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ABSTRACT

A microphonearrayis the mosteffective techniquefor hands-free
speechcommunicatiorwith a robot. However, it is known that
theestimatioraccuray of thesoundsourcedirectiondegradesun-
derreverberantonditions.The estimationof the sourcedirection
is difficult underhighly reverberantconditionseven if the CSP
(Cross-pwver SpectrumPhaseanalysis)-basedhethod,which is
oneof the cornventionalmethodsfor the estimationof sourcedi-
rections,is used. Therefore,it is necessaryo usea methodfor
source-directiorestimationwhich is robust againstreverberation
whenthe microphonearrayis carriedon an autonomousnobile
robot.

In this paper we proposea new reverberation-robst method
for the estimationof sound-sourcalirectionsbasedon the syn-
chronousaddition of CSPcoeficients obtainedby a circular mi-
crophonearray Also, we proposea sound-sourcdocalization
methodthatimprovesthe localizationaccurag by usingthe mov-
ing microphonearrayon an autonomousnobile robot. To evalu-
atethe proposednethod,the source-localizatioraccurag of the
moving microphonearraywasquantifiedby computersimulation.
We also carried out an experimentin which a mobile robot ap-
proachedxtalker by usingonly informationonthesourcdocaliza-
tion. Theresultsshav thatthe proposednethodcanestimatethe
sound-sourcéocationaccuratelyandthatthe robotcanapproach
the talker even underthe conditionthat the reverberationtime is
0.85sec.

1. INTRODUCTION

It is very importantfor an autonomousmobile robot to be able
to capturedistanttalking speechandthat the imageof the talker
with high quality. To achieve theseaims, talker localizationis
neededanda microphonearrayis anideal candidateor thatpur-
pose. However, corventionaltalker localizationmethodsin mul-
tiple soundsourceervironmentsnot only have difficulty localiz-
ing the multiple soundsourcesaccuratelybut 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 SpectrunmPhaseanalysis)method[1]. The otheralgorithm
is for soundsourceidentificationamonglocalizedmultiple sound
sourcegowardstalkerlocalization[2 3]. Theperformancef these
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algorithmswith afixedmicrophonearraywasconfirmedin previ-

ous paper[3. In this paper we particularly focus on the talker
localization performanceof an autonomousnobile robot with a
moving microphonearray for talker tracking display and distant
talking speectrapture.We try to achieve a highertalker tracking
displayperformancery usinga moving microphonearray Our fi-

nal goalis to acquireinformationon the acousticervironmentby
usingautonomousnobilerobots.

2. TALKER LOCALIZA TION WITH A FIXED
MICR OPHONE ARRAY

As shawvn in Figure 1, we assumehatthe desiredspeechDO A,
comesdfrom theright andtheundesirechoise(non-speechpPO A»
comesfrom the left. In this situation, talker localizationis nec-
essanyfor effectively capturingdistanttalking speechwith afixed
microphonearray

Accordingly we proposednew talkerlocalizationalgorithm[1],
asshown in Figure2. First, multiple soundDOAs (DirectionsOf
Arrival) are estimatedwith the CSP coeficient addition method
aftermultiple soundsignalsarecaptured.Then,the soundsignals
of the estimatedDOAs areenhancedy steeringthe microphone
arraytoward them. Finally, afteridentificationbetweert'speech”
or “non-speech’usingstatisticalspeechandervironmentalsound
models,the talker canbe localizedamongthe enhancednultiple
soundsignals.

