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ABSTRACT

A microphonearrayis themosteffective techniquefor hands-free
speechcommunicationwith a robot. However, it is known that
theestimationaccuracy of thesoundsourcedirectiondegradesun-
derreverberantconditions.Theestimationof thesourcedirection
is difficult underhighly reverberantconditionseven if the CSP
(Cross-power SpectrumPhaseanalysis)-basedmethod,which is
oneof the conventionalmethodsfor the estimationof sourcedi-
rections,is used. Therefore,it is necessaryto usea methodfor
source-directionestimationwhich is robust againstreverberation
whenthe microphonearray is carriedon an autonomousmobile
robot.

In this paper, we proposea new reverberation-robustmethod
for the estimationof sound-sourcedirectionsbasedon the syn-
chronousadditionof CSPcoefficientsobtainedby a circular mi-
crophonearray. Also, we proposea sound-sourcelocalization
methodthatimprovesthelocalizationaccuracy by usingthemov-
ing microphonearrayon anautonomousmobile robot. To evalu-
atethe proposedmethod,the source-localizationaccuracy of the
moving microphonearraywasquantifiedby computersimulation.
We also carriedout an experimentin which a mobile robot ap-
proachedatalkerby usingonly informationonthesourcelocaliza-
tion. Theresultsshow that theproposedmethodcanestimatethe
sound-sourcelocationaccuratelyandthat the robotcanapproach
the talker even underthe condition that the reverberationtime is
0.85sec.

1. INTR ODUCTION

It is very important for an autonomousmobile robot to be able
to capturedistanttalking speechandthat the imageof the talker
with high quality. To achieve theseaims, talker localization is
needed,anda microphonearrayis anidealcandidatefor thatpur-
pose.However, conventionaltalker localizationmethodsin mul-
tiple soundsourceenvironmentsnot only have difficulty localiz-
ing themultiple soundsourcesaccurately, but alsohave difficulty
localizing the target talker amongknown multiple soundsource
positions.

To copewith theseproblems,we proposeda new talker lo-
calizationmethodconsistingof two algorithms. One algorithm
is for multiple soundsourcelocalizationbasedon CSP(Cross-
power SpectrumPhaseanalysis)method[1]. Theotheralgorithm
is for soundsourceidentificationamonglocalizedmultiple sound
sourcestowardstalkerlocalization[2, 3]. Theperformanceof these
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Figure1: Captureof two soundsignalswith a fixed microphone
array.

algorithmswith a fixedmicrophonearraywasconfirmedin previ-
ous paper[3]. In this paper, we particularly focus on the talker
localizationperformanceof an autonomousmobile robot with a
moving microphonearray for talker trackingdisplayanddistant
talking speechcapture.We try to achieve a highertalker tracking
displayperformanceby usinga moving microphonearray. Our fi-
nal goal is to acquireinformationon theacousticenvironmentby
usingautonomousmobilerobots.

2. TALKER LOCALIZA TION WITH A FIXED
MICR OPHONE ARRAY

As shown in Figure1, we assumethat thedesiredspeech!#"%$'&
comesfrom theright andtheundesirednoise(non-speech)!#"%$)(
comesfrom the left. In this situation,talker localizationis nec-
essaryfor effectively capturingdistanttalking speechwith a fixed
microphonearray.

Accordingly, weproposedanew talkerlocalizationalgorithm[1],
asshown in Figure2. First, multiple soundDOAs (DirectionsOf
Arrival) areestimatedwith the CSPcoefficient addition method
aftermultiple soundsignalsarecaptured.Then,thesoundsignals
of the estimatedDOAs areenhancedby steeringthe microphone
arraytoward them. Finally, after identificationbetween“speech”
or “non-speech”usingstatisticalspeechandenvironmentalsound
models,the talker canbe localizedamongthe enhancedmultiple
soundsignals.

2.1. DOA estimation with CSPcoefficientaddition method

DOA (Direction Of Arrival) mustbe estimatedin order to auto-
matically steerthe microphonearray. CSP(Cross-power Spec-
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Figure2: Talker localizationalgorithmoverview.

trumPhaseanalysis)is averypopularmethodfor estimatingDOA.
However, multiple DOA estimationwith CSPis very difficult be-
causeof thecross-correlationof multiple soundsignals.To over-
comethis problem,at ICASSP2000,we proposeda CSPcoeffi-
cientadditionmethodto estimatemultiple DOAs[1]. In theenvi-
ronmentof Figure1, theCSPcoefficientsarederivedfrom Equa-
tion (1).*,+�-/.10�2 340	5�687/9;:�<>=@?BA <>=@?DCFE .G0 5GH�7GIJ<K=@?DCGE 340 5LHM7GILNO <K=@?DC1E .G0 5LHM7GI OJO <K=@?PCFE 340 5LHM7GI O4QSR

