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ABSTRACT

Microphonearraypost- Iters have demonstratetheir abil-
ity to greatly reducenoiseat the outputof a beamformer
However, currenttechniquesnly considera single source
of interest, most of the time assumingstationary back-
groundnoise. We proposea microphonearray post- Iter
thatenhanceshe signalsproducedby the separatiorof si-
multaneousourceaisingcommonsourceseparatioralgo-
rithms. Our methodis basedn aloudness-domaioptimal
spectralestimatorandon the assumptiorthatthe noisecan
be describedasthe sumof a stationarycomponentand of
a transientcomponenthat is due to leakagebetweenthe
channel®f theinitial sourceseparatioralgorithm. Thesys-
tem is evaluatedin the context of mobile roboticsand is
shawvn to producebetterresultsthan currentpost- Itering
techniquesgreatlyreducinginterferencewhile causinglit-
tle distortionto thesignalof interest.evenatverylow SNR.

1. INTRODUCTION

Mobile robotswith abilitiesto talk andlistenshouldbeable
to discriminateand separatesimultaneoussound sources
while moving. For example,in the contet of the cocktalil
party effect, the algorithmshave to berobustandshouldal-
low the separatiorof simultaneousoices.

In thepresentvork we rst performacrudelinearsepa-
rationof thesourcesaandthenusethe proposedgost- Iter to
furtherenhancehe signalsandsuppresshe contritution of
the perturbatingsources.Our post- lter is inspiredby the
original work of Cohen[1] who proposes post- Iter de-
signedfor a beamformemith onesourceof interestin the
presencef stationarybackgroundandtransientnoises.In
the presentwvork we extendthe principle to multiple local-
izedsourceof interest.

We assumethat both the signal of interestand the in-
terferenceganay be presentat the sametime and for the
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samefrequeng bin. Thenaovelty of ourapproachresidesn
thefactthat, for eachsourceof interestwe decompos¢he
noiseestimateinto a stationaryanda transientcomponent
assumediueto leakagebetweenchannelsoccuringduring
theinitial separatiorstage.

For eachoutputchannelof the linear sourceseparatar
we adaptvely estimatethe interferenceparametergvari-
anceandSNR)andusethem1) to computethe probability
of targetedspeectpresence®) in thesuppressiomule when
bothspeectandinterferencearepresent.

We also proposethe useof a Minimum Mean Square
Estimation(MMSE) of the loudness- insteadof the com-
mon log amplitudeestimation- yielding a more ef cient
cleaningof thesignalwhentamgetedspeechs notpresentn
thechannebf interest.

Section2 givesan overview of the systemand Section
3 describeghe proposedpost- Iter. Resultsanddiscussion
arethenpresentedn Section4 with the conclusionin Sec-
tion 5.

2. SYSTEM OVERVIEW

Thesourceseparatiosystendiscussethereis composeaf
two subsystems1) a linear sourceseparation(LSS) algo-
rithm and 2) the proposedpost- Iter (Fig. 1). By linear
separation algorithm, we meanary separationalgorithm
for which a channeloutputis the result of a linear trans-
formation of the microphonesignals. Most Blind Source
Separatior{BSS)algorithmsfall in this cateyory, aswell as
distortion-lesheamformerandGeometricSourceSepara-
tion (GSS)techniqueg2].

The Linear SourceSeparatiorsystemusedfor our ex-
perimentss inspiredfrom theseconatonstrainedC2) meth-
odin [2] andcomprises

1. Thelocalizationalgorithmsuchasthe onedescribed
in [3] — It is basedon the Time Delay of Arrival
(TDOA) estimation;
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Fig. 1. Overview of thecompleteseparatiorsystem.
Zn(k,)yn = 0...N 1.  Microphone inputs,
Ym(k, D), m = 0...M 1. Inputsto the post- Iter,
Kk, ) = Gm(k,)Ym(k,0), m = 0...M 1: Post-
Iter outputs.

2. Theestimatednixing matrix — Assumingunity gain
for all microphoneswhile the phasesare computed
from thelocalizationalgorithm;

3. Thepseudo-imerseof the estimatednixing matrix.

In the designof the proposedsystem we alreadytake into
accountthatthe nal applicationis mobile robotics. As a
consequencegur implementatiorof the LSS systemdoes
not include ary iterative algorithm— by the time corver-
genceis reached,the robot (or one source)has already
moved. We are aware that the LSS algorithmis far from
perfect(hencethe needfor a post- Iter) becausenf local-
isationaccurag, reverberationandimperfectmicrophones
(non-identicalresponse) We designthe post- Iter in such
away thatary sourceseparatioralgorithm(includingblind
algorithmsthat do not requirelocalizationof the sources)
canbeused.

