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Abstract—
Packet lossis an important parameter for dimensioningnetwork links or

traffic classescarrying IP telephony traffic. We presenta model basedon
the Mark ov modulated Poissonprocess(MMPP) which calculatespacket
lossprobabilities for a set of superpositioned voice input sourcesand the
specifiedlink properties. We do not intr oduceanother new model to the
community, rather try and verify one of the existing modelsvia extensive
simulation and a real world implementation. A plethora of excellent re-
search on queuing theory is still in the domain of ATM researchersand we
attempt to highlight it’ s validity to the IP Telephonycommunity.

Packet level simulationsshow very goodcorrespondencewith the predic-
tions of the model. Our main contribution is the verification of the MMPP
modelwith measurementsin a laboratory environment. The lossratespre-
dicted by the model are in general close to the measured loss rates and
the lossrates obtained with simulation. The generalconclusionis that the
MMPP-based model is a tool well suited for dimensioning links carrying
packetizedvoicein a systemwith limited buffer space.

Keywords— Link Dimensioning, Mark ov Process, IP Telephony,
MMPP/D/1/K

I . INTRODUCTION

Voiceapplications,suchastelephony, have beenusedon the
besteffort serviceprovidedby theInternetfor quitesometime.
Currentlymany telephoneoperatorshaveadvancedplansto use
IP technologyasa beareralsofor theregulartelephoneservice.
This, however, requiresthat theIP network canprovide service
guarantees.

Qualityof Service(QoS)issuesarebeingaddressedby many
forums,committeesandresearchers.Researchon IP QoShas
concentratedontheissuesof classifying,schedulingandadmis-
sion of packetsinto a network. Lesshasbeendoneon how to
dimensionanIP network carryingrealtime traffic.

This paper focuseson dimensioningIP network links in-
tendedto carrypacketizedtelephony or voicecalls. It is feasible
that existing carrierswould like to allocatea portion of their
bandwidthfor this serviceandthroughmechanismslike differ-
entiatedservices[12] provide superiorservicefor this kind of
dataandsubsequentlylevy highercharges.

The objective of this work is two fold, firstly to add to the
differentiatedservicesmodelpartswhich arenot addressedin
thespecificationsof theservice.Thediff-servmodelexplicitly
statesthatwell dimensionedlinks areassumedbut it is not ad-
dressedin the framework of the group. Thereforeit is a work
item which needsto be investigated.Secondly, we wantedto
produceatool whichhelpsoperatorsdimensionlinks for IP tele-
phony. Telecomoperatorsunderstandvery well how to dimen-
sionnetworksfor voicebut notover IP networks.Ourgoalis to
assistthem,soa typicalscenariowouldbegivenasetof param-
eters,how many usersshouldthey admit to their new IP tele-
phony serviceandstill deliver themthequality they promised.
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Fig. 1. Problem:dimensioninga link for voicesourcesover IP.

Our approachis to look at work donein both the ATM and
traditional telephony communitiesas well as to usetools and
simulatorsfrom the IP communityto verify theseideasin an
environmentrelevantfor theInternettoday. We have seenvery
little work which hastaken this approach.The researchcom-
munity is divided into oneof the two camps(but is changing
asATM andtelephony peoplearemoreengagedin Internetre-
searchnow).

Our assumptionin this work is thatIP telephony traffic is not
mixedwith TCP datainto the samebuffers. This would break
the queueingtheoryirreparablyandin a real network, addun-
manageabledelaysandpossiblylossesto thetime sensitive au-
dio data.This is thesituationwe havetoday.

Simplemechanismsexist to classifydataflows, for example
usingthesourceanddestinationaddressesin theIP headerand
thesourceanddestinationportsin theUDP header. This iden-
tifies a uniqueapplicationon two hostsin the Internet. Mech-
anismsalsoexist to separatedataflows into separatequeuesin
a router. A simpleschemeis to placea “higher priority” data,
suchasaudio,into separatebuffersandserve this queuebefore
otherdata.This would bea priority queueingschemebut many
othersexist to isolateandprotecttime, or even loss,sensitive
data.

