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Abstract—We presentan experimental analysis of on-off patterns in
Voiceover IP (VolP), where we study the talk-spurt/gap distribution pro-
ducedby two modern silencedetectors: ITU G.729Annex B VoiceActiv-
ity Detector (VAD) and NeVoT 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 sessionswve recorded. Both the spurt and gap distribu-
tions are more “heavy-tailed” than the exponentialcurve. In particular,
the gap distribution deviatesmuch more strongly from the exponential
model,evenwhen “hangover” is applied.

To estimate how such deviation affects VolP applications, we inves-
tigate the performance of voice traffic multiplexing. In particular, we
look at the probability of having a out-of-profile packet (p,) when a to-
ken bucket filter is placed at the multiplexing end. We run a seriesof
simulations under threeincreasingly accurate settings: the exponential
model,thereal CDF, and the raw silencedetector outputs. In generalthe
token bucket resultsare fairly robust with regardsto the details of the
distribution. This is particularly true when the multiplexing factor N
(number of voice sources)is large and the token buffer size B is not too
big. When N is small and/or B is big, however, the estimatedp, 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 VolP
has a small temporal correlation and a secondaryeffect on the perfor-
manceof multiplexers.

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

|. INTRODUCTION

Humanspeectconsistof talk-spurtsandsilencegaps also
known ason-off patterns Theexistenceof spurtsandgapsal-
lows for silencesuppressionyherea voice sggmentis trans-
mitted only if it is detectedasactive (atalk-spurt). The main
benefitsof silencesuppressiomre:

« allowshigherbandwidthutilization throughmultiplexing.
« allowsperspurtplayoutdelayadjustmenf17], [14].
« enableechosuppressiotasedn silencedetectoroutput.

We are mainly interestedn how much bandwidthutiliza-
tion gain canbe achieved by multiplexing, and what packet
lossrateis introducedby the multiplexer for a particularuti-
lization gain. Previous studieson the performanceof voice
traffic multiplexers[5], [15], [7], [11], [20] assumehatthe
length of spurtsand gapsfollow an exponentialdistribution
[2], [3], [4]. Sincemostof thesespeechmeasurementare
basedon eitheranalogor simpledigital silencedetectorg?],
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[3], [4], [8], we suspectedhat the spurts/gapgproducedby
modernvoice codecsandsilencedetectorswill no longerfit
well to the exponentialmodel, which mayin turn affect the
packetiossrateatthe sameutilization gain.

We recordedseveral telephonecorversationsas digitized
audiofiles. Next we appliedto the audio files with G.729
Annex B VoiceActivity Detector(VAD) [13] andthe NeVoT
[19] SilenceDetector(SD). The resultingspurt/gapdistribu-
tionsto alarge extentdependon thetype of silencedetectors
andthe volumelevel. In mostcasesthe spurtdistributions
is slightly more“heavy-tailed” thanexponential, whereaghe
gapdistribution deviatesstronglyfrom anexponentialmodel.

We thenrun a setof simulationsto studythe effect of real
spurt/gapdistributions on multiplexer performance.A pro-
gramsimulatesa tokenbucketwith N on-off voice sources.
Its tokenrateis expressedasa percentager of the peakrate.
It hasa bucketdepthof B (in countsof packettokens). The
performancgarametemwe examineis p,, the probability that
a packetis out of profile. The simulationresultsindicatethat
theexponentialmodelin generalivesa closeestimateof p,,
particularlyfor a large N. In certainsettings,however, the
exponentialmodelwill underestimatep, by alargeratio.

The rest of the paperis organizedas follows: sectionll
describeghe setupof telephory devices usedto recordtele-
phoneconversationsSectionlll compareshetwo silencede-
tectorsusedin our experiment,G.729BandNe\VoT SD. Sec-
tion IV presentghe spurt/gapCDF plots obtainedfrom the
silencedetectomoutputs.SectionV describeshetokenbucket
simulationsetupandits results.