2.1. DOA estimationwith CSP coefficientaddition method

DOA (Direction Of Arrival) mustbe estimatedn orderto auto-
matically steerthe microphonearray CSP (Cross-paver Spec-
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However, multiple DOA estimationwith CSPis very difficult be-
causeof the cross-correlatiof multiple soundsignals. To over-
comethis problem,at ICASSP2000we proposeda CSP coefi-
cientadditionmethodto estimatemultiple DOAs[1]. In the ervi- (A) Anechoic environment.
ronmentof Figurel, the CSPcoeficientsarederived from Equa-

tion (2).
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wheret andk arethetimeindex, DFT [-] (or IDFT]]) is thedis- Pair 3An/ AW 1 el
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by finding the maximumvaluesof the addedCSPcoeficientsby
Equation(3). (B) High reverberant environment.
DOAn = argglaX(CSPij(e))- @) Figure3: CSPcoeficientadditionresult.
Figure3 showvs anexampleof the CSPcoeficient additionre-
sultwith a circularmicrophonearray As aresult,we canconfirm speectmodelalonewasusually usedfor speech/non-speecteg-
thattrue DOAs canbe accuratelyestimatedoy using CSPcoefi- mentation[4] or identification. However, a single speecimodel
cientadditionmethod evenin ahighly reverberanenvironment. hasproblemsin thatit notonly requiresathresholdo identify be-

tween“speech”and“non-speech”put alsodegradegheidentifica-
tion performanceén noisyreverberanernvironments.To overcome
thesegproblemsatEUROSPEECH200Xye proposedispeech/non-
Microphonearray steeringis necessaryo capturedistantsignals speechdentificationalgorithmthatusesstatisticalspeechanden-

2.2. Micr ophonearray steeringfor speechenhancement

effectively. In this paper a delay-and-sunbeamforme(5] isused ~ VironmentalsoundGMMs (GaussianMixture Models)[3. The

to steerthe microphonearray Multiple soundsignalsof estimated ~ Mmultiple soundsignalsenhancedby usingmicrophonearraysteer

DOAs areenhancedy the microphonearraysteeringoecausehe ing areidentifiedby Equation(4).

delay-and-sunbeamformercanform directiity to the estimated

DOAs. A = argmax P(S(w)|As, An), 4
A

2.3. Speech/non-speechientification basedon GMMs where S(w) is the enhancedsignalwith microphonearray steer

Multiple soundsignalsare capturedeffectively and enhancedy ing (frequeny domain),\ representthestatisticalspeechmodel,
microphonearraysteering.Therefore the talker canbe localized and )\, representshe statisticalervironmentalsoundmodel. The
by identifying the enhancednultiple soundsignals. Until now, a enhancedignalsareidentifiedas“speech”or “non-speechby es-
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timating the maximumlik elihoodin Equation(4). This algorithm
allows thetalker to belocalizedfrom amongestimatedOAs.

2.3.1. Speech and environmental sound database

Numeroussoundsourcesare necessaryo designthe speechand

ervironmentalsoundGMMs. Therefore we usethe ATR speech
Databas€ATR-DB) [6] to designthespeechmodelandthe RWCP

(RealWorld ComputingPartnershipsoundscenalatabaséRWCP-
DB) [7, 8] whichincludesvariouservironmentalsoundgo design

the non-speectmodel. The RWCP-DB also includesnumerous
impulseresponsesneasuredn variousacousticalervironments.
Theseimpulseresponsesre usedto conductevaluation experi-

mentsin variousacousticaknvironments.

3. TALKER LOCALIZA TION WITH A MOVING
MICR OPHONE ARRAY

Figure 4 shavs an exampleof talker localizationwith a moving
microphonearrayonanautonomousnobilerobot. Theautonomous
mobile robotcanlocalizethetalker positionby finding the cross-
ing pointsbasedon estimatedDOAs with the CSPcoeficient ad-
dition method.However, amultiple microphonearrayis necessary
to find the crossingpoints. To copewith this problem,we try to
localizethetalker positionandtrack the talker with a moving mi-
crophonearray as shavn in Figure4. The algorithmfor this is
shavn in Figure5.

