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ABSTRACT

We presentitechniqudor reliablyestimatinghe3-D direc-
tion cosinesof abroadbandravelingwave impingingonan
arrayof four sensor®f dimensionsmallerthantheshortest
wavelengthin the source.Gradientflow corvertsobsened
mixturesof delayedsourcesignalsinto instantaneouknear
mixturesof their temporalderivativesthroughobsenation
of spatialgradientsof the field. This formulationis equiv-
alentto independentomponentnalysis(ICA), wherethe
mixing matrix directly yieldsthedirectioncosines Experi-
mentswith acoustiadatafrom amicrophonerrayshav im-
proved bearingaccurag throughsecondorderblind iden-
tification (SOBI) of non-stationarynoise from interfering
sourcesalongwith thesignal.

1. INTRODUCTION

Formulatingsourcdocalizationalgorithmsthatperformro-

bustly with sub-wavelengthdimensionf the sensorarray
is a challengingproblemintroducedby miniaturizationof

integratedsensors. It is well known that the precisionof

delay-basetbearingestimationdegradeswith shrinkingdi-

mensiongaperturef thesensomarray[1]. Classicatime-

differenceof arrival estimatiortechnique$2] basedncross
correlationof the signalsrequirehigh oversamplingratios
for estimatingsmalltime delays.

Gradienflow [3] avoidstheproblemof estimatingsmall
time delaysbetweersensoobsenationsby relatingampli-
tudesof spatialandtemporalgradientsin the signalacross
the sensorarray or equivalently resohe termsin a Taylor
expansionof thefield [4]. Theideaof wavefrontsensingn
spaceor localizingsoundwasfirstintroducedby Blumlein
in the 19309[5].

Section2 presentghe gradientflow approactfor blind
separationand localization of multiple sources. In Sec-
tion 3, we shaw thatthe problemof estimatingtime-delays
simplifiesto least-squarproblemin the caseof onesource.
Sectiord describesecond-ordeblind identification(SOBI)
algorithm([6, 7, 8] usedfor localizationin the caseof mul-
tiple sourceandhow the assumptionsf the algorithmare
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metin theobtainednodel.In Section5 we compareheper
formanceof least-mean-squafeMS) andSOBI algorithm
for the caseof onebandlimitedGaussiarsourcesignal.

2. GRADIENT FLOW LOCALIZATION

A traveling wave emitted by a sourceis obsened over a
distribution of sensorsn spacewhich herewe considerto
be discretebut which could be continuous.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 thecenterof thearray

For anintegratedMEMS or VLSI arraywith dimensions
typically smallerthan1 cm, the distancegrom the sourceis
muchlargerthanthedimension®f thesensolarray andthe
far-field approximationis a sensibleapproximation.In the
far field, the wavefront delay 7(r) is approximatelylinear
in the projectionof r on the unit vectoru pointingtowards
thesource,

7(r)~ ~r-u 1)
C

wherec is the speedof (acousticor electromagneticjvave
propagation.

Letz(r,t) bethesignalpickedupby asensoatposition
r. As onespecialcasewe will considera two-dimensional
array of sensorswith positioncoordinateg andg sothat
rpq = pr1 + gre with orthogonalvectorsr; andr; in the
sensorplane. In the far-field approximation(1), the sensor
obsenationsof the sourceare advancedin time by 7,,, =
p1y + qT2, Where

1
7T = —-Ir;-u
c
1
T, = -rz-u 2
c

aretheintertimedifferencegITD) of sourcebetweeradja-
centsensor®nthegrid alongthep andq placecoordinates,
respectiely. Knowledgeof the angle coodinatesr; and
79 uniquelydeterminesthrough(2), the directionvectoru
alongwhich sourceimpingesthe array in referenceo the
{p, q} plane.



Thesignalobsenredat sensowith positioncoordinates
p andg canbeexpresse@s

L
Tpg(t) = Zsé(t) + Tﬁqél(t) + %(Tﬁq)zge(t) + . npg(t)
3)

wheren,,(t) represenadditive noisein thesensoobsena-
tions. A gradientflow formulationis obtainedby evaluating
spatialgradientsof z,, alongthe p andg positioncoordi-
natesaroundtheoriginp = ¢ = 0:
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wherev;; arethe correspondingspatialderivatives of the
sensomoisen,,, aroundthe center Taking spatialderiva-
tives¢;; of orderi + j < k, anddifferentiatingé;; to order
k — (i + j) in time yields a numberof differentlinear ob-
senationsin the kth-ordertime derivativesof the signalss.

