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Abstract
A highly desirablepossibleapplicationof simulationof audi-
tory sceneanalysisis thedevelopmentof hearingaidscapable
of suppressingdisturbingsoundsourcesin complex noiseenvi-
ronments.It is well-known that in suchsituationsspatialcues
contribute a small, but often decisive hint for auditory scene
analysis. Concerningnoisesuppression,they have the inter-
estingadvantagethat they do not requireprior knowledgeof
thesoundsourcespectrum,andthatthedirectionsof thesound
sourceschangerelatively slowly.

Partof thesespatialcuesareinterauralphaseandlevel dif-
ferences.Usinga statisticalapproach,it is possibleto usethese
parametersfrom a mixtureof soundsourcesto estimatesound
sourcedirection.It hasbeenshown thatthisworkswell evenin
moderateto low signalto noiseratioswith anaccuracy compa-
rableto whathumansubjectsachieve[10, 8].

Using known head-relatedtransferfunctions,estimatesof
thesoundsourcedirectioncanbedirectly usedto enhanceone
signalfrom a two-microphonerecordingof two signals.How-
ever, if more than two soundsourcesare involved, additional
information is neededto estimatethe contributionsof the dif-
ferentsources.This informationcanbegainedby ”binding” or
integratingtemporalinformationfrom thesignalenvelopewith
informationon soundsourcedirection. Thereforecorrelations
of directioninformationandspectro-temporalfeaturesareex-
amined.Resultsshow clearcorrelationsbetweentheenvelope
of thesourcesandthedirectionalinformation.

1. Introduction
In difficult listeningsituations,humansexploit spatialcharac-
teristicsof soundsignalsby mechanismsof binauralhearing.
Part of thesignalfeaturesthat resultfrom thedirectionalfilter-
ing of headandpinnaarethe interauralphaseandlevel differ-
ences.

Interauralphaseand level differencesshow characteristic
patternsfor eachdirection. In quiet environments,thesepat-
ternshave beenusedfor the classificationof soundsourcedi-
rectionby neuralnetworks;however in environmentswith high
levels of noise,this is a relatively difficult task [7, 4, 3]. The
reasonfor this is that the identificationof directionsdepends
partlyon thefinestructureof phaseandlevel differenceswhich
is disturbedstronglyin noise.Phaseandlevel differencesof the
noisefield interactwith the parametersof the soundsources,
leadingto somecharacteristics,e.g.themeanlevel differenceof
anisotropicnoisefield will bezero,andthustheresultinglevel
differencesfrom any soundsourcewill be‘pulled’ towardszero
onaverage.Therefore,for areliableestimationof soundsource
direction,this influencehasto betakeninto account.

Once the soundsourcedirectionsare known, thereexist
two possiblestrategies for enhancinga specificsoundsource.

If only two sourcesare presentin one instant of time, both
sourcescanbe reconstructedby inversefiltering of the micro-
phonesignalsusingthe known headrelatedtransferfunctions
(HRTF) for eachdetecteddirection. If more than two sound
sourcesarepresent,this informationis insufficient for anexact
estimationof the original sources,andadditionalinformation
is needed.However, thesoundsourcedirectioncanbeusedto
revealpartof thedependenciesbetweenthesourcespectraand
the observed two-microphonesignal. Furthermore,this paper
specificallyinvestigatesto whatextenta statisticallocalization
modelcanbeusedto gaininformationabouttheenvelopeof the
soundsources.

2. Sound localization based on statistics of
binaural parameters
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bethehead-relatedtransferfunction(HRTF) for
the directionwith azimuth � andelevation � for the right ear,
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is the interauraltransferfunction for a soundsignal from

thisdirection.In thefollowing weassumeall spectrato beaver-
agedover discretefrequency bandsof half theequivalentrect-
angularbandwidth(ERB) of critical bands. Assuming � ��

�
being the short time critical bandsspectrumof a soundsig-
nal with non-zeropower densities,interauralphasedifferences��� ��

�

and level differences
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�

of � ��

� filtered by the
left andright HRTF arethe phaseandlevel of
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�
. Su-

perpositionof signalsfrom different directionswill result in
fluctuatingphaseandlevel differences,thus
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�
and
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�
becomerandomvariables. We assumeone directionalsound
sourcefrom a certaindirection superposedwith a perturbing
noisefield with a certainsignal-to-noiseratio (SNR).Giventhe
statisticsof thesebinauralparameters,the soundsourcedirec-
tion can be estimatedby a Bayesianclassification,aswill be
shown.

