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ABSTRACT

This paperproposesa techniquethatsegmentsaudioaccordingto
speakersbasedon their location. In many multi-party conversa-
tions,suchasmeetings,thelocationof participantsis restrictedto
a small numberof regions, suchasseatsarounda table,or at a
whiteboard. In suchcases,segmentationaccordingto thesedis-
creteregions would be a reliable meansof determiningspeaker
turns. We proposea systemthat usesmicrophonepair time de-
laysasfeaturesto representspeaker locations.Thesefeaturesare
integratedin a GMM/HMM framework to determinean optimal
segmentationof theaudioaccordingto location.TheHMM frame-
work alsoallows extensionsto recognisemorecomplex structure,
suchasthepresenceof two simultaneousspeakers. Experiments
testingthe systemon real recordingsfrom a meetingroom show
that the proposedlocation featurescanprovide greaterdiscrimi-
nation than standardcepstralfeatures,and also demonstratethe
successof anextensionto handledual-speaker overlap.

1. INTR ODUCTION

Segmentationof audio into speaker turnsis an importanttask in
many speechprocessingapplications.It canbe a necessarypre-
processingtaskfor speechandspeaker recognitionsystems,and
alsoa meansof identifying higher level structurein audiodocu-
ments,suchasperiodscorrespondingto monologues,dialogues,
or generaldiscussion.

One of the issuesin designinga speaker segmentationsys-
tem is thechoiceof featurescapableof distinguishingindividual
speakers. Mel-frequency or linear predictive cepstralcoefficients
aremostcommonlyused,eitherin anacousticchangedetectionor
speaker clusteringframework [1, 2, 3]. Theperformanceof these
featurescan be limited in practice,as they tend to discriminate
only betweenspeaker classes,ratherthanindividual speakers.

In this paper, we investigatethe use of location-basedfea-
turesto distinguishbetweenspeakersfor segmentation.In many
multi-party conversations,suchasmeetingsandteleconferences,
the location of a speaker remainsstationarythroughoutmost of
theconversation.In situationswhereit is practicalto acquirethe
audioacrossmultiple microphones,microphonearrayprocessing
techniquesmay be usedto dynamicallyestimatethe location of
dominantspeechsources[4]. In suchcases,thelocationestimates
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shoulddiscriminatebetweenspeakers,andhencecouldbeusedas
featuresin a segmentationframework.

In the presentwork, we estimatetime delaysfrom the gen-
eralisedcross-correlationbetweenpairedmicrophoneswithin an
array. Theseestimatedtime delaysform input featuresthat are
integratedin a GMM/HMM framework to segmenttheaudioac-
cording to a set of discretespeaker locations. The discrimina-
tion provided by the locationfeatures,coupledwith the HMM’ s
ability to model sequences,makes it possibleto extend the sys-
tem to segment the conversationin termsof higher level struc-
ture. To demonstratethis, we proposeanextensionto handlethe
caseof overlappingspeechfrom multiple simultaneousspeakers.
Suchspeaker overlaphasbeenidentifiedasa significantproblem
for speechsegmentationandrecognitionof multi-partyconversa-
tions[5].

Theproposedlocation-basedspeaker segmentationsystemis
assessedonrealrecordingsfrom a 4-elementmicrophonearrayin
ameetingroom.Resultsarepresentedcomparingtheperformance
of the location featuresto standardcepstral(LPCC) featuresfor
singlespeaker segments.In addition,experimentson overlapping
speechsegmentsdemonstratethe successof the proposedexten-
sionto handledual-speaker overlap.

2. PROPOSEDSYSTEM

In this sectionwe detail the proposedsystemfor location-based
speaker segmentation.A featurespaceis definedasthesetof time
delay estimates(TDE’s) across� pairs of microphones.Each
time delayestimatemeasuresthedifferencein the time of arrival
betweenthesignalson a microphonepair. Gaussiandistributions
areusedto modelthebehaviour of theobservedfeaturesarounda
numberof speaker locations. Thesethenform the statedistribu-
tions in anHMM, which canbeusedto obtaina maximumlikeli-
hoodsegmentationinto speaker turns.

2.1. Model Formulation

As thebasisof our model,we assumethata speaker � is confined
to a physicalregion centredat location �����
	�� .

