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Abstract— We proposea systemthat gives a mobile robot
the ability to separate simultaneous sound sources. A mi-
crophone array is used along with a real-time dedicated
implementation of Geometric Source Separation and a post-
�lter that gives us a further reduction of interfer encesfr om
other sources.We present results and comparisons for sep-
aration of multiple non-stationary speechsources combined
with noisesources.The main advantageof our approach for
mobile robots resides in the fact that both the fr equency-
domain Geometric Source Separation algorithm and the
post-�lter are able to adapt rapidly to new sources and
non-stationarity. Separation results are presentedfor thr ee
simultaneous interfering speakers in the presenceof noise.
A reduction of log spectral distortion (LSD) and increaseof
signal-to-noiseratio (SNR) of approximately 10 dB and 14 dB
are observed.

I . INTRODUCTION

Our hearing senseallows us to perceive all kinds of
sounds(speech,music, phonering, closing a door, etc.)
in our world, whetherwe are moving or not. To operate
in humanand naturalsettings,autonomousmobile robots
should be able to do the same.This requiresthe robots
not just to detectsounds,but also to localisetheir origin,
separatethe different sound sources(since soundsmay
occursimultaneously),andprocessall of thisdatato extract
useful informationaboutthe world.

Even though arti�cial hearing would be an important
sensingcapability for autonomoussystems,the research
topic is still in its infancy. Only a few robots are using
hearing capabilities: SAIL [1] uses one microphoneto
develop online audio-driven behaviors; ROBITA [2] uses
two microphonesto follow a conversationbetweentwo
persons;SIG [3], [4], [5] usesone pair of microphones
to collect soundfrom the externalworld, andanotherpair
placedinside the headto collect internal sounds(caused
by motors) for noise cancellation; Sony SDR-4X has
sevenmicrophones;a servicerobotuseseightmicrophones
organisedin a circulararrayto do speechenhancementand
recognition[6]. Even thoughrobotsarenot limited to only
two ears,they still have not shown the capabilitiesof the
humanhearingsense.

We addressthe problem of isolating sound sources
from the environment.The humanhearingsenseis very
goodat focusingon a singlesourceof interestdespiteall
kinds of interferences.We generallyrefer to this ability as
the cocktail party effect, where a humanlistener is able

Fig. 1. Overview of the separationsystem

to follow a conversation even when several people are
speakingat the sametime. For a mobile robot, it would
meanbeing able to separateall soundsourcespresentin
the environmentat any moment.

Working toward thatgoal,our interestin this paperis to
describea two-stepapproachfor performingsoundsource
separationon a mobile robot equippedwith an array of
eight low-cost microphones.The initial step consistsof
a linear separationbasedon a simpli�ed version of the
GeometricSourceSeparationapproachproposedby Parra
andAlvino [7] with a fasterstochasticgradientestimation
and shorter time framesestimations.The secondstep is
a generalisationof beamformerpost-�ltering [8], [9] for
multiple sourcesand usesadaptive spectralestimationof
backgroundnoise and interfering sourcesto enhancethe
signal producedduring the initial separation.The novelty
of this post-�lter residesin the fact that, for eachsourceof
interest,the noiseestimateis decomposedinto stationary
and transientcomponentsassumedto be due to leakage
betweentheoutputchannelsof the initial separationstage.

The paperis organisedas follows. SectionII gives an
overview of the system.Section III presentsthe linear
separationalgorithmandSectionIV describestheproposed
post-�lter. Resultsarepresentedin SectionV, followedby
the conclusion.

I I . SYSTEM OVERVIEW

The proposedsoundseparationalgorithm as shown in
Figure1 is composedof threeparts:

1) A microphonearray;
2) A linear sourceseparationalgorithm (LSS) imple-

mentedas a variant of the GeometricSourceSepa-
ration (GSS)algorithm;

3) A multi-channelpost-�lter.



The microphonearray is composedof a number of
omni-directional elements mounted on the robot. The
microphonesignalsare combinedlinearly in a �rst-pass
separationalgorithm.The output of this initial separation
is then enhancedby a (non-linear)post-�lter designedto
optimally attenuatethe remainingnoise and interference
from othersources.

We assumethat thesesourcesaredetectedandlocalised
by an algorithmsuchas[10] (our approachis not speci�c
to any localisationalgorithm).We alsoassumethatsources
may appear, disappearor move at any time. It is thus
necessaryto maximise the adaptationrate for both the
LSSandthemulti-channelpost-�lter. Mobile roboticsalso
imposesreal-timeconstraints:the algorithmic delay must
be kept small andthe complexity mustbe low enoughfor
thealgorithmto processdatain real-timeon a conventional
processor.