Figure1 illustratesthe problemscenariowe areaddressing.
A numberof packet voicesourcesaremultiplexedontoa link.
Thelink hasalimited amountof bufferingwhichsometimeswill
result in the lossof packetswith the obviousconsequenceson
soundquality. With a link of a givenbandwidthanda number
of voice sources,what kind of quality couldbe expectedif we
ran60sources?Whatif we increasedthenumberto 80- canwe
still expectadequatequality?How will we affect thesystemby
changingtheamountof buffering in therouter?

We presenta mathematicalmodelbasedon a Markov modu-
latedPoissonprocess(MMPP)whichcanpredictthepacketloss
probability. We first verify themodelusingtheNS packet level
simulator. Themaincontributionof thispaperis theverification
of theMMPPmodelwith measurementsin alabnetwork. These
experimentsshow averygoodcorrespondencebetweentheloss
ratepredictedby themodelandthelossratemeasuredin thelab.
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Therestof thepaperis organizedasfollows. After summa-
rizing relevant relatedwork in the next section,we presentthe
MMPP-basedmathematicalmodelandthereasoningleadingto
this model in SectionIII. SectionIV describesthe parameters
we usedin theexperiments.SectionsV andVI describetheNS
simulationsand the laboratoryexperiments,respectively. The
experimentalresultsarepresentedanddiscussedin SectionVII
andthepaperis concludedwith SectionVIII.

I I . RELATED WORK

Link dimensioningfor voice hasbeena researchtopic for
several decadesin both academiaand the telecommunications
industry. Startinga little morethantenyearsback,theresearch
focushasbeenon link dimensioningfor ATM networks. Most
of theresultsin thedomainof ATM networksarealsoapplica-
ble in thedomainof IP networks,sincebotharepacket switch-
ing systems.Themajority of theresultsfrom previousresearch
is theoreticalor resultsfrom simulations.Our researchalsohas
resultsfrom measurementsof a realsystem.

Several approacheshave beensuggestedin the literatureto
solvetheproblemof dimensioninglinks in packetswitchednet-
works. Anick, Mitra andSondhi[2] studya multiplexer with
infinite buffer with a stochasticfluid flow modelbut it is shown
by Zheng[16] that this modelonly worksfor a multiplexerun-
der heavy load. Tucker [17] studiesa multiplexer with finite
buffer usingthe fluid flow model,but it doesnot fit the model
well for smallbuffers.HeffesandLucantoni[7] usea two-state
Markov modulatedPoissonprocess(MMPP) to estimatethede-
lay in a multiplexer with infinite buffer size. They suggestthat
thesameapproachfor calculatingtheparametersof theMMPP
canbeusedfor amultiplexerwith finite buffer size,but Nagara-
jan, KuroseandTowsley [11] show that this doesnot work in
the caseof finite buffer size. Instead,they develop a different
methodfor finding the parametersof the MMPP. Baiocchiet
al. [4] approximatethe arrival processwith a two-stateMMPP
andsuggesta methodcalledasymptoticmatching for thecalcu-
lation of the parametersof the MMPP. This approachis used
by Andersson[1] togetherwith aprocedureto calculatetheloss
probabilitiesdevelopedby Baiocchi,MelazziandRoveri [3] to
studyamultiplexerloadedwith asuperpositionof voicesources.

I I I . MATHEMATICAL PREPARATIONS AND MODEL

In this sectionwe developa mathematicalmodelfor dimen-
sioninga link carryingvoice traffic. We begin with someba-
sic materialon PoissonandMarkov processesso theinterested
readercanfollow thereasoningup to themodelwe present.In
the caseof the modelitself we startwith the arrival processof
asingleIP telephony sourceandproceedwith thesuperposition
of independentidenticallydistributedsources.Thesourcesare
thenmultiplexedonabottlenecklink throughaqueueof limited
size.A moredetaileddescriptionof this modelcanbefoundin
previouswork by oneof theauthors[1]. Themodelis basedon
a modeldevelopedby Baiocchi,MelazziandRoveri [3].