We definethevectorof theoreticaltime delays
 � associated
with thespeaker location � � as:


 ��� ��� �����
� ���������� ����� �� !"!"! ����#$�� %'&
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(a) Single Speaker HMM

Speaker 1 Speaker 2

Speaker 4Speaker 3

(b) HMM Topology for Segmentation System

Fig. 1. HMM topology

where (�)+*-,. is the time delay (in samples)betweenthe micro-
phonesin pair / , givenby

(�)+*�,. 02143+3 5 .7698 )+*�,: 3�3 6 3+3 5 .;698 )<*�,= 3+3 >@?BAC
where 8 )<*�,: and 8 )+*�,= are the locationsof the microphonesin
pair / , 3+3EDF3+3 is the Euclideannorm, and ? A is the samplingfre-
quency.

Givenaninput observationvector GHJI
of time delayestimatesGK )+*�,I at time L , we modelthedistribution of theobservationgiven

thespeaker at location 5 . as:M�N GH I 3 5 .PO 0RQ NTS-UWVYX .�O
where X . is the covariancematrix. The Gaussiandistribution is
usedto modeltheeffectsof variationsin speaker locationaround5 . , aswell asuncertaintyin theobservedtimedelayestimatesdue
to reverberationandnoise.

In thispaper, eachtimedelayestimateGK )+*�,I is calculatedfrom
the generalisedcross-correlation(GCC) [6] betweenthe signals
capturedon the / I�Z

microphonepair. A phasetransform(PHAT)
weightingfunction is appliedin order to improve the robustness
of the estimatesto reverberation. In addition, time-domainin-
terpolationof the GCC function is performedin orderto achieve
sub-sampleprecision. Full detailsof the GCC-PHAT time delay
estimationprocedurecanbefoundin [7].

2.2. HMM SegmentationFramework

To segmenttheaudiosignalaccordingto speaker turns,we usea
HMM framework similar to thatproposedin [8] for speech/music
segmentation.

We definea minimum duration left-to-right HMM for each
speaker [ , whereall statesaremodeledusingtheGaussiandensityM�N GH\I 3 5 . O asproposedin theprevioussection.Thissinglespeaker
HMM topologyis shown in Figure1(a).

A grammaris introducedto definetransitionsbetweenspeak-
ers,excluding self-loops. The resultingHMM for the segmenta-
tion systemisshown in Figure1(b)for thecaseof ] 0_^ speakers.

Givenanobservationsequenceof featurevectors GH : ` I , theop-
timal paththroughtheHMM canbefoundusingViterbi decoding,
giving themaximumlikelihoodsegmentationin termsof speaker
locations.

SST 1 SST 1 SST 1

SST 2SST 2SST 2

k k k k k k

(a) Short-term Speaker Turn (SST) HMM for speaker k

(b) Dual-speaker HMM (speakers 1 and 2)

Fig. 2. Dual-speaker HMM

3. EXTENSION TO SEGMENTS OF SPEAKER OVERLAP

In this section,we proposeanextensionto handlesegmentscon-
taining two overlappingspeakers. We first discusstheoccurrence
of overlappingspeechin multi-partyconversations,andtheprob-
lem this posesfor sourcelocalisationand speaker segmentation
systems.We thenproposea dual-speaker HMM topologywhich
canbeusedto extendthesystemof Section2.2to handlesegments
of overlappingspeech.

3.1. Overview of Problem

Overlappingspeechis acommonproblemin multi-partyconversa-
tions,suchasmeetingsandtelephoneconversations.Overlapmay
occurwhensomeoneattemptsto take over the main discussion,
whensomeoneinterjectsa brief commentover themainspeaker,
or whena separateconversationis takingplacein additionto the
main discussion.In [5] it was identified that around10-15%of
words, or 50% of contiguousspeechsegments,in a meetingor
telephoneconversationcontainsomedegreeof overlappingspeech.

Theseoverlapsegmentsareproblematicfor speechrecogni-
tion, producinganabsoluteincreasein word errorrateof between
15-30%using close-talkingmicrophonesfor a large vocabulary
task [5, 9]. For applicationsthat involve meetingsor teleconfer-
ences,it is thusimportantto notonly segmenttheaudiointo single
speaker turns,but alsoto identify segmentsof overlappingspeech
alongwith their constituentspeakers. This is a difficult problem
for standardspeaker segmentationandspeechactivity techniques
usingclose-talkingmicrophones[10, 9].

3.2. ProposedDual-Speaker HMM

If thereare a individualspeakers,anoverlapsegmentmaybede-
finedasonein whichthereareb activespeakers,wherec�debfdga .
We restrictthis currentwork to thecaseof behic which we will
referto asdual-speaker overlap.