As anexample,considetthefirst-ordercasek = 1, cor
respondingo (3):

Soo(t) = 08" (1) +voo(t),
510 (t) Z(Tféz (t) + V1o (t)7 (5)
So1(t) = D,mes(t) +vou(t).

Taking the time derivative of £y, we thusobtainfrom the

sensorglinearinstantaneousixtureof thetime-differentiated

sourcesignals,
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anequationin the standardorm x = As + n, wherex is
givenandthe mixing matrix A andsourcess areunknown.
Underthe assumptionghatthe sourcesignalsareindepen-
dent,this formulationis equivalentto standardndependent
componenanalysigICA), andanumberof approacheex-
ist for solving this problem[9]. ICA producesat best,an
estimates thatrecoverstheoriginalsources upto arbitrary
scalingandpermutation Thedirectioncosines arefound
from the ICA estimateof A, after first normalizingeach
column(i.e., , eachsourceestimate)sothatthefirst row of
the estimateA, like thereal A accordingto (6), contains
all ones.This simpleprocedurgogethemwith (2) yieldses-
timatesof the direction vectorsi’ alongwith the source
estimates’(¢), which areobtainedby integratingthe com-
ponentsof § overtime andremoving the DC components.
The proposedyradientflow techniquerequirescompu-
tationof temporalderivative andfirst-orderspatialgradients

Fig. 1. Geometnyof a planar four sensorarray

alongp andq directionsof thesignalimpingingon the sen-
sorarray Estimatesof &yg, £190 and &y are obtainedby

finite-differencegradientapproximationon a grid (precise
up to termsat leastof third order),usinga planararray of

four sensorsillustratedin Figurel:
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3. SINGLE SOURCE LOCALIZATION

In the caseof onedirectionalsource the equation(6) sim-
plifiesto

oo(t) = 5(t)+ voo(t),
§io(t) = mis(t) +vio(t), (8)
§o1(t) = 723(t) +vo(t),

andthe problemof estimatingtime delayscorvertsto stan-
dardleast-squarproblemin theunknowvn delaysr; andrs,
with estimates
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Fromleast-squarestimatef the time delays,we candi-
rectly obtainestimate®f azimuthangled andelevationan-
gle ¢ angleaccordingo (2):

1
71 = —|r1| sinfsing
c

1
—|ra| cosfsin¢ (10)
c

T2 =



An interestingobsenationis that the estimateof azimuth
angleis independenbf the speedof soundasit involves
spatialgradientsonly; estimationof the elevationangleon

the other handrequiresknowledge of the speedof sound
in relating spatialand temporalderivatives. The estimate
of azimuthanglecanbe obtainedsimply from the ratio of

delayestimates; ands:

6= arctang (12)
T2
or by finding the null of theexpression
71c08(0) — Tosin(0) . (12)

4. MULTIPLE SOURCE LOCALIZATION

TheICA algorithmwe have choserto implementfor sepa-
ration andlocalizationof multiple sourcess second-order
blind identification(SOBI) algorithm[6, 7, 8]. SOBI deals
effectively with non-stationaryandeven Gaussiarstatistics
for sourcesandnoisein the ICA model(6). The unknavn
sourcesretemporalderivativesof impingingsignals Jead-
ing to temporalstructuralinformationof sourceghat have
to beseparatedThe noisesignalsin theICA modelcanbe
expandedo sensomnoisetermanddispersie ambientoise
term. Thesensomnoisecontritutionsare

Veo $(é-10+ €10+ €0-1 + €01)
Veio = %(610 - 6710) (13)
Veor = 3(eo1—e€o—1)

whereeiq, e_10, €01 andeg_1 represensensonoiseat cor-
respondingensorsSincethecross-correlationf thesignal
andits derivativeis zeroandundertheassumptiorthatsen-
sorsnoiseis uncorrelateécrosghesensoarray thesensor
noisecontribution in ICA modelbecomesspatially white.
Thedispersanoisecovariancematrix, undertheassumption
that correlationbetweensignalscomingfrom differentdi-
rectionsis zero,alsobecomesliagonal Jeadingto diagonal
covariancematrix of completenoisein obsenations.

