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Abstract— The hearing senseon a mobile robot is impor-
tant becauseit is omnidir ectional and it does not require
dir ect line-of-sight with the sound source. Such capabilities
can nicely complement vision to help localize a person or
an interesting event in the envir onment. To do so the robot
auditory systemmust be able to work in noisy, unknown and
diverseenvir onmental conditions. In this paper we presenta
robust soundsourcelocalization method in thr ee-dimensional
spaceusing an array of 8 microphones.The method is based
on time delay of arri val estimation. Results show that a
mobile robot can localizein real time differ ent typesof sound
sourcesover a range of 3 meters and with a precisionof 3� .

I . INTRODUCTION

Comparedto vision, robot audition is in its infancy:
while researchactivities on automaticspeechrecognition
are very active, the use and the adaptationof these
techniquesto thecontext of mobileroboticshasonly been
addressedby a few. Thereis theSAIL robot thatusesone
microphoneto develop online audio-driven behaviors [7].
The robot ROBITA [2] uses2 microphonesto follow a
conversationbetweentwo persons.The humanoidrobot
SIG [4], [5] uses two pairs of microphones,one pair
installedat the ear position of the headto collect sound
from the external world, and the other placedinside the
head to collect internal sounds(causedby motors) for
noisecancellation.Like humans,theselast two robotsuse
binaural localization,i.e., the ability to locatethe source
of soundin threedimensionalspace.

However, it is a dif�cult challengeto only usea pair of
microphoneson a robot to matchthe hearingcapabilities
of humans.The humanhearingsensetakes into account
theacousticshadow createdby theheadandthere�ections
of the soundby the two ridgesrunning along the edges
of the outer ears. With a pair of microphones,only
localizationin two dimensionsis possible,without being
able to distinguishif the soundscomefrom the front or
the backof the robot.Also, it may be dif�cult to get high
precisionreadingswhen the soundsourceis in the same
axis of the pair of microphones.

It is not necessaryto limit robots to a human-like
auditory systemusing only two microphones.Our strat-

egy is to use more microphonesto compensatefor the
high level of complexity in the humanauditory system.
This way, increasedresolutioncan be obtainedin three-
dimensionalspace.This alsomeansincreasedrobustness,
sincemultiple signalsallow to �lter out noise(insteadof
trying to isolatethenoisesourceby puttingsensorsinside
the robot's head,as with SIG) and discriminatemultiple
soundsources.It is with thesepotentialbene�ts in mind
that we developed a sound source localization method
basedon time delay of arrival (TDOA) estimationusing
an array of 8 microphones.The methodworks for far-
�eld and near-�eld soundsourcesand is validatedusing
a Pioneer2 mobile robotic platform.

The paperis organizedas follows. SectionII presents
the principles behing TDOA estimation.Section III ex-
plainshow thepositionof thesoundsourceis derivedfrom
theTDOA, followedby experimentalresultsin SectionIV.

I I . TDOA ESTIMATION

We considerwindowed framesof N sampleswith 50%
overlap.For the sake of simplicity, the index correspond-
ing to the frame is ommitted from the equations.In
order to determinethe delay in the signal capturedby
two different microphones,it is necessaryto de�ne a
coherencemeasure.Themostcommoncoherencemeasure
is a simplecross-correlationbetweenthesignalsperceived
by two microphones,asexpressedby:

Ri j (t ) =
N� 1

å
n= 0

xi [n]x j [n� t ] (1)

where xi [n] is the signal received by microphonei and
t is the correlationlag in samples.The cross-correlation
Ri j (t ) is maximal when t is equalto the offset between
thetwo receivedsignals.Theproblemwith computingthe
cross-correlationusing Equation1 is that the complexity
is O

�
N2

�
. However, it is possibleto computeanapproxi-

mationin the frequency domainby computingthe inverse
Fourier transform of the cross-spectrum,reducing the
complexity to O (Nlog2N). Thecorrelationapproximation



is given by:

Ri j (t ) �
N� 1

å
k= 0

Xi(k)Xj (k) � e�2pkt =N (2)

whereXi(k) is the discreteFourier transformof xi [n] and
Xi(k)Xj (k) � is the cross-spectrumof xi [n] andx j [n].

A major limitation of that approachis that the corre-
lation is strongly dependenton the statisticalproperties
of the sourcesignal.Sincemostsignals,including voice,
are generallylow-pass,the correlationbetweenadjacent
samplesis high andgeneratescross-correlationpeaksthat
canbe very wide.