Empiricalobservationof TDE valuesduringsegmentsof over-
lappingspeechshowsanalternatingsequenceof short-termspeaker
turns(SST’s). TheseSST’s aredueto frame-by-framevariations
in relative energy levels betweenthe two speakers, as the TDE
featuresarecomputedfrom thehighestenergy GCCpeakin each
frame. To model this behaviour, we first define a left-to-right
HMM that representsa SST, shown in Figure2(a). This model
imposesa minimumdurationto excludenoise,aswell asa maxi-
mumdurationto excludesingle-speaker segments.
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From this, a dual-speaker HMM is then proposedas an al-
ternatingsequencebetweenthe SSTmodelsof two speakers, as
shown in Figure2(b). Similar to thesinglespeaker HMM, a min-
imum durationconstraintis includedto eliminateundesiredshort
segments.

Subsequently, an audio signal containinga seriesof single
speaker anddual-speaker segmentsmaybesegmentedusing:jlk singlespeaker HMMs, asshown in Figure1(a),andjlk � knmpo � q�r dual-speakerHMMs, asshown in Figure2(b).

Thesesingleanddual-speaker classesarecombinedin an inter-
classgrammarthatforbidsself-loops,similar to thatshown in Fig-
ure1(b) for thesinglespeaker case.

4. EXPERIMENTS AND RESULTS

4.1. Experimental Configuration

Experimentswereconductedin ameetingroomusinga4-element
microphonearray ( � �ts pairs) placedin the centreof a ta-
ble, with speakersseatedat 4 differentlocationsaroundthetable,
as shown in Figure 3. A test databasewas recordedsimultane-
ously acrossall microphonesat a samplingrateof 16 kHz. The
totaldatabasedurationwas20minutes,consistingof 5 minutesof
speechfrom a differentpersonfor eachlocation.

Thesefour 5 minute single speaker/locationfiles were ran-
domly recombinedto form two separatetestsets.Test set 1 (non-
overlap) containedonly singlespeakersegmentswithoutany over-
lap segments. Nine files containing10 speaker turns were con-
structedin arandommanner, with segmentsvaryingfrom between
5 to 20 secondsin duration. Test set 2 (overlap) wasconstructed
from the samedatabasein a similar manner, however this time a
shortoverlapsegmentwasincludedat eachspeaker change.The
test set consistedof six files, eachcontaining10 single speaker
segments(of between5-17 secondsduration),interleaved with 9
segmentsof dual-speaker overlap(of between1.5-5 secondsdu-
ration). TheTDE featureswerecalculatedon 32msinput frames,
every 16ms.

4.2. Evaluation Criteria

To assessthesystemperformance,thefollowingmetricswereusedj frameaccuracy (FA) :

numberof correctlylabelledframes
total numberof frames u owv�v %j precision(PRC):

numberof correctlyfoundsegmentboundaries
numberof segmentboundariesdetectedj recall(RCL) :

numberof correctlyfoundsegmentboundaries
numberof truesegmentboundaries

Theprecisionandrecallvalueswerecombinedin a singlemetric
usingthecommonx -measure[3], which is definedas:x � r u PRC u RCLq � PRC y RCL�
and variesbetween0 and 1. In most cases,a short interval of
silenceexists betweentwo consecutive speechsegments,andso
in comparingsegmentboundariesto thegroundtruth, a tolerance
interval of z o secondwaschosen.

Speaker 1

o
62

68 cm

14 cm

14 cm

Speaker 3

Speaker 2Speaker 4

Fig. 3. Experimentalsetup

system FA PRC RCL x
TDE features 99.1% 0.98 0.98 0.98
LPCCfeatures 88.3% 0.81 0.73 0.77

Table 1. Resultsfor singlespeaker system(testset1)

4.3. Resultsand Discussion

4.3.1. Single Speaker System

A first seriesof testswasconductedto investigatetheperformance
of the proposedlocation-basedsegmentationon the non-overlap
testset,comparingit to anequivalent(single-channel)systemus-
ing standardlinearpredictive cepstralcoefficients(LPCC’s).

TheHMM consistedof 4 singlespeaker classes,asshown in
Figure1(b). The distribution meansweresetasdefinedin Sec-
tion 2.1, andall varianceswereset to the samevalue(unity), as
speaker regionswereof uniform size. A minimum durationof 2
secondswasimposedfor eachspeaker class,with the final class
statehaving a self-loopprobabilityof 0.9.Transitionsin theinter-
classgrammarwereequallyweighted.

