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Abstract

As partof aprojectinto speectrecognitionin meetingerviron-
ments,we have collecteda corpusof multi-channelmeeting
recordings. We expectedthe identificationof spealer actiity
to be straightforvard giventhatthe participantshadindividual
microphones,but simple approachesyielded unacceptably
erroneoudabelings,mainly due to crosstalkbetweennearby
spealers and wide variationsin channelcharacteristics. We
have thereforedevelopeda more sophisticatedapproachfor
multichannelspealer actiity detectionbasedon a simplehid-
den Marlov model (HMM).

A baselineHMM speectactiity detectothasbeenextendedo
usemixturesof Gaussiango achieve robustnesdor different
spealers under different conditions. To further improve the
channelindependencenormalizedfeaturesare used.The use
of the proposedenegy normalizationyields a relative reduc-
tion in frameerrorrateby 26.4%.In a postprocessingtepthe
crosscorrelatiorbetweendifferent channelsis usedto detect
crosstalk.Using this postprocessingtepresultsin a further
reduction of the frame error rate by 12.4%.

1. Introduction

The meetingprojectat ICSI aimsat processingtranscription,
query searchandstructuralrepresentationdf audiorecorded
from informal, natural,andevenimpromptumeetings Details
aboutthe challengego be metin this project,the datacollec-
tion, andhumanandautomaticranscriptiorefforts undertalen
in this projectcanbefoundin [1]. Eachmeetingin our corpus
is recordedwith close-talkingmicrophonedor eachparticipant
(a mix of headsetindlapel mics), aswell asseveral ambient
(tabletop) mics.

In this paperwe will focuson the task of automaticallyseg-
menting the individual participants’ channelsinto portions
wherethatparticipants speakingpr silent. We castthis asseg-
mentationinto “speech”(S) and “nonspeech”(NS) portions.
Our interest in this preliminary labeling is threefold:

* Accurately pre-marking the speeclyseents greatly
improves the speed of manual transcription, particularly
when certain channels contain only & fgords.

«  Knowing the rgions of actre speech helps reduce errors
andcomputationtimefor speechiecognitionexperiments.
For instance, speak adaptation techniques assung se
ments contain data of one speaknly

»  Patterns of speech adity and werlap are @luable data
for discourse analysis, and may not keacted with the
desired accurgcby manual transcribers.

Theolviousapproacho this problem,to useanenegy thresh-
old on each close-micd channel,turned out to work very
poorly. Our irvestigation rerealed the folloing problems:

e Crosstalk: In the meeting scenario, with participants sit-
ting close togetheit is common to get significantvels

of voices other than that of the person wearing the micro-

phone in each channel. This is particularly true for the
lapel mics, which pick up close neighbors almost fis ef
ciently as the wearer (hv@ver, users prefer not to wear
headsets).

»  Breath noise: Meeting participants are often notperi-
enced in microphone technique, and in ynarstances,
thehead-vorn microphonepick up breathnoise,or other
contact noise at avel as strong or stronger thaoiee.

e Channel variation: Therangeof microphonesandmicro-
phonetechniquebetweerandwithin meetingameanshat
the absolute speechvid, and the relate level of back-
ground noise, aries enormouslyv@r the corpus.

For thesereasonswe have found it necessaryto develop a
more sophisticatedsystemto detectthe actiity of individual
spealers.

Theremaindeof this paperis organizedasfollows. In Section
2wewill presenboththearchitecturef the S/INSdetectorand
the features used in the multichannel setting. Section 3
describesour approachto correcting crosstalk pickup via
cross-correlation Section4 presentgxperimentakesultswith
the new S/NS detectoy section5 presentsa brief discussion,
and section 6 ges a conclusion.

2. HMM-based S/INS detection
2.1 Basdline architecture

2.1.1 Sructure of the HMM

The S/NS detectionmodule is basedon a hidden Markov
model (HMM) S/NS detectordesignedfor automaticspeech
recognition on close talking microphone data of a single
spealer [2]. Thebaselinedetectoris similar to the oneusedin
[3], and consistsof an egodic HMM with two main states—
“speech”(S) and “nonspeech”(NS) — and a numberof inter-
mediatestatepairs(S’ andNS’) to imposetime constrainton
transitionsbetweenthe two main states(seefigure 1). Both
main andintermediatestatesusethe samemultivariateGauss-
ian density i.e. one Gaussiarfor “speech”(S andS’) andone
Gaussian for “nonspeech” (NS and NS’).