I I I . L INEAR SOURCE SEPARATION

TheLSSalgorithmweproposein thissectionis basedon
theGeometricSourceSeparation(GSS)approachproposed
by Parra and Alvino [7]. Unlike the Linearly Constrained
Minimum Variance(LCMV) beamformerthat minimises
theoutputpower subjectto a distortionlessconstraint,GSS
explicitly minimisescross-talk,leadingto fasteradaptation.
The method is also interesting for use in the mobile
robotics context becauseit allows easyaddition and re-
moval of sources.Usingsomeapproximationsdescribedin
SubsectionIII-B, it is alsopossibleto implementseparation
with relatively low complexity (i.e. complexity that grows
linearly with the numberof microphones).

A. GeometricSource Separation

The method operatesin the frequency domain. Let
Sm (k; `) be the real (unknown) soundsourcem at time
frame` andfor discretefrequency k. We denoteass(k; `)
the vectorcorrespondingto the sourcesSm (k; `) andma-
trix A (k) is the transferfunction leadingfrom the sources
to themicrophones.Thesignalreceivedat themicrophones
is thusgiven by:

x(k; `) = A (k)s(k; `) + n(k; `) (1)

where n(k; `) is the non-coherentbackgroundnoise re-
ceived at the microphones.The matrix A (k) can be esti-
matedusing the result of a soundlocalisationalgorithm.
Assumingthat all transferfunctions have unity gain, the
elementsof A (k) canbe expressedas:

aij (k) = e� | 2� k � ij (2)

where � ij is the time delay (in samples)to reachmicro-
phonei from sourcej .

The separationresult is then de�ned as y(k; `) =
W (k; `)x(k; `), where W (k; `) is the separationmatrix
that must be estimated.This is done by providing two
constraints(the index ` is omitted for the sake of clarity):

1) Decorrelationof the separationalgorithm outputs,
expressedasR yy (k) � diag [R yy (k)] = 01.

1Assumingnon-stationarysources,secondorderstatisticsaresuf�cient
for ensuringindependenceof the separatedsources.

2) The geometricconstraintW (k)A (k) = I , which
ensuresunity gain in the direction of the sourceof
interestandplaceszerosin the directionof interfer-
ences.

In theory, constraint2) could be usedalonefor separation
(themethodis referredto asLS-C2 in [7]), but in practice,
the methoddoesnot take into accountreverberationor er-
rorsin localisation.It is alsosubjectto instability if A (k) is
not invertible at a speci�c frequency. Whenusedtogether,
constraints1) and 2) are too strong.For this reason,we
propose“soft” constraintsthatarea combinationof 1) and
2) in the context of a gradientdescentalgorithm.

Two costfunctionsarecreatedby computingthe square
of the error associatedwith constraints1) and 2). These
cost functionsare respectively de�ned as:

J1(W (k)) = kR yy (k) � diag [R yy (k)]k2 (3)

J2(W (k)) = kW (k)A (k) � I k2 (4)

where the matrix norm is de�ned as kM k2 =
trace

�
MM H

�
andis equalto thesumof thesquareof all

elementsin the matrix. The gradientof the cost functions
with respectto W (k) is equalto [7]:

@J1(W (k))
@W � (k)

= 4E(k)W (k)R xx (k) (5)

@J2(W (k))
@W � (k)

= 2[W (k)A (k) � I ] A (k) (6)

whereE(k) = R yy (k) � diag [R yy (k)].
Theseparationmatrix W (k) is thenupdatedasfollows:

W n +1 (k) = W n (k)� �
�
� (k)

@J1(W (k))
@W � (k)

+
@J2(W (k))

@W � (k)

�

(7)
where � (f ) is an energy normalisationfactor equal to
kR xx (k)k� 2 and � is the adaptationrate.

