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Abstract— We presentan experimental analysisof on-off patterns in
Voiceover IP (VoIP), wherewestudy the talk-spurt/gap distribution pro-
ducedby two modernsilencedetectors: ITU G.729Annex B VoiceActiv-
ity Detector(VAD) andNeVoT SilenceDetector(SD).The resultsindicate
that spurt/gap distributions arefairly sensitiveto both the soundvolume
and the type of silencedetectors,but all of them showedthat the tra-
ditional assumptionof exponential distribution doesnot alwaysfit well
with the audio sessionswe recorded. Both the spurt and gap distribu-
tions are more “heavy-tailed” than the exponentialcurve. In particular ,
the gap distribution deviatesmuch more strongly fr om the exponential
model,evenwhen “hangover” is applied.

To estimatehow such deviation affects VoIP applications, we inves-
tigate the performance of voice traffic multiplexing. In particular , we
look at the probability of having a out-of-profile packet (��� ) when a to-
ken bucket filter is placed at the multiplexing end. We run a seriesof
simulations under three increasinglyaccurate settings: the exponential
model, the real CDF, and the raw silencedetectoroutputs. In generalthe
token bucket resultsare fairly robust with regardsto the details of the
distribution. This is particularly true when the multiplexing factor �
(number of voicesources)is large and the token buffer size � is not too
big. When � is small and/or � is big, however, the estimated ��� under
the real CDF is about 30% to 200% larger than under the exponential
model. Finally, the relative differencebetweenthe raw silencedetector
outputs and the real CDF is generally much smaller than betweenthe
real CDF and the exponentialmodel. Therefore, the data traffic in VoIP
has a small temporal correlation and a secondaryeffect on the perfor-
manceof multiplexers.

Keywords—VoIP, IP telephony, traffic aggregation, QoS,on-off pat-
terns.

I . INTRODUCTION

Humanspeechconsistsof talk-spurtsandsilencegaps,also
known ason-off patterns.Theexistenceof spurtsandgapsal-
lows for silencesuppression,wherea voicesegmentis trans-
mittedonly if it is detectedasactive (a talk-spurt).Themain
benefitsof silencesuppressionare:� allowshigherbandwidthutilization throughmultiplexing.� allowsper-spurtplayoutdelayadjustment[17], [14].� enableechosuppressionbasedonsilencedetectoroutput.

We aremainly interestedin how muchbandwidthutiliza-
tion gain canbe achieved by multiplexing, andwhat packet
lossrateis introducedby themultiplexer for a particularuti-
lization gain. Previous studieson the performanceof voice
traffic multiplexers[5], [15], [7], [11], [20] assumethat the
lengthof spurtsandgapsfollow an exponentialdistribution
[2], [3], [4]. Sincemost of thesespeechmeasurementsare
basedon eitheranalogor simpledigital silencedetectors[2],
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[3], [4], [8], we suspectedthat the spurts/gapsproducedby
modernvoice codecsandsilencedetectorswill no longerfit
well to the exponentialmodel,which may in turn affect the
packetlossrateat thesameutilization gain.

We recordedseveral telephoneconversationsas digitized
audio files. Next we applied to the audio files with G.729
Annex B VoiceActivity Detector(VAD) [13] andtheNeVoT
[19] SilenceDetector(SD). The resultingspurt/gapdistribu-
tionsto a largeextentdependon thetypeof silencedetectors
andthe volumelevel. In mostcases,the spurtdistributions
is slightly more“heavy-tailed” thanexponential,whereasthe
gapdistributiondeviatesstronglyfrom anexponentialmodel.

We thenrun a setof simulationsto studytheeffect of real
spurt/gapdistributionson multiplexer performance.A pro-
gramsimulatesa tokenbucketwith � on-off voice sources.
Its tokenrateis expressedasa percentage	 of thepeakrate.
It hasa bucketdepthof 
 (in countsof packettokens).The
performanceparameterweexamineis �
� , theprobabilitythat
a packetis out of profile. Thesimulationresultsindicatethat
theexponentialmodelin generalgivesa closeestimateof � � ,
particularly for a large � . In certainsettings,however, the
exponentialmodelwill under-estimate� � by a largeratio.

The rest of the paperis organizedas follows: sectionII
describesthesetupof telephony devicesusedto recordtele-
phoneconversations.SectionIII comparesthetwo silencede-
tectorsusedin our experiment,G.729BandNeVoT SD. Sec-
tion IV presentsthe spurt/gapCDF plots obtainedfrom the
silencedetectoroutputs.SectionV describesthetokenbucket
simulationsetupandits results.

