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ABSTRACT

In this paper, we developed a highly efficient frame-level on-
line adaptive voice activity detection(VAD) algorithm for the
telephone-basedCU Communicatorspoken dialog system. The
adaptivealgorithmusesprior speakerandchannelstatisticsaswell
asacousticfeaturesof currentsampleframesto updatemodelpa-
rameters.Thealgorithmachieved .05xRT in contrastto .7xRT of
a comparedVAD algorithmusing5-stateHMMs. We detail the
adaptive algorithmandaddresssomereal-timeimplementationis-
sues.Experimentson live collecteddatashow thatthereis a 23%
errorreductioncomparedwith G.729BVAD.

1. INTRODUCTION

Voice activity detection(VAD) is an important part of human-
machinedialogsystems.Previousalgorithmsvary in featureand
modelselection,hang-over scheme,choiceof statisticsandmeth-
odsof noiseprocessing.Theenergy-basedapproach[1] isaclassic
oneandworks well underhigh SNR conditions. In [2] high or-
derstatistics(HOS)arecalculatedfrom theLinearPrediction(LP)
residualto distinguishspeechfrom noiseframes. This approach
is basedon findingsthatpropertiesof HOSof speecharedistinct
from thoseof Gaussian-like noise.However, theHOSmaynot be
effective in non-Gaussiannoiseenvironments.Otherauthorshave
considereda methodof thefusionof a least-squareperiodicityes-
timator and a geometricallyadaptive energy threshold. Results
camefrom isolatedspeechcorruptedby white noise[3]. In [4],
a two-state(speechandnoise)hang-over schemewasproposedin
which the probability of transitioningfrom speechto noisewas
setempirically(e.g.,

���������	�	
���
������������
= 0.1). Parallelmodel

combination(PMC) andspeechenhancement(SE)methodswere
proposedin [5]. Theestimateof corrupted-speechmodelin PMC
may be obtainedfrom cleanspeechmodel and noisemodel ac-
cordingto a mismatchfunction. In practicalnon-stationarynoise
environments,it isdifficult to separatenoisefrom noisyspeechand
themodelcombinationprocedureis computationallycomplex, so
it is moresuitedfor off-line applications.

In this paper, we evaluateour VAD algorithmsin a telephone
environmentusinga spoken dialog system,the CU Communica-
tor [6, 7]. Fromour systemrequirements,the following elements
mustbeconsideredin implementingaVAD algorithm:1) Compu-
tationalcomplexity. Sincespokendialogsystemsrequirereal-time
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performance,it needsto beefficient,stableandaccurate.2) Adap-
tation. The algorithm needsto accountfor varietiesof speaker,
channelandnoisy environments.3) Generalpurpose.The algo-
rithm shouldbe generalpurposeandhave strongtheoreticback-
ground.

We focus on the Bayesianadaptive VAD algorithm because
of its mathematicalattractivenessaswell as its successfulusein
otherrecognitiontasks[8]. TheadaptiveVAD will bediscussedin
Section2. OtherVAD algorithmsareimplementedfor comparison
and introducedin Section3. Evaluationsetupsaredescribedin
Section4. Experimentalresultsaregivenin Section5 followedby
a shortconclusion.

2. BAYESIAN ADAPTIVE VAD

2.1. Principles of Bayesian adaptation

Supposethereare � phonemodels ��� , ��� , � � � , �"!�#$� . Assume
theprobabilitydensityfunction(pdf) of the % -elementobservation
vector & conditionedon the '�(*) phonemodel parameter��+-,.�/1032�4

canbeexpressedas5 � &76 �"+ � , 8��9	:;�=< > 6 2 6�?>�@�ACB .ED 89 � & DF/ ��G 2 #H� � & DF/ � 4
(1)

where
/

and
2

arethemeanvectorandcovariancematrix of the
model ��+ . If thecomponentsof & , I�J and ILK �*�NM,PO � , arestatis-
tically independent,

2
is a diagonalmatrix. To dealwith varieties

of speaker, channelcharacteristicsandnoiseconditions,a general
purposemodel �RQ . �"J 4 mustbeadaptedaccordingto observed
samplesandprior statisticswhich characterizedifferencesamong
speakersandchannels.An adaptive proceduremainly consistsof
two steps:decisionandadaptation.During thedecisionstep,the
mostlikely phoneis selectedin themaximuma posteriori(MAP)
senseby calculationof modellikelihoodsfor all possiblemodels.
Assume& anarbitraryobservationvector, thentheoptimumphone'ES in theMAP senseis:' S ,UTLV	WYX[Z A+ ��� � + 6 & �]\ (2)