By groupingphaseandlevel differencesfor eachinstantin
time in a featurevector�� ��� ��� �! ���" ��� ��#$��" ��� �&%'��")(*()( ��� �! ���" ��� ��#	��" ��� �&%	��"�()()( �

a multidimensionalprobability densityfunction + � �� � can
bedefined.Dueto the largedimension,thedistribution of this
probability density function (PDF) cannotbe estimatedfrom
observations,but the PDF of the components�-, of

�� canbe
estimatedby observinghistogramsof the phaseandlevel dif-
ferences. Thesehistogramsrepresentthe estimatedmarginal
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Figure1: Block diagramBayes-cluster-algorithm

distributions .+ � � , � . Fromthese,theestimate .+ � �� � canbeap-
proximatedasthe productof the marginal distributionsby as-
sumingindependentrandomprocesses:.+ � �� �/�10 , .+ � �-, �

The estimatedPDF .+ � �� � dependson azimuthandeleva-
tion of the target soundsource.Now, given that the estimates.+ ��� � � �� � for all directions

� � " � �2� areknown, anda featurevec-
tor from somesourcein the samenoisefield is observed, the
probability for the presenceof the direction

�-3� " 3� � canbe cal-
culatedusingBayes’formula:+ �2�-3� " 3� �2��� .+ ��4��� 4��� � �� �5 � ��� ��� .+ � ��� �*� � �� �
Theresultingprobabilitiesfor eachdirectionaresmoothedby a
first-orderlow-passfilter with 200mstimeconstant.Theresult
of this smoothingwill be referredto as“lik elihoodscore” for
thisdirection.Becausethelikelihoodscoreis theprobabilityfor
the presenceof a sourcein this direction, its valueis between
0 and1. Thedirection

�'6� " 6� � with thehighestlikelihoodscore
canbeusedasestimateof thedirectionof themostactivesound
source.

Thea-priori parameters.+ � ��� ��� � �� � canbeviewedasa type
of “learned” references,the learningstepbeingsimilar to the
training of neural networks. A diagramof the completeal-
gorithm is given in figure 1. The describedschemewas im-
plementedon a digital signal processorsystemdescribedde-
scribedby Wittkopet. al. [12]. In this implementation,thetime
signalwassampledat 25000kHz. The time signalwassubse-
quentlyanalyzedusinga512pointFFT, yieldingoneshort-time
spectrumevery 8 ms. A maximumfrequency resolutionof 0.5
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Figure2: RMS errrorof azimuthestimateasfunctionof SNR

ERB wasusedby groupingthe frequency axis in 43 bandsbe-
tween50 Hz and8kHz. To minimize front/backerrorsandto
allow for estimationof the elevation alongthe “conesof con-
fusion”, which show largely symmetricalphysicalcues,a high
spatialresolutionis necessary, resultingin a large numberof
histograms.In orderto reducethe amountof data,the result-
ing histogramswerecompressedandsmoothedby a hierarchi-
cal WARD clusteranalysis[6]. This compressionallows for a
reductionof histogramdataby a factorof 70 andreducesthe
computationalloadby thefactor6.

3. Localization performance in noise
TheBayesianclassificationlocalizationalgorithmwastestedin
a numberof differenttarget/noiseconditions. In this tests,the
referenceconditionusedto estimatethea-priori PDFwerede-
rived from recordingsof a mixture of four speakers from 430
directionswith eachrecordinghaving a durationof 20 sec.As
the noise,a 25 secrecordingfrom a busy university cafeteria
wasused. All soundsampleswerecapturedwith ITE hearing
aids worn by the samehumansubjectand recordedon DAT
tape.

Thesignalsusedto testthe localizationperformancewere
recordingsof one male speaker from 96 directions. Each
recordinghad25 secsignal length,so that eachdatapoint in
theresultingplotsis derivedfrom 120,000directionestimates.

Figure2 shows theRMS averageof theazimutherrorasa
functionof theSNR.Thiserrormeasureincreasesfrom 11.78 at
anSNRof 30 dB to358 at anSNRof 0 dB. Figure3 shows the
percentageof front/backconfusionsasafunctionof theSNR.It
indicatesthatthepercentageof front/backconfusionsincreases
from 24% at high SNR to about40% at an SNR of -5 dB.
Both resultsagreewell with the performancerangeof human
subjectsfor directionalwhite noiseasnoiseenvironmentanda
click train astargetsoundsource,asreportedby [5].

4. Generalization ability
Becausethea-priori referenceprobabilitiesdependon thetype
of thenoisefield, theBayesianclassificationwill performless
than optimum when the referencesare applied to a different
type of soundfield. However, extensive testshad the result
that the localizationperformancedependsmostly on the SNR
of thetestsituation,andthataslong asthenoisein the“learn-
ing” situationaswell asthe noisein the testsituationis com-
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Figure 3: Percentageof front/backconfusionsas function of
SNR

trainednoise C S M T1 T2 A
testednoise
Cafeteria 34.0 36.7 37.7 37.0 43.7 47.1
Stationconcourse 35.2 36.8 37.8 37.7 42.0 49.8
Metalworkshop 36.3 38.4 37.8 36.7 42.1 45.5
Traffic 1 35.6 37.5 37.5 36.1 43.5 46.5
Traffic 2 40.9 41.4 44.0 49.2 34.0 44.6
Automobile(inside) 33.3 35.0 35.3 31.1 35.3 30.1

Table1: Percentageof front/backconfusionsfor differentnoise
environmentsin trainingandtestphase,SNRalways5 dB. Per-
centageswhich arehigherthan5% above theminimumof the
row, areprintedin boldface.

posedof sometype of speech,performanceis degradedonly
slightly [10]. An example for this result is given in table 1,
which containsa matrix of noiseconditionscontainingspeech
andothernoisesources,for 36 training / testconditionpairs.
Numbers,in which the percentageof front backconfusionsis
3% or higherabove theminimumfor this reference,areprinted
in boldface.

