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ABSTRACT

Microphonearraypost-�lters have demonstratedtheir abil-
ity to greatly reducenoiseat the outputof a beamformer.
However, currenttechniquesonly considera singlesource
of interest, most of the time assumingstationaryback-
groundnoise. We proposea microphonearray post-�lter
thatenhancesthesignalsproducedby theseparationof si-
multaneoussourcesusingcommonsourceseparationalgo-
rithms.Our methodis basedon a loudness-domainoptimal
spectralestimatorandon theassumptionthat thenoisecan
be describedasthe sumof a stationarycomponentandof
a transientcomponentthat is due to leakagebetweenthe
channelsof theinitial sourceseparationalgorithm.Thesys-
tem is evaluatedin the context of mobile roboticsand is
shown to producebetterresultsthan currentpost-�ltering
techniques,greatlyreducinginterferencewhile causinglit-
tle distortionto thesignalof interest,evenatvery low SNR.

1. INTRODUCTION

Mobile robotswith abilitiesto talk andlistenshouldbeable
to discriminateand separatesimultaneoussoundsources
while moving. For example,in the context of the cocktail
partyeffect, thealgorithmshave to berobustandshouldal-
low theseparationof simultaneousvoices.

In thepresentwork we�rst performacrudelinearsepa-
rationof thesourcesandthenusetheproposedpost-�lter to
furtherenhancethesignalsandsuppressthecontributionof
the perturbatingsources.Our post-�lter is inspiredby the
original work of Cohen[1] who proposesa post-�lter de-
signedfor a beamformerwith onesourceof interestin the
presenceof stationarybackgroundandtransientnoises.In
thepresentwork we extendtheprinciple to multiple local-
izedsourcesof interest.

We assumethat both the signalof interestand the in-
terferencesmay be presentat the sametime and for the
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samefrequency bin. Thenovelty of ourapproachresidesin
thefact that,for eachsourceof interest,we decomposethe
noiseestimateinto a stationaryanda transientcomponent
assumeddueto leakagebetweenchannelsoccuringduring
theinitial separationstage.

For eachoutputchannelof the linear sourceseparator,
we adaptively estimatethe interferenceparameters(vari-
anceandSNR)andusethem1) to computetheprobability
of targetedspeechpresence2) in thesuppressionrulewhen
bothspeechandinterferencearepresent.

We also proposethe useof a Minimum MeanSquare
Estimation(MMSE) of the loudness– insteadof the com-
mon log amplitudeestimation– yielding a more ef�cient
cleaningof thesignalwhentargetedspeechis notpresentin
thechannelof interest.

Section2 givesan overview of the systemandSection
3 describestheproposedpost-�lter. Resultsanddiscussion
arethenpresentedin Section4 with theconclusionin Sec-
tion 5.

2. SYSTEM OVERVIEW

Thesourceseparationsystemdiscussedhereis composedof
two subsystems:1) a linear sourceseparation(LSS) algo-
rithm and 2) the proposedpost-�lter (Fig. 1). By linear
separation algorithm, we meanany separationalgorithm
for which a channeloutput is the result of a linear trans-
formation of the microphonesignals. Most Blind Source
Separation(BSS)algorithmsfall in thiscategory, aswell as
distortion-lessbeamformersandGeometricSourceSepara-
tion (GSS)techniques[2].

The Linear SourceSeparationsystemusedfor our ex-
perimentsis inspiredfromthesecondconstrained(C2)meth-
od in [2] andcomprises

1. Thelocalizationalgorithmsuchastheonedescribed
in [3] – It is basedon the Time Delay of Arrival
(TDOA) estimation;
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Fig. 1. Overview of thecompleteseparationsystem.
Zn (k, l), n = 0 . . . N � 1: Microphone inputs,
Ym (k, l), m = 0 . . . M � 1: Inputs to the post-�lter,
X̂m (k, l) = Gm (k, l)Ym (k, l), m = 0 . . . M � 1: Post-
�lter outputs.

2. Theestimatedmixing matrix – Assumingunity gain
for all microphones,while the phasesarecomputed
from thelocalizationalgorithm;

3. Thepseudo-inverseof theestimatedmixing matrix.

In thedesignof theproposedsystem,we alreadytake into
accountthat the �nal applicationis mobile robotics. As a
consequence,our implementationof the LSS systemdoes
not include any iterative algorithm – by the time conver-
genceis reached,the robot (or one source)has already
moved. We areaware that the LSS algorithm is far from
perfect(hencethe needfor a post-�lter) becauseof local-
isationaccuracy, reverberationandimperfectmicrophones
(non-identicalresponse).We designthe post-�lter in such
away thatany sourceseparationalgorithm(includingblind
algorithmsthat do not requirelocalizationof the sources)
canbeused.

3. LOUDNESS-DOMAIN SPECTRAL
ATTENUATION

We derive a frequency-domainpost-�lter that is basedon
the optimal estimatororiginally proposedby Ephraimand
Malah [4, 5]. The novelty of our approachresidesin the
fact that, for a given channeloutputof the LSS, the tran-
sientcomponentsof thecorruptingsourcesis assumedto be
dueto leakage from theotherchannelsduringtheLSSpro-
cess.Furthermore,for a given channel,the stationaryand
the transientcomponentsarecombinedinto a singlenoise
estimatorusedfor noisesuppression,asshown in Figure1.

For this post-�lter, we considerthat all interferences
(exceptthebackgroundnoise)arelocalized(detected)sour-
cesand we assumethat the leakagebetweenchannelsis

constant.This leakageis dueto reverberation,localization
error, differencesin microphonefrequency responses,near-
�eld effects,etc.

The next subsectiondescribesthe estimationof noise
variancesthat areusedto computethe weightingfunction
Gm by which the outputsYm of the LSS is multiplied to
generateacleanedsignalwhichspectrumis denotedX̂m .

3.1. Noiseestimation

Thenoisevarianceestimationλm (k, l) is expressedas:

λm (k, l) = λstat:
m (k, l) + λl eak

m (k, l) (1)

whereλstat:
m (k, l) is the estimateof the stationarycompo-

nentof the noisefor sourcem, at framel, for thekth fre-
quency componentandλl eak

m (k, l) is theestimateof source
leakage.

We computethe stationarynoiseestimateλstat:
m (k, l)

using the Minima ControlledRecursive Average(MCRA)
techniqueproposedby Cohen[6].

To estimateλl eak
m we assumethat theinterferencefrom

othersourcesis reducedby a factorη (typically � 10dB �
η � � 5dB) by theseparationalgorithm(LSS).Theleakage
estimateis thusexpressedas:

λl eak
m (k, l) = η

M � 1X

i =0 ;i 6= m

Si (k, l) (2)

whereSm (k, l) is thesmoothedspectrumof themth source,
Ym (k), andis recursively de�ned (with αs = 0.7) as:

Sm (k, l) = αsSm (k, l � 1) + (1 � αs)Ym (k, l) (3)

3.2. Suppressionrule in the presenceof speech

We now derive thesuppressionrule underH1, thehypoth-
esisthatspeechis present.Fromhereon, unlessotherwise
stated,them index andthel argumentsareomittedfor clar-
ity andtheequationsaregivenfor eachm andfor eachl.

Theproposednoisesuppressionrule is basedonMMSE
estimationof thespectralamplitudein theloudnessdomain,
jX(k)j1=2. The choiceof the loudnessdomainover the
spectralamplitude[4] or log-spectralamplitude[5] is moti-
vatedby betterresultsobtainedusingthis technique,mostly
when dealing with speechpresenceuncertainty(Section
3.3).

Theloudness-domainamplitudeestimatoris de�nedby:

Â(k) = (E [jX(k)j � jY (k) ])
1
� = GH 1 (k) jY (k)j (4)

whereα = 1/2 for theloudnessdomainandGH 1 (k) is the
spectralgainassumingthatspeechis present.
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whereM (a; c; x) is thecon�uent hypergeometricfunction,

γ(k) , jY (k)j2 /λ(k) andξ(k) , E
h
jX(k)j2

i
/λ(k) are

respectively thea posteriori SNRandthea priori SNR.We
alsohaveυ(k) , γ(k)ξ(k)/ (ξ(k) + 1) [4].

Thea priori SNRξ(k) is estimatedrecursively as:

ξ̂(k, l) = αpG
2
H 1

(k, l� 1)γ(k, l� 1)+(1� αp)maxfγ(k, l) � 1, 0g
(6)

usingthemodi�cationsproposedin [6] to take into account
speechpresenceuncertainty.

3.3. Optimal gain modi�cation under speechpresence
uncertainty

In orderto take into accounttheprobabilityof speechpres-
ence,wederive theestimatorfor theloudnessdomain:

Â(k) = (E [A� (k) jY (k) ])
1
� (7)

ConsideringH1, thehypothesisof speechpresencefor
sourcem, andH0, the hypothesisof speechabsence,we
obtain:

E [A� (k)jY (k)] = p(k)E [A� (k)j H1, Y (k)]

+ [1 � p(k)]E[A� (k)jH0,Y (k)] (8)

wherep(k) is theprobabilityof speechat frequency k.
Theoptimallymodi�ed gain is thusgivenby:

G(k) =
�
p(k)G�

H 1
(k) + (1 � p(k))G�

min

� 1
� (9)

whereGH 1 (k) is de�ned in Eq. 5, andGmin is the mini-
mum gain allowedwhenspeechis absent.Unlike the log-
amplitudecaseit is possibleto setGmin = 0 without run-
ning into problems.For α = 1/2, this leadsto:

G(k) = p2(k)GH 1 (k) (10)

SettingGmin = 0 meansthatthereis no arbitrarylimit
on attenuation.Therefore,whenthe signalis certainto be
non-speech,the gain can tend toward zero. This is espe-
cially importantwhentheinterferenceis alsospeechsince,
unlikestationarynoise,residualbabblenoisealwaysresults
in musicalnoise.

Theprobabilityof speechpresenceis computedas:

p(k) =
�

1 +
q̂(k)

1 � q̂(k)
(1 + ξ(k)) exp(� υ(k))

� � 1

(11)

Table 1. Log spectraldistortion and segmentalSNR for
eachof the3 separatedsources.

LSD/SegSNR(dB) female1 female2 male1
Mic. input 23.4/-5 21.6/-5 21.6/-6.2
LSSoutput 19.2/2.5 17.1/4.1 17.5/1.6

1-ch.post-�lter 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

Proposedp-f 6.5/7.6 6.7/8.1 7/7.1

whereq̂(k) is thea priori probabilityof speechpresencefor
frequency k andis de�ned as:

q̂(k) = 1 � Pl ocal (k)Pgl obal (k)Pf r ame (12)

wherePl ocal (k), Pgl obal (k) andPf r ame arede�ned in [6]
and correspondrespectively to a speechmeasurementon
the current frame for a local frequency window, a larger
frequency andfor thewholeframe.

4. RESULTS

The systemis evaluatedin a context of mobile robotics,
where an array of 8 microphonesis mountedon a mo-
bile robot. In orderto testthe system,3 voices(2 female,
1 male)wererecordedseparately, in a quiet environment.
Thebackgroundnoisewasrecordedon a mobilerobotand
is comprisedof roomventilationandinternalrobotfans.All
four signalswererecordedusingthesamemicrophonearray
andsubsequentlymixedtogetherto allow SNRanddistance
mesures.

In evaluatingour post-�lter, we useboth thesegmental
SNRandthelog spectraldistortion(LSD), which is de�ned
as:

LSD =
1
L
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(13)
whereL is the numberof frames,K is the numberof fre-
quency binsandε is meantto preventextremevalues.

Table1 comparesthe resultsfor separationof eachof
the3 originalsourceswith thesingle-channelandthemulti-
channelCohenpost-�lters, bothdescribedin [1]. TheCo-
henpost-�lter is adaptedto usestheothersourcesasrefer-
encenoisesignals. The improvementof our post-�lter in
termsof LSD andSegSNRarecon�rmed by informal lis-
tening.

Thespectrogramsfor the�rst source(female)is shown
in Figure2. Even thoughthe taskinvolvesnon-stationary
interferencewith the samefrequency contentasthe signal
of interest,we observe that our method(unlike the single-
channelpost-�lter) is able to remove mostof the interfer-
ence,while not causingexcessive distortionto thesignalof
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Fig. 2. Spectrogramfor separationof �rst source(femalevoice) (a) Averageof microphoneinputs (b) Linear separation
output(c) Single-channelpost-�ltering (d) Adaptationof Cohenpost-�lter (e)Proposedpost-�lter (f) Referencesignal

interest.Also, for this task,we explain theimprovementof
our post-�lter over the Cohenmulti-channelpost-�lter by
thefactthattheinterferenceis adaptively estimatedevenin
the presenceof the sourceof interest. This is not the case
with theCohenpost-�lter, for whichthenoiseestimator(for
bothstationaryandtransientnoise)is onlyadaptedwhenthe
sourceof interestis absent.

5. CONCLUSION

We proposeda microphonearraypost-�lter designedin the
context of separationof multiple simultaneoussources.It
is basedon a loudness-domainMMSE estimatorin thefre-
quency domainwith a noiseestimatethat is computedas
thesumof a stationarynoiseestimateandanestimationof
leakagedueto thelinearsourceseparation(LSS)algorithm.
Experimentalresultsshow areductionin log spectraldistor-
tion of up to 12dB comparedto theoutputof theLSSand
up to 4 dB over thesingle-channelpost-�lter.

The proposedpost-�lter is generalenoughto be appli-
cableto mostsourceseparationalgorithms.A possibleim-
provementto the algorithm would be to derive a method
that automaticallyadaptsthe leakagefactorη to track the
leakageof anadaptive LSSalgorithm.
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