A. Markov andPoissonprocesses

The interestedreadershouldcheckthereferencesfor further
detailsandproofsof the theorems.Resnick’s ”Adventuresin
StochasticProcesses”[13] containsa thoroughpresentationof

Markov processesandAllan Gut’s ”An IntermediateCoursein
Probability” [6] gives a detailedpresentationof Poissonpro-
cesses.
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Fig. 2. Five samplepathsof a stochasticprocess

B. Markov Processes

An importantclassof stochasticprocessesareMarkov pro-
cesses.Thisclassof processeshavesomespecialpropertiesthat
make themmanageableto treatmathematically. A Markov pro-
cessis governedby the Markov propertywhich statesthat the
future behaviour of the processgiven its pathonly dependson
its presentstate.Beforeweproceedinto whataMarkov process
is we needto introducetheconceptof intensity.

B.1 TheIntensityconcept

Theconceptof intensitycomesfromthequestion“If weknow
thataneventat time � hasnot yet occurred,what is theproba-
bility thatit doesin justamoment?”.It is possibleto summarize
this in oneformula:��� ���	��

���������	��� (1)

where ��� is small. By usingthedefinitionof conditionalprob-
ability we obtain:��� ���	��
����������	����� ��� ���
��
����������	������ ���	���� ��� ���
����� 

�!������ �������� " � � 
������$# " � ���% # " � ��� �
where" is � ’sdistribution function.Assumingthat " is differ-
entiable,i.e � hasdensityfunction & , we have

" � ��

�!���'# " � ���(�)& � ������� 
+* � �!���-,
Hencetheprobabilityin equation1 is essentiallyequalto . � ���0/��� , wherethefunction. � ���(��& � ����132 % # " � ���54 (2)



IPTEL2001 3

is calledthe intensityfunction for � . Intuitively, if � doesnot
occurat � , is theprobabilitythatit is goingto occurin theinter-
val

� �����$
6���87 for small �!� approximatelyproportionalto �!� ,
andtheproportionalityconstantis theintensity . � ��� .
B.2 TheMarkov property

Let 2:9 � �������<;>=?4 be a time continuousstochasticprocess
which assumesnon-negative integer values. The processis
calleda discreteMarkov processif for every @A;B= , timepoints=C�D�FEG�H��I<�J/?/?/(�D�LK	�H�LKNMOI andstatesP8EQ��P�I��R,S,S,T��P8KQMOI it
holdsthat:��� 9 � � KNMOI �U�6P KNMVI ��9 � � K �U�)P K ��9 � � K3W�I �(�BP K3W�I �R,S,S,T��9 � � E �U�6P E �� ��� 9 � �LKNMOIR�U�6PFKNMVIX��9 � �LK��)P8KY����,

Thedefinition statesthatonly thepresentstategivesany in-
formationof thefuturebehaviour of theprocess.Knowledgeof
thehistoryof theprocessdoesnotaddany new information.

In this paperwe only concernourselveswith processeswho
havetime-homogeneousproperties.In otherwordstheintensity
of leaving astateis constantin time. Soit is naturalto makethe
following definitionwhichstatesthatthetransitionprobabilities
only dependson which statethe processis in and not on the
time.

Let 2:9 � �������Z;[=Y4 be a discreteMarkov process. If the
conditionalprobabilities

��� 9 �]\ 
����G�_^`�a9 �]\ �b�cPL� , for\ ���d;Z= , do not dependon s, theprocessis saidto betime ho-
mogeneous.Thenwe definethetransitionprobabilityfunctionsegfih � ���j� ��� 9 � ���A�k^D��9 � =l�m�nPF� and the transitionma-
trix o �qp � , whoseelementwith index