To provide a basisfor comparison,anequivalentsystemwas
implementedusing standardLPCC’s of dimension12. For the
location-basedsystem,knowledgeof the speaker regions repre-
sentsa priori informationof the statedistributions. For this rea-
son, individual speaker GMM’s (using 8 mixtures)were trained
for theLPCCsystemusingseparatetrainingdatafor eachspeaker.
ThesetrainedGMM’s then formed the statedistributions in the
sameHMM topologyaswasusedfor thelocation-basedsystem.

Table1 presentstheresultsfor thelocation-andLPCC-based
singlespeaker systems.Theseresultsshow theimproveddiscrim-
inationprovidedby thelocation-basedfeatures,aswell asthesuit-
ability of the proposedHMM framework for segmentation.The
improved resultsof the location-basedsystemareachieved with
lower modelcomplexity (onemixture per GMM, comparedto 8
for LPCC’s), aswell assimpler training, throughdirect calcula-
tion of thestatedistributionassociatedwith eachlocation.
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test set FA PRC RCL x
non-overlap(1) 99.1% 0.98 0.98 0.98
overlap(2) 94.1%(85.5%) 0.94 0.86 0.90

Table 2. Resultsfor extendedsystem(testsets1 and2). TheFA
calculatedonly onactualoverlapsegmentsis shown in parentheses

4.3.2. Extended System including Dual-Speaker Overlap

A secondseriesof testswas conductedto evaluatethe perfor-
manceof theproposedextensionto includedual-speaker overlap
segments.

For this scenario,the HMM topology from the previous ex-
perimentswasextendedby addingthe 6 dual-speaker classes,as
definedin Section3. Eachshort-termspeaker turn (SST)wascon-
strainedto adurationof 3-10frames.TheseSST’swerethencom-
binedin a minimumdurationsequenceof 1 second.Onceagain,
transitionsin theinter-classgrammarwereall equallyweighted.

As this topologywasdesigneddirectly from observationsof
the temporalbehaviour of the time delayfeaturesduring overlap
segments,directcomparisonwith theLPCCfeatureswasconsid-
eredinappropriatein this case.This extendedsystemwastested
on both non-overlap andoverlap testsets,with resultsshown in
Table2.

We first observe that the resultson test set 1 using the ex-
tendedsystemare identical to thoseobtainedusing only the 4
singlespeaker classes,indicatingthat the additionof the 6 dual-
speaker overlapclassesdoesnot affect thesystem’s ability to dis-
criminatesinglespeaker segments.

Secondly, we seethata high frameaccuracy and x -measure
areobtainedon the overlaptestset. This indicatesboth the suit-
ability of theproposedoverlapclasstopology, aswell asthepower
of the HMM to representmorecomplex segmentstructure. We
notethatpart of thedecreasein FA for overlapsegmentsmaybe
attributedto the shortersegmentdurationanddifficulty in defin-
ing a precisegroundtruth. While we have only investigatedthe
caseof dual-speaker overlapin ourexperiments,theHMM system
hasthe potentialto segmenta multi-party conversationin terms
of higherlevel structure,for exampleaccordingto presentations,
dialoguesor generaldiscussion(seee.g.[11]). We alsonotethat,
while the statedistributions and HMM topologiesusedin these
experimentshave beenexplicitly designed,this informationcould
alsobelearneddirectly from datain a supervisedor unsupervised
manner.

5. CONCLUSIONS

This paperhasproposeda framework for speaker segmentation
basedon locationinformation. The speaker locationis modelled
usingtime delaysbetweenmicrophonepairs from a microphone
array. Thesetimedelaysform theinput featurevectorsto aGMM-
HMM system.The optimal pathfound by decodingan input se-
quenceresultsin amaximumlikelihoodsegmentationof theaudio
accordingto thespeaker locations.Experimentson singlespeaker
segmentsshow that theproposedlocation-basedfeaturesprovide
greaterdiscriminationthanstandardcepstralparameters.

In addition, an extensionto handlethe caseof overlapping
speechsegmentsis proposed.A dual-speakeroverlapHMM topol-
ogy is investigated,andis shown to providehighsegmentationac-
curacy in asecondsetof experiments.Theseresultsaresignificant,

asthey show that thesystemis not only capableof distinguishing
regionsof overlappingspeech,but alsoidentifying theconstituent
speakers.

An obvious limitation of the systemis that it assumeseach
speaker is associatedwith one location (and vice-versa). This
could be addressedby combiningthis techniquewith traditional
cepstralbasedspeaker clusteringor recognitionsystems. Other
continuingwork seeksto testthesystemon realmulti-partycon-
versationalspeechrecordedin meetings,and investigateexten-
sionssuchasunsupervisedclusteringof speaker locationsandon-
line adaptationof speaker priors.
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