression.

2. MODELS

Weconsiderlinearmixturesof travelingwavesemittedby sources
at variouslocations,andobservedover a distributionof sensorsin
space.Thedistributionof sensorscouldbecontinuousor discrete.
In what follows we assumean arrayof discretesensors,but the
theoryappliesaswell to sensorsdistributedcontinuouslyin space.
However, thesourcesareassumedto bediscrete.



2.1. InstantaneousSeriesExpansion

Let thecoordinatesystem� becenteredin thearraysothattheori-
gin coincideswith the“centerof mass”of thesensordistribution.
We define �����
	 asthe time lag betweenthe wavefront at point �
andthe wavefront at the centerof the array, i.e., the propagation
time �����
	 is referencedto the centerof the array. Thenthe field� ����������
	�	 canbe expandedaboutthe centerof thearrayin the
power seriesexpansion,� ����������
	�	�� � ���	��������
	��� ���	����� ������	 � �� ���	��"!#!#! (1)

2.2. The far field

In thefar-fieldapproximation,thedistancefromthesourceismuch
larger thanthe dimensionsof the sensorarray. This is a sensible
approximationfor anintegratedMEMS or VLSI arraywith dimen-
sionstypically smallerthan1 cm. Thenthewavefrontdelay �����
	
is approximatelylinear in theprojectionof � on theunit vector $
pointingtowardsthesource,

�����
	�% &' �)(#$ (2)

where ' is thespeedof (acousticor electromagnetic)wave propa-
gation.

2.3. Array dimensions

Theratio in amplitudeof successive termsin theseriesshouldnot
betoo largeso that it convergesproperly, nor too smallsoanad-
equatenumberof termsin the seriescanbe resolved to identify
thesources.This implies that thedimensionsof thesensorarray
shouldbesmallerthanthatof thecoherencelengthof thesources,
but not much smaller. For a narrowbandsignal, the coherence
lengthcanbedefinedasthewavelength.For a narrowbandsignal,
it correspondsto theshortestwavelengthpresentin thespectrumof
thesignal.For speechwith abandwidthof roughly8 kHz, anarray
of dimensionsin the lower cm rangegivesbestresults.More de-
tailsontheconditionsfor properwaveresolutionaregivenin [18].

2.4. SignalModel

We assumethat the sourcesare statistically independentso that
their joint probabilitydensityfunctionfactors:

*�+ �-,.	/� 01243 � 5
2 � � 2 	6! (3)

This allows usto applyICA to theinstantaneousmixtureproblem
thatfollows.

2.5. Mixing and Acquisition Model

Let 7���� 84�	 bethesignalmixturepickedup by a sensorat position� . As onespecialcasewewill consideratwo-dimensionalarrayof
sensors,with positioncoordinates9 and : sothat �<;>= = 9?� � �@:A� �
with orthogonalvectors� � and � � in thesensorplane.

In the far-field approximation(2), eachsourcesignal � 2 con-
tributing to 7B;>= is advancedin time by � 2;#= �C9�� 2� ��:
� 2� , where

� 2� � &' � � (#$ 2� 2� � &' � � (#$ 2 (4)

arethe inter-time differences(ITD) of sourceD betweenadjacent
sensorson the grid along the 9 and : placecoordinates,respec-
tively. Knowledgeof theanglecoordinates� 2� and � 2� uniquelyde-
termines,through(4), thedirectionvector $ 2 alongwhich source� 2 impingesthearray, in referenceto the

� 9�8�:E� plane1.
Theseriesexpansion(1) for eachsourceyields

7 ;>= ���	�� 0F 243 � �
2 ���	���� 2;>= �� 2 ���	�� �� ��� 2;#= 	 � �� 2 ���	��"!#!#!<�HG ;>= ���	

(5)

where G ;>= ���	 representsadditive noisein thesensorobservations.
Althoughnot essential,we will assumethat theobservationnoise
is independentacrosssensors,andfollows a univariateGaussian
distribution G ;>= ���	�I�JK�-L 8�MN	 .

In what follows we will concentrateon thefirst two termsin
theseriesexpansion(5), linearin thespacecoordinates:

7 ;>= ���	�% 0F 243 � �
2 ���	��"�O9�� 2� ��:
� 2� 	?�� 2 ���	���G ;>= ���	�! (6)

3. GRADIENT FLOW ICA

A gradientflow formulationis obtainedby isolatingtime deriva-
tivesof the linearly combinedsignalsby taking spatialgradients
of 7 along 9 and : . Theadvantageof this techniqueis that it ef-
fectively reducestheproblemof estimating� 2 ���	 and � 2P to thatof
separatinginstantaneousmixturesof gradientcomponentsof the
independentsourcesignals.