Figure 1: Structure of the HMM based S/NS detector
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Figure 2: Architecture of the multichannel S/NS detector

2.1.2 SINSdetection process

The S/NSlabelingis basedon a Viterbi searchwith a simpli-
fied decisionstratey, which doesnot requirean absoluteend-
point: Wheneer one of the main statesis found to have the
maximum Viterbi path score,an immediatedecisioncan be
made. In all other cases(one of the intermediatestatesis
assignedthe maximum) the decisionis delayed.The HMM
structure ensures that the duration of this delay is limited to:

D = max(2Ng 2Ny Q)

Basedon the currentdecisionof the detectoyall dimensionsof

the currentGaussiarareadaptedo the meanandvariancecal-

culatedover a sliding window. A thresholdon the posterior
probabilityis usedto excludetime-framesor which the confi-

dencein the decisionis low. Experimentshave proven a time
constanbf two secondsaindathresholdfor the posteriorprob-
ability of 0.9 to be suitable.

2.2 Modifications for the meeting project

2.2.1 HMM with Gaussian mixtures

Crosstalkmakesthedistribution of featuresn the “nonspeech”
statemuch more comple thanin relatively staticbackground
noise. Thereforeamixture of Gaussianareusedfor the“non-
speech”state.A mixture is usedalso for the “speech”state,
motivatedby the fact that the S/NS detectorfor meetingdata
shouldbe channelindependenti.e. copewith differentspeak-
ers and dierent microphones without the need for retraining.

2.2.2 Featuresfor SNSdetection

Thewide variability of channelcharacteristicendsignallevel

hasconsiderablénfluenceon thefeaturesusedto modeldistri-

butionswithin the HMM statesTo avoid dependencen abso-
lute level, we usea setof “normalized” featuresThe complete
featurevectorcomprise®25 dimensionsandis calculatedover
a 16 ms Hammingwindow with a frame shift of 10 ms. The
featurevectorcontainsloudnessvaluesof 20 critical bandsup
to 8kHz (distancebetweeradjacenbandsl bark),enegy, total

loudnessmodifiedloudnesdg4], zerocrossingate,andthe dif-

ferencebetweenthe channelspecificenegy andthe meanof

the farfield microphone engies.

Apart from the zero crossingrate, which is independenbf a

scalingof the signal,the othercomponent®f the featurevec-

tor arenormalizedasfollows: Spectraloudness/aluesarenor-

malizedto the sumover all critical bands.The total loudness
and the modified loudnessare normalizedusing the overall

maximum within each channel.

The log-enegy E;j(n) of channelj at framen is normalized
according to equation 2:

Evorm () = B ~Epip = 5 E(n) (2

First, the minimum frame enegy E;,; of channelj is sub-
tractedfrom the currentenegy value E;(i) to compensatéor
thedifferentchannelgains.Herethe minimumframeenepy is
usedas an estimateof the “noise floor” in eachchannel,to
make this normalizationmostly independenbf the proportion
of speech adtity in that channel.

In the secondstepthe mean(log) enegy of all M channelds
subtractedThis procedurds basedntheideathatwhenasin-
gle signalappearsn all the channelsthe log enegy in each
channelwill bethe enepgy of that signalplus a constantterm
accountingfor the linear gain coupling betweenthat channel
andthe signal source.Subtractingthe averageof all channels
shouldremove the variation due to the absolute signal level,
leaving a normalizedenegy which reflectssolely the relative
gain of the sourceat channelj comparedo the averageacross
all channelsSignalsthat occuronly in one channel,suchas
microphonecontactand breathnoise, should also be easyto
distinguishby this measuresincein this casethe relative gain
will appear abnormally Ige for the local microphone.

2.2.3 Architecture of the multichannel NS detector

For a meetingwith M individual channelsM independent/
NS detectiormodulesareusedto createa separatgreliminary
S/NShypothesidor eachof the M channelgseefigure2). The
M preliminary hypothesesre then fed into a postprocessing
module which focuseson correcting overlap regions (i.e.
regions where several hypotheseshawv activity) as described
in the na&t section.

3. Crosscorelation analysis
The peak normalized short-time crosscorrelation,
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betweenthe active channelsi andj are usedto estimatethe
similarity betweenthe two signals.For “real” overlaps(two
spealers speakingat the sametime) the crosscorrelations
expectedto be lower than for “false” overlaps(one spealer
coupledinto both microphones)For soundcomingfrom a sin-
gle source,the crosscorrelatiorshavs a maximumat a time
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skew correspondindo the differencein the arrival time of the
signal at the tw microphones.