Speechdetectionis first carriedout basedon likelihoodwith
speecimodel[4. If speecltanbedetectedmultiple soundsources
arelocalizedwith the CSPcoeficient additionmethodafter mul-
tiple soundsignalshave beencapturedwith the microphonear
ray. Then,theselocalizedsoundsignalsareenhancedy steering
the microphonearraytoward them. Then, after identificationbe-
tween“speech”or “non-speech’Usingstatisticalspeechandernvi-
ronmentaloundmodelsbasedon GMMs, thetalker canbelocal-
ized amongthe enhancednultiple soundsignals.Finally, the au-
tonomousmobilerobotcanlocalizethe talker positioneffectively
by moving the microphonearraybasedn the estimatedalker di-
rection.Also, if speecttannotbedetectedor alongtime,theau-
tonomousmobile robotwith the microphonearraywill pause.ln
Figure5, W is thethresholdfor detectingthe non-speecterms.

With above algorithms we try to localizeandtrackthe talker
by usingan autonomousnobile robotwith a moving microphone
arrayfor talkertrackingdisplay
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Sound Source B Robot (Statel)

Figure4: Moving microphonearrayon autonomousnobilerobot.
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Figure5: Talker trackingalgorithmfor moving microphonearray
on autonomousnobilerobot.

Table 1: Experimentakonditionsfor the maving microphonear
ray
Microphonearray

Circulartype, 16 transducers,
and60 cmdiameters

Moving speed 20cm/sec
Reverberatiortime Tjo; | 0.55and0.85sec.
Samplingfrequeny 16 kHz

SNR 0,5,10,and15dB

4. EVALUATION EXPERIMENTS

Evaluation experimentsare conductedby computersimulation.
Theexperimentakrnvironmentis shavn in Figure6 andthe exper
imentalconditionis shavn in Table1 andTable2. Reverberation
time in theroom (1}4) was0.55secand0.85sec. We simulated
an autonomousnobile robot with a circular type microphonear-
ray which has16 transducersaand 60 cm diameters. Two sound
sourcesspeechandnon-speechexist in theroom. The SNRwas
0,5,10,and15dB. In thiscondition,we evaluatedhetalkertrack-
ing display performancein an experimentin which the mobile
robot approached talker using only information on the source
localization.

5. EXPERIMENT AL RESULTS

Figure 7 shaws the talker tracking resultsfor the SNR = 10 dB,
2 soundsources,and Tjgp) = 0.85 secervironment. As shavn
in Figure 7, we wereableto confirmthatthe autonomousnobile
robot localizesthe talker positionand approachesim/her effec-
tively underhighly reverberantconditionsby using proposedal-
gorithmwith the moving microphonearray We werealsoableto
confirmthe sametendeny resultsfor the 7}60; = 0.55secerviron-
ment. Thereforewe confirmedthatthe autonomousnobile robot
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Table2: Experimentatonditionsfor speech non-speeckdentifi-
cation

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

AMFCC (16 orders4 mixtures),
Apower (1 ordet 2 mixtures)

Numberof models Speechl1 model
Non-speechl model
SpeeciDB ATR speectDB SetA[6]

Speechmodeltraining 200words x 5 subjects
(2 femalesand3 males)
RWCP-DBJ7, 8]

92 soundsx 4 sets

Non-speecliDB
Non-speectmodeltraining

Testdata(Open)
Speech: 216words x 1 subjecty1 male)
Non-speech: White Gaussiamoise
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Figure6: Experimentakrvironment.

with the moving microphonearray could display talker tracking
resultshasedn the proposedalker localizationalgorithm.

6. CONCLUSION

In thispaperwe particularlyfocusednthetalkerlocalizationper
formanceof an autonomousmobile robot with a moving micro-
phonearrayfor talker trackingdisplayanddistanttalking speech
capture. From evaluationexperimentresults,we confirmedthat
the autonomousnobile robot canlocalize the talker positionand
approachesim/her effectively by usingthe moving microphone
array even under highly reverberantconditions. Therefore,we
also confirmedthat the autonomousnobile robot with the mov-
ing microphonearray candisplaytalker trackingresultsbhasedon
theproposedalker localizationalgorithm.In futurework, we will
evaluatethe performancen real acousticervironments. Our fi-
nal goalis to acquireinformationon the acousticervironmentby
usingautonomousnobilerobots.
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Figure7: Talkertrackingresults(SNR= 10dB, Tjs = 0.85sec.)
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