Enhancing sound sour ces by use of binaural spatial cues
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Abstract

A highly desirablepossibleapplicationof simulationof audi-
tory sceneanalysisis the developmentof hearingaids capable
of suppressinglisturbingsoundsourcesn complex noiseenvi-
ronments.It is well-known thatin suchsituationsspatialcues
contribute a small, but often decisve hint for auditory scene
analysis. Concerningnoise suppressionthey have the inter
estingadwantagethat they do not require prior knowledge of
the soundsourcespectrumandthatthe directionsof the sound
sourcexhangaelatively slowly.

Part of thesespatialcuesareinterauralphaseandlevel dif-
ferencesUsinga statisticalapproachit is possibleto usethese
parametergrom a mixture of soundsourcedo estimatesound
sourcedirection. It hasbeenshavn thatthis workswell evenin
moderateo low signalto noiseratioswith anaccurag compa-
rableto whathumansubjectsachieve[10, 8].

Using known head-relatedransferfunctions, estimateof
the soundsourcedirectioncanbedirectly usedto enhancene
signalfrom a two-microphonerecordingof two signals.How-
ever, if morethantwo soundsourcesare involved, additional
informationis neededo estimatethe contributions of the dif-
ferentsourcesThis informationcanbe gainedby "binding” or
integratingtemporalinformationfrom the signalervelopewith
informationon soundsourcedirection. Thereforecorrelations
of directioninformation and spectro-temporafeaturesare ex-
amined. Resultsshaw clearcorrelationsbetweenthe envelope
of the sourcesandthedirectionalinformation.

1. Introduction

In difficult listeningsituations,humansexploit spatialcharac-
teristicsof soundsignalsby mechanism®f binauralhearing.
Part of the signalfeatureghatresultfrom the directionalfilter-

ing of headandpinnaarethe interauralphaseandlevel differ-

ences.

Interauralphaseand level differencesshav characteristic
patternsfor eachdirection. In quiet ervironments,thesepat-
ternshave beenusedfor the classificationof soundsourcedi-
rectionby neuralnetworks; howeverin ervironmentswith high
levels of noise, this is a relatively difficult task[7, 4, 3]. The
reasonfor this is that the identificationof directionsdepends
partly onthefine structureof phaseandlevel differenceavhich
is disturbedstronglyin noise.Phaseandlevel differenceof the
noisefield interactwith the parameterof the soundsources,
leadingto somecharacteristic®.g.themeanevel differenceof
anisotropicnoisefield will bezero,andthustheresultinglevel
differencedrom ary soundsourcewill be‘pulled’ towardszero
onaverage.Thereforefor areliableestimatiorof soundsource
direction,thisinfluencehasto betakeninto account.

Oncethe soundsourcedirectionsare known, there exist
two possiblestratgjies for enhancinga specificsoundsource.

If only two sourcesare presentin one instantof time, both
sourcescanbe reconstructedby inversefiltering of the micro-
phonesignalsusingthe known headrelatedtransferfunctions
(HRTF) for eachdetecteddirection. If morethantwo sound
sourcesarepresentthis informationis insufficient for anexact
estimationof the original sourcesand additionalinformation
is needed However, the soundsourcedirectioncanbe usedto
reveal partof the dependenciebetweerthe sourcespectraand
the obsened two-microphonesignal. Furthermorethis paper
specificallyinvestigatego what extenta statisticallocalization
modelcanbeusedto gaininformationabouttheenvelopeof the
soundsources.

2. Sound localization based on statistics of
binaural parameters

Let H, ¢,»(f) bethehead-relatetransferfunction (HRTF) for
the directionwith azimutha andelevation 6 for the right ear
and H, 0,:(f) the HRTF for the left ear both assumedo be
non-zero.Then

_ Hiao),r(f)
Ho,0),(f)

is the interauraltransferfunction for a soundsignalfrom
thisdirection. In thefollowing we assumall spectreo beaver
agedover discretefrequeny bandsof half the equivalentrect-
angularbandwidth(ERB) of critical bands. Assuming X ( f)
being the shorttime critical bandsspectrumof a soundsig-
nal with non-zeropower densitiesjnterauralphasedifferences
A¢(f) andlevel differencesAL(f) of X(f) filtered by the
left andright HRTF arethe phaseandlevel of I(, gy(f). Su-
perpositionof signalsfrom different directionswill resultin
fluctuatingphaseandlevel differencesthusA¢( f) andAL( f)
becomerandomvariables. We assumeone directionalsound
sourcefrom a certain direction superposedvith a perturbing
noisefield with a certainsignal-to-noiseatio (SNR).Giventhe
statisticsof thesebinauralparametersthe soundsourcedirec-
tion can be estimatedby a Bayesianclassification,aswill be
shown.

