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ABSTRACT

Gradientflow converts the problemof separatingunknavn de-
layed mixturesof sourcesfrom traveling wavesimpinging on an
arrayof sensorsinto asimplerproblemof separatinginknavn in-
stantaneoumixturesof the time-differentiatedsourcespbtained
by acquiringor computingspatialandtemporalderivativeson the
array Thelinearcoeficientsin theinstantaneoumixturedirectly
representhe delays,which in turn determinethe directionangles
of thesourcesThisformulationis attractve, sinceit allowsto sep-
arateandlocalizewavesof broadbandignalsusingstandardools
of independentomponentanalysis(ICA), yielding the sources
alongwith their directionangles. The techniqueis suitedfor ar-
raysof smallaperturewith dimensionshorterthanthecoherence
lengthof the waves. We presenigradientflow experimentson an
array of four hearingaid microphoneglacedwithin a 5 mm ra-
dius,yielding 20 dB separatiomf joint speechn outdoorsacoustic
ervironments,and10 dB separationndoorsundermild reverber
antconditions.Theseresultssuggesapplicationof gradientflow
miniaturemicrophonearraysto intelligenthearingaidswith adap-
tive suppressionf interferingsignalsandnonstationarynoise.

1. INTRODUCTION

The humanauditory systemperformsremarkablywell in separat-
ing multiple acousticstreamsin the presenceof noise, suchas
babblenoisein a cafeteria. It doesso partly by resolvingtime
and amplitudedifferencesbetweenthe soundenteringboth ears,
which aredifferentfor eachsourcecomponentTheimpairedear
seemso loosemostof the ability to functionin the presenceof
interfering noise, and even the mostadwancedhearingaids with
directionalmicrophonesand noise suppressiorhave fallen short
of compensatingdequatelyor thisloss.

Becausef the wave propertieof sound the problemof sep-
aratingacousticsourcess tightly coupledto the problemof local-
izing themby adaptve beamforming For speectandothersound
sourcesthis problemis generallyconsidereda hard and mostly
unsohed problem,with mixed degree of successn practicalre-
alizations. The delaysin the sourcemixture obserationsrender
instantaneoumixing models,ascommonlyassumedn indepen-
dentcomponenganalysis(ICA), inadequateThe corventionalap-
proachis to blindly estimatemultipletime delaysin thewave prop-
agationbetweensourcesand microphonesbesidesblindly esti-
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matingthe sourceshemseles|1, 2, 3]. Severalsystemsasedn
this approacthave beendemonstratedn real speeche.g., [4, 5,
6,7,8,9].

Like optical flow for motion estimation[10], the direction of
soundpropagationcan be inferred directly from sensingspatial
and temporalgradientsof the wave signal, on a sub-wavelength
scale.Thisprincipleis exploitedin biology[11], andimplemented
in biomimetic MEMS systemq12]. Wavefront sensingin space
for localizingsoundhasbeenin practicesincethe pioneeringvork
by Blumleinin the1930s[13], a precursoto theadwancesn bin-
auralsignalprocessinghatwe know today

Gradientflow corvertsthe problemof separatinglelayedmix-
turesinto a simplerproblemof separatingnstantaneoumixtures
of spatialandtemporalgradientsof the wave signals. This yields
a formulation equivalentto that of static ICA, and a numberof
approachesxist for suchblind separationsomeutilizing VLSI
hardware[14]. Themixing coeficientsobtainedrom ICA directly
yield the anglesof the incoming waves. Thereforeour method
canbe seenasa broadbandeamformingextensionto staticICA,
performingat onceblind separatiorand localizationof traveling
waves.

Gradientflow acousticsourceseparatioroffersthe possibility
of selectvily amplifingthe sourceof interestandsupressingnter-
fering sources.Furthermorejn anextendedICA frameawvork that
accountdfor a convolutive mixing model[15, 16, 17], this solu-
tion allows cancelatiorof reverberationwhich further aidsin the
clarity of speechunderdifficult acousticconditions.

In what follows we review gradientflow, and presentexper
imental resultsthat demonstrateeal-world separatiorand local-
ization of speechsourcesusing a planargeometryof miniature
microphonegKnowles IM-3268) on a spatialscalesignificantly
smallerthanthe shortestvavelengthpresenin thespeechFinally
we discussextensionsof the principle thatcanbe usedin the de-
sign of intelligent hearingaids with adaptve beamsteeringand
interferencenoisesuppression.