By Bayesrule, theterm
��� � + 6 & � canbewritten as:��� � + 6 & � , 5 � &Y6 �^+ ����� �^+ �_ !Ja`;� 5 � &76 �7J ����� ��J � \ (3)

Since& is anadditionalobservationof themodel � +]b , wecan
useit to updatethemodel.For simplicity, consideronecomponent
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Fig. 1. Block diagramof VAD experimentation

�
of themodelvector, anddenote

�}��� �����;���
where

�
and

�$�
are the meanand covarianceof a componentof an observation
distribution. If thephone�=� hasoccurred� times,denotethe � -
observationsequenceas � ���C���E����� ���C� ���R� � and  � themeanof
the � samples.Let ¡ �*¢^£ � � standfor ¡ �*¢^£ �H� � � , then,

¡ �*¢^£ � ���P¤ ¡ �*¢;£ �$� ¡ ���7£ � �¦¥E��§ (4)

Since ¡ ���7£ � �Y�U¨Y©Hª ¡ � � £ �;� ¡ ���$�
where ¨«� ¤ ¡ � � £ �$� ¡ ���$�¦¥E���
useconjugatepriors, that is, theprior pdf ¡ ���$� andposteriorpdf¡ ���7£ � � belongto thesamefamily of distributionsfor any number
of � andany valueof

¢
, assuming¡ ���$�7¬}­®��¯C��° � �

(theestimate
of

¯
and

°��
will bediscussedlater),then,

¡ ���7£ � �7¬�­²± �;�]¯´³ � °	�  �� � ³ � ° � � �;�]°��� � ³ � ° �¶µ �
and

¡ �*¢^£ � �7¬}­·± � � ¯´³ � ° �  �� � ³ � ° � ��� � ³ � � ° �� � ³ � ° � µ §
Sothenew meanvalueof themodel

�
is¸�¹� � � ¯º³ � ° �  �� � ³ � ° � §

(5)

As �«»½¼ ,
¸� »¾ � .

¸� » ¯
as �¿» �

. Fromour experiments,̄
is aboutequalto

�
while

° �
is smallerthan

� �
.

We only performBayesianadaptationon the Gaussianmean�
while the variance

� �
is fixed. To estimatē and

° �
given the

training set À , we classifiedour training set into Á subsetsac-
cording to caller’s identifier. Individual subsetis usedto train a
speaker dependentmodel. Then

¯
and

° �
aregiven, respectively,

by

¯Â�ÄÃÅÆÈÇ ªEÉ Æ ¯�Ê ÆÈË �
(6)

and ° � �ÄÃÅÆÈÇ ªEÉ Æ ��¯�Ê ÆÈË � ¯o� �
(7)

whereÉ Æ is a weightassociatedwith the ÌÎÍ*Ï trainingsubset.

2.2. Algorithm of adaptive VAD

Basedonabove discussion,aBayesianadaptive VAD algorithmis
performedin four steps:

Bayesianadaptive VAD algorithm:

1. Initialization

Set initial models to the generalmodels
�	Ð"Ñ¦�

. Reset
the sum and numberof observation vectorsfor phone Ò :Ó Ô Ì �qÕ Ò*Ö and � Ô Ì �CÕ Ò�Ö , Ò from 0 to ×Ø�w� .

2. Decision



For eachframe, calculateits MFCCs and other features.
Decidethe optimum phone ' S it belongsto in the MAP
senseusingEq. (2).
Let ÙCÚ bethenormalizeddistancebetweenfirst two candi-
datesand Û a threshold(seeSection2.3).
if ( ÙCÚPÜ�Û ) /* not reliabledecision*/

go to step4.
Add thefeaturevaluesto thecorresponding

� ÝoÞ �Cß ' S]à and
incrementcorresponding

��ÝoÞ �Cß 'ES à by 1.

3. Adaptation

According to above decision,obtain a new model (mean
vector)for thephoneusingEq. (5).

4. Statemachine

Add thecorrespondingphoneto a phonehistorybuffer.
a)noisestate

if ( currentphoneis speech)
if ( durationin speechstateá�â � )

switchto speechstate.
b) speech state

if ( currentphoneis noise)
if ( durationin noisestateá�â � )

switchto noisestate.