By groupingphaseandlevel differencedor eachinstantin
time in afeaturevector

I(a,G)(f)

T =(A¢(1),A¢(2), A¢(3),... AL(1), AL(2),AL(3),...)

a multidimensionalprobability densityfunction P(Z) can
be defined.Dueto the large dimension the distribution of this
probability densityfunction (PDF) cannotbe estimatedfrom
obsenations, but the PDF of the componentsc; of Z canbe
estimatedby observinghistogramsof the phaseand level dif-
ferences. Thesehistogramsrepresenthe estimatedmaginal
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distributions P(z ;). Fromthese the estimateP (&) canbe ap-
proximatedasthe productof the mamginal distributionsby as-
sumingindependentandomprocesses:

P@) =[] Pas)
f

The estimatedPDF P(#) dependson azimuthand eleva-
tion of the target soundsource. Now, given thatthe estimates
P, ¢(Z) for all directions(a, #)) areknown, anda featurevec-
tor from somesourcein the samenoisefield is obsered, the
probability for the presencef the direction(d, #) canbe cal-
culatedusingBayes'formula:

) P (@)
4,0)) = L7
P& E(a,ﬂ) Pla0)(%)

Theresultingprobabilitiesfor eachdirectionaresmoothedy a
first-orderlow-pasfilter with 200mstime constantTheresult
of this smoothingwill be referredto as"lik elihood score”for
thisdirection.Becausehelikelihoodscoreis theprobabilityfor
the presencef a sourcein this direction, its valueis between

0 andl. Thedirection(&, ) with the highestlik elihoodscore
canbeusedasestimateof thedirectionof the mostactive sound
source. _

Thea-priori parameters, ¢y(Z£) canbeviewedasatype
of “learned” referencesthe learningstepbeing similar to the
training of neuralnetworks. A diagramof the completeal-
gorithm is givenin figure 1. The describedschemewasim-
plementedon a digital signal processosystemdescribedde-
scribedby Wittkop et. al. [12]. In thisimplementationthetime
signalwassampledat 25000kHz. Thetime signalwassubse-
guentlyanalyzedisinga512pointFFT, yieldingoneshort-time
spectrumevery 8 ms. A maximumfrequeng resolutionof 0.5
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Figure2: RMS errrorof azimuthestimateasfunctionof SNR

ERB wasusedby groupingthe frequeng axisin 43 bandsbe-
tween50 Hz and 8kHz. To minimize front/backerrorsandto
allow for estimationof the elevation alongthe “conesof con-
fusion”, which shaw largely symmetricalphysicalcues,a high
spatialresolutionis necessatyresultingin a large numberof
histograms.In orderto reducethe amountof data,the result-
ing histogramswvere compressedndsmootheddy a hierarchi-
cal WARD clusteranalysis[6]. This compressiorallows for a
reductionof histogramdataby a factorof 70 andreduceshe
computationaloadby thefactor6.

3. Localization performancein noise

TheBayesiarclassificatiorlocalizationalgorithmwastestedn
a numberof differenttarget/noiseconditions. In this tests,the
referenceconditionusedto estimatethe a-priori PDF werede-
rived from recordingsof a mixture of four spealersfrom 430
directionswith eachrecordinghaving a durationof 20 sec. As
the noise,a 25 secrecordingfrom a busy university cafeteria
wasused. All soundsamplesvere capturedwith ITE hearing
aids worn by the samehumansubjectand recordedon DAT
tape.

The signalsusedto testthe localizationperformancevere
recordingsof one male speakr from 96 directions. Each
recordinghad 25 secsignallength, so that eachdatapoint in
theresultingplotsis derivedfrom 120,000directionestimates.

Figure2 shows the RMS averageof the azimutherrorasa
functionof the SNR.This errormeasuréncreasefrom 11.7 at
an SNR of 30 dB to35’atan SNRof 0 dB. Figure 3 shaws the
percentagef front/backconfusionsasafunctionof the SNR. It
indicateghatthe percentagef front/backconfusionsncreases
from 24% at high SNR to about40% at an SNR of -5 dB.
Both resultsagreewell with the performanceangeof human
subjectdor directionalwhite noiseasnoiseervironmentanda
click train astargetsoundsource asreportedby [5].