5. Localization of concurrent speakers
The localizationalgorithmyields two distinct maximafor the
likelihoodscoresfor two interferingspeakers,even if the level
of the speakers differ by 15 dB. For example,in a test series
with one fixed speaker from five directions,and one speaker
from 96 directions,themoreintensespeaker reachedalwaysa
percentageof ‘most likely direction’ between30% and50%,
and the percentagefor the lessdominantspeaker is typically
about10% to 20% . Excludingfront/backconfusionsandel-
evation errors,likelihoodscoresfor non-active directionshave
beenalwayslessthan2%. This propertyis dueto thefact that
by thespectralandtemporalintegrationof theprobabilityval-
ues,high likelihoodscoresfor existing sourcesarereachedas
longasthesourcesdonotoverlapcompletelyin thetimeandin
thefrequency domain.

6. Demixing two sound sources
Assuming� �:� , is theshorttimespectrumof theright earsignal
for thefrequency band



, and � �;� , thecorrespondingspectrum

of theleft earsignal,and < , � = arethe > soundsources,thenthe

filtering of the soundsourcesby the known HRTF
� , � �:� = and� , � �;� = canbedescribedasa linearoperation:

? � �:� ,� �;� ,�@ � ? � , � �:� AB� , � �2� CD(*()(E� , � �:� F� , � �;� AG� , � �;� CH(*()(I� , � �;� F @
JKKKKL < , � A< , � C< , � M

...< , � F
NPOOOOQ

(1)
whichcanbewritten ��-, �SRUT �V�, (2)

This, if
�� , andthesoundsourcedirections,andtherefore� , � �XWY�2� = areknown, and Z equals2, theoriginalsoundsources

canbedemixedby matrix inversionof
R T

. Becausethesound
sourcedirectionchangesonly slowly in time, thedirectionscan
beestimatedby the long-termaverageof thefirst two maxima
of the likelihood score. In this case,demixing the sourcesis
equivalentto a two-microphoneadaptive beamformer, thetime
constantfor theadaptionbeingin theorderof 1 s.

7. Correlations of envelopes and likelihood
score

If Z\[ #
, the inverseof the mixing matrix

RUT
is not well-

defined.However, usingadditionalrestrictions,a solutionwith
minimumerrorcanbedefined.

Potentiallyusefulrestrictionscanbederivedfrom statistical
propertiesof speech.First, it is known that thespectralpower
densitiesof theshort-timespectraarecorrelatedin adjacentfre-
quency bands[2, 1]. Second,the likelihoodscoreof direction
informationis correlatedto the envelopeof the corresponding
soundsource.Both propertiescanbeusedto reducethepossi-
blesolutionsfor theinverseof

RUT
.

Thefigures4 and 5 show theenvelopesof amixtureof two
speakersat0 dB onthetop,theenvelopesof onespeaker (target
or jammer)in themid, andthelogarithmizedlikelihoodscores
for the direction of eachspeaker at the bottom. The figures
reveal that likelihoodscoresarecorrelatedwith theenvelopes.
The correlationsvaluesare0.46 for the signalselectedin fig-
ure4, and0.12for thesecondsignal.Smoothingby a low-pass
filter increasesthecorrelation.

8. Conclusions] From binauralrecordings,direction informationcanbe
extractedby Bayesianclassificationof interauralphase
andlevel differences.] Thelocalizationalgorithmworkswell atmoderateto low
SNR.Theperformanceof soundlocalizationis compa-
rableto humansubjects.] If trainedand testednoiseenvironmentdo not match,
but both trainedandtestedenvironmentcontainspeech
noise, the localization performance degrades only
slightly.] For a two-source situation, demixing of the sound
sourcesis possibleby inversionof a matrix composed
of theHRTF. Dependingon theaccuracy of thesampled
HRTF, additionaladaptationstepsmaybenecessary.] For morethantwo soundsources,thedirectioninforma-
tion is notsufficient to unmix thesources,andadditional
constraintsarenecessary.
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Figure 4: Envelopesof mixed signal (top) and target signal
at -908 azimuth(mid), and log likelihood scorefor the target
speaker in a two-speaker situation(bottom).

] The likelihood scorefrom the Bayesianclassification
containsinformation concerningthe envelopesof the
componentsignals.This couldbeusede.g.for envelope
filtering of thecomponentssignals.
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