Il. EXPERIMENT SETUP

We useda gatavay-basedsetupto recordtelephonecon-
versations.As shown in Figurel, it consistsof a SIP-based
[9] 3Comethernetphoneanda Mediatrix gatavay, which is
a 1-line PSTN-to-1Ptelepholy gatavay. The Mediatrix gate-
way performsa 2-wire to 4-wire corversionwhenit translates
betweerPSTNsignalsandIP packets.

We recordvoice packetsusing“tcpdumg. The dumpfile
is filteredto retrieve the pu-law encodedRTP payloadswhich
arethenstoredasSuny-law “.au” files.
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I1l. SILENCE DETECTORS
A. Introductionto G.729BandNe\0T SD

We examinetwo silencedetectors:G.729 Annex B VAD
(VoiceActivity Detector)[13], andtheNe\WT SilenceDetec-
tor (SD) [19]. Both of themusethe enegy in a voice frame
asafirst estimatein silencedetection.Ne\VoT is basedn the
ISI VT audiotool [18]. The NeVoT SD usesa thresholdthat
is dynamicallyupdatedbut constrainedvith a min and max
value. It usesa small hysterisisaswell asa fixed but config-
urable“hangover” time. A hangwer is a techniqueto avoid
suddenend-clippingof speechesndto bridge shortspeech
gapssuchasthosedueto stopconsonantsWithin the hang-
over time, even afuture silentframeis consideregart of the
latesttalk-spurt.If any future framewithin the hangwertime
is detectedchsactive, the hangwertime is “renewved”. A sim-
ilar techniqueis calledfill-in, but it bridgesa gap eitherin
entiretyor none,dependingpn whetherthe gapis shorterthan
thefill-in time. Thefill-in time (typically 200ms)introduces
a significantlook-aheaddelay makingit unsuitablefor tele-
phory applications.

Ne\WoT SD hasseveral configurablgparameters:

Parameter | Meaning Default

min thresh | frame enegy belov which ary | -45dB
signalis consideredsilence.

maxthresh | highestallowedsilencethreshold| -20dB

pre pre-spurthangwer time 1 packet

post post-spurhangwer time 6 packets

Aswewill seein sectionlV, themin thresholdandthetotal
hangwer arethe moreimportantparameters.

In contrast,G.729B5 algorithmis moresophisticatedand
its hangwertimeis notfixed. G.729Bis alsofully automatic
It doesnot requirethe userto setary threshold.

It is alsonotedthattheG.729Annex B specusesadifferent
volume measurghan NeVoT SD. NeVoT SD usesa default
min thresholdof -45 dB, whereaghe G.729Bmin threshold
is-55dBin theNeWT volumescaleand15dB in theG.729B
scale. Thereforeby defaultNeVOT SD is lesssensitive than
G.729B,thatis, it tendsto pick up lessnumberof segments
astalk-spurts.For theremaindeof this paperwe will usethe
Ne\oT scale.

B. Comparisonwvith Traditional SilenceDetectors

Traditional silencedetectorssuchas thoseusedby Brady
[2] usually hasfixed enegy thresholdsand fixed hangwers
or fill-ins. Dependingon the hangaer or fill-in time (both
denotedby T, the meanspurtand gap length canfall into

two regions.If T'is 0 or very small,meanspurtis around200
to 400ms, andthe meangapis around500to 700ms. If T'is
around200ms, mostshortgapsare eliminated,andboth the
meanspurtandgapwill beontheorderof 1 to 2sec.

Sriramand Whitt [20] quoté: a meanspurtof 352msand
a meangapof 650ms. Apparentlythis correspondo O or a
small hangaer. The ITU P59 [12] recommendatiorspeci-
fiesanartificial on-off modelfor generatindhumanspeechlt
specifiesa meanspurtof 227ms anda meangap of 596ms
without hangwer, anda 1.004secand1.587secrespectiely
with hangwer. Brady [4] givesan averageof aroundl.2sec
for spurtsandl.8secfor gapsafterapplyinghangwer.