2. MODELS

We considetinearmixturesof traveling wavesemittedby sources
atvariouslocations,andobsenred over adistribution of sensorsn
space Thedistribution of sensorgould becontinuousor discrete.
In what follows we assumean array of discretesensorshut the
theoryappliesaswell to sensorglistributedcontinuouslyin space.
However, the sourcesareassumedo bediscrete.



2.1. InstantaneousSeriesExpansion

Letthecoordinatesystemr becenteredn thearraysothattheori-
gin coincideswith the “centerof mass”of the sensoistribution.
We definer(r) asthe time lag betweenthe wavefront at point r
andthe wavefront at the centerof the array i.e., the propagation
time 7(r) is referencedo the centerof the array Thenthe field
s(t + 7(r)) canbe expandedaboutthe centerof the arrayin the
power seriesexpansion,

s(t+7(r) = s(t) + T(r)$(t) + 2r(r)’5(t) +... (1)

2.2. Thefar field

In thefar-fieldapproximationthedistanceérom thesourcas much
largerthanthe dimensionsof the sensorarray This is a sensible
approximatiorfor anintegratedMEMS or VLSI arraywith dimen-
sionstypically smallerthan1 cm. Thenthe wavefrontdelay(r)
is approximatelylinearin the projectionof r on the unit vectoru
pointingtowardsthe source,

T(r) = %r ‘u 2)

wherec is the speeddf (acousticor electromagneticjvave propa-
gation.

2.3. Array dimensions

Theratioin amplitudeof successie termsin the seriesshouldnot
betoo large sothatit corvergesproperly nortoo smallsoanad-
equatenumberof termsin the seriescanbe resolhed to identify
the sources.This implies that the dimensionsof the sensorarray
shouldbesmallerthanthatof the coheencelengthof the sources,
but not much smaller For a narravband signal, the coherence
lengthcanbe definedasthe wavelength.For a narravbandsignal,
it correspond#o theshortestwvavelengthpresentn thespectrunof
thesignal. For speectwith abandwidthof roughly8 kHz, anarray
of dimensiondn the lower cm rangegivesbestresults. More de-
tailsontheconditionsfor properwave resolutionaregivenin [18].

2.4, Signal Model

We assumethat the sourcesare statisticallyindependenso that
their joint probability densityfunctionfactors:

L
Pr(s) = [ [ ' (s). 3)
=1

This allows usto apply ICA to theinstantaneoumiixture problem
thatfollows.

2.5. Mixing and Acquisition Model

Let z(r, t) bethesignalmixture picked up by a sensomt position
r. As onespecialcasewve will consideratwo-dimensionahrrayof
sensorswith positioncoordinate® andq sothatr,, = pri + grs
with orthogonalvectorsr; andr: in thesensomplane.

In the far-field approximation(2), eachsourcesignal s con-
tributing to z,,4 is advancedn time by 75, = pr{ + q75, where
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aretheintertime differenceqITD) of sourcel betweenadjacent
sensoron the grid alongthe p andq placecoordinatesrespec-
tively. Knowledgeof theanglecoorinatesr{ andrs uniquelyde-
terminesthrough(4), the directionvectoru® alongwhich source
s% impingesthearray in referenceo the {p, ¢} plané.
Theseriesexpansion(1) for eachsourceyields

L
Tpa(t) = D 8° (1) + T8 (1) + 3(1)"5° () + . + mpa (t)
=1
5)

wheren,, (t) representsdditive noisein the sensomobsenrations.
Although not essentialyve will assumehatthe obsenation noise
is independentacrosssensorsand follows a univariate Gaussian
distribution nyq (t) o< N'(0, 7).

In whatfollows we will concentraten thefirst two termsin
the seriessxpansion(5), linearin the spacecoordinates:

c
Tpq(t) ~ Z s (t) + (pri +qr3)8(t) + npg (£) . (6)
=1

3. GRADIENT FLOW ICA

A gradientflow formulationis obtainedby isolatingtime deriva-
tives of the linearly combinedsignalsby taking spatialgradients
of z alongp andq. The adwantageof this techniqueis thatit ef-
fectively reduceshe problemof estimatings(t) andr to thatof
separatingnstantaneoumixturesof gradientcomponentsf the
independensourcesignals.