B. StochasticGradientAdaptation

The differencebetweenour algorithm and the original
GSSalgorithmdescribedin [7] is thatinsteadof estimating
the correlationmatricesR xx (k) and R yy (k) on several
secondsof data,our approachusesinstantaneousestima-
tions. This is analogousto the approximationmadein the
Least Mean Square(LMS) adaptive �lter [11]. We thus
assumethat:

R xx (k) = x(k)x(k)H (8)

R yy (k) = y(k)y (k)H (9)

It is thenpossibleto rewrite the gradient @J 1 (W (k ))
@W � (k ) as:

@J1(W (k))
@W � (k)

= 4[E(k)W (k)x(k)] x(k)H (10)

which only requiresmatrix-by-vectorproducts,greatly re-
ducingthecomplexity of thealgorithm.Thenormalisation

factor � (k) can also be simpli�ed as
h
kx(k)k2

i � 2
. From

this work, the instantaneousestimationof the correlation
hasnot shown any reductionin accuracy and furthermore
easesreal-timeintegration.



Geometric
source

separation
Attenuation

rule

Ym(k,l)

Stationary
noise

estimation

Interference
leak

estimation
SNR & speech

probatility
estimation

+

Sm(k,l)Xn(k,l)

l m
stat.(k,l)

l m
leak(k,l)

^

l m(k,l)

Fig. 2. Overview of the post-�lter.
X n (k; `); n = 0 : : : N � 1: Microphone inputs,
Ym (k; `); m = 0 : : : M � 1: Inputs to the post-�lter,
Ŝm (k; `) = Gm (k; `)Ym (k; `); m = 0 : : : M � 1: Post-�lter
outputs.

C. Initialisation

Thefactthatsourcescanappearor disappearat any time
imposesconstraintson the initialisation of the separation
matrix W (k). The initialisation must provide the follow-
ing:

� The initial weightsfor a new source;
� Acceptableseparation(beforeadaptation).

Furthermore,when a sourceappearsor disappears,other
sourcesmustbe unaffected.

One easyway to satisfy both constraintsis to initialise
the column of W (k) correspondingto the new sourcem
as:

wm;i (k) =
ai;m (k)

N
(11)

This initialisation is equivalent to a delay-and-sum
beamformer, and is referred to as the I1 initialisation
methodin [7].

IV. MULTI-CHANNEL POST-FILTER

In order to enhancethe output of the GSS algorithm
presentedin Section III, we derive a frequency-domain
post-�lter that is basedon the optimal estimator origi-
nally proposedby Ephraimand Malah [12], [13]. Several
approachesto microphonearray post-�ltering have been
proposedin the past. Most of thesepost-�lters address
reductionof stationarybackgroundnoise [14], [15]. Re-
cently, a multi-channelpost-�lter taking into accountnon-
stationaryinterferenceswas proposedby Cohen[8]. The
novelty of our approachresidesin the fact that, for a given
channeloutputof theGSS,thetransientcomponentsof the
corruptingsourcesis assumedto bedueto leakagefrom the
otherchannelsduring the GSSprocess.Furthermore,for a
given channel,the stationaryandthe transientcomponents
are combinedinto a single noiseestimatorusedfor noise
suppression,asshown in Figure2.

For this post-�lter, we consider that all interferences
(except the backgroundnoise) are localised(detectedby
the localisation algorithm) sourcesand we assumethat
the leakagebetweenchannelsis constant.This leakage

is due to reverberation,localisation error, differencesin
microphonefrequency responses,near-�eld effects,etc.

SectionIV-A describestheestimationof noisevariances
that are usedto computethe weighting function Gm by
which the outputsYm of the LSS is multiplied to generate
a cleanedsignalwhosespectrumis denotedŜm .

A. Noiseestimation

The noisevarianceestimation� m (k; `) is expressedas:

� m (k; `) = � stat:
m (k; `) + � l eak

m (k; `) (12)

where� stat:
m (k; `) is the estimateof the stationarycompo-

nentof the noisefor sourcem at frame` for frequency k,
and � l eak

m (k; `) is the estimateof sourceleakage.
We computethe stationarynoise estimate� stat:

m (k; `)
using the Minima ControlledRecursive Average(MCRA)
techniqueproposedby Cohen[16].

To estimate� l eak
m we assumethat the interferencefrom

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

� l eak
m (k; `) = �

M � 1X

i =0 ;i 6= m

Z i (k; `) (13)

where Zm (k; `) is the smoothedspectrumof the m th

source,Ym (k; `), andis recursively de�ned (with � s = 0:7)
as:

Zm (k; `) = � sZm (k; ` � 1) + (1 � � s)Ym (k; `) (14)

B. Suppressionrule in the presenceof speech

We now derive the suppressionrule under H 1, the
hypothesisthat speechis present.From here on, unless
otherwisestated,the m index and the ` argumentsare
omitted for clarity and the equationsare given for each
m andfor each`.