Forarraydimensionssmallerthanbutcomparableto thelargest
wavelength(wave-resolvingconditions[18]), individual termsin
the seriesexpansion(5) canbe resolved. Different linearcombi-
nations2 of thesignals�<Q arethusobtainedby takingspatialderiva-
tivesof variousordersR andS alongthepositioncoordinates9 and: , aroundtheorigin 9T�":U�VL :W P X ���	ZY [ P]\^X[ P 9 [ X : 7^;#=E���	
____ ; 3 = 3�`� F 2 ��� 2� 	 P ��� 2� 	 X�a P]\BXa Pb\^X  � 2 ���	c�ed P X ���	68 (7)

where d P X arethe correspondingspatialderivativesof the sensor
noise Gf;>= aroundthe center. The point hereis that all signals � Q
in (7) aredifferentiatedto thesameorder RB�gS in time. Therefore,
takingspatialderivatives

W P X of order R#�hSjilk , anddifferentiatingW P X to order knmo��R?�pSq	 in timeyieldsa numberof differentlinear
observationsin the k th-ordertime derivativesof thesignals� 2 .

As an example,considerthe first-ordercase kr� &
, corre-

spondingto (6):W `�` ���	Z� s 2 � 2 ���	��od `�` ���	68W � ` ���	Z� s 2 � 2� �� 2 ���	��Hd � ` ���	68 (8)W ` � ���	Z� s 2 � 2� �� 2 ���	��Hd ` � ���	6!
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
thegeometryof thesourceanglesrelative to thatof thesensorsin Section4.



Fig. 1. Geometryof four co-planarsensors computingfirst-order
gradient flow in two dimensionsaccording to (9). Using four
KnowlesIM-3268 microphones,the array is containedwithin a
5 mmradius.

Estimatesof
W `�` , W � ` and

W ` � areobtainedwith just four sensors7B;>= : W `�` % �tNu 7�v ��w ` �H7 ��w ` ��7 ` w v � �H7 ` w ��xW � ` % �� u 7 ��w ` my7 v ��w ` x (9)W ` � % �� u 7 ` w � my7 ` w v � x
A practicalrealizationof this configuration,usingminiaturemi-
crophones,is illustratedin Figure1.

Taking the time derivative of
W `�` , we thus obtain from the

sensorsa linear instantaneousmixture of the time-differentiated
sourcesignals,z{ �W `�`W � `W ` �

|} % z{ & (#(>( &� �� (#(>(~� 0�� �� (#(>(~� 0�
|} z�{ �� �

...�� 0
| �} � z{ �d `�`d � `d ` �

|} 8 (10)

anequationin thestandardform �o����,��"� , where � is given
and the mixing matrix � andsources, are unknown. Ignoring
for now the noiseterm � (andfor a squarematrix, ����� ) this
problemsettingis standardin ICA, with anindependenceassump-
tion (3) on thesources, . ICA produces,at best,anestimate�, that
recoverstheoriginalsources, upto arbitraryscalingandpermuta-
tion. Thedirectioncosines� 2P arefoundfrom theICA estimateof� , afterfirst normalizingeachcolumn(i.e., , eachsourceestimate)
so that the first row of the estimate �� , like the real � according
to (10),containsall ones.This simpleproceduretogetherwith (4)
yieldsestimatesof thedirectionvectors �$ 2 alongwith thesource
estimates�� 2 ���	 , whichareobtainedby integratingthecomponents
of �, over timeandremoving theDC components.

It is interestingto notethefunctionalsimilarity between(10),
with �r� &

, andoptical flow for constraint-solvingvelocity esti-
mationin a visualscene[10].

4. NOISE CHARACTERISTICS

Thepresenceof thenoiseterm � complicatestheestimationof ,
and � . For localizationof a singlesource,simpleexpressionscan
be obtainedfor the Cramer-Rao lower boundon the varianceof
the � P estimates,assumingsecond-order(Gaussian)statistics.As
in [19], thisbounddependson theaperture,i.e., thedimensionsof
thearrayrelativeto onewavelength.However, theboundbecomes
independentof apertureif thenoiseis dominatedby interference

from othersources,ratherthanintrinsic (sensor)noise.For minia-
ture arrays,it is thereforeimportant to boost the sensorsignal-
to-noiseratio to compensatefor the lossin aperture.Thecritical
factorhereis highsensitivity of gradientacquisition,whichcanbe
attainedby a differentialsensordesigneitherthroughmechanical
coupling[11, 12] or differentialamplificationat the sensorlevel.
In thepresentimplementation,improveddifferentialamplification
is obtainedby adaptive LMS cancelationof the commonmode
component

W `�` presentin theestimateof thegradients
W � ` and

W ` �
dueto gainmismatchin theobservations 7 P X in (8).