In above algorithm, âã� and â^� areminimum framenumbersre-
quiredto enternoiseandspeechstaterespectively. Û will be ex-
plainedlater.

2.3. Some considerations

1. Choiceof â � and â � . In practicalsystems,â � affects the
time delayof the systemresponse.The larger â � is, the
slower the systemresponds.In a telephone-baseddialog
systemwith barge-in capabilities[6], a larger â � causes
longerechoesfrom systempromptsto go into therecorded
signalsincethesystemwill notstopplayinguntil thebegin-
ning of speechis declaredby a VAD module. â � controls
the delayof the end-pointdetection. Generallyspeaking,
thesystemis notsensitive to âã� .

2. ThresholdÛ . Û is an importantparameterin a system. It
controlsthemodelupdate.Thedistancebetweenfirst and
secondcandidatesis definedas:

Ùä,Uåçæ�èYX[Z A+ ��� � + 6 & � D åçæ�èYX[Z A+�é`�+ b ��� � + 6 & � (8)

where 'ES is definedin Eq. (2). The normalizeddistanceÙCÚ is definedas ÙCÚê,ëÙCì�ÙLíYî�ï where ÙLíYî�ï is estimated
from thetrainingdataset. In our implementation,Ù íYî�ï ,8�ð \ ð

and Û®ñ ð \ ò
. The meaningof the equationis since

not every decisionis correct,we do not updatethe model
if currentdecisionis not reliable enough. The larger the
distancebetweenfirst two candidatesbecomes,the more
accuratethedetectionis.

3. COMPARATIVE VAD ALGORITHMS

The following VAD techniqueswere implementedfor assessing
theproposedalgorithm.

1. Energy-basedVAD

VAD usingshort-termenergy [1] is simple,efficient, andhas
reasonableperformanceunderhigh SNRs. The energy and all
acousticfeaturesthroughoutthe paperarecomputedon a frame
at thelengthof 25.6msandtheinterval of 10 ms.

2. G.729BVAD

The ITU-T G.729BVAD [9] usesfull-bandenergy óõô , low-
bandenergy óõö , zero-crossingrate,andline spectralfrequencies%7÷�ø J , � , 8 0 \ \ \ 0 �

where
�

is theorderof aninversefilter. In our
implementation,

� , 8 9
and ó ö is definedto be

ó ö , 8�ð åùæ�è ��� � 8úUû G;ü û � (9)

where
ú

is the frame length,
ü

is a
8 ò�ý 8 ò

Toeplitz auto-
correlationmatrix, and û the impulseresponseof a 13-tapFIR
filter with cutoff frequency at 1 kHz. Full-bandenergy is óõô«,8�ð åùæ�è ��� ß �Úäþ � ð � à . We implementedthe FIR filter by Parks-
McClellan algorithm [10]. The algorithm realizedan optimum
equirippleapproximationof an ideal low-passfilter. It is a linear,
causalandstablefilter with thegroupdelay ÿ[,�� samplesandthe
Nyquist frequency

5 ,�� kHz. The line spectralfrequenciesare
computedusingthealgorithmintroducedin [11].

3. CombinedMethod

The combinedmethodusesshort-termenergy, zero-crossing
rate and MFCCs as features. An % -elementMFCC vector & is
composedof 12 cepstra: I J , 8�� � � 8 9

andonepower coeffi-
cient I�� . Thevectormeanandcovariancematricesfor the � base
phonesaretrainedfrom theset � usingmaximumlikelihood(ML)
estimation.

4. EVALUATION SETUPS

Theoveralldataset � is collectedfrom livecalls. � is dividedinto
two disjoint sets: training set � and testingset � . The training
set � includescalls from 286 userstotaling about15.3 hoursof
recordings.Theset � consistsof twentyone-minutedialoguesof
which half is from maleandhalf from female.50%callsof both
gendersarefrom cellularphones.Theevaluationset � is selected
sothatexperimentalresultswouldnot favor any case.

Examinationof thetestingsetrevealedthediversityandcom-
plexity of noisyenvironmentsthatany practicaldialogsystemmay
experience.In additionto commonnoises(e.g.,clicks,breath,ve-
hicle noise),noisesfrom TV or radiobroadcasting,crosstalking,
babycrying, laughing,hesitating,phonegoing on/off hook were
alsofound.TheSNRsvary from 5 dB to 40dB with anaverageof
20 dB within theset � .