For arraydimensionsmallerthanbut comparabléo thelargest
wavelength(wave-esolvingconditions[18]), individual termsin
the seriesexpansion(5) canbe resolhed. Differentlinear combi-
nationg of thesignalss' arethusobtainecby takingspatialderiva-
tivesof variousordersi andj alongthepositioncoordinatep and
q, aroundtheoriginp = ¢ = 0:
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wherevy;; arethe correspondingpatialderiatives of the sensor
noisen,, aroundthe center The point hereis that all signalss’
in (7) aredifferentiatedo thesameorder: + j in time. Therefore,
takingspatialderiatives¢;; of orderi+ j < k, anddifferentiating
&ij toorderk — (i + 7) in timeyieldsa numberof differentlinear
obserationsin the kth-ordertime derivativesof the signalss®.

As an example, considerthe first-ordercasek = 1, corre-
spondingto (6):

oo(t) = 3,5°(t) + wool(t),
Eio(t) = Y,m8 (1) +vio(t), ®)
€or(t) = Y ms(t) +rou(t).

1We assumethat the sourcesimpinge on top, not on bottom, of the
array Thisis areasonableassumptiorfor anintegratedMEMS or VLSI
arraysincethe substratenasksary sourceimpingingfrom beneath.

°Theissueof linearindependenceill be revisited whenwe consider
thegeometryof thesourceanglegelative to thatof thesensorsn Sectiond.



Fig. 1. Geometryof four co-planarsensos computingfirst-order
gradient flow in two dimensionsaccoding to (9). Using four
KnowlesIM-3268 microphonesthe array is containedwithin a
5 mmradius.

Estimatesof £qo, £10 @andép: areobtainedwith just four sensors
Tpg!

boo ~ 2(z_10+10+T0,-1+T0,1)
o = %(wl,o_flf—l,o) 9

fnn = %(270,1—1‘0,—1)

A practicalrealizationof this configuration,using miniature mi-
crophonesis illustratedin Figurel.

Taking the time derivative of £g9, we thus obtain from the
sensorsa linear instantaneousnixture of the time-differentiated
sourcesignals,

éoo 11 1£ § Yoo
o | = | 1 - T + | vio |, (10)
Eo1 o rf L Vo1

S

anequationin the standardorm x = As + n, wherex is given
andthe mixing matrix A and sourcess are unknavn. Ignoring
for now the noisetermn (andfor a squarematrix, £ = 3) this
problemsettingis standardn ICA, with anindependencassump-
tion (3) onthe sources. ICA producesatbest,anestimates that
recoverstheoriginal sources upto arbitraryscalingandpermuta-
tion. Thedirectioncosinesr{ arefoundfrom thelCA estimateof
A, afterfirst normalizingeachcolumn(i.e., , eachsourceestimate)
sothatthe first row of the estimateA, like thereal A according
to (10), containsall ones.This simpleproceduregogethemwith (4)
yields estimate®f the directionvectorsii® alongwith the source
estimateg’ (¢), which areobtainedby integratingthe components
of § overtime andremaving the DC components.

It is interestingto notethe functionalsimilarity between(10),
with £ = 1, andoptical flow for constraint-solvingselocity esti-
mationin avisualsceng10].

4. NOISE CHARACTERISTICS

The presencef the noisetermn complicateghe estimationof s
andA.. For localizationof a singlesource simpleexpressiongan
be obtainedfor the CramerRao lower boundon the varianceof
the 7; estimatesassumingsecond-orde(Gaussianjptatistics.As
in [19], thisbounddepend®ntheapertureij.e., thedimensionof
thearrayrelative to onewavelength.However, theboundbecomes
independenbf apertureif the noiseis dominatedby interference

from othersourcesratherthanintrinsic (sensornoise.For minia-
ture arrays, it is thereforeimportantto boostthe sensorsignal-
to-noiseratio to compensatéor the lossin aperture.The critical
factorhereis high sensitvity of gradientacquisitionwhich canbe
attainedby a differentialsensomesigneitherthroughmechanical
coupling[11, 12] or differentialamplificationat the sensorevel.
In the presenimplementationimproveddifferentialamplification
is obtainedby adaptve LMS cancelationof the commonmode
componentgo presentn theestimateof thegradientsti1o andéor
dueto gainmismatchin the obserationsz;; in (8).
GeneralCramerRao boundson the direction cosinesr;¢ for
joint localizationand separatiorare harderto comeby, sinceit
requiresassumption®n the higherorder statisticsof the signals.
The variancecomponenbf noisein the estimatedsourcesanbe
readily estimatedassumingnominal (unbiased)aluesof the di-
rectioncosines.A detailedanalysis.expressingthe covarianceof
the error in termsof the covarianceof the sensomoise and the
geometryof the sourcegelative to thearray is presentedn [18].

5. EXPERIMENT AL SETUP AND RESULTS

To demonstratesourceseparatiorandlocalizationin areal envi-
ronment,we usedthe experimentalsetupof Figure 1, with four
omnidirectionaminiaturemicrophonegKnowlesIM-3268) asspec-
ified by (9) with radius|r:| = |r2| =1cm.

We conductedexperimentsn two distincternvironments:out-
doorssurroundedby buildingsata30m distancen thepresencef
wind andotherambientnoise,andindoorsin areverberantroom
with dimensions8, 4, and2.7 m with office furniture. Two male
spealkers were both 50cm from the microphonearray and from
eachother Therecordedsignalstoo, £10, £o1, €00, @longwith the
reconstructedourcess; andss, for the outdoorscaseare shavn
in Figure2. Listeningtestsandvisualinspectiorof thewaveforms
reveal thatthe cross-talkin the unmixed signalss; ands; is less
than-20 dB in the outdoorscase,and-12 dB in theindoorscase.
This performanceds adequatgor most hearingaid applications.
Furthergainscanbe obtainedby extendingthe traveling wave as-
sumptionto multipath,andassuminga corvolutive mixing model
solved by meansof decowolutive ICA [15, 16, 17].

6. CONCLUDING REMARKS

Corventional adaptve beamformingassumesrraysof large di-
mensiongo obtainsufficient spatialdiversity to resohe time de-
laysbetweersourceobserations.In gradientflow, arraysof small
dimensionare suitablesincetime delayshave beenconvertedto
relativeamplitudeby takingderivatives.Improveddifferentialsen-
sitivity of gradientsensingallowsto shrinktheapertureof thesen-
sorarraywithout degradingsignal-to-noiseatio.

A microphonearraywith differentialgainenhancemenould
fit comfortablyin a behind-the-earor even in-the-canal hearing
aid, andwould deliver a performancesimilar to much larger ar-
raysthatareworn, for instance,aroundthe neck[20]. Gradient
sensitve acousticsensorsith differentialmechanicatouplingin
MEMS [12] technologywith inspirationin biology[11], areespe-
cially promisingcandidatesor miniaturization.

Gradientflow thereforeoffers an opportunity to designin-
telligent hearingaidswith integratedadaptve suppressiorf un-
wantedspeechandothersourcesf nonstationarnoiseandinter
fering sounds.With auto-adaptivedirectionalityof beamforming
in thegradientflow ICA frameawvork, aminiaturearrayis capableof
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Fig. 2. Experimentakepaation of speeb fromtwo malespeakrs
in an outdoos setting Left: Componentgoo, &10, o1 andits
timederivativetoo, measuedfromthemicrophonearrayin Fig. 1.
Right: Reconstructedourcess; and 3> usingstatic ICA on &0,
&o1 and&oo.

blindly separatingseveral sources.The separatedourcescanbe
reconstitutedo the userwith differentweightingfactorsfor im-
provedintelligibility. For instancethe estimatedirectioncosines
from gradientflow ICA canbeusedto indentify andpreferentially
emphasizafrontal sourceamongtheseparatedomponentsWith
abinaurallink betweera pair of hearingaids,thisweightingcould
be coordinatedo presere the relative time delaysbetweenears
for eachsource.In moredemandingervironments suchasthein-
famous“cocktail party” a menu-drven interfacecould allow the
userto switch emphasidbetweenspealers of interest. Individual
speakrscould be identifiedover an extendedtime window based
ondistinctpropertieof speecksuchaspitchandtimbre. Theseca-
pabilitiesby faroutpacavhatis availableonthehearingaid market
today
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