I I . EXPERIMENT SETUP

We useda gateway-basedsetupto recordtelephonecon-
versations.As shown in Figure1, it consistsof a SIP-based
[9] 3Comethernetphoneanda Mediatrix gateway, which is
a 1-line PSTN-to-IPtelephony gateway. TheMediatrix gate-
wayperformsa2-wire to 4-wireconversionwhenit translates
betweenPSTNsignalsandIP packets.

We recordvoice packetsusing“ tcpdump”. Thedumpfile
is filteredto retrieve the � -law encodedRTP payloads,which
arethenstoredasSun � -law “.au” files.



a normal phone
Ethernet Hub

Mediatrix Gateway
Sparc
Ultra

PSTN

Remote

an IP phone

User local
user

eth
eth

voice

(tcpdump)

eth

Fig. 1. Gateway-basedtelephonerecordingsetup

I I I . SILENCE DETECTORS

A. Introductionto G.729BandNeVoT SD

We examinetwo silencedetectors:G.729Annex B VAD
(VoiceActivity Detector)[13], andtheNeVoT SilenceDetec-
tor (SD) [19]. Both of themusetheenergy in a voice frame
asa first estimatein silencedetection.NeVoT is basedon the
ISI VT audiotool [18]. TheNeVoT SD usesa thresholdthat
is dynamicallyupdatedbut constrainedwith a min andmax
value. It usesa smallhysterisisaswell asa fixedbut config-
urable“hangover” time. A hangover is a techniqueto avoid
suddenend-clippingof speechesandto bridgeshortspeech
gapssuchasthosedueto stopconsonants.Within thehang-
over time, evena futuresilentframeis consideredpartof the
latesttalk-spurt.If any futureframewithin thehangover time
is detectedasactive, thehangover time is “renewed”. A sim-
ilar techniqueis called fill-in , but it bridgesa gap either in
entiretyor none,dependingonwhetherthegapis shorterthan
thefill-in time. Thefill-in time (typically 200ms) introduces
a significantlook-aheaddelay, makingit unsuitablefor tele-
phony applications.

NeVoT SDhasseveralconfigurableparameters:
Parameter Meaning Default
min thresh frame energy below which any

signalis consideredsilence.
-45 dB

maxthresh highestallowedsilencethreshold -20 dB
pre pre-spurthangover time 1 packet
post post-spurthangover time 6 packets
As wewill seein sectionIV, themin thresholdandthetotal

hangover arethemoreimportantparameters.
In contrast,G.729B’salgorithmis moresophisticated,and

its hangover time is notfixed.G.729Bis alsofully automatic.
It doesnot requiretheuserto setany threshold.

It is alsonotedthattheG.729Annex B specusesadifferent
volumemeasurethanNeVoT SD. NeVoT SD usesa default
min thresholdof -45 dB, whereasthe G.729Bmin threshold
is -55dB in theNeVoT volumescaleand15dB in theG.729B
scale. Thereforeby defaultNeVoT SD is lesssensitive than
G.729B,that is, it tendsto pick up lessnumberof segments
astalk-spurts.For theremainderof this paperwewill usethe
NeVoT scale.

B. Comparisonswith Traditional SilenceDetectors

Traditionalsilencedetectorssuchas thoseusedby Brady
[2] usually hasfixed energy thresholdsandfixed hangovers
or fill-ins. Dependingon the hangover or fill-in time (both
denotedby � ), the meanspurt andgap length can fall into

two regions.If � is 0 or verysmall,meanspurtis around200
to 400ms,andthemeangapis around500to 700ms. If � is
around200ms,mostshortgapsareeliminated,andboth the
meanspurtandgapwill beon theorderof 1 to 2sec.

SriramandWhitt [20] quote1 a meanspurtof 352msand
a meangapof 650ms. Apparentlythis correspondto 0 or a
small hangover. The ITU P.59 [12] recommendationspeci-
fiesanartificial on-off modelfor generatinghumanspeech.It
specifiesa meanspurtof 227ms anda meangapof 596ms
without hangover, anda 1.004secand1.587secrespectively
with hangover. Brady [4] givesan averageof around1.2sec
for spurtsand1.8secfor gapsafterapplyinghangover.

