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ABSTRACT

In this paper we developeda highly efficient frame-level on-
line adaptve voice actiity detection(VAD) algorithm for the
telephone-base@U Communicatorspolen dialog system. The
adaptve algorithmusegprior speakrandchannektatisticsaswell
asacousticfeaturesof currentsampleframesto updatemodelpa-
rameters.The algorithmachiezed .05xRT in contrasto .7XRT of
a comparedvAD algorithmusing 5-stateHMMs. We detail the
adaptve algorithmandaddressomereal-timeimplementations-
sues.Experimenton live collecteddatashav thatthereis a23%
errorreductioncomparedvith G.729BVAD.

1. INTRODUCTION

Voice actiity detection(VAD) is an important part of human-
machinedialog systems.Previous algorithmsvary in featureand
modelselection hang-aer schemechoiceof statisticsandmeth-
odsof noiseprocessingTheenegy-basedpproachl] isaclassic
one andworks well underhigh SNR conditions. In [2] high or-
derstatisticSYHOS)arecalculatedrom theLinearPrediction(LP)
residualto distinguishspeechfrom noiseframes. This approach
is basedon findingsthat propertiesof HOS of speecharedistinct
from thoseof Gaussian-lik noise.However, the HOS maynot be
effective in non-Gaussianoiseernvironments.Otherauthorshave
consideredy methodof the fusionof aleast-squareeriodicity es-
timator and a geometricallyadaptve enegy threshold. Results
camefrom isolatedspeechcorruptedby white noise[3]. In [4],
atwo-state(speechandnoise)hang-oer schemevasproposedn
which the probability of transitioningfrom speechto noisewas
setempirically (e.g.,P(speech — noise) = 0.1). Parallelmodel
combination(PMC) andspeechenhancementSE) methodswere
proposedn [5]. The estimateof corrupted-speecmodelin PMC
may be obtainedfrom cleanspeechmodel and noise model ac-
cordingto a mismatchfunction. In practicalnon-stationarynoise
ernvironmentsijt is difficult to separat@oisefrom noisyspeectand
the modelcombinationprocedurds computationalljcomple, so
it is moresuitedfor off-line applications.

In this paper we evaluateour VAD algorithmsin atelephone
ervironmentusing a spolen dialog system the CU Communica-
tor [6, 7]. From our systemrequirementsthe following elements
mustbeconsideredn implementinga VAD algorithm: 1) Compu-
tationalcompleity. Sincespolendialogsystemsequirereal-time
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performanceit needgo beefficient, stableandaccurate2) Adap-
tation. The algorithm needsto accountfor varietiesof spealr,
channelandnoisy ervironments. 3) Generalpurpose. The algo-
rithm shouldbe generalpurposeand have strongtheoreticback-
ground.

We focus on the Bayesianadaptve VAD algorithm because
of its mathematicahttractvenessaswell asits successfulisein
otherrecognitiontasks[8]. Theadaptve VAD will bediscussedh
Section2. OtherVAD algorithmsareimplementedor comparison
andintroducedin Section3. Evaluationsetupsare describedn
Sectiond. Experimentatesultsaregivenin Section5 followedby
ashortconclusion.

2. BAYESIAN ADAPTIVE VAD

2.1. Principles of Bayesian adaptation

Supposehereare Q phonemodelsAo, A1, -+, Ag—1. Assume
theprobabilitydensityfunction(pdf) of the L-elemenibbsenation
vector x conditionedon the ¢** phonemodel parameter\, =
{p, X} canbeexpressedis

FoxlA) = exp{—3(x— )= (-} @)

1
(2m) |33
whereu andX arethe meanvectorandcovariancematrix of the
model),. If thecomponent®f x, z; andz; (i # j), arestatis-
tically independentX: is adiagonalmatrix. To dealwith varieties
of spealer, channelcharacteristicandnoiseconditions,a general
purposemodel\ € {\;} mustbe adaptedaccordingto obsered
samplesandprior statisticswhich characterizelifferencesamong
speakrsandchannels An adaptve proceduremainly consistsof
two steps:decisionandadaptation.During the decisionstep,the
mostlikely phoneis selectedn the maximuma posteriori(MAP)
senseby calculationof modellikelihoodsfor all possiblemodels.
Assumex anarbitraryobsenationvector thentheoptimumphone
q* in the MAP sensaés:

q¢" = argmax P(\g|x). 2
q

By Bayesrule, theterm P(A,|x) canbewritten as:

_ FEIX)P(A)
PXqglx) = 2 AP ©

Sincex is anadditionalobsenration of themodel\,+, we can
useit to updatethemodel. For simplicity, consideronecomponent
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Fig. 1. Block diagramof VAD experimentation

X of the modelvector anddenotel = {u, o’} wherey ands”
are the meanand covarianceof a componentof an obsenation
distribution. If the phoneg* hasoccurredn times,denotethe n-
obserationsequenca@so = o(0) - - - o(n — 1) ando themeanof
then samplesLet f(z|o) standfor f(z|A, o), then,

f(zlo) = / £ (al) £ (ulo)dp. @)

Since

f(ulo) = a™" f(olu) f (k)

where
= / F(olu)f (),

useconjugatepriors, thatis, the prior pdf f(x) andposteriorpdf
f(u|o) belongto the samefamily of distributionsfor ary number
of n andary valueof z, assumingf(u) ~ N (v,s?) (theestimate
of v ands? will bediscussedater),then,

2 2= 2 2
+ ng“o o°¢
~N o'v
f(:u’|0) 0_2 +n§2 70_2+ng2 )
and
2 2 2 2
oc’v+nso o o°¢
f(x|o)~./\/'( P ,O 02+n§2)'

Sothenew meanvalueof themodel\ is
o?v + ng’o
0?2 +ng?

o= (5)

Asn — oo, i = 6. i = v asn — 0. Fromour experimentsy
is aboutequalto p while ¢? is smallerthana>.

We only performBayesianadaptatioron the Gaussiamrmean
w while the varianceo? is fixed. To estimater and¢? giventhe
training set 7", we classifiedour training setinto M subsetsac-
cordingto caller’s identifier Individual subsetis usedto train a
spealer dependenmodel. Thenv and¢? aregiven, respectiely,

by

M

— (m) 6

v= Z amv ", (6)
m=1

and

M
2= Z am (u(m) — 1/)2 @)

wherea,, is aweightassociateavith them?” trainingsubset.

2.2. Algorithm of adaptive VAD

Basedon above discussiona Bayesiamadaptive VAD algorithmis
performedn four steps:
Bayesiarmadaptve VAD algorithm:

1. Initialization

Set initial modelsto the generalmodels {\;}. Reset
the sum and numberof obsenation vectorsfor phones:
sum_o[i] andnum_o[i], ¢ from0to Q — 1.

2. Decision



For eachframe, calculateits MFCCs and other features.
Decidethe optimum phoneg™ it belongsto in the MAP
sensaisingEq. (2).
Letdn bethenormalizeddistancebetweerfirst two candi-
datesands athreshold(seeSection2.3).
if (dn < B) I* notreliabledecision*/

goto step4.
Add thefeaturevaluesto the correspondingum_o[q¢*] and
incrementcorrespondingrum_o[q*] by 1.

3. Adaptation

According to above decision,obtaina nev model (mean
vector)for thephoneusingEg. (5).

4. Statemadine
Add the correspondingphoneto a phonehistory buffer.
a) noisestate
if (currentphoneis speech
if (durationin speectstate> T} )
switchto speectstate.
b) speeb state
if (currentphoneis noise)
if (durationin noisestate> Tp )
switchto noisestate.

In above algorithm, Ty and 7% are minimum frame numbersre-
quiredto enternoiseandspeechstaterespectiely. 8 will be ex-
plainedlater.

2.3. Some considerations

1. Choiceof Tp andT;. In practicalsystemsT; affectsthe
time delay of the systemresponse.The larger T} is, the
slower the systemresponds. In a telephone-basedialog
systemwith baige-in capabilities[6], a larger T1 causes
longerechoedrom systempromptsto gointo therecorded
signalsincethesystenmwill notstopplayinguntil thebegin-
ning of speecthis declarecby a VAD module. T controls
the delay of the end-pointdetection. Generallyspeaking,
the systemis not sensitve to 7p.