The G.729BVAD usesa dynamichangawer time. In fact,
thereare one frame long (10ms) talk-spurtsin the G.729B
output.We will seein sectionlV thatG.729Bproducesa dis-
tribution more like by a traditional silencedetectorwithout
hangwoer. NeVoT SD behaeslike atraditionalsilencedetec-
tor, but it hasa dynamicallyupdatedhreshold.

Pastspeechmeasurementave in fact indicatedthat gap
distributionswithout hangwer do not alwaysfit well with an
exponentialmodel[3], [8], [12]. In particular the ITU P59
[12] spurt/gapmodel without hangwer is not exactly expo-
nential, as seenin Figure 2 (a). But thereare still several
issues: First, previous studieson multiplexing performance
have assume@nexponentialmodelirrespectve of thelength
of hangwer. For example,SriramandWhitt [20] usedamean
spurtof 352ms and meangap of 650ms. This is apparently
without hangaer, andthe distribution is thereforenot expo-
nential. Second,G.729Bis different from either a silence
detectorwith no hangawer or with a fixed hangwer, andno
study hasbeenperformedon how G.729B%s dynamichang-
over affects spurt/gapdistribution. Third, althougha long
hangwer (e.g.,200ms) helpseliminateend-clippingof talk-
spurtsjt is unnecessarfpor modernvoicecodecdike G.729B
becausé&s.729Bemploysa sophisticated/AD algorithmand
dynamichangaweralongwith ComfortNoiseGenerationThe
long hangawer is for a large part usedto make Time As-
signedSpeechnterpolation(TASI) [6] work better(lessijit-
ter, reducedsignaling overhead,etc.). This requirementis
now obsoletein today’s packetswitchednetworks,because
when individual voice flows are aggr@atedand sentto the
router it doesnot matterhow continuousthe streamis. A
short/dynamichangaer only helpsconsere bandwidthand
reducecongestion.

IV. CDF PLOTS OF SPURTS AND GAPS

Figure2 (b) shaws the complementarngpurt/gapCumula-
tive Distribution Function(CDF) for one userin a recorded
telephoneconversation.ln acomplementarCDF the plot for
an exponentialrandomvariableis a straightline whenthe y
axisis in logscale. Thereforethe two straightlines in Fig-
ure 2 (b) representhe equivalentCDF of spurtsand gapsif
they were exponentiallydistributed. Herethe equivalences

I Theyreferencedt asa privatework by May andZebo,Bell Labs1981.
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definedashaving the samemeanvalue.

We recordedsix corversationswith an averagedurationof
about720 sec(the total time (8743 sec)printedat the top of
CDFplotin Figure4 dividedby twelve). Five of thecorversa-
tionswerein Chinesetheotherin English.We did not notice
avisible impactof thelanguageon spurt/gapdistributions.

Figure2 (c) isthe CDF plot whenthesameaudiofile in Fig-
ure2 (b) isrunthroughtheNe\VoT SD. For thisplot we choose
the min thresholdas-55dB anda 20ms hangwer time, be-
causdt yieldsasimilar peformanceo the G.729BVAD. Fig-
ure 3 (a) is the CDF plot of the sameaudiofile whenvarying
theNeVoT SDhangawertime. NeVOT by defaultusesa20ms
frame,andahangawer of about7 framesthereforejt is equiv-

alentto a 140ms hangwer time. We canseethata 140ms
hangwer time cansignificantlychangehe CDF. Ne\oT dis-
tinguishesbetweenpre (default1) and post-spurt(default6)
hangwer. However, asfar asthe distribution is concerned,
only thetotal numberof hangwer packetanatters.

Figure 3 (b) is the CDF plot of the sameaudiofile when
varyingtheNe\VoT SD min andmaxsilencedetectingthresh-
old. The min thresholdseemgo be themostimportantfactor.