TheG.729BVAD usesa dynamichangover time. In fact,
thereare one frame long (10ms) talk-spurtsin the G.729B
output.We will seein sectionIV thatG.729Bproducesa dis-
tribution more like by a traditional silencedetectorwithout
hangover. NeVoT SD behaveslike a traditionalsilencedetec-
tor, but it hasa dynamicallyupdatedthreshold.

Pastspeechmeasurementshave in fact indicatedthat gap
distributionswithout hangover do not alwaysfit well with an
exponentialmodel[3], [8], [12]. In particular, the ITU P.59
[12] spurt/gapmodel without hangover is not exactly expo-
nential, as seenin Figure 2 (a). But thereare still several
issues:First, previous studieson multiplexing performance
have assumedanexponentialmodelirrespectiveof thelength
of hangover. For example,SriramandWhitt [20] usedamean
spurtof 352ms andmeangapof 650ms. This is apparently
without hangover, andthe distribution is thereforenot expo-
nential. Second,G.729B is different from either a silence
detectorwith no hangover or with a fixed hangover, andno
studyhasbeenperformedon how G.729B’s dynamichang-
over affects spurt/gapdistribution. Third, althougha long
hangover (e.g.,200ms) helpseliminateend-clippingof talk-
spurts,it is unnecessaryfor modernvoicecodecslike G.729B
becauseG.729Bemploysa sophisticatedVAD algorithmand
dynamichangoveralongwith ComfortNoiseGeneration.The
long hangover is for a large part usedto make Time As-
signedSpeechInterpolation(TASI) [6] work better(lessjit-
ter, reducedsignaling overhead,etc.). This requirementis
now obsoletein today’s packetswitchednetworks,because
when individual voice flows are aggregatedandsent to the
router, it doesnot matterhow continuousthe streamis. A
short/dynamichangover only helpsconserve bandwidthand
reducecongestion.

IV. CDF PLOTS OF SPURTS AND GAPS

Figure2 (b) shows the complementaryspurt/gapCumula-
tive Distribution Function(CDF) for oneuserin a recorded
telephoneconversation.In acomplementaryCDFtheplot for
an exponentialrandomvariableis a straightline whenthe �
axis is in logscale. Thereforethe two straight lines in Fig-
ure 2 (b) representthe equivalentCDF of spurtsandgapsif
they wereexponentiallydistributed. Herethe equivalenceis�

Theyreferencedit asaprivatework by May andZebo,Bell Labs1981.
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definedashaving thesamemeanvalue.

We recordedsix conversationswith anaveragedurationof
about720sec(the total time (8743sec)printedat the top of
CDFplot in Figure4 dividedby twelve). Fiveof theconversa-
tionswerein Chinese,theotherin English.Wedid not notice
a visible impactof thelanguageonspurt/gapdistributions.

Figure2 (c) is theCDFplot whenthesameaudiofile in Fig-
ure2 (b) is runthroughtheNeVoTSD.For thisplot wechoose
the min thresholdas-55dB anda 20ms hangover time, be-
causeit yieldsasimilar peformanceto theG.729BVAD. Fig-
ure3 (a) is theCDF plot of thesameaudiofile whenvarying
theNeVoT SDhangover time. NeVoT by defaultusesa20ms
frame,andahangoverof about7frames,therefore,it is equiv-

alent to a 140ms hangover time. We canseethat a 140ms
hangover time cansignificantlychangetheCDF. NeVoT dis-
tinguishesbetweenpre (default1) andpost-spurt(default6)
hangover. However, as far as the distribution is concerned,
only thetotalnumberof hangoverpacketsmatters.

Figure3 (b) is the CDF plot of the sameaudiofile when
varyingtheNeVoT SD min andmaxsilencedetectingthresh-
old. Themin thresholdseemsto bethemostimportantfactor.

The G.729BVAD is fully automatic,whereasthe NeVoT
SD hasseveral configurableparameters.Themostimportant
onesarethemin thresholdandhangover time. Sincetheset-
ting of thesethresholdscan have a significanteffect on si-
lencedetection,wechooseto useparametersthatleadto sim-



ilar performanceto thatof G.729B. Therefore,we usea min
thresholdof -55dB anda hangover of 20ms.

Gapdistributionsare lesssensitive to hangover time, but
still sensitive to min threshold,asseenin Figure3 (c).