2. Threshold3. 8 is animportantparametein a system. It
controlsthe modelupdate. The distancebetweerfirst and
seconctandidatess definedas:

d = log max P(Aq|x) — log max P(X\|x) (8)
q a7q*

whereqg™* is definedin Eq. (2). The normalizeddistance
dn is definedasdy = d/dmaz Whered,q. is estimated
from thetraining dataset. In ourimplementationd,,q» =

10.0 and8 ~ 0.3. The meaningof the equationis since
not every decisionis correct,we do not updatethe model
if currentdecisionis not reliable enough. The larger the
distancebetweenfirst two candidateshecomesthe more
accuratehedetectionis.

3. COMPARATIVE VAD ALGORITHMS

The following VAD techniqueswvere implementedfor assessing
the proposedlgorithm.

1. Enegy-basedvAD

VAD usingshort-termenegy [1] is simple,efficient, andhas
reasonableperformanceunder high SNRs. The enegy and all
acousticfeaturesthroughoutthe paperare computedon a frame
atthelengthof 25.6msandtheinterval of 10 ms.

2. G.729BVAD

TheITU-T G.729BVAD [9] usesfull-band enegy Ey, low-
bandenegy E;, zero-crossingate, andline spectralfrequencies
LSF;,i=1,...,pwherepistheorderof aninversefilter. In our
implementationp = 12 and E; is definedto be

B = 1010g10(%hTRh) ©)

where N is the frame length, R is a 13 x 13 Toeplitz auto-
correlationmatrix, and h the impulseresponseof a 13-tapFIR
filter with cutoff frequeny at 1 kHz. Full-bandenepgy is Ey =
10log;4[+ R(0)]. We implementedthe FIR filter by Parks-
McClellan algorithm [10]. The algorithm realizedan optimum
equirippleapproximatiorof anideallow-passfilter. It is alinear,
causahndstablefilter with thegroupdelayr = 6 samplesindthe
Nyquistfrequeng f = 4 kHz. Theline spectralfrequenciesare
computedusingthe algorithmintroducedn [11].

3. CombinedVethod

The combinedmethodusesshort-termenepy, zero-crossing
rate and MFCCs asfeatures. An L-elementMFCC vectorx is
composedf 12 cepstra:z;, 1 < 7 < 12 andone power coefi-
cientzo. Thevectormeanandcovariancematricesfor the Q base
phonesaretrainedfrom theset7 usingmaximumlik elihood(ML)
estimation.

4. EVALUATION SETUPS

TheoveralldatasetA is collectedfrom live calls. A is dividedinto
two disjoint sets: training set7 andtestingset£. The training
set7 includescalls from 286 userstotaling about15.3 hoursof
recordings.The set€ consistsof twenty one-minutedialoguesof
which half is from maleandhalf from female. 50% calls of both
gendersarefrom cellularphones.Theevaluationsetf is selected
sothatexperimentakesultswould not favor ary case.

Examinationof thetestingsetrevealedthe diversityandcom-
plexity of noisyenvironmentshatary practicaldialogsystenmay
experienceln additionto commonnoiseg(e.g.,clicks, breath ve-
hicle noise),noisesfrom TV or radio broadcastinggrosstalking,
baby crying, laughing, hesitating,phonegoing on/off hook were
alsofound. The SNRsvary from 5 dB to 40 dB with anaverageof
20dB within theset€.