In orderto obtainaccurateresults,eachutterancein theset �
is segmentedby aligning acousticfeaturesagainstmodels

. �
	J 4
which are trainedfrom the set � using Baum-Welch algorithm.
Thensegmentationresultsarehandcorrected.Theblock diagram
of theoverallVAD experimentationisdepictedin Fig. 1. Through-
outourexperiments,50basephones(e.g.,AA , BD, IX) and12filler
(noise)phones(e.g.,SIL, BACKGROUND, BREATH) areused.An ex-
ampleof hand-correctedutteranceis illustratedin Fig. 2
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Fig. 2. Waveformandhand-labeledphonesequencefor theutter-
ance“Next option.”

5. EXPERIMENTAL RESULTS

Sincethe testingdatahasbeensegmented,we cancalculateerror
detectionratesfor eachphone.Falsealarmrate

� ô , missingdetec-
tion rate

� í andtotalerrorrate
���

aredefinedas
� ô´, ú�
���� ì ú ,� íØ, ú ����
 ì ú , and

� � , � ô�� � í in which
ú 
����

and
ú ����


arenumberof noiseor speechframesfalselydetectedasspeechor
noiseframesand

ú
thetotal framenumberof thetestingdata.Our

testingdatahas118984frames,of which68%arenoiseframesand
32%arespeechframes.

1. Comparisonof phonemodelswith differentstates

In the above discussion,we focus on featuresand pdfs of
various vectors. We trained a phonemodel � for eachof the
basephonesandfiller phonesfrom training corpusdisregarding
the fact that phonefeaturesmay have fundamentalchangesdur-
ing onephonedurationlength. Fromthepoint of HMMs, we use
onestateto representthe whole phoneduration. It is reasonable
to further improve the model � by usingmulti-stateandmixture
GaussiandistributionHMMs. Weresortto Sphinx-II [12] andtest
how five-stateHMMs can improve the detectionaccuracy. Re-
sultsareshown in Table1. It is worth to note that usingmulti-
stateHMMs cangreatlydecreasethedetectionerror from 17.7%
to 13.2%. Noteno adaptationandno featuresotherthanMFCCs
areusedin thesecases.NotethattheVAD usingfive-stateHMMs
takes.7xRT ona PIII 600MHz machine.

It is well known that languagemodel (LM) is a must for a
recognizer. So a languagemodeltrainedfrom the training set �
is appliedto the recognizer. Again, the error ratedecreasedfur-
therto 9.7%.By incorporatingtheLM, we have providedabout6
bits/wordof informationfor the � .

Table 1. RESULTS OF DIFFERENT STATES (%)

# HMM states
� ô � í ���

1-stateHMM 15.4 2.3 17.7
5-stateHMM 10.3 2.9 13.2
5-stateHMM + LM 6.7 3.0 9.7

2. Comparisonwith otherVAD algorithms

Resultsfor (A) energy-basedVAD, (B) G.729BVAD, (C) thecom-
binedVAD and(D) Bayesianadaptive VAD areshown in Table2.
From the table,we find thatmethods(B) and(C) have someim-
provementsover(A). However, dueto thediversityandcomplexity
of thepracticalnon-stationarynoiseenvironments,thegainof us-
ing additionalfeaturesis limited. TheBayesianadaptive method
updatesacousticmodelsattheframelevel sothattheadaptedmod-
elscanbettermatchactualchannelconditions.Resultsshow there
is a 23% error reductioncomparedwith G.729BVAD. Also it is
worth to notethat theadaptive VAD takes0.05xRT which should
satisfytherequirementof real-timespokendialogsystems.

Table 2. RESULTS OF VARIOUS VAD APPROACHES (%)

Method
� ô � í ���

(A) Energy based 7.3 6.4 13.7
(B) G.729BVAD 5.6 7.8 13.4
(C) Combinedmethod 6.1 6.4 12.5
(D) Bayesianadaptive 5.0 5.3 10.3

6. CONCLUSIONS

In this paper, we presentour recentdevelopmenton voice activ-
ity detection. We have tried variousacousticfeaturesandmod-
els. Bayesianadaptationwasexploited to performon-line adap-
tationandaccountfor variousnoisyenvironments.Linguistic in-
formationplaysan importantrole in voiceactivity detection.We
canpredictthatarobustvoiceactivity detectorwhich incorporates
short-termenergy, zero-crossingrate,MFCCsandon-lineadapta-
tion techniquesmay meetmany real-timedialog systemrequire-
ments.
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