The problem of wide cross-correlationpeakscan be
solved by whitening the spectrumof the signals prior
to computing the cross-correlation[6]. The resulting
“whitenedcross-correlation”is de�ned as:

R(w)
i j (t ) =

N� 1

å
k= 0

Xi(k)Xj (k) �

jXi(k)j
�
�Xj (k)

�
� e�2pkt =N (3)

and correspondsto the inverseFourier transformof the
normalized(whitened)crossspectrum.

Whiteningallowsto only takethephaseof Xi(k) into ac-
count,giving eachfrequency componentthe sameweight
and narrowing the wide maxima causedby correlations
within the received signal.Fig. 1 shows the spectrogram
of thenoisysignalasreceivedby oneof themicrophones
in thearray. Thecorrespondingwhitenedcross-correlation
in Fig. 2 shows peaksat the sametime as the sources
found in Fig. 1.
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Fig. 1. Spectrogramof the signalreceived at microphone1 (X1(k)) for
the following sounds:speechat 0.5 sec,�nger snapat 1.5 secandboot
noiseon the �oor at 2.7 sec

A. Spectral Weighting

The whitened cross-correlationmethod explained in
the previous subsectionhasseveral drawbacks.Eachfre-
quency bin of the spectrumcontributesthe sameamount
to the �nal correlation,even if thesignalat that frequency

Fig. 2. Whitenedcross-correlationR(w)
i j (t ) with peaks(circled) corre-

spondingto the soundsources

is dominatedby noise.This makesthe systemlessrobust
to noise,while making detectionof voice (which has a
narrow bandwidth)moredif�cult.

In order to counterthe problem,we developeda new
weighting function of the spectrum.This gives more
weight to regions in the spectrumwherethe local signal-
to-noiseratio (SNR) is the highest.Let X(k) be the mean
power spectraldensityfor all the microphonesat a given
time and Xn(k) be a noise estimatebasedon the time
average of previous X(k). We de�ne a noise masking
weight by:

w(k) = max
�

0:1;
X(k) � a Xn(k)

X(k)

�
(4)

wherea < 1 is a coef�cient thatmakesthenoiseestimate
more conservative. w(k) becomesclose to 0 in regions
that are dominatedby noise,while w(k) is closeto 1 in
regionswherethe signal is muchstrongerthanthe noise.
The secondpart of the weighting function is designedto
increasethe contribution of tonal regionsof the spectrum
(wherethelocalSNRis veryhigh).Startingfrom Equation
4, we de�ne the enhancedweighting function we(k) as:

we(k) =

(
w(k) ; X(k) � Xn(k)

w(k)
�

X(k)
Xn(k)

� g
; X(k) > Xn(k)

(5)

wheretheexponent0< g< 1 givesmoreweightto regions
where the signal is much higher than the noise.For our
system,we empirically set a to 0.4 and g to 0.3. The
resultingweightedcross-correlationis de�ned as:

R(e)
i j (t ) =

N� 1

å
k= 0

w2
e(k)Xi(k)Xj (k) �

jXi(k)j
�
�Xj (k)

�
� e�2pkt =N (6)

The value of we(k) as a function of time is shown in
Fig. 3 andthe resultingcross-correlationis shown in Fig.
4. Comparedto Fig. 2 it is possibleto seethat the cross-
correlationhaslessnoise,althoughthe peaksareslightly



wider. Nonetheless,the weighting method increasesthe
robustnessof TDOA estimation.

Fig. 3. Noiseweightingwe(k) for the soundsources

Fig. 4. Cross-correlationwith noise-weightingR(e)
i j (t ) with peaks

(circled) correspondingto the soundsources

B. TDOA EstimationUsing N Microphones

Thetimedelayof arrival (TDOA) betweenmicrophones
i and j; DTi j can be found by locating the peak in the
cross-correlationas:

DTi j = argmax R(e)
i j (t )

t
(7)

Using an array of N microphones,it is possible to
computeN(N� 1)=2 differentcross-correlationsof which
only N � 1 are independent.We choseto work only with
the DT1i values(DT12 to DT18), the remainingonesbeing
derived by:

DTi j = DT1j � DT1i (8)

Thenumberof falsedetectionscanbereducedby consid-
eringsourcesto bevalid only whenEquation8 is satis�ed
for all i 6= j.