In orderto obtainaccurateesults,eachutterancen theset€
is sgmentedby aligning acousticfeaturemgainstmodels{)\;“}
which are trainedfrom the set.4 using Baum-Wélch algorithm.
Thensgymentatiorresultsarehandcorrected.The block diagram
of theoverall VAD experimentations depictedn Fig. 1. Through-
outourexperiments50 basephonege.g.,AA, BD, IX) and12filler
(noise)phonede.g.,SIL, BACKGROUND, BREATH) areused.An ex-
ampleof hand-correctedtterancas illustratedin Fig. 2
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Fig. 2. Waveformandhand-labeleghhonesequencéor the utter
ance“Next option”

5. EXPERIMENTAL RESULTS

Sincethe testingdatahasbeensegmentedwe cancalculateerror
detectiorratesfor eachphone.Falsealarmrate Py, missingdetec-
tionrate P,, andtotalerrorrate P, aredefinedasPy = N, /N,

P,, = Ny_n/N,andP. = Ps + Py, in whichN,_,; andN,_,,

arenumberof noiseor speechramesfalselydetectedcasspeector
noiseframesandNV thetotal framenumberof thetestingdata.Our
testingdatahas118984frames of which 68%arenoiseframesand
32%arespeectrames.

1. Comparisorof phonemodelswith differentstates

In the abore discussion,we focus on featuresand pdfs of
various vectors. We traineda phonemodel A for eachof the
basephonesandfiller phonesfrom training corpusdisregarding
the fact that phonefeaturesmay have fundamentakchangegdur-
ing onephonedurationlength. Fromthe point of HMMs, we use
onestateto representhe whole phoneduration. It is reasonable
to furtherimprove the model A by using multi-stateand mixture
Gaussiartistribution HMMs. Weresortto Sphinx-11{12] andtest
how five-stateHMMs canimprove the detectionaccurag. Re-
sultsareshavn in Table 1. It is worth to note that using multi-
stateHMMs cangreatlydecreaséhe detectionerror from 17.7%
to 13.2%. Note no adaptatiorandno featuresotherthanMFCCs
areusedin thesecasesNotethatthe VAD usingfive-stateHMMs
takes.7xRT onaPlll 600MHz machine.

It is well knowvn that languagemodel (LM) is a mustfor a
recognizer So a languagemodeltrainedfrom the training set 7
is appliedto the recognizer Again, the error rate decreasedur-
therto 9.7%. By incorporatingthe LM, we have provided about6
bits/word of informationfor the €.

Table1l. RESULTS OF DIFFERENT STATES (%)

[ #HMMstates | P [ Pn | P |
1-stateHMM 154 | 23| 17.7
5-stateHMM 10.3| 29| 13.2
5-stateHMM + LM 6.7| 3.0| 9.7

2. Comparisorwith otherVAD algorithms

Resultsor (A) enegy-based/AD, (B) G.729BVAD, (C)thecom-
binedVAD and(D) Bayesiaradaptve VAD areshavn in Table2.

From thetable,we find thatmethods(B) and(C) have someim-

provementover (A). However, dueto thediversityandcompleity

of the practicalnon-stationannoiseenvironmentsthe gainof us-
ing additionalfeaturess limited. The Bayesianadaptve method
updatesicoustianodelsattheframelevel sothattheadaptednod-
elscanbettermatchactualchannekonditions.Resultsshav there
is a 23% error reductioncomparedwith G.729BVAD. Also it is
worth to notethatthe adaptve VAD takes0.05xRI" which should
satisfytherequirementf real-timespolendialogsystems.

Table 2. RESULTS OF VARIOUS VAD APPROACHES (%)

| Method | P [ Pn ]| P |
(A) Enegy based 73| 6.4 13.7
(B) G.729BVAD 56| 7.8 ]| 13.4

(C) Combinedmethod | 6.1 | 6.4 | 12.5
(D) Bayesiaradaptve | 5.0 | 5.3 | 10.3

6. CONCLUSIONS

In this paper we presentour recentdevelopmenton voice activ-
ity detection. We have tried variousacousticfeaturesand mod-
els. Bayesianadaptationvas exploited to performon-line adap-
tation andaccountfor variousnoisy ervironments. Linguistic in-
formationplaysanimportantrole in voice actiity detection.We
canpredictthatarobustvoiceactivity detectomwhichincorporates
short-termenenpy, zero-crossingate, MFCCsandon-lineadapta-
tion techniguesnay meetmary real-timedialog systemrequire-
ments.
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