Figure 4 shows the spurt/gapdistribution producedby
G.729BVAD whenaveragedover many conversations.Be-
fore averaging,the recordingsarelistenedby theauthorand
the soundvolumeis increasedor decreasedappropriatelyto
minimizetheeffectsof volumeon silencedetectors.We also
triedtoadjustthevolumeautomatically, for example,by “nor-
malizing” the averagespurt energy to a referencedB value,
but the resultingvolume is still sometimestoo loud or too
weak. This is probablydueto the differencein energy (dB)
andloudness(subjectiveparameter).

We canseethat the CDF plots arequite similar to thatof
Figure2 (b). ThespurtCDF curve is slightly above its expo-
nentialcounterpart,which meansit is slightly more“heavy-
tailed”. Thegapdistributionis significantlydifferentfrom its
equivalent exponentialmodel. Therefore,we can conclude
thattheexponentialmodelis apparentlynot a goodfit for the
gapdistribution, anddependingon the requirement,the ex-
ponentialmodelmaybe consideredan inadequatefit for the
spurtdistributionaswell.

Figure4 (b) is theequivalentplot of Figure4 (a)for NeVoT
SD.Its CDFis similar to thatof G.729BVAD, althoughthere
is somedifferencein themeanspurtandgaplength.

Figure4 (c) is a similar plot whenNeVoT SD usesits de-
fault setup(-45dB min, -20dB maxthreshold,140mshang-
over). Wecanseethatits meanspurtandgaparemuchlonger,
on theorderof 1 sec.

V. TOKEN BUCKET SIMULATIONS AND RESULTS

A. SimulationSetup

Anick et al [1] givesan analyticalprocedureto derive the
dynamicsof a fluid producer/consumersystem.Both thepro-
ducersandconsumersareon-off sourcesandsinks, respec-
tively. Eachof the � producersdumpsfluid into a bucketat
a fixedratewhenit is in theon state,andsendsnothingwhile
in the off state. Eachof the � consumersdrainsthe bucket
at a fixed ratewhenin the on state,anddoesnothingwhile
in theoff state.Both producersandconsumersfollow anex-
ponentialdistribution in their on-off patterns,althoughwith
possiblydifferentaverages.

In VoIPtraffic aggregation,atokenbucketis usuallyusedto
performmultiplexingandshaping.Figure5 is anexampleof a
tokenbucketin action.Thetokensarefilled ataconstantrate,
andeachpacketconsumesa tokenbeforeit is transmitted.If
thereis no tokenavailablewhena packetarrives,the packet
is consideredout-of-profile.It is up to theISPto decidewhat
to do with anout-of-profilepacket.It canbeeithertreatedas
best-effort, or discarded.Sincethemainperformanceindica-
tor we examineis theout-of-profileprobability � � , the token
bucketbecomesequivalent to a leaky bucketwith the same
buffer size.Theonly differenceis thequeueingdelayassoci-

tokens

sources
N voice

Filling
Token

data drain

cursor N

cursor 2

cursor 1

cursor 3

silence detector trace
as circular buffer

(a) A token bucket filter
in action

(b) Illustration of trace-
basedsimulation

Fig. 5. TokenbucketVoIPmultiplexersimulationsetup

atedwith a leaky bucket.
Brunoet al [5] usedtheresultsfrom Anick etal [1] to ana-

lyzeVoIPaggregationwith a tokenbucket.Thevoicesources
correspondto theon-off consumers,andthetokenfilling pro-
cesscorrespondto the producersexcept that it is on all the
time. Bruno’s analysisalsoassumesthe voice sourceshave
exponentialon-off patterns.They usea meanspurtof 350ms
andgapof 650ms,aboutthesameasin SriramandWhitt [20].
Therefore,it alsocorrespondsto spurt/gapwithout hangover,
andhencenot well fit to theexponentialmodel.

We have run a seriesof simulationsthatmodelsthebehav-
ior of a tokenbucketmultiplexer. Thefirst setof simulations
is basedon exponentialdistribution2. Thesecondsetis based
on the real spurt/gapCDF, obtainedfrom our recordingsof
varioustelephoneconversations.Thelastsetis basedon raw
silencedetectortraces,thatis, theraw outputof eitherG.729B
or NeVoT SD. This is to examinewhetherthereis any tem-
poral correlationeffect that may influencethe performance
of multiplexers. The way we carry out a trace-basedsimu-
lation is by creatinga cursor(an arrayindex) for eachvoice
source.Eachcursoris initialized to a randomlocationin the
silencedetectortrace,andtraverses(andcyclesupontheend)
thetracesequentiallyfrom thereon.