The postprocessingmodule calculatesthe crosscorrelation
function for time skews up to 250 samplegca. 5m difference
betweernthe microphonespn 1024 point signalwindows. The

maximum is smoothedvia medianfiltering over a 31 point

window. Whenthe smoothednmaximumcorrelationexceedsa

fixed threshold the hypothesizedspeech’region of the chan-

nel with the lower averageenegy or loudnesss rejected.The

threshold is chosen as described Welo

We considerin particularthe relation of a lapel microphone
(channel0) and a headsemmicrophone(channell). Table 1

shaws the countsof framesincorrectly labeledas overlapping
(bothchannelsactive) in thepreliminaryanalysispbrokendown

by the true state (according to hand labels).

Table 1: Frame counts of erroneougeslap labeling

true state frame count
chan0 only 15 (0.6%)
chanO and others 186 (7.0%)
chanl only 1391 (52.4%)

chanl and others 938 (35.3%)

other channels only 41 (1.5%)
no other channel 83 (3.1%)
total 2654 (100%)

As canbeseenthe majority (88%) of erroneousverlapdetec-
tionsis foundwhenchannell is active (rows “chanlonly” and
“chanlandothers”of tablel), whereasctuity in channell is
notcombinedwith alargenumberof errorsof thistype.Thisis
not surprising, since the lapel microphoneof channelO will
pick up more speechfrom other spealers than the headset
microphone of channel 1.

Figure3 shaws the histogramsf the smoothednaximumcor-
relation betweenchannel0 and channell for true overlap
regions (accordingto the hand transcriptions)comparedto
error frameswherechannell wasactive. It canbe seenthat
choosinga thresholdbetween0.4 and 0.7 will successfully
rejectmary of the casesvhenactiity in channell is causing
thepreliminaryanalysiso mistalenly labelchanneD is active,
while excluding fev or none of the trulywerlapped frames.
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Figure 3: Smoothed maximum correlation for trueedaps
and frames mislabeledierlap where channel 1as actie.

4. SINS detection experiments

4.1 Training and test data

Training andtestdatafor the experimentsarechoserfrom five
manually transcribed meetings of the ICSI meeting project.

The training dataconsistsof the first 20 minutesof corversa-
tional speectof afour spealer meeting(MRMO002) with three
male and one female spealers, three wirelessheadsemicro-
phonesandonewirelesslapel microphone For eachchannela
labelfile specifyingfour differentS/NScategories(foreground
speechsilenceregions,backgroundspeectandbreathnoises)
was createdusing the Transcribertool [5]. Not all cateyories
werefoundin all channelsin factbreathnoiseswere marked
only for onechannelwhereheavy breathsoundgdueto a poor
microphonesetup)were audible.For the lapel channel,back-
ground speech as marlkd.

Table 2: Training data for S/INS detector

Meeting Du_ration Fro_m- To #Spealkrs
(minutes)| (minute) | (#Female, #Male)
MRMO002 20 0-20 4 (1, 3)
Table 3: Test data for S/INS detector
Meeting Du_ration From -To #Speakrs
(minutes) | (minute) | (#Female, #Male)
MRMO003 5 17 - 22 6 (2, 4)
MRMO004 5 29-34 8 (2, 6)
NSA003 5 12 - 17 6(1,5)
ROB004 5 20-25 7(1,6)

The testdataconsistsof 20 minutesof conversationalsoeech
taken from four different meetings (MRM003, MRMO004,

NSA003andROB004).Five consecutie minuteswerechosen
from eachof thesemeetingswhich involved several different
spealersandshavedfrequentspealer changesand/oroverlap-
ping between speaks.

4.2 Experimental results

In orderto evaluatethe quality of the S/NS detectionmodule
the frameerrorratefor the two classproblemof classification
“speech”and “nonspeech’is given. In additionto the frame
errorrate,two differenttypesof errors,insertedspeecHrames
(falsealarms)and missedspeechrames(falserejections) are
given in table 4.

Theframeerror ratesvary betweenl0.8%and 25.3%without
enegy normalization between10.2%and 17.3%with enegy
normalizationbut without postprocessin@nd between8.3%
and16.9%whenbothenegy normalizatiorandpostprocessing
areapplied.In this casethe frame error ratesare consistently
lower thanfor the othertwo casesfor all four meetings.The
error rate reductionis causedby a decreasen false alarms,
whereas the number dl§e rejections increases.

Whereasthereis a greatvariationin the percentageof false
alarms(“nonspeech’portionsclassifiedas “speech”),the per-
centageof falserejections(“speech” portions missedby the
detector)is lessvariable.In generalthe S/INSdetectortendsto
be too sensitve, sincethereare more false alarmsthan false
rejections A considerablemountof the falsealarmsis, how-
ever, of systematicnatureresulting from heuristicsto avoid
truncating final consonants (see [2] for detalils).