4. Generalization ability

Becausehe a-priori referenceprobabilitiesdependon the type
of the noisefield, the Bayesianclassificationwill performless
than optimum when the referencesare appliedto a different
type of soundfield. However, extensve testshad the result
that the localizationperformancedependsnostly on the SNR
of thetestsituation,andthataslong asthe noisein the “learn-
ing” situationaswell asthe noisein the testsituationis com-
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Figure 3: Percentagef front/back confusionsas function of
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trainednoise C S M T1 T2 A
testednoise
Cafeteria 340 36.7 377 37.0 437 471

Stationconcourse 352 368 378 37.7 420 498
M etalworkshop 36.3 384 378 36.7 421 455
Traffic 1 356 375 375 361 435 465
Traffic 2 409 414 440 492 340 446
Automobile(inside) | 333 350 353 31.1 353 30.1

Tablel: Percentagef front/backconfusiondor differentnoise
ervironmentsn trainingandtestphase SNRalways5 dB. Per
centagesvhich arehigherthan5 % above the minimum of the
row, areprintedin boldface.

posedof sometype of speechperformances degradedonly

slightly [10]. An examplefor this resultis givenin table 1,

which containsa matrix of noiseconditionscontainingspeech
and other noisesourcesfor 36 training / testcondition pairs.
Numbers,in which the percentagef front back confusionsis

3% or higherabove theminimumfor thisreferenceareprinted

in boldface.

5. Localization of concurrent speakers

The localizationalgorithmyields two distinct maximafor the
likelihoodscoredor two interferingspealers, evenif the level

of the spealers differ by 15 dB. For example,in a testseries
with one fixed spealer from five directions,and one spealer
from 96 directions,the moreintensespeakr reachedalwaysa
percentagef ‘most likely direction’ between30% and50%,

and the percentagdor the lessdominantspealkr is typically

about10% to 20% . Excludingfront/backconfusionsandel-

evation errors,likelihood scoresfor non-actve directionshave

beenalwayslessthan2%. This propertyis dueto the factthat
by the spectralandtemporalintegrationof the probability val-

ues, high likelihood scoresfor existing sourcesarereachedas
long asthe sourceslo notoverlapcompletelyin thetime andin

thefrequeny domain.

6. Demixing two sound sources

AssumingX,. s is theshorttime spectrurnof theright earsignal
for thefrequeny bandf, andX;, s thecorrespondingpectrum
of theleft earsignal,andSy,,, arethen soundsourcesthenthe

filtering of the soundsourcesy the known HRTF Hy .. ,, and
Hy;,; , canbedescribedasalinearoperation:

St
Sf,2

Xep \_( Hpra Hpr2 ... Hprn St3
Xl,f Hf,l,l Hf,l,2 P Hf,l,N :
Sf,N
@

which canbewritten
&y = He3y 2

This, if X} andthe soundsourcedirections,andtherefore
Hy i/, areknown, and N equals2, theoriginal soundsources
canbe demixed by matrix inversionof Hg. Becausehe sound
sourcedirectionchange®nly slowly in time, thedirectionscan
be estimatedy the long-termaverageof thefirst two maxima
of the likelihood score. In this case,demixing the sourcess
equivalentto a two-microphoneadaptve beamformerthetime
constanfor theadaptiorbeingin theorderof 1 s.

7. Correlations of envelopes and likelihood
score

If N > 2, theinverseof the mixing matrix He is not well-
defined.However, usingadditionalrestrictionsa solutionwith
minimumerrorcanbe defined.

Potentiallyusefulrestrictionscanbederivedfrom statistical
propertiesof speech.First, it is knowvn thatthe spectralpowver
densitieof theshort-timespectraarecorrelatedn adjacentre-
queng bands[2, 1]. Secondthe likelihoodscoreof direction
informationis correlatedio the envelopeof the corresponding
soundsource.Both propertiescanbe usedto reducethe possi-
ble solutionsfor theinverseof Hg.

Thefigures4 and 5 shav theenvelopesof a mixture of two
speakrsat0 dB onthetop, theervelopesof onespealer (target
or jammer)in the mid, andthelogarithmizedik elihoodscores
for the direction of eachspealer at the bottom. The figures
reveal thatlikelihoodscoresare correlatedwith the ervelopes.
The correlationsvaluesare 0.46 for the signal selectedn fig-
ure4, and0.12for the secondsignal. Smoothingby alow-pass
filter increaseshecorrelation.