The G.729BVAD is fully automatic,whereaghe Ne\VoT
SD hasseveral configurablegparametersThe mostimportant
onesarethe min thresholdandhangawer time. Sincethe set-
ting of thesethresholdscan have a significanteffect on si-
lencedetectionwe chooseo useparameterthatleadto sim-



ilar performanceo thatof G.729B. Thereforewe useamin
thresholdof -55dB anda hangaer of 20ms.

Gapdistributions are less sensitve to hangawer time, but
still sensitve to min threshold asseenin Figure3 (c).

Figure 4 shaws the spurt/gapdistribution producedby
G.729BVAD whenaveragedover mary corversations.Be-
fore averaging,the recordingsarelistenedby the authorand
the soundvolumeis increasedr decreasedppropriatelyto
minimizethe effectsof volumeon silencedetectors We also
tried to adjustthevolumeautomaticallyfor example by “nor-
malizing” the averagespurtenepy to a referencedB value,
but the resultingvolumeis still sometimegoo loud or too
weak. This is probablydueto the differencein enegy (dB)
andloudnesgqsubjective parameter).

We canseethatthe CDF plots are quite similar to that of
Figure?2 (b). The spurtCDF curweis slightly above its expo-
nential counterpartwhich meansit is slightly more“heavy-
tailed”. Thegapdistributionis significantlydifferentfrom its
equivalentexponentialmodel. Therefore,we can conclude
thatthe exponentialmodelis apparentlynot a goodfit for the
gapdistribution, and dependingon the requirementthe ex-
ponentialmodelmay be consideredan inadequatdit for the
spurtdistributionaswell.

Figure4 (b) is theequialentplot of Figure4 (a)for NeVoT
SD.Its CDFis similarto thatof G.729BVAD, althoughthere
is somedifferencein the meanspurtandgaplength.

Figure4 (c) is a similar plot whenNe\WoT SD usesits de-
fault setup(-45dB min, -20dB maxthreshold,140ms hang-
over). We canseethatits meanspurtandgaparemuchlonger,
ontheorderof 1 sec.

V. TOKEN BUCKET SIMULATIONS AND RESULTS
A. SimulationSetup

Anick et al [1] givesan analyticalprocedurdo derive the
dynamicsof afluid producer/consumesystem.Both the pro-
ducersand consumersare on-off sourcesand sinks, respec-
tively. Eachof the M producerdumpsfluid into a bucketat
afixedratewhenit is in the on state andsendsothingwhile
in the off state. Eachof the N consumergirainsthe bucket
at a fixed rate whenin the on state,and doesnothing while
in the off state.Both producersandconsumerdgollow an ex-
ponentialdistribution in their on-off patterns,althoughwith
possiblydifferentaverages.

In VolPtraffic aggr@ation,atokenbucketis usuallyusedto
performmultiplexing andshaping Figure5is anexampleof a
tokenbucketin action. Thetokensarefilled ata constantate,
andeachpacketconsumes tokenbeforeit is transmitted.If
thereis no tokenavailablewhena packetarrives,the packet
is consideredut-of-profile. It is upto the ISPto decidewhat
to do with anout-of-profilepacket.It canbe eithertreatedas
best-efort, or discarded Sincethe main performancendica-
tor we examineis the out-of-profile probability p,, the token
bucketbecomesequialentto a leaky bucketwith the same
buffer size. The only differenceis the queueingdelayassoci-

N voice Token silence detector trace
sources FiIIing as circular buffer
cursor N \
I/CUI’SOI’
iy,
o tokens
cursor 3
data drain N
cursor 2
(a) A tokenbucketfilter (b) Illustration of trace-
in action basedsimulation

Fig.5. TokenbucketVolP multiplexersimulationsetup

atedwith aleaky bucket.

Brunoetal [5] usedtheresultsfrom Anick etal [1] to ana-
lyze VolP aggreationwith atokenbucket. Thevoice sources
correspondo theon-off consumersandthetokenfilling pro-
cesscorrespondo the producersexceptthatit is on all the
time. Bruno’s analysisalsoassumeghe voice sourceshave
exponentialon-off patterns.They usea meanspurtof 350ms
andgapof 650ms,aboutthesameasin SriramandWhitt [20].
Thereforejt alsocorrespondso spurt/gapwithout hangawer,
andhencenotwell fit to the exponentialmodel.