� P5�8^r� is e0fsh � ��� . Note thate fSf � =l�U� %
ande fih � =l�U�Z= for P�t�
^ , sothat o �]u �(�6v . In many

casesit is necessaryto studythetime betweenoccurrencesand
thereforewecanmakethefollowingdefinition. Let 9 � ���-����;	=
beaMarkov process.Wecall thetimes =w�	� Ix�
��yX�	�{z|��,T,S,
suchthatat � f theprocessmakesa transitionfrom onestateto
anotherthe occurrencetimes. We also introducethe duration} K��~�{K�#6��K3W�I , where �{Ej��= . Figure 3 illustratesthe
durationsof a stochasticprocess.At times ��I�����yN�:,T,S, arethere
statetransitionsandthe durations

} I � } y �R,S,T, arethe time spent
in aparticularstatebeforethenext statetransition.
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Fig. 3. Thedurationtime

B.3 TheIntensitymatrix

It is desirableto characterisethebehaviour of a Markov pro-
cessin onematrix. It turnsout thatthederivativeof o �qp � yields

suchanform.
Let � fsh � eg�fih , for P<t��^ we call � fih the transitionintensity

from state P to statê . Let 9 � ��������;B= be a discreteMarkov
process.Assumethat � fih � e0�fsh � =l�!;�= for Pwt��^ and � fTf �`=
suchthat ��� 9 � ��

�0�U��^���9 � ���U�)PL�U�6� fsh ��
+* � �g�
and��� 9 � � 
��0�dt�BPa��9 � ���U�6PL�U��#�� fTf �!
�* � �0�(�Z� f ��
+* � �g�-�
where � f �`#�� fSf , and � f ���h��� f � fsh ,
TheindicesP and̂ shallrunthroughthewholestatespaceof the
process.We will name� fsh ��Pwt��^ , the transitionintensityfrom
stateP to statê . And we definethe intensitymatrix � , whose
elementswith index

� P5��^3� are � fih . EveryMarkov processin this
paperwill meetthe assumptionmadein the definition above.
Anothernamefor the intensitymatrix is the generator matrix.
The summationcondition � f ��� f8�� h � fih is quitenaturalsince� fih is thetransitionintensityfrom stateP to statê , andif these
intensitiesaresummedover P�t�D^ we shouldreceive the total
intensityout of state P , which is given by � f . This alsomeans
thattherowsof � sumup to zero.

B.4 Birth-Deathprocesses

A usefulclassof Markov processeswhenanalysingqueueing
systemsarebirth-deathprocesses.Theonly possiblestatetran-
sitionsin this kind of processesarefrom P to P$# %

or from P toP0
 %
. Thetransitionintensityfrom stateP to P0
 %

is designated. f ;	= for P�;	= andthetransitionintensityfrom stateP to stateP # %
is designated� f ;B= for P�; %

.
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Fig. 4. Modelgraphfor aBirth-deathprocess

The statespaceof the birth-deathprocessis 2�=?� % �5�Y�����R,S,T,S,T4 .
The intensitymatrix will beof tri-diagonaltypesincethereare
only two waysof leaving a state.Hence,we have the intensity
matrix

���
����� #x.?E .�E = = = ,R,:,� I # � . I 
C� I � . I = = ,R,:,= � y # � . y 
+� y ��. y = ,R,:,

...
...

. . .

�R����
As mentionedearlier, certaintypesof queueingsystemsaresuit-
ably modelledby birth-deathprocesses.Thenumbers2�. f 4 and2:� f 4 areinterpretedasthearrival rateof thequeueandservice
rateof theserver, respectively.
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C. ThePoissonprocess