8. Conclusions

e From binauralrecordings directioninformationcanbe
extractedby Bayesianclassificationof interauralphase
andlevel differences.

e Thelocalizationalgorithmworkswell atmoderateo low
SNR. The performanceof soundlocalizationis compa-
rableto humansubjects.

e |f trainedand testednoise ervironmentdo not match,
but both trainedand testedenvironmentcontainspeech
noise, the localization performance degrades only
slightly.

e For a two-source situation, demixing of the sound
sourceds possibleby inversionof a matrix composed
of theHRTF. Dependingon theaccurag of thesampled
HRTF, additionaladaptatiorstepsmaybenecessary

e For morethantwo soundsourcesthedirectioninforma-
tionis not sufficientto unmixthe sourcesandadditional
constraintaarenecessary
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Figure 4: Envelopesof mixed signal (top) and target signal
at -90°azimuth (mid), and log likelihood scorefor the tamget
spealkerin atwo-speakr situation(bottom).
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e The likelihood scorefrom the Bayesianclassification
containsinformation concerningthe ervelopesof the
componensignals.This couldbeusede.g.for ervelope
filtering of thecomponentsignals.

9. References

Jorn Anemilller. Across-frequency processing in convo-
lutive blind source separation. PhD thesis,University of
Oldenlurg, Germary, July 2001.

Jorn Anemilller and Birger Kollmeier  Amplitude mod-
ulation decorrelationfor corvolutive blind sourcesepa-
ration. In P. Pajunenand J. Karhunen, editors, Pro-
ceedings of the second international workshop on in-
dependent component analysis and blind signal sepa-
ration, pages215-220,2000. http://www.physik.uni-
oldenturg.de/Docs/medi/members/ane/pub

M. S. Datum, F. Palmieri, andA. Moisef. An artificial
neural-netwrk for soundocalizationusingbinauralcues.
J. Acoust. Soc. Am., 100(1):372—-383Junel996.

R. O. Duda. Elevationdependencef theinterauraktrans-
fer function. In RobertH. Gilkey andTimothy R. Ander
son, editors, Binaural and Spatial Hearing in Real and
Virtual Environments, pages49-75. LawrenceErlbaum
Assoc.,Mahwah, New Jersg, 1997.

Michael D. GoodandRobertH. Gilkey. Soundlocaliza-
tion in noise: Theeffectof signal-to-noiseatio. J. Acoust.
Soc. Am., 99:1108-1117Februaryl1996.

Bruno Kopp. Hierarchicalclassificationlll: Average-
linkage, median,centroid, WARD, flexible strateyy. Bio-
metrical J., 20(7/8):703-7111978.

C. Neti, E. D. Young,andM. H. Schneider Neuralnet-
work modelsof soundlocalizationbasedon directional

100 T

level [dB] level [dB]

likelihood score

bbbk o

©
o
T——"

Envelope and likelihood score

I

10 15 20 25
seconds

Figure5: Envelopesof mixed signal (top) and noisesignal at
155 azimuth(mid), andlog likelihoodscorefor the jammerin
atwo-speakr situation(bottom).

(8]

(9]

[10]

[11]

[12]

filtering by the pinna. J. Acoust. Soc. Am., 92(6):3140—
3156,1992.

Johannes Nix and Volker Hohmann. Statistics
of interaural parametersin real sound fields em-
ploying one directional sound source and its ap-
plication to sound source localization. J. Acoust.
Soc. Am,, —. in preparation, http://www.physik.uni-
oldenhurg.de/Docs/medi/members/jnix/.

JohanneNix and Volker Hohmann. Lokalisationim
Stirgerauschauf der Basis der Statistik binauralerPa-
rameter In Albert Sill, editor, Fortschritte der Akustik-
DAGA' 98, pages474-475, Oldenturg, 1998. DEGA
(DeutscheGesellschaffur Akustik e. V.), DEGA.

JohanneNix and Volker Hohmann. Statisticsof bin-
aural parametersand localizationin noise. In Torsten
Dau, Volker Hohmann, and Birger Kollmeier, editors,
Psychophysics, Physiology and Models of Hearing, pages
263-266, Singapore,1999. World Scientific Publishing
Co.

Johanneslix andVolker Hohmann RolusteLokalisation
im StorgerauschaufderBasisstatistischeReferenzenlin
Albert Sill, editor, Fortschritte der Akustik- DAGA’ 2000,
Oldenlurg, 2000. DEGA (Deutsche Gesellschaftfur
Akustik e. V.).

Thomas Wittkop, StephanAlbani, Volker Hohmann,
JurgenPeissig,William S. Woods,andBirger Kolimeier.

Speectprocessingor hearingaids: Noisereductionmo-

tivatedby modelsof binauralinteraction.Acustica united

with acta acustica, 83(4):684—6991997.