(1)

where
H

and
6

arethetime index,
<K=@?TC1U I

(or
:�<>=@?VCFU I

) is thedis-
creteFouriertransform(or theinversediscreteFouriertransform),
andthesymbol

N
is thecomplex conjugate.Then,CSPcoefficients

areadded,asshown in Equation(2).*S+W-K. 2 3�5LXY7Z9 [\]J^ & *S+W->. 0 2 3 0 5LXY7 RE�_Y`�a�b�cMHdH4e X#9;f�gihJj &lk clUi68monSpq ] r R (2)

where s is the numberof additions,
q ] is the distancebetween

two adjacenttransducers,
c

is thesoundpropagationspeed,and
n p

is thesamplingfrequency. TheDOAs canbeaccuratelyestimated
by finding themaximumvaluesof theaddedCSPcoefficientsby
Equation(3). <�t/u#vw9Txoy�zi{|xo}~ 5�*,+�- .�3 5LXY7�7��

(3)

Figure3 showsanexampleof theCSPcoefficientadditionre-
sult with a circularmicrophonearray. As a result,we canconfirm
that trueDOAs canbe accuratelyestimatedby usingCSPcoeffi-
cientadditionmethod,evenin ahighly reverberantenvironment.

2.2. Micr ophonearray steeringfor speechenhancement

Microphonearraysteeringis necessaryto capturedistantsignals
effectively. In this paper, a delay-and-sumbeamformer[5] is used
to steerthemicrophonearray. Multiple soundsignalsof estimated
DOAs areenhancedby themicrophonearraysteeringbecausethe
delay-and-sumbeamformercanform directivity to the estimated
DOAs.

2.3. Speech/non-speechidentification basedon GMMs

Multiple soundsignalsarecapturedeffectively andenhancedby
microphonearraysteering.Therefore,the talker canbe localized
by identifying theenhancedmultiple soundsignals.Until now, a
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Figure3: CSPcoefficientadditionresult.

speechmodelalonewasusuallyusedfor speech/non-speechseg-
mentation[4] or identification. However, a singlespeechmodel
hasproblemsin thatit notonly requiresa thresholdto identify be-
tween“speech”and“non-speech”,butalsodegradestheidentifica-
tion performancein noisyreverberantenvironments.To overcome
theseproblems,atEUROSPEECH2001,weproposedaspeech/non-
speechidentificationalgorithmthatusesstatisticalspeechanden-
vironmentalsoundGMMs (GaussianMixture Models)[2]. The
multiplesoundsignalsenhancedby usingmicrophonearraysteer-
ing areidentifiedby Equation(4).�� 9�xoy�zi{|xo}� � 5��@5L��7 O � p R � ] 7 R (4)

where
�/5G��7

is theenhancedsignalwith microphonearraysteer-
ing (frequency domain),

� p
representsthestatisticalspeechmodel,

and
� ] representsthestatisticalenvironmentalsoundmodel.The

enhancedsignalsareidentifiedas“speech”or “non-speech”by es-
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timatingthemaximumlikelihoodin Equation(4). This algorithm
allows thetalker to belocalizedfrom amongestimatedDOAs.

2.3.1. Speech and environmental sound database

Numeroussoundsourcesarenecessaryto designthe speechand
environmentalsoundGMMs. Therefore,we usetheATR speech
Database(ATR-DB) [6] to designthespeechmodelandtheRWCP
(RealWorldComputingPartnership)soundscenedatabase(RWCP-
DB) [7, 8] which includesvariousenvironmentalsoundsto design
the non-speechmodel. The RWCP-DB also includesnumerous
impulseresponsesmeasuredin variousacousticalenvironments.
Theseimpulseresponsesare usedto conductevaluationexperi-
mentsin variousacousticalenvironments.

3. TALKER LOCALIZA TION WITH A MOVING
MICR OPHONE ARRAY

Figure4 shows an exampleof talker localizationwith a moving
microphonearrayonanautonomousmobilerobot.Theautonomous
mobile robotcanlocalizethetalker positionby finding thecross-
ing pointsbasedon estimatedDOAs with theCSPcoefficient ad-
dition method.However, amultiplemicrophonearrayis necessary
to find the crossingpoints. To copewith this problem,we try to
localizethetalker positionandtrackthetalker with a moving mi-
crophonearrayas shown in Figure4. The algorithm for this is
shown in Figure5.