3. LOUDNESS-DOMAIN SPECTRAL
ATTENUATION

We derive a frequeng-domainpost- Iter thatis basedon
the optimal estimatororiginally proposeddy Ephraimand
Malah [4, 5]. The novelty of our approachresidesin the
factthat, for a given channeloutputof the LSS, the tran-
sientcomponentsf thecorruptingsourcess assumedo be
dueto leakage from the otherchannelsiuringthe LSS pro-
cess. Furthermorefor a given channelthe stationaryand
the transientcomponentsre combinedinto a single noise
estimatorusedfor noisesuppressiorasshovn in Figurel.
For this post- Iter, we considerthat all interferences

(exceptthebackgroundoise)arelocalized(detectedyour-
cesand we assumethat the leakagebetweenchannelsis

constant.This leakages dueto reverberation)ocalization
error, differencesn microphondrequeng responsesjear
eld effects,etc.

The next subsectiordescribeghe estimationof noise
varianceghat are usedto computethe weighting function
Gm by which the outputsY;, of the LSS is multiplied to
generate cleanedsignalwhich spectrunis denotedf , .

3.1. Noiseestimation

Thenoisevarianceestimation\, (k, 1) is expresseds:
Am (k1) = AR (k1) + A2 (k. D) (1)

where A3t (£, [) is the estimateof the stationarycompo-
nentof the noisefor sourcem, at framel, for the k" fre-
queny componenand\!¢3 (k. 1) is the estimateof source
leakage.

We computethe stationarynoise estimateAStat (k, [)
using the Minima ControlledRecursie Average(MCRA)
techniqueproposedy Cohen[6].

To estimate\l¢3 we assumehattheinterferencerom
othersourcess reducedby afactory (typically 10dB
n 5dB) by theseparatioralgorithm(LSS).Theleakage
estimatds thusexpresseds:

eak(g ) = x: Si (k1 2
m 9 7] I( a) ()
i=0;iém

whereS, (k, 1) is thesmoothedpectrunof them™ source,
Ym (k), andis recursvely de ned (with as = 0.7) as:
Sm (k1) = asSm(k,!

D+ QA as)¥Ym(kD)  (3)

3.2. Suppressionrule in the presenceof speech

We now derive the suppressiomule under H1, the hypoth-
esisthat speechis present.From hereon, unlessotherwise
statedthem index andthel agumentsareomittedfor clar
ity andthe equationsaregivenfor eachm andfor eachi.

Theproposedoisesuppressionule is basedbn MMSE
estimatiorof thespectrabmplitudein theloudnessiomain,
jX(k)jlzz. The choice of the loudnessdomain over the
spectraamplitude[4] or log-spectrabmplitude[5] is moti-
vatedby betterresultsobtainedusingthis techniqguemostly
when dealing with speechpresenceuncertainty (Section
3.3).

Theloudness-domaiamplitudeestimatotis de ned by:

Ak = (BEXR] YD = Gu,(MIY(R) (4)

wherea = 1/2 for theloudnessiomainandGy, (k) is the
spectralain assuminghatspeechs present.



The spectralgain for arbitrary « is derived from Equa-
tion 13in [5]:
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whereM (a; c; z) is thecon uent hypggeometjicfunction,
Y(R) L JY(R)I®/A(R) andé(k) , B X (R /A(K) are
respectiely thea posteriori SNRandthea priori SNR.We

alsohave v(k) , y(k)&(k)/ (§(k) + 1) [4].
Thea priori SNR£(k) is estimatedecursvely as:

Ek, 1)= apGR (k.1 1)y(k,1 1L ap)maxfy(k,) 1,09

(6)
usingthemaodi cations proposedn [6] to take into account
speectpresenceaincertainty

3.3. Optimal gain modi cation under speechpresence
uncertainty

In orderto take into accountthe probability of speectpres-
ence we derive the estimatorfor the loudnesglomain:

Atk = (B[4 ()Y (R)]) @)

ConsideringH, the hypothesisof speechpresencdor
sourcem, and Hy, the hypothesisof speechabsencewe
obtain:

E[A (RY(K)] = p(R)E[A (k)] H1,Y (k)]
+ [ p(RIE[A (K)jHo,Y (K)](8)

wherep(k) is the probability of speectatfrequeny k.
Theoptimally modi ed gainis thusgivenby:

G(k) = p(k)Gy, (k) + (1 p(k)) Grin 9)

whereGy, (k) is de ned in Eq. 5, and G is the mini-
mum gain allowed whenspeechis absent.Unlike the log-
amplitudecaseit is possibleto setG i, = 0 without run-
ninginto problems.For « = 1/2, thisleadsto:
G(k) = p*(K) G, (k) (10)

SettingGmin = 0 meanghatthereis no arbitrarylimit
on attenuation.Therefore whenthe signalis certainto be
non-speechthe gain cantendtoward zero. This is espe-
cially importantwhentheinterferencas alsospeectsince,
unlike stationarynoise residuababblenoisealwaysresults
in musicalnoise.

The probability of speectpresencés computedas:

ak) !

1+ 1 gy (L €09 exp( (k)

p(k) =

(11)

Table 1. Log spectraldistortion and sggmentalSNR for
eachof the 3 separatedources.
| LSD/S@SNR(dB) | femalel | female2 | malel |

Mic. input 23.4/-5 | 21.6/-5 | 21.6/-6.2
LSSoutput 19.2/25| 17.1/4.1| 17.5/1.6
1-ch.post- Iter 10.4/6.1| 9.4/7.7 | 9.9/4.1
Cohenp-f 8.9/6.4 | 9.7/4.7 | 10.3/4.5
Propose-f 6.5/7.6 | 6.7/8.1 717.1

wheref(k) is thea priori probabilityof speectpresencéor
frequeng k andis de ned as:

Q(k) =1 PFoca (k)Pglobal (k)Pf rame (12)

where Pocal (k), Pyiobal (k) and P rame arede ned in [6]
and correspondrespectiely to a speechmeasurementn
the currentframe for a local frequeng window, a larger
frequeng andfor thewholeframe.

4. RESULTS

The systemis evaluatedin a contet of mobile robotics,
where an array of 8 microphonesis mountedon a mo-
bile robot. In orderto testthe system,3 voices(2 female,
1 male)wererecordedseparatelyin a quiet environment.
Thebackgrounchoisewasrecordedon a mobilerobotand
is comprisedf roomventilationandinternalrobotfans.All
four signalswererecordedisingthesamemicrophonearray
andsubsequentlynixedtogetheto allow SNRanddistance
mesures.

In evaluatingour post- Iter, we useboththe sgmental
SNRandthelog spectralistortion(LSD), whichis de ned
as:

2 0 1 235
1 1
Lsp= 17 8§17 @i0g,, AR DI* €a £
L 1=0 k=0 (k1) + e
(13)

where L is the numberof frames, K is the numberof fre-
queng binsande is meantto preventextremevalues.

Table 1 compareghe resultsfor separatiorof eachof
the 3 original sourceswith thesingle-channehandthe multi-
channelCohenpost- Iters, both describedn [1]. The Co-
henpost- lter is adaptedo usesthe othersourcesasrefer
encenoisesignals. The improvementof our post- Iter in
termsof LSD and SegSNR are con rmed by informal lis-
tening.

The spectrogram$or the rst source(female)is shavn
in Figure2. Eventhoughthe taskinvolvesnon-stationary
interferencewith the samefrequeng contentasthe signal
of interest,we obsenre that our method(unlike the single-
channelpost- Iter) is ableto remove mostof the interfer
ence while not causingexcessve distortionto the signalof
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Fig. 2. Spectrogranfor separatiorof rst source(femalevoice) (a) Averageof microphoneinputs (b) Linear separation
output(c) Single-channepost- Itering (d) Adaptationof Cohenpost- Iter (e) Proposegost- Iter (f) Referencesignal

interest.Also, for this task,we explain theimprovementof
our post- Iter over the Cohenmulti-channelpost- Iter by
thefactthattheinterferences adaptiely estimatedevenin
the presencef the sourceof interest. This is not the case
with theCohenpost- Iter, for whichthenoiseestimator(for
bothstationaryandtransiennoise)is only adaptedvhenthe
sourceof interestis absent.

5. CONCLUSION

We proposecdh microphonearraypost- Iter designedn the
contet of separatiorof multiple simultaneousources.lt
is basedon aloudness-domaiMMSE estimatorin thefre-
guengy domainwith a noiseestimatethat is computedas
the sumof a stationarynoiseestimateandan estimationof
leakagedueto thelinearsourceseparatiofLSS)algorithm.
Experimentatesultsshav areductionin log spectrabistor
tion of upto 12dB comparedo the outputof the LSS and
upto 4 dB overthesingle-channgbost- Iter.

The proposedoost- Iter is generalenoughto be appli-
cableto mostsourceseparatioralgorithms.A possibleim-
provementto the algorithm would be to derive a method
that automaticallyadaptsthe leakagefactorn to track the
leakageof anadaptve LSS algorithm.
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