We have run a seriesof simulationsthatmodelsthe beha-
ior of atokenbucketmultiplexer. Thefirst setof simulations
is basedon exponentialdistributior?. The secondsetis based
on the real spurt/gapCDF, obtainedfrom our recordingsof
varioustelephonecorversations.Thelastsetis basedn raw
silencedetectotracesthatis, theraw outputof eitherG.729B
or Ne\WoT SD. This is to examinewhetherthereis ary tem-
poral correlationeffect that may influencethe performance
of multiplexers. The way we carry out a trace-basedimu-
lation is by creatinga cursor(an arrayindex) for eachvoice
source.Eachcursoris initialized to arandomlocationin the
silencedetectortrace,andtraversegandcyclesupontheend)
thetracesequentiallyfrom thereon.

B. ResultBasedonthe Exponential CDF and Tracemodel

The parameterave usedhere are similar to the onesin
Bruno et al [5]. Figure 6 shavs the probability of an out-
of-profile packet(p,) for differentmultiplexing factors(V),
tokenrates(R), andtokenbuffer sizes(B). This setof simu-
lation is basedon CDFsandtracesby the G.729BVAD. The
unit of B is thenumberof packets.R is expressedstheratio
of the absolutetokenrate to the peakdatarate. If on aver
agea persontalks 40% of thetime, then R shouldbe at least
0.4 to sustainthe averagedatarate. In reality, R shouldbe
someavhatlargerto absorbthe burstinesf voicetraffic when
mary sourcesareon andtransmitting. The sampleaudiowe
usedhasanaveragespurt%(i.e., percentagef timein theon
state)of 43% underthe G.729BVAD.

Fromtheplotswe seethattheexponentialmodelgenerally
underestimatep, by a small fraction. This underestimate

2 Strictly speakingijt is geometricdueto discretepacketization
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is insignificantif thetokenrate R is relatively small (under
provisioned)and/orif N is large. When R is small, mary
packetswill be out-of-profile thereforetheburstinessof CDF
andraw tracedatais lessamplifiedin termsof p,, becausé¢he
basevalueof p, will befairly large. When N is large, p, is
likely to besmallfor thesameR and B comparedo a small
N, thereforethe absolutedifferencebecomesgjligible.
However, asseenin Figure6, in certaincasesthe relative
differenceof p, betweenthe exponentialmodelandthe CDF
modelcanbe quite large. Becausdrigure 6 hasthe ordinate
in logscale the distancebetweenthe curvesat a given point
B representshe multiplicative difference(ratio) or the rela-
tive difference. From Figure 6 we can seethat the relative
differencebecomewery big for large B and/orsmall V.
Finally, theresultsfrom the CDF modelalsodiffersslightly
from the tracemodel. This representa small degreeof tem-
poralcorrelationin thespurt/gapgracescomparedo themem-
orylessCDF. This correlationconsistentlyyieldsa higherp,,
which representa burstierpatternthanthe CDF model.
Tablel showvsthe numericalsimulationresultsof Figure6.
Not all datapointsarelisted. However, all datapointswith
B =100 arelistedin Tablel, to illustrate the strongdevia-
tion of CDF andtracebasedsimulationfrom the exponential
model.As seenin Tablel, whentokenrate R is small,p, will
be quite large, thereforethe slight differencein p, between
differentmodelsdoesnot play animportantrole. E.g.,when
N=5,R=0.45,B=14,p, is 0.13underexponentialmodel,and
around0.15underthe CDF or tracemodel. This differencds
minimal given p, is alreadyquite high. This example may
be somavhat unrealisticbhecausepeopleprobablywon’t use
VolIP if thelossrateis that high (assumeout-of-profile pack-

etsarediscarded).Anotherexampleis when N=5, R=0.55,
B=100,p, is 0.005underexponentialmodel,andaround0.03

underthe CDF or 0.04underthe tracemodel. If the recever

applicationhasno loss concealmenf10], [16], a 0.5% loss
could still be consideredyood quality, but a 3% to 4% loss
is probablyconsideredessasgoodasa 0.5%loss. Thelast
examplewe consideris when N=100, R=0.55, B=100, p, is