Since in practicethe highestpeak may be causedby
noise, we extract the M highest peaks in each cross-
correlation(whereM is setempirically to 8) andassume
that one of them representsthe real value of DTi j . This
leadsto a searchthroughall possiblecombinationsof DT1i
values(therearea totalof MN� 1 combinations)thatsatisfy
Equation8 for all dependentDTi j . For example,in thecase
of an array of 8 microphones,there are 7 independent
delays(DT12 to DT18), but a total of 21 constraints(e.g.
DT23 = DT13 � DT12), which makes it very unlikely to
falsely detecta source.When more than one set of DT1i
valuesrespectall the constraints,only the one with the
greatestcorrelation values is retainedand used to �nd
the direction of the sourceusing the method presented
in SectionIII.

I I I . POSITION ESTIMATION

OnceTDOA estimationis performed,it is possibleto
computethe position of the sourcethrough geometrical
calculations.One techniquebasedon a linear equation
system[1] but sometimes,dependingon the signals,the
systemis ill-conditioned and unstable.For that reason,a
simplermodelbasedon far �eld assumption1 is used.
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Fig. 5. Computingsourcedirection from TDOA

Fig. 5 illustratesthe caseof a 2 microphonearraywith
a sourcein thefar-�eld. Usingthecosinelaw, we canstate
that:

cosf =
~u �~xi j

k~uk



~xi j




 =

~u �~xi j


 ~xi j




 (9)

where~xi j is the vector that goesfrom microphonei to
microphone j and ~u is a unit vector pointing in the
direction of the source.From the same�gure, it can be
statedthat:

cosf = sinq =
cDTi j


 ~xi j




 (10)

wherec is thespeedof sound.Whencombiningequations
9 and10, we obtain:

~u �~xi j = cDTi j (11)

1It is assumedthat the distanceto the sourceis much larger thanthe
arrayaperture.



which canbe re-writtenas:

u(x j � xi) + v(y j � yi) + w(zj � zi) = cDTi j (12)

where~u = (u; v; w) and~xi j = (x j � xi ; y j � yi ; zj � zi), the
positionof microphonei being(xi ; yi ; zi). ConsideringN
microphones,we obtaina systemof N � 1 equations:

2

6
6
6
4

(x2 � x1) (y2 � y1) (z2 � z1)
(x3 � x1) (y2 � y1) (z3 � z1)

...
...

...
(xN � x1) (yN � y1) (zN � z1)

3

7
7
7
5

2

4
u
v
w

3

5

=

2

6
6
6
4

cDT12
cDT13

...
cDT1N

3

7
7
7
5

(13)

In thecasewith morethan4 microphones,thesystemis
over-constrainedand the solutioncanbe found using the
pseudo-inverse,which can be computedonly oncesince
the matrix is constant.Also, the systemis guaranteedto
be stable(i.e., the matrix is non-singular)as long as the
microphonesarenot all in the sameplane.

The linear systemexpressedby Relation13 is theoreti-
cally valid only for thefar-�eld case.In thenear�eld case,
the main effect on the result is that the directionvector~u
found hasa norm smaller than unity. By normalizing~u,
it is possibleto obtain resultsfor the near �eld that are
almostasgoodasfor the far �eld. Simulatingan arrayof
50 cm � 40 cm � 36 cm shows that the meanangular
error is reasonableeven when the sourceis very close
to the array, as shown by Fig. 6. Even at 25 cm from
the centerof the array, the meanangularerror is only 5
degrees.At suchdistance,the error correspondsto about
2-3 cm, which is often larger than the sourceitself. For
thosereasons,we considerthat the method is valid for
bothnear-�eld andfar-�eld. Normalizing~u alsomakesthe
systeminsensitive to thespeedof soundbecauseEquation
13 shows that c only hasan effect on the magnitudeof
~u. That way, it is not necessaryto take into accountthe
variationsin the speedof sound.

IV. RESULTS

The array usedfor experimentationis composedof 8
microphonesarrangedon the summits of a rectangular
prism, as shown in Fig. 7. The array is mountedon an
ActivMediaPioneer2 robot,asshown in Fig. 8. However,
due to processorandspacelimitations (the acquisitionis
performedusingan 8-channelPCI soundcardthat cannot
be installed on the robot), the signal acquisition and
processingis performedon a desktopcomputer(Athlon
XP 2000+).The algorithmdescribedrequiresabout15%
CPU to work in real-time.

Thelocalizationsystemmountedon a Pioneer2 is used
to direct the robot's cameratoward soundsources.The
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Fig. 6. Meanangularerrorasa functionof distancebetweenthesound
sourceand the centerof the array for near-�eld

horizontalangleis usedto rotatethe robot in the source
direction,while theverticalangleis usedto control thetilt
of the camera.The systemis evaluatedin a room with a
relatively high noiselevel (asshown from thespectrogram
in Fig. 1), mostly due to several fans in proximity. The
reverberationis moderateand its correspondingtransfer
function is shown in Fig. 9.