Table 4: S/NS detection results with and without normalized gyneand with and without crosscorrelation based postprocessing

frame error rate #éise rejections /afse alarms) in %

enegy post-
normalization| processing  MRMO003 MRMO04 NSA003 ROB004 average
no no 225(1.3121.2)] 25.3(0.8/24.5)] 15.8 (1.7/14.01)| 10.8 (3.1/7.7)| 18.6 (1.7/16.9)
yes no 12.0 (1.4/10.6)| 17.3(0.8/16.5)| 14.6 (2.0/12.6)| 10.2 (3.0/7.2)| 13.7 (1.8/11.9)
yes yes 8.3 (2.4/5.9) 16.9(1.3/15.6)| 13.0(2.6/11.4)] 8.6 (3.1/5.5)] 12.0 (2.2/9.8)
5. Discussion 6. Conclusion

Deeperanalysisof the errorsmadeby the preliminarylabeling
shaws a significantdifferencebetweerthe casein which chan-
nel 1 is theonly active channelandthe caseof actiity in more
than one channelbut including channell, in which casethe
peakcorrelationis well belonv the mode of the histogramof
errorsshavn in figure3. Thesmallerpeakvalueindicatesthat
other sources,suchas actwity in one of the other channels,
might alsocontrikuteto the occurrencef this typeof error. In
fact, a high correlation betweenchannel0 and one of the
remainingchannelscan be found in mary of thesecases;in
68% of theseframes the normalizedcross-correlatiomxceeds
0.5 with one of the other channels.

The useof the “normalizedenegy” of equation2 reduceshe
errorrateby 26.4%relative (seerows 1 and?2 of table4). The
reductionis mainly causedby a decreasen falsealarms.For
someof the channelst leadsto anincreasen falserejections.
A deepemnalysisof theresultsshavs, thatwithoutenegy nor-
malization,the error ratesof the lapel microphonesare espe-
cially bad. This makes us believe that the normalizationis
essentialto cope with the channelvariations found on the
meeting recorder data.

A comparisorof the S/INSdetectionresultsachiezed with and
without crosscorrelatiobasedpostprocessinrows 2 and3 of
table4) shaws, thatthe useof a predefinedhresholds an effi-
cient way of reducingerror rates.In averagethe frame error
rate was reducedfrom 13.7%to 12.0%, which is a relative
reduction of 12.4%. The reduction is again causedby a
decreasein false alarms; however, it goes along with an
increase indlse rejections.

All in all, the combineduseof both the enegy normalization
andthe postprocessingeducesthe accurag of the systemin

detecting true speechsggments. However, the number of

falsely detectedspeechsggmentsis reducedby a significantly
greateramount.On the one hand, the transcriberstherefore
have to be morecarefulto detectspeectsggmentswhich were
missed by the system.On the other hand, the number of

‘empty’ sggments distracting the transcribers is reduced.

Cross-correlatioranalysissuggestsanotherapproachto this
problem - that of estimatingthe coupling betweendifferent
channelsand using the estimatesto cancelthe crosstalksig-
nals. We are investigating an approachto this basedon the
Block LeastSquareslgorithmdescribedn [6]. However, the
situationis complicatecdby the very rapid changesn coupling
thatoccurwhenspealersor listenersmove their heads. Since
the couplingfilters aresensitve to changeof just a coupleof
centimeters, these mements are highly signficant.

Our ultimate goalis to develop technologiedo make a useful
table-topmeetingrecorderunit. Sucha device would likely
have several microphonesandwould again usecross-correla-
tion analysisto supportthe detectionof spealer activity and
turns.

In this paper an HMM basedapproachto speechactiity
detectionwas presentedlt was usedin the framework of the
ICSI meetingproject (see[1]) to provide additionalinforma-
tion for the transcription process of the project.

A baselineHMM speechactivity detector([2], [3]) hasbeen
extendedto use mixturesof Gaussiango achiese robustness
for different spealers under different conditions. To further

improve the channelindependencenormalizedfeaturesare

used.It hasbeenshawvn that the use of the proposedenegy

normalizationmethodleadsto reductionsin the frame error

rate. In a postprocessingtep the crosscorrelatiorbetween
channelss usedto detectcrosstalk A predefinectrosscorrela-
tion thresholdhasbeenproven experimentallyto be appropri-
ate. Both approaches\ebeen combined successfully

The experimentalresultsshav, that the presentedsystemis
able to capturemost of the speechsegmentsin the different
channelsSincethe S/INSdetections performedfor eachchan-
nel separatelythe systemis ableto detectregions,wheremore
than one speak is acte at the same time.

However, theresultsalsoshaw, thatstill aconsiderablemount
of falsealarmsis producedby the system.Theseoften stem
from humanand nonhumamoise. Thereforefuture work will
concentrateon finding noise robust featuresand/orimproved
noise modeling within the HMM.
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