This sectiongivesa short introductionto Poissonprocesses.
A morecompletedescriptionof this type of processescanbe
found in [6]. Poissonprocessesareoneof themostimportant
classesof stochasticprocesses,andfind applicationsin diverse
areasof sciencesuchasphysics,teletraffic modellingandbiol-
ogy. We introducea counterwhich countthenumberof occur-
rencesfrom a startingpoint,andset9 � ���U�)@��g b¡�¢�£�*N&w*�¤-¤��0£�£�¢�@�¤-¢ \ P8@�����¢�P8@��L¢�£�¥r¦3§ � =?���87
Thus 9 � ��� will increaseby one for every occurrence.These
increasesof one will be called incrementsin the sequel. In
many applicationsit is realistic to assumethat occurrencesin
disjunctintervalsareindependentof eachother, i.e theprocess9 � ��������¨<� is saidto have independentincrements.If the dis-
tribution of theincrementsdoesnot changein time, theprocess9 � ��� is said to have stationaryincrements. If the numberof
occurrencesaftertime � follows theprobabilityfunctione0©dª¬«q­ �q® ��� ��� 9 � ���U� ® �(�)¢ W{¯ « � .����L°® ±²&{*�£ ® �6=�� % �³�Y�:,T,S,
where . is theintensityof theoccurrences,we saythat 9 � ��� is
a Poissonprocess.Let us now summarisetheserequirements
in a definition. A Poissonprocesswith intensity .��J= is a
stochasticprocess9 � ���-����;	= suchthat� PF� 9 � ����P \ P8@��L¢R´Y¢�£�¥r¦3§q�{¢�µ�� P�@�¤-£�¢�¦ \ P8@{´|¦r@�µ|9 � =r�$�Z=?�� P�PL� 9 � ���O��¦ \ P8@�µr¢ e ¢�@�µl¢�@���¦r@�µ \ �L¦r�FPF*�@�¦l£�¶·P8@�¤�£�¢� <¢�@�� \ �� P�P8PL��9 � ����¨ � * � .�����,
This is one of many possibledefinitionsof the Poissonpro-

cess. In [6] thereare threedifferent definitionsgiven, all of
themequivalent,howeverproofsof somepropertiesmaybecon-
siderablysimplified with the right choiceof definition. In the
next sectionaresomeimportantpropertiesof Poissonprocesses
stated.

C.1 Properties

Since9 � ����¨ � * � .���� weknow that¸º¹ 9 � ���F7{�Z.�� ¦r@�µ·»¼¦r£ ¹ 9 � ���87��Z.��
It caneasilybe shown that if 9 � ��� is Poissondistributedthen
the incrementsfrom

\
to a laterpoint

\ 

� is alsoPoissondis-
tributed.We concludethis in a theorem.

Theorem1: Let 9 � ��� beaPoissonprocessand
\ ����;B= , then

thefollowing is true9 ��\ 
+���$#m9 � ����¨ � * � .���� (3)
The theoremstatesthat if you move the startingtime to

\
and

observe whatoccursafter
\

you simply geta new Poissonpro-
cess.It canbeshown thatthePoissonprocesscanonly increase
oneunit at a time. The next theoremstatesthe distribution of
theduration

} K definedasin definition III-B.2.
Theorem2: Let 9 � ���-����;
= beaPoissonprocesswith inten-

sity . andlet
} I�� } yl� } zN�R,S,S, bethedurations.Then

} K<¨ ¸·® e � I¯ �
for @b� % �³�?�����R,S,T,S,T,

T

ON OFF ½

¾N¿RÀiÁFÂ ½Ã�Ä Å Â
T T

Fig. 5. Characteristicsof asinglesource.

It canalsobeshown thatthe
} K :sareindependentof eachother.

Anotherimportantpropertyof Poissonprocessesis thesocalled
lack of memoryproperty.

Theorem3: If ��¨ ¸·® e � I¯ � thenwehave��� ���
� 
 \ ����� \ �U�)¢ W�¯ « � ��� ���
��� (4)
Thetheoremstatesthatif at time

\
, weknow thattherehasbeen

no occurrence,then the residualwaiting time until an occur-
renceis

¸·® e � I¯ � -distributed,i.e . theresidualtimehasthesame
distribution andexpectationvalueas � itself. This is the rea-
sonwhy it is sometimessaidthattheexponentialdistribution is
memoryless,thelackof memoryproperty.

D. Singlesourceproperties

Moststandardvoiceencodingshaveafixedbit rateandafixed
packetisationdelay. They arethusproducinga streamof fixed
sizepackets.This packet streamis howeveronly produceddur-
ing talk-spurts—thevoicecodersendsnopacketsduringsilence
periods.