Speechdetectionis first carriedout basedon likelihoodwith
speechmodel[4]. If speechcanbedetected,multiplesoundsources
arelocalizedwith theCSPcoefficient additionmethodaftermul-
tiple soundsignalshave beencapturedwith the microphonear-
ray. Then,theselocalizedsoundsignalsareenhancedby steering
themicrophonearraytoward them. Then,after identificationbe-
tween“speech”or “non-speech”usingstatisticalspeechandenvi-
ronmentalsoundmodelsbasedonGMMs, thetalker canbelocal-
izedamongtheenhancedmultiple soundsignals.Finally, theau-
tonomousmobilerobotcanlocalizethetalker positioneffectively
by moving themicrophonearraybasedon theestimatedtalker di-
rection.Also, if speechcannotbedetectedfor a long time, theau-
tonomousmobile robotwith themicrophonearraywill pause.In
Figure5, � is thethresholdfor detectingthenon-speechterms.

With above algorithms,we try to localizeandtrackthetalker
by usinganautonomousmobile robotwith a moving microphone
arrayfor talker trackingdisplay.

Figure4: Moving microphonearrayonautonomousmobilerobot.

Figure5: Talker trackingalgorithmfor moving microphonearray
on autonomousmobilerobot.

Table1: Experimentalconditionsfor themoving microphonear-
ray

Microphonearray Circulartype,16 transducers,
and60cm diameters

Moving speed 20 cm/sec
Reverberationtime �,� ����� 0.55and0.85sec.
Samplingfrequency 16 kHz
SNR 0, 5,10,and15dB

4. EVALUATION EXPERIMENTS

Evaluation experimentsare conductedby computersimulation.
Theexperimentalenvironmentis shown in Figure6 andtheexper-
imentalconditionis shown in Table1 andTable2. Reverberation
time in theroom(�S� ����� ) was0.55secand0.85sec.We simulated
an autonomousmobile robot with a circular type microphonear-
ray which has16 transducersand60 cm diameters.Two sound
sources,speechandnon-speech,exist in theroom. TheSNRwas
0, 5,10,and15dB. In thiscondition,weevaluatedthetalkertrack-
ing display performancein an experimentin which the mobile
robot approacheda talker using only information on the source
localization.

5. EXPERIMENT AL RESULTS

Figure7 shows the talker trackingresultsfor the SNR = 10 dB,
2 soundsources,and � � ����� = 0.85 secenvironment. As shown
in Figure7, we wereableto confirmthat theautonomousmobile
robot localizesthe talker positionandapproacheshim/hereffec-
tively underhighly reverberantconditionsby usingproposedal-
gorithmwith themoving microphonearray. We werealsoableto
confirmthesametendency resultsfor the �,� ����� = 0.55secenviron-
ment.Therefore,we confirmedthattheautonomousmobilerobot
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Table2: Experimentalconditionsfor speech/ non-speechidentifi-
cation

Framelength 32msec.(Hammingwindow)
Frameinterval 8 msec.
Featurevector MFCC(16 orders,4 mixtures),�

MFCC(16 orders,4 mixtures),�
power (1 order, 2 mixtures)

Numberof models Speech:1 model
Non-speech:1 model

SpeechDB ATR speechDB SetA[6]
Speechmodeltraining 200words � 5 subjects

(2 femalesand3 males)
Non-speechDB RWCP-DB[7, 8]
Non-speechmodeltraining 92sounds� 4 sets
Testdata(Open)

Speech: 216words � 1 subjects(1 male)
Non-speech: WhiteGaussiannoise

Microphone
Array

  5.8m 

 4
.2

 m
 

Loudspeakers
(Height : 1.5 m)

(Height : 1.5 m)

1.
2 

m
 (Room Height : 4.0 m)

1.
0 

m
 

  1.2m 

  1.2m 

  0.8m 

2.
1 

m
 

  Y

  X  0

Voice

Noise

Figure6: Experimentalenvironment.

with the moving microphonearraycould display talker tracking
resultsbasedon theproposedtalker localizationalgorithm.

6. CONCLUSION

In thispaper, weparticularlyfocusedonthetalker localizationper-
formanceof an autonomousmobile robot with a moving micro-
phonearrayfor talker trackingdisplayanddistanttalking speech
capture. From evaluationexperimentresults,we confirmedthat
theautonomousmobile robotcanlocalizethe talker positionand
approacheshim/hereffectively by usingthe moving microphone
array, even underhighly reverberantconditions. Therefore,we
alsoconfirmedthat the autonomousmobile robot with the mov-
ing microphonearraycandisplaytalker trackingresultsbasedon
theproposedtalker localizationalgorithm.In futurework, wewill
evaluatethe performancein real acousticenvironments. Our fi-
nal goal is to acquireinformationon theacousticenvironmentby
usingautonomousmobilerobots.

0

0.5

1

1.5

2

2.5

3

3.5

4

0 1 2 3 4 5

Y
-a

xi
s 

[m
]

X-axis [m]

’Robot’
’Voice’
’Noise’

Figure7: Talker trackingresults(SNR= 10dB, �,� ����� = 0.85sec.)
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