Fig. 7. Top view of anarrayof 8 microphonesmountedon a rectangular
prism of dimensions50 cm � 40 cm � 36 cm

The systemwastestedwith sourcesplacedin different
locationsin the environment. In eachcase,the distance
and elevation are �x ed and measuresare taken for dif-
ferenthorizontalangles.The meanangularerror for each
con�guration is shown in Table I. It is worth mentioning
that part of this error, mostly at short distance,is due to
the dif�culty of accuratelypositionningthe sourceandto
the fact that the speaker usedis not a point source.Other
sourcesof error come from reverberationon the �oor
(more important when the sourceis high) and from the
near-�eld approximationasshown in Fig. 6. Overall, the



Fig. 8. Microphonearray installedon a Pioneer2 robot
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Fig. 9. Impulse responseof room reverberation.Secondarypeaks
representre�ections on the �oor andon the walls

angularerror is thesameregardlessof thedirectionin the
horizontalplaneandvariesonly slightly with theelevation,
due to the interferencefrom �oor re�ections. This is an
advantageover systemsbasedon two microphoneswhere
the error is high when the sourceis locatedon the sides
[4].

TABLE I

MEASURED MEAN ANGULAR LOCALIZATION ERROR

Distance,Elevation MeanAngular Error
3 m, � 7� 1:7�

3 m, 8� 3:0�

1,5 m, � 13� 3:1�

0,9 m, 24� 3:3�

Unlike otherworks wherethe localizationis performed
actively duringpositioning[3], our approachis to localize
the sourcebefore even moving the robot, which means
that the sourcedoesnot have to be continuous.In order
to achieve that, the soundsourcelocalization systemis

disabledwhile the robot is moving toward the source.
During a conversation between two or more persons,
the robot alternatesbetweenthe talkers. In presenceof
two simultaneoussources,the dominantone is naturally
selectedby the localization system.Fig. 10 shows the
experimentalsetupandimagesfrom therobotcameraafter
localizinga sourceandmoving its cameratoward it. Most
of the positionningerror in the image is due to various
actuatorinaccuraciesand the fact that the camerais not
locatedexactly at the centerof the array.

(a) (b)

(c) (d)

Fig. 10. Photographstaken during experimentation.a) Experimental
setup.b) Snapping�ngers at a distanceof � 5m. c) Tapping foot at
� 2m. d) Speakingat a distanceof � 5m

Experimentsshow that the systemfunctions properly
up to a distancebetween3 and 5 meters,though this
limitation is mainly a resultof thenoiseandreverberation
conditionsin the laboratory. Also, not all soundtypesare
equally well detected.Becauseof the whitening process
explained in SectionII, eachfrequency has roughly the
sameimportancein the cross-correlation.This meansthat
whenthesoundto belocalizedis a tone,only a very small
region of thespectrumcontainsusefulinformationfor the
localization. The cross-correlationis then dominatedby
noise.This makes tonesvery hard to localize using the
currentalgorithm.We alsoobserved that this localization
dif�culty is presentat a lesserdegreefor the humanau-
ditory system,which cannotaccuratelylocalizesinusoids
in space.

On theotherhand,somesoundsarevery easilydetected
by the system.Most of thesesoundshave a large band-
width, like fricatives,�ngers snapping,papershuf�ing and
percussive noises(object falling, hammer).For voice, the
detectionusuallyhappenswithin the �rst two syllables.



V. CONCLUSION

Usinganarrayof 8 microphones,we have implemented
a systemthat accuratelylocalizessoundsin threedimen-
sions.Moreover, oursystemis ableto performlocalization
even on short-durationsoundsand doesnot require the
use of any noise cancellationmethod.The precisionof
the localizationis 3� over 3 meters.

The TDOA estimationusedin the systemis shown to
be relatively robust to noiseand reverberation.Also, the
algorithmfor transformingtheTDOA valuesto a direction
is stableand independentof the speedof sound.

In its current form, the presentedsystem still lacks
some functionality. First, it cannot estimatethe source
distance.However, earlysimulationsindicatethat it would
be possibleto estimatethe distanceup to approximately
2 meters.Also, thoughpossiblein theory, the systemis
not yet capableof localizing two or more simultaneous
sourcesandonly thedominantoneis perceived.In thecase
of more than one speaker, the “dominant soundsource”
alternatesand it is possibleto estimatethe direction of
both speakers.
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