Thebehaviour of asinglesourceis easilymodelledby asim-
ple on-off model(Figure5). During talk-spurts(ON-periods),
the model producesa streamof fixed size packets with fixed
inter-arrival times � . Note that thefirst packet is producedone
packet time after thestartof anon-period.This is the resultof
thepacketisation—thevoicecoderhasto collectvoicesamples
beforeit canproducethefirst packet.

The number of packets in a talk-spurt, denotedwith the
stochasticvariable Æ�Ç , is assumedto be geometricallydis-
tributedon the positive integerswith mean @ . This meansthat
we cannever have zeropacketsin a talk-spurt. This variantof
thegeometricdistribution is sometimescalledfirst successdis-
tribution (seefor instanceGut [6, page258]),andhastheprob-
ability function:��� Æ Ç ��È?�U�Z� e0É W�I , È�� %

, 2, 3, . . . (5)

where� representstheprobabilitythatapacket is thelastone
in a talk-spurt.This meansthat e � K3W�IK . This factimpliesthat
the ON-periodshave a expectedvalueof Ê��Ë@�� , where @ is
theexpectedvalueof thenumberof packetsin a talk-spurt.

WeassumethattheOFF-periodsareexponentiallydistributed
with meanÌ , whichiswell documentedanddiscussedbySriram
andWhitt [15]. A voice sourcemay be viewed asa two state
birth-deathprocesswith birth rate Ì anddeathrate Ê . TheOFF
staterepresentstheidle periodsandtheON staterepresentsthe
talk-spurts.While in a talk-spurt,packetsaregeneratedwith a
rateof IÍ packetspersecond.
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Fig. 6. Singlesourceapproximatedwith exponentiallydistributedinter-arrivals.

E. Approximatingthesinglesource

We havechosento approximatetheabovemodelusingexpo-
nentially distributedinter-arrival timeswith mean� insteadof
fixedinter-arrival times.Thepurposeof theapproximationis to
simplify themodellingof many sources.

We let ×G¨ ¸·® e � IÍ � denotethestochasticvariablewhich de-
scribesthe inter-arrivals during talk-spurts,and Æ Ç be the ge-
ometricallydistributedstochasticvariablewith the probability
functionstatedin Equation5 with mean@ describingthenum-
berof packetsin a talk-spurt.Moreover × and Æ�Ç areassumed
to beindependent.It canbeeasilyseenthattheON-periods(de-
noted Ø ) areexponentiallydistributedandthat themeanlength
of a talk-spurtis the sameas in the deterministicinter-arrival
case( @�� ). Figure6 illustratesthebehaviour of a singlesource
with exponentiallydistributedinter-arrivals.

As in the previous sectionthe OFF-periodsare assumedto
beexponentiallydistributedwith meanÌ . Becauseof theexpo-
nentially distributed inter-arrival timesduring a talk-spurt,the
emissionof packets during an ON-periodcan be regardedas
a Poissonprocesswith intensity � . We canusethe two state
birth-deathprocessto describethe packet generationwith one
staterepresentingtheidle periodsandtheotherstaterepresent-
ing thetalk-spurtswherepacketsaregeneratedasaPoissonpro-
cesswith intensity � .

F. Thesuperpositionof independentvoicesources

Thesuperpositionof voicesourcescanbeviewedasa birth-
deathprocesswherethestatesrepresentthenumberof sources
that arecurrently in the ON-state. Herestate P representsthatP sourcesareactive in a talk-spurt. We refer to the birth-death
processas the phaseprocessÙ � ��� . The birth rate is given by
the meanof the exponentiallydistributedidle periods,andwe
denotethemeanas IÚ . Thedeathrateis determinedby themean

of durationof thetalk-spurtsandis denoted IÛ . Theprobabilitye0Ü K thata sourceis on is givenby:e�Ý³Þ � ÊÊ<
+Ì ,
G. Markov modulatedPoissonprocess

TheMarkov modulatedPoissonprocess(MMPP) is a widely
usedtool for analysisof tele-traffic models(see,e.g., Heffes
andLucantoni[7]). It describesthesuperpositionof sourcesof
the typedescribedin SectionIII-E. Whenthephaseprocessis
in state P , P sourcesareon. The modelgraphof the MMPP is
shown in Figure7.