The proposednoisesuppressionrule is basedon mini-
mummean-squareerror(MMSE) estimationof thespectral
amplitudein the loudnessdomain,jX (k)j1=2. The choice
of the loudnessdomainover thespectralamplitude[12] or
log-spectralamplitude[13] is motivatedby better results
obtainedusing this technique,mostly when dealing with
speechpresenceuncertainty(SectionIV-C).

The loudness-domainamplitudeestimatoris de�ned by:

Â(k) = (E [jS(k)j � jY (k) ])
1
� = GH 1 (k) jY (k)j (15)

where � = 1=2 for the loudnessdomain and GH 1 (k) is
the spectralgain assumingthat speechis present.

The spectralgain for arbitrary � is derived from Equa-
tion 13 in [13]:

GH 1 (k) =

p
� (k)


 (k)

h
�

�
1 +

�
2

�
M

�
�

�
2

; 1; � � (k)
� i 1

�

(16)
whereM (a; c; x) is thecon�uent hypergeometricfunction,

 (k) , jY (k)j2 =� (k) and � (k) , E

h
jS(k)j2

i
=� (k) are

respectively the a posteriori SNR and the a priori SNR.
We alsohave � (k) , 
 (k)� (k)=(� (k) + 1) [12].



The a priori SNR � (k) is estimatedrecursively as:

�̂ (k; l ) = � pG2
H 1

(k; ` � 1)
 (k; ` � 1)

+ (1 � � p) max f 
 (k; `) � 1; 0g (17)

using the modi�cations proposedin [16] to take into
accountspeechpresenceuncertainty.

C. Optimal gain modi�cation under speech presenceun-
certainty

In order to take into accountthe probability of speech
presence,we derive theestimatorfor the loudnessdomain:

Â(k) = (E [A � (k)j Y (k)])
1
� (18)

ConsideringH1, the hypothesisof speechpresencefor
sourcem, and H0, 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)](19)

wherep(k) is the probability of speechat frequency k.
The optimally modi�ed gain is thusgiven by:

G(k) =
�
p(k)G�

H 1
(k) + (1 � p(k))G�

min

� 1
� (20)

whereGH 1 (k) is de�ned in (16),andGmin is theminimum
gain allowed when speech is absent. Unlike the log-
amplitudecase,it is possibleto set Gmin = 0 without
running into problems.For � = 1=2, this leadsto:

G(k) = p2(k)GH 1 (k) (21)

SettingGmin = 0 meansthat thereis no arbitrary limit
on attenuation.Therefore,when the signal is certain to
be non-speech,the gain can tend toward zero. This is
especiallyimportantwhen the interferenceis also speech
since,unlike stationarynoise,residualbabblenoisealways
resultsin musicalnoise.

The probability of speechpresenceis computedas:

p(k) =
�

1 +
q̂(k)

1 � q̂(k)
(1 + � (k)) exp(� � (k))

� � 1

(22)

whereq̂(k) is the a priori probability of speechpresence
for frequency k and is de�ned as:

q̂(k) = 1 � Pl ocal (k)Pgl obal (k)Pf r ame (23)

wherePl ocal (k), Pgl obal (k) andPf r ame arede�ned in [16]
and correspondrespectively to a speechmeasurementon
the current frame for a local frequency window, a larger
frequency and for the whole frame.

D. Initialisation

When a new sourceappears,post-�lter statevariables
needto be initialised. Most of thesevariablesmay safely
be set to zero. The exception is � stat:

m (k; `0), the initial
stationary noise estimation for source m. The MCRA
algorithm requires several secondsto produce its �rst
estimatefor sourcem, soit is necessaryto �nd anotherway
to estimatethe backgroundnoiseuntil a betterestimateis
available.This initial estimateis thuscomputedusingnoise

Fig. 3. Pioneer2 robot with an arrayof eight microphones

estimationsat the microphones.Assumingthe delay-and-
sum initialisation of the weights from Equation 11, the
initial backgroundnoiseestimateis thus:

� stat:
m (k; `0) =

1
N 2

N � 1X

n =0

� 2
x n

(k) (24)

where� 2
x n

(k) is the noiseestimationfor microphonen.

V. RESULTS

Our system is evaluated on a Pioneer 2 robot, on
which an arrayof eight microphonesis installed.In order
to test the system,three voices (two female, one male)
were recordedseparately, in a quiet environment. The
backgroundnoisewas recordedon the robot and includes
the room ventilation and the internal robot fans.All four
signalswererecordedusingthesamemicrophonearrayand
subsequentlymixed together. This procedurewasrequired
in order to computethe distancemeasures(suchasSNR)
presentedin this section.It is worth noting that although
thesignalsweremixedarti�cially , theresultstill represents
real conditionswith backgroundnoise,interferingsources,
andreverberation.