B. ResultsBasedon theExponential,CDF andTracemodel

The parameterswe usedhere are similar to the onesin
Bruno et al [5]. Figure 6 shows the probability of an out-
of-profile packet(�
� ) for differentmultiplexing factors( � ),
tokenrates( 	 ), andtokenbuffer sizes( 
 ). This setof simu-
lation is basedon CDFsandtracesby theG.729BVAD. The
unit of 
 is thenumberof packets.	 is expressedastheratio
of the absolutetokenrate to the peakdatarate. If on aver-
agea persontalks40%of thetime, then 	 shouldbeat least
0.4 to sustainthe averagedatarate. In reality, 	 shouldbe
somewhatlargerto absorbtheburstinessof voicetraffic when
many sourcesareon andtransmitting.Thesampleaudiowe
usedhasanaveragespurt%(i.e.,percentageof time in theon
state)of 43%undertheG.729BVAD.

Fromtheplotswe seethattheexponentialmodelgenerally
under-estimates� � by a small fraction. This under-estimate�

Strictly speaking,it is geometricdueto discretepacketization
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Fig. 6. Effectof spurt/gapdistribution onmultiplexingperformance,G.729B
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Fig. 7. Multiplexing performancefor NeVoT SD with defaultparameters

is insignificantif the tokenrate 	 is relatively small (under-
provisioned)and/or if � is large. When 	 is small, many
packetswill beout-of-profile,thereforetheburstinessof CDF
andraw tracedatais lessamplifiedin termsof �
� , becausethe
basevalueof � � will be fairly large. When � is large, � � is
likely to besmall for thesame	 and 
 comparedto a small� , thereforetheabsolutedifferencebecomesnegligible.

However, asseenin Figure6, in certaincases,the relative
differenceof �
� betweentheexponentialmodelandtheCDF
modelcanbe quite large. BecauseFigure6 hastheordinate
in logscale,the distancebetweenthe curvesat a given point
 representsthe multiplicative difference(ratio) or the rela-
tive difference. From Figure 6 we can seethat the relative
differencebecomesvery big for large 
 and/orsmall � .

Finally, theresultsfrom theCDFmodelalsodiffersslightly
from the tracemodel. This representsa smalldegreeof tem-
poralcorrelationin thespurt/gaptracescomparedto themem-
orylessCDF. This correlationconsistentlyyieldsa higher �
� ,
which representsa burstierpatternthantheCDFmodel.

TableI shows thenumericalsimulationresultsof Figure6.
Not all datapointsare listed. However, all datapointswith
 = 100 are listed in Table I, to illustrate the strongdevia-
tion of CDF andtracebasedsimulationfrom theexponential
model.As seenin TableI, whentokenrate 	 is small, ��� will
be quite large, thereforethe slight differencein �
� between
differentmodelsdoesnot play an importantrole. E.g.,when� =5, 	 =0.45, 
 =14, �
� is 0.13underexponentialmodel,and
around0.15undertheCDF or tracemodel.This differenceis
minimal given � � is alreadyquite high. This examplemay
be somewhat unrealisticbecausepeopleprobablywon’t use
VoIP if the lossrateis thathigh (assumeout-of-profilepack-

etsarediscarded).Anotherexampleis when � =5, 	 =0.55,
 =100,�
� is 0.005underexponentialmodel,andaround0.03
undertheCDF or 0.04underthe tracemodel. If the receiver
applicationhasno lossconcealment[10], [16], a 0.5% loss
could still be consideredgoodquality, but a 3% to 4% loss
is probablyconsideredlessasgoodasa 0.5%loss. The last
examplewe consideris when � =100, 	 =0.55, 
 =100, ��� is���������
�

underexponentialmodel,which is nearlyperfect,
but the CDF model gives

� �"!#�������%$
, 6 times higher. The

tracemodelgives
� �&���'�(�����
)

, 37 timeshigher. It maybean
extremeexample,but it doesshow how big therelativediffer-
encecanbecome.Thisdatapointalsoseemsto beananomaly
point, becausethe trace-basedresultsdeviatesstronglyfrom
eventheCDF results.Suchanomalyis alsoobserved in Fig-
ure7, whenNeVoT SDwith thedefaultsettingis used.