3 x 10~% underexponentialmodel, which is nearly perfect,
but the CDF modelgives 1.8 x 10~5, 6 timeshigher The
tracemodelgives1.11 x 10~*, 37 timeshigher It maybean
extremeexample,but it doesshov how big therelative differ-

encecanbecome Thisdatapointalsoseemgo beananomaly
point, becausehe trace-basedesultsdeviatesstrongly from

eventhe CDF results. Suchanomalyis alsoobseredin Fig-

ure7, whenNeWT SDwith the defaultsettingis used.

Figure7 shavs a similar setof performanceplots. It uses
the CDF andraw tracesproducedby NeVoT SD onthesame
setof audiofiles whenit usesdefaultsparameters.That s,
a min thresholdof -45dB, max of -20dB, a hangwer time
of 140ms. The plots looks similar to Figure 6, but the rela-
tive differenceof p, betweenthe exponentialmodelandthe
CDFis muchsmaller Thisis probablybecause large hang-
over makeghe spurt/gapdistribution closerto anexponential
distribution. Therealso appeargo be an anomaly point at
(N=100,R=0.55B=100). Thetrace-baseg, is consistently
around10~* for both G.729B and Ne\WoT SD (large hang-
over) simulationsat this datapoint. Thisis alsotruefor sim-
ulationsbasedon Ne\WWT SD traceswith a small hangawer.
We do not know the causeof suchanomaly but it seemgo
indicatethe sampleaudiotracecanexhibit a strongtemporal
correlationin certainsituations.



N R | B Po EXPO po CDF po 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 05| 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 |

SELECTED DATA RESULTSFOR SIMULATION

Froma practicalpoint of view, p, will be smallfor alarge
B, thereforegvenif theexponentiaimodelestimatds off by a
largeratio, the aboslutedifferences still small. For example,
ausermay or may not be ableto tell betweena 99.5%good
circuit from a 99.0%good circuit. However, this difference
may becomemportantwhenstringentandprecisetraffic en-
gineeringis required,for example,whena compay signsa
contractwith an ISP using a strictly specifiedServiceLevel
AgreementgSLA). For an SLA, 0.5% lossand 1.0% could
meana significantdifference.

VI. CONCLUSIONS

We presenthe analysisof on-off patterng(talk-spurtsand
gaps)for Voice over IP. We applythe G.729BVoice Activity
Detector(VAD) and Ne\WoT SilenceDetector(SD) to some
recordedtelephoneconversations. The resultsindicate that
spurt/gapdistributions are not exactly exponential, particu-
larly for gaps.TheNeVoT SD canbetunedto behae similar
to G.729BVAD with a comparablehresholdandshorthang-
over. We thenconducttokenbucketsimulationsbasedon the
exponentialmodel, the obtainedspurt/gapCDF, andthe raw
traceof silencedetectooutput. Theperformancéndicatorwe
examineis the out-of-profileprobability (p,). The simulation
resultsindicatethat the exponentialmodel generallygivesa
closeestimateof p,, especiallyfor large multiplexing factors.
But therelative differencebetweenthesemodelscanbecome
quitelarge (about30%to 200%)in certainsettingsgespecially
whenthetokenbuffer sizeis large. We have alsoobsenedan
anomalydata point where the trace-basegimulation result
candeviate hearily even from the CDF-basedesult, which
we suspectis due to someinternal temporalcorrelationef-
fectin thetrace. In summarythe exponentialmodelcanbe
usedfor afirst-handperformancestimateput amoreprecise

model(suchasa CDF)is neededn certainsettingsandwhere
high precisionis required,for examplewhena strict Service
Level Agreemen{(SLA) is to bedetermined.
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