Thesuperpositionof Poissonprocessesis alsoa Poissonpro-
cess.We canthereforesimply addtheintensitiesof thesources

Poisson rates

N-1 N10 . . . . .

N (N-1) 2

N2 (N-1)

β β β β

αααα

T NT(N-1)T

Fig. 7. Superpositionof ß voicesourceswith exponentiallydistributedinter-
arrivals.

thatarecurrentlyin a talk-spurtandreceivea new Poissonpro-
cessfor thesuperposition.

To validatetheaccuracy of approximatingwith aMMPPpro-
cess,wecalculatedtheindex of dispersionof intervals(IDI) us-
ing a formulafrom SriramandWhitt [15]. TheIDI, alsocalled
the squaredcoefficient of variation,givesus somemeasureof
how similar the traffic is in termsof burstiness.A valueof 1
shows thetraffic is asburstyasPoissontraffic, whereasa value
as18 is theburstinessof a singlevoicesource.Thehigh value
accountsfor the fact that thesourceis indeedbursty. Thetime
periodunderwhich oneobservesthis behaviour is very impor-
tant.

Figure8 shows ¤ y É�à , the IDI, versusthenumberof consecu-
tive intervals, È , for È between1 and10000andthenumberof
sources,Æ , equalto 1, 10,60 and130. As a referencewe have
addedthe value of ¤ y É�à for a Poissonprocess. Data was ob-
tainedfrom simulationsusinga Matlabprogram.Thesolid line
shows the ¤ y É�à for sourceswith deterministicinter-arrival times
betweenpacketsduringa talk-spurt,andthedashedlinesshow
the ¤ y É�à for sourceswith exponentiallydistributedinter-arrival
times,i.e., theMMPPapproximation.
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We seein the figure that the two descriptionsof a single
sourcebehave in a similar way whenthey aresuperpositioned.
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The figure also shows that the superpositionedarrival process
behavesasa Poissonprocessif we look at it for a shortinstant
of timebut it is muchburstierif westudyit overa longerperiod
of time.

H. Themultiplexer: MMPP/D/1/Kqueue

Thearrival processdescribedby theMMPPmodelis fed into
a simple D/1/K queue. It is deterministic,hasa single FIFO
serverandabuffer size(waitingroom)whichwevary. Thiskind
of modelis describedin detailby Baiocchietal. [3], [4]. Weuse
theirmethodandformulasfor calculatingthelossprobability.

IV. PARAMETER VALUES

We usedthe following parametersto run the MMPP model,
simulationsandlab experiments:ã 32kb/s ADPCM voice encodingwith 16ms packet inter-
arrival time, which results in 64 bytes of voice payloadper
packetã A protocolheaderoverheadconsistingof 12 bytesfor RTP, 8
bytesUDP and20 bytesIP. We do not includeany link layer
headers.The resultingtotal packet size is 104 bytes,and the
resultingbit rateis 52kb/s.ã Thenumberof successivepacketsin onetalk-spurtis geomet-
rically distributedon the positive integerswith a meanof 22,
which resultsin a meantalk-spurtlengthof 352ms. The idle
time betweentwo successive burstsis exponentiallydistributed
with a meanof 650ms.Theresultingaveragefractionof timea
sourceis in a talk-spurtis 0.351.ã Thebottleneckis a T1 link with a bandwidthof 1.536Mb/s.

Thesevaluescoincidewith Sriram and Whitt [15] as well as
previous work doneby Zheng[16] whilst at SICSandAnder-
sson[1], except that we in this paperincludeprotocol header
overheadfor theRTP/UDP/IPprotocolstack.

Figure9 shows losscurvescomputedwith theMMPP model
for a samplesetof buffer sizes.Thenext stepsareto compare
theseloss probabilitiesfrom the model with resultsfrom NS
simulationsandmeasurementsfrom a labnetwork.