GeneralCramer-Raoboundson the directioncosines� P 2 for
joint localizationand separationare harderto comeby, sinceit
requiresassumptionson the higher-orderstatisticsof the signals.
Thevariancecomponentof noisein theestimatedsourcescanbe
readily estimatedassumingnominal (unbiased)valuesof the di-
rectioncosines.A detailedanalysis,expressingthecovarianceof
the error in termsof the covarianceof the sensornoiseand the
geometryof thesourcesrelative to thearray, is presentedin [18].

5. EXPERIMENT AL SETUP AND RESULTS

To demonstratesourceseparationandlocalizationin a real envi-
ronment,we usedthe experimentalsetupof Figure1, with four
omnidirectionalminiaturemicrophones(KnowlesIM-3268)asspec-
ified by (9) with radius � � � �E��� � � �E� 1 cm.

We conductedexperimentsin two distinctenvironments:out-
doorssurroundedby buildingsata30m distancein thepresenceof
wind andotherambientnoise,andindoorsin a reverberantroom
with dimensions8, 4, and2.7 m with office furniture. Two male
speakers were both 50'>� from the microphonearray and from
eachother. Therecordedsignals

W `�` , W � ` , W ` � , �W `�` , alongwith the
reconstructedsources�� � and �� � , for theoutdoorscaseareshown
in Figure2. Listeningtestsandvisualinspectionof thewaveforms
reveal that thecross-talkin theunmixed signals �� � and �� � is less
than-20 dB in theoutdoorscase,and-12 dB in the indoorscase.
This performanceis adequatefor most hearingaid applications.
Furthergainscanbeobtainedby extendingthetravelingwave as-
sumptionto multipath,andassuminga convolutive mixing model
solvedby meansof deconvolutive ICA [15, 16, 17].

6. CONCLUDING REMARKS

Conventionaladaptive beamformingassumesarraysof large di-
mensionsto obtainsufficient spatialdiversity to resolve time de-
laysbetweensourceobservations.In gradientflow, arraysof small
dimensionaresuitablesincetime delayshave beenconvertedto
relativeamplitudeby takingderivatives.Improveddifferentialsen-
sitivity of gradientsensingallowsto shrinktheapertureof thesen-
sorarraywithoutdegradingsignal-to-noiseratio.

A microphonearraywith differentialgainenhancementwould
fit comfortablyin a behind-the-ear, or even in-the-canal,hearing
aid, andwould deliver a performancesimilar to much larger ar-
rays that areworn, for instance,aroundthe neck[20]. Gradient
sensitive acousticsensorswith differentialmechanicalcouplingin
MEMS [12] technology, with inspirationin biology[11], areespe-
cially promisingcandidatesfor miniaturization.

Gradientflow thereforeoffers an opportunity to designin-
telligent hearingaidswith integratedadaptive suppressionof un-
wantedspeechandothersourcesof nonstationarynoiseandinter-
fering sounds.With auto-adaptivedirectionalityof beamforming
in thegradientflow ICA framework, aminiaturearrayis capableof
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Fig. 2. Experimentalseparationof speech fromtwomalespeakers
in an outdoors setting. Left: Components

W `�` , W � ` , W ` � and its
timederivative �W `�` , measuredfromthemicrophonearrayin Fig. 1.
Right: Reconstructedsources �� � and �� � usingstatic ICA on

W � ` ,W ` � and �W `�` .
blindly separatingseveral sources.The separatedsourcescanbe
reconstitutedto the userwith differentweightingfactorsfor im-
provedintelligibility . For instance,theestimateddirectioncosines
from gradientflow ICA canbeusedto indentifyandpreferentially
emphasizeafrontalsourceamongtheseparatedcomponents.With
abinaurallink betweenapairof hearingaids,thisweightingcould
be coordinatedto preserve the relative time delaysbetweenears
for eachsource.In moredemandingenvironments,suchasthein-
famous“cocktail party,” a menu-driven interfacecould allow the
userto switch emphasisbetweenspeakersof interest. Individual
speakerscouldbeidentifiedover anextendedtime window based
ondistinctpropertiesof speechsuchaspitchandtimbre.Theseca-
pabilitiesby faroutpacewhatisavailableonthehearingaidmarket
today.
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