Figure7 shows a similar setof performanceplots. It uses
theCDF andraw tracesproducedby NeVoT SD on thesame
setof audiofiles when it usesdefaultsparameters.That is,
a min thresholdof -45dB, max of -20dB, a hangover time
of 140ms. The plots looks similar to Figure6, but the rela-
tive differenceof � � betweenthe exponentialmodelandthe
CDF is muchsmaller. This is probablybecausea largehang-
over makesthespurt/gapdistributioncloserto anexponential
distribution. Therealso appearsto be an anomalypoint at
( � =100,	 =0.55,
 =100). The trace-based�
� is consistently
around

�*�+��)
for both G.729B andNeVoT SD (large hang-

over) simulationsat this datapoint. This is alsotruefor sim-
ulationsbasedon NeVoT SD traceswith a small hangover.
We do not know the causeof suchanomaly, but it seemsto
indicatethesampleaudiotracecanexhibit a strongtemporal
correlationin certainsituations.



� , . � ��� expo ��� CDF ��� trace
5 0.45. 14 0.130 0.149 0.150
5 0.45. 50 0.079 0.120 0.130
5 0.45. 100 0.048 0.097 0.116
5 0.5 . 14 0.087 0.102 0.104
5 0.5 . 50 0.041 0.075 0.083
5 0.5 . 100 0.018 0.056 0.067
5 0.55. 50 0.019 0.044 0.048
5 0.55. 100 0.005 0.029 0.039
30 0.45. 14 0.049 0.050 0.051
30 0.45. 100 0.022 0.035 0.039
30 0.5 . 28 0.012 0.015 0.016
30 0.5 . 100 0.004 0.010 0.012
30 0.55. 50 0.0013 0.0028 0.0030
30 0.55. 100 0.00034 0.0016 0.0022
100 0.45. 5 0.021 0.021 0.022
100 0.45. 100 0.010 0.015 0.017
100 0.5 . 50 0.00091 0.0014 0.0021
100 0.5 . 100 0.00037 0.00098 0.0015
100 0.55. 14 0.000082 0.00010 0.00022
100 0.55. 100 0.000003 0.000018 0.000111

TABLE I

SELECTED DATA RESULTS FOR SIM ULATION

Froma practicalpoint of view, �
� will besmall for a large
B, therefore,evenif theexponentialmodelestimateis off by a
largeratio, theaboslutedifferenceis still small.For example,
a usermayor maynot beableto tell betweena 99.5%good
circuit from a 99.0%goodcircuit. However, this difference
maybecomeimportantwhenstringentandprecisetraffic en-
gineeringis required,for example,whena company signsa
contractwith an ISP usinga strictly specifiedServiceLevel
Agreements(SLA). For an SLA, 0.5% lossand1.0% could
meana significantdifference.

VI . CONCLUSIONS

We presentthe analysisof on-off patterns(talk-spurtsand
gaps)for Voiceover IP. We apply theG.729BVoiceActivity
Detector(VAD) andNeVoT SilenceDetector(SD) to some
recordedtelephoneconversations. The resultsindicate that
spurt/gapdistributions are not exactly exponential,particu-
larly for gaps.TheNeVoT SD canbetunedto behave similar
to G.729BVAD with a comparablethresholdandshorthang-
over. We thenconducttokenbucketsimulationsbasedon the
exponentialmodel,the obtainedspurt/gapCDF, andtheraw
traceof silencedetectoroutput.Theperformanceindicatorwe
examineis theout-of-profileprobability(� � ). Thesimulation
resultsindicatethat the exponentialmodelgenerallygivesa
closeestimateof �
� , especiallyfor largemultiplexing factors.
But therelative differencebetweenthesemodelscanbecome
quitelarge(about30%to 200%)in certainsettings,especially
whenthetokenbuffer sizeis large.We have alsoobservedan
anomalydatapoint where the trace-basedsimulationresult
can deviate heavily even from the CDF-basedresult, which
we suspectis due to someinternal temporalcorrelationef-
fect in the trace. In summary, the exponentialmodelcanbe
usedfor afirst-handperformanceestimate,but amoreprecise

model(suchasaCDF) is neededin certainsettingsandwhere
high precisionis required,for examplewhena strict Service
Level Agreement(SLA) is to bedetermined.

REFERENCES

[1] D. Anick, DebasisMitra, andM. M. Sondhi.Stochastictheoryof adata-
handlingsystemwith multiplesources.Bell SystemTechnicalJournal,
61(8):1871–1894,October1982.

[2] PaulT. Brady. A techniquefor investigatingon-off patternsof speech.
Bell SystemTechnicalJournal, 44(1):1– 22,January1965.

[3] PaulT. Brady. A statisticalanalysisof on-off patternsin 16 conversa-
tions. Bell SystemTechnicalJournal, 47(1):73–91,January1968.

[4] PaulT. Brady. A modelfor generatingon-off speechpatternsin two-
way conversation. Bell SystemTechnicalJournal, 48(9):2445–2472,
September1969.

[5] R. Bruno,R.G. Garroppo,andS.Giordano.Estimationof tokenbucket
parametersof voip traffic. In IEEE ATM Workshop, 2000.

[6] S. J. Campanella. Digital speechinterpolation. COMSAT Technical
Review, 6(1):127–158, Spring1976.

[7] JohnN. DaigleandJosephD. Langford.Modelsfor analysisof packet
voice communicationssystems. IEEE Journal on SelectedAreasin
Communications, SAC-4(6):847–855,September1986.

[8] JohnG. Gruber. A comparisonof measuredandcalculatedspeechtem-
poral parametersrelevant to speechactivity detection. IEEE Transac-
tionsonCommunications, COM-30(4):728–738, April 1982.

[9] M. Handley, H. Schulzrinne,E. Schooler, andJ. Rosenberg. SIP:ses-
sion initiation protocol. Requestfor Comments2543, InternetEngi-
neeringTaskForce,March1999.

[10] Vicky Hardman,AngelaSasse,Mark Handley, andAnnaWatson.Re-
liable audiofor useoverthe internet. In Proc. of INET’95, Honolulu,
Hawaii,June1995.

[11] Harry Heffes and David M. Lucantoni. A Markov modulatedchar-
acterizationof packetizedvoice anddatatraffic and relatedstatistical
multiplexerperformance.IEEE Journal on SelectedAreasin Commu-
nications, SAC-4(6):856–867,September1986.

[12] InternationalTelecommunicationUnion. Telephonetransmissionqual-
ity objective measuringapparatus:Artificial conversational speech.
RecommendationP.59, TelecommunicationStandardizationSectorof
ITU, Geneva,March1993.

[13] InternationalTelecommunicationUnion. Codingof speechat 8 kbit/s
using conjugate-structurealgebraic-code-excited linear-predictionan-
nex b: A silencecompressionschemefor g.729optimizedfor termi-
nalsconformingto recommendationv.70. RecommendationG.729B,
TelecommunicationStandardizationSectorof ITU, Geneva, Switzer-
land,November1996.

[14] SueB. Moon, Jim Kurose,and Don Towsley. Packetaudio playout
delayadjustmentalgorithms:performanceboundsandalgorithms.Re-
searchreport, Departmentof ComputerScience,University of Mas-
sachusettsatAmherst,Amherst,Massachusetts,August1995.

[15] H. Naser, A. Leon-Garcia,andO. Aboul-Magd. Voiceoverdifferenti-
atedservices.InternetDraft, InternetEngineeringTaskForce,Decem-
ber1998.Work in progress.

[16] Colin Perkins,Orion Hodson,andVicky Hardman.A surveyof packet
lossrecoverytechniquesfor streamingaudio.IEEENetwork, 12(5):40–
48,September1998.

[17] RamachandranRamjee, Jim Kurose, Don Towsley, and Henning
Schulzrinne. Adaptive playout mechanismsfor packetizedaudio ap-
plicationsin wide-areanetworks.In Proceedingsof theConferenceon
ComputerCommunications(IEEE Infocom), pages680–688,Toronto,
Canada,June1994.IEEE ComputerSocietyPress,Los Alamitos,Cal-
ifornia.

[18] EveM. SchoolerandStephenL. Casner. A packet-switchedmultimedia
conferencingsystem.SIGOIS(ACM SpecialInterestGroupon Office
InformationSystems)Bulletin, 10(1):12–22,January1989.

[19] HenningSchulzrinne. Voice communicationacrossthe Internet: A
network voice terminal. TechnicalReportTR 92-50, Dept. of Com-
puterScience,University of Massachusetts,Amherst,Massachusetts,
July 1992.

[20] KotikalapudiSriramandWard Whitt. Characterizingsuperpositionar-
rival processesin packetmultiplexersfor voiceanddata.IEEEJournal
on SelectedAreasin Communications, SAC-4(6):833–846,September
1986.