Sources( Æ ) Load( . )

29 34.5%
60 71.4%
80 95.3%
84 98%

TABLE I

NETWORK LOAD FOR A NUMBER OF SOURCES.

set cbr($i) [new Agent/CBR/UDP]

set exp($i) [new Traffic/Expoo]
$exp($i) set packet-size 104
$exp($i) set burst-time 0.352s
$exp($i) set idle-time 0.65s
$exp($i) set rate 52K

$cbr($i) attach-traffic $exp($i)

Fig. 10. Tcl codefragmentdefiningasourceNS-2.

A. Load

We usebetween60and80sourcesto loadthelink. To define
a loadthatis independentof thelink bandwidththeloadfactor,
or . , is usedin theliterature:

Load
� .g�(� Æ�ä � Ý³Þ ä Rateå�æFç³èé

whereÆ is numberof sources,
é

is thelink capacity,
� Ý³Þ is the

probability that thesourceis on andRateå�æFç³è speaksfor itself.
TableI shows loadsfor differentnumbersof sources.

We decidedto run between60 and80 sourcesas84 sources
is wherethemeanbandwidthof thesourcesequalsto theband-
width of the link. The peakallocationis aslow as29 sources
(100% utilisation when

� Ý³Þ � %
) so taking advantageof the

probability that a sourceis off yields muchhigher link utilisa-
tion.

B. Buffer size

We havechosento simulatea multiplexerwith anoutputlink
capacityof 1.536Mb/s andbuffer sizesrangingfrom 2 to 100
packets. With this choiceof parameterswe introducea maxi-
mumqueueingdelayof 54ms in thebuffer. Accordingto ITU
recommendationG.114[8] a delayof 0-150ms acceptablefor
telephony, between150and400mscanalsobeacceptable,but
over 400ms is not. Thetotal acceptabledelaymustbedivided
into adelaybudgetfor eachnodein thepathbetweenthesender
andreceiver. If thepathhas15 hops,andhalf of thedelaybud-
getcanbeallocatedto queueingdelay, thenwe get13.3msper
hop. This translatesto approximately24 buffers per hop. For
higherbandwidthlinks, thequeueingdelayperbufferedpacket
decreasesinverselyproportionalto thebandwidth.

V. NS SIMULATION

Weusedns-2[5], apacketlevel simulatorto verify theMMPP
model.Figure1 showsthetopologyusedin thesimulationsand
Figure10 the Tcl codethat is usedto start“agents”. They are
constantratesources,denotedby “CBR/UDP”. Traffic/Expoo
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1.536Mbits/s

Hub

dummynet
fxp1

fxp2 fxp2

fxp1

SICS net

fxp0

Traffic generator Router

queue

60-80 sources
Sink

100Mbits/s

Fig. 11. Topologyfor Laboratory. Theoutgoinginterfaceof the routeris also
connectedto thesink.

generatestraffic basedonanexponentialon/off distributionwith
theparametersspecifiedin thenext four lines.EachCBRsource
$i$ usesa different randomnumberseed,hencethe sources
will startindependentlyof eachother.

The simulation should run long enoughfor the systemto
reachsteadystate,ideally thesystemshouldberun for an infi-
niteamountof time,howeverthisis notpracticaldueto timeand
resourceconstraints.A reasonabletradeoff is to useasimulated
time of 1000secondsin boththesimulationandthelab experi-
ments.1000secondswith aninterval of 16msgenerates22000
packetsper sourceand1.32 million packets for 60 sourcesor
1.76million for 80 sources.

VI . LAB NETWORK MEASUREMENTS

A. Topology

Figure11 shows the experimentalsetup. A singlemachine
actsas a traffic generatorand emulatesseveral IP Telephony
’calls’ multiplexedtogether. Thetraffic is thensenton a shared
100 Mb/s Ethernetand received by two hosts: (1) a machine
configuredasarouter;(2) asinkmachinefor measurementpur-
poses.An outgoinglink of therouteris connectedto thesink. In
this configurationthe traffic is emittedby thegenerator, passes
throughthe routerand is received by the sink. Sincethe sink
can observe the packets before