The SOBI algorithmis basedon a joint diagonalization
of a setof covariancematricesobtainedat differenttime
lags. The covariancematrix of obsenation signalsat time
lag T is

Rq(7) = Elx(t + 7)x7 (t)] = ARs(1)AT + o(7)’L,
(14)

wherewe usedthe assumptiorthat noiseterm is spatially
white. After estimatingthe covariancematricesat differ-

enttime lagsandsubtractingthe estimatechoisecontritu-

tions, by jointly diagonalizingthe obtainedsetof matrices
the mixing matrix A is estimated. The time delayshave

to be chosenin sucha way that covariancematricescarry
maximallydifferentinformation.
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Fig. 2. Meanvalueof estimatedngleusingLMSandSOBI
asbearingangleis sweptfromfrom —10° to 10°.

The use of only second-ordestatisticsmales the al-
gorithm morerobustthanhigherorderstatisticsICA algo-
rithms. It alsoallows separatiorof Gaussiarsources.By
observingthe equation(9), we cannoticethat LMS solu-
tion representa specialcaseof SOBI, asonly acovariance
matrix of zerotime lagis usedfor bearingestimation.

5. EXPERIMENTAL SETUP AND RESULTS

To quantify the performanceof gradientflow bearingesti-
mation, the experimentalsetupwith onedirectionalsource
in open-fieldervironmentwasused.The effective distance
betweermicrophonedn theplanararrayof four sensorsvas
15.87cm. The soundsourcewas bandlimited(20-300Hz)
Gaussiarsignalpresentedhroughaloudspeakr. Datawas
sampledcat2048samplepersecondsThedistancebetween
loudspeakr and microphonearray was approximately18
m. Signal-to-noisd SNR) ratio wasaround25-30dB. The
experimentsvereperformedor bearinganglesirom —10°
to 10° in incrementf 1°. The datawasplayedfor 30 sec-
ondsandthe bearingestimatesvereobtainedfor 1 second
data.

For alocalizationof asinglesource simpleexpressions
can be obtainedfor the CramerRao lower boundon the
varianceof bearingangle assumingsaussiamnivariatedis-
tributionsfor the sourceandnoisecomponent$10]. In this
experimentalsetup,the CramerRao boundwas around1
degree. The assumptiorof uncorrelatechoiseis violated
for subvavelengthsensogeometriesandgradientflow ex-
ploits correlatechoiseandtemporaldependenciet® obtain
superiorbearingaccuracies.

Beforebearingestimatiorof directioncosinesisingtem-
poral and spatial gradients,commonmode offset correc-
tion is performedon the estimatedspatialgradients.Com-
mon mode offsetsarisefrom gain mismatcherrorsin the
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Fig. 3. Standad deviation of estimatedangle usingLMS
andSOBIlasbearingangleis sweptfromfrom —10° to 10°.

sensors. Sincethe correlationbetweenary signalandits
time-derivative is zero, the correlationbetweencommon-
modeand gradientvariableis also zero. Therefore,using
only second-ordestatisticsye canestimatethe leakageof
common-modeomponenin gradientestimatesand com-
pensatdor it.

Theestimate®f bearinganglewereobtainedwith both
LMS andSOBI. The meanof estimatordor bearingangles
from —10° to 10° is shawvn in Figure 2, andthe standard
deviationis shawvn in Figure3. As expectedthe estimators
obtainedusing ICA algorithmhave smallerbiaserror and
varianceachieving sub-dgreeaccurag.

In Figure4 we shaw thefrequeng characteristicsf the
estimatedourcesignalsobtainedwvith SOBIfor onesecond
of dataandonebearingangle.Sincewe have threeobsena-
tionsin ourICA model,we canestimataupto threesources.
Thefirst estimatedsourceis the temporalderivative of the
bandlimited(20-300Hz)Gaussiarsignalpresentedhrough
the loudspeakr, while the secondandthird, muchsmaller
in amplitude represensomeinterferingbackgroundlirec-
tional sourcesor wind noise.

6. CONCLUSION

Gradientflow offersaframeavork in which ICA canbe ap-
plied directly to bearingestimation.We obtainedimprove-
mentsin accurag by modelingsignal, noiseandinterfer
enceusingsecond-ordeiemporaldecorrelationg the SOBI
ICA framework, exploiting non-stationarityin the signal
andinterferingnoisesources Experimentalesultsdemon-
strateangularesolutiondettethanpredictedoy theCramer
Rao lower boundfor maximume-likelihood estimationas-
sumingstationaryuncorrelatedsaussiamoisecomponents
[10].
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Fig. 4. Spectrunof the estimatedsouicesobtainedby the
SOBIlalgorithmfor onesecondf dataandonebearingan-
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