In evaluating our source separationsystem, we use
the conventional signal-to-noiseratio (SNR) and the log
spectraldistortion(LSD), that is de�ned as:

LSD =
1
L

L � 1X

` =0

2

6
4

1
K

K � 1X

k=0

0

B
@10log10

jS(k; `)j2 + �
�
�
�Ŝ(k; `)

�
�
�
2

+ �

1

C
A

23

7
5

1
2

(25)
where L is the number of frames,K is the number of
frequency bins and � is meantto prevent extremevalues
for spectralregionsof low energy.

TablesI andII comparetheresultsobtainedfor different
con�gurations:unprocessedmicrophoneinputs,delay-and-
sumalgorithm,GSSalgorithm,GSSalgorithmwith single-
channelpost-�lter, andGSSalgorithmwith multi-channel



TABLE I

SIGNAL-TO-NOISE RATIO (SNR) FOR EACH OF THE THREE

SEPARATED SOURCES.

SNR (dB) female1 female2 male1
Microphoneinputs -1.8 -3.7 -5.2

Delay-and-sum 7.3 4.4 -1.2
GSS 9.0 6.0 3.7

GSS+singlechannel 9.9 6.9 4.5
GSS+multi-channel 12.1 9.5 9.4

TABLE II

LOG-SPECTRAL DISTORTION (LSD) FOR EACH OF THE THREE

SEPARATED SOURCES.

LSD (dB) female1 female2 male1
Microphoneinputs 17.5 15.9 14.8

Delay-and-sum 15.8 15.0 15.1
GSS 15.0 14.2 14.2

GSS+singlechannel 9.7 9.5 10.4
GSS+multi-channel 6.5 6.8 7.4

post-�lter (proposed).It is worth noting that the delay-
and-sum algorithm correspondsto the initial value of
the separationmatrix provided to our algorithm. While
it is clear that GSS performsbetter than delay-and-sum,
the latter still provides acceptableseparationcapabilities.
Theseresultsalso show that our multi-channelpost-�lter
provides a signi�cant improvementover both the single-
channelpost-�lter andplain GSS.

The signalsamplitudefor the �rst source(female)are
shown in Figure 5 and the spectrogramsare shown in
Figure 4. Even though the task involves non-stationary
interferencewith the samefrequency contentas the sig-
nal of interest, we observe that our post-�lter (unlike
the single-channelpost-�lter) is able to remove most of
the interference,while not causingexcessive distortion to
the signal of interest. Informal subjective evaluation has
con�rmed that thepost-�lter hasa positive impacton both
quality and intelligibility of the speech2.

VI . CONCLUSION

In this paper we describea microphonearray linear
sourceseparatorand a post-�lter in the context of mul-
tiple and simultaneoussoundsources.The linear source
separatoris basedon a simpli�cation of the geometric
source separationalgorithm that performs instantaneous
estimationof thecorrelationmatrixR xx (k). Thepost-�lter
is basedon a loudness-domainMMSE estimator in the
frequency domainwith a noiseestimatethat is computed
asthesumof a stationarynoiseestimateandanestimation
of leakagefrom thegeometricsourceseparationalgorithm.
The proposedpost-�lter is also suf�ciently generalto be
used in addition to most linear sourceseparationalgo-
rithms.

Experimentalresults show a reduction in log spectral
distortion of up to 11 dB and an increaseof the signal-
to-noise ratio of 14 dB comparedto the noisy signal

2Audio signalsandspectrogramsfor all threesourcesareavailableat:
http://www.speex.org/~jm/phd/separation/
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Fig. 5. Signal amplitudefor separationof �rst source(femalevoice).
top: signalat onemicrophone.middle: systemoutput.bottom: reference
(clean)signal.

inputs. Preliminary perceptive test and visual inspection
of spectrogramsshow us that the distortionsintroducedby
the systemareacceptableto most listeners.

A possiblenext step for this work would consist of
directly optimizing theseparationresultsfor speechrecog-
nition accuracy. Also, a possibleimprovement to the al-
gorithm would be to derive a methodthat automatically
adaptsthe leakagecoef�cient � to track the leakageof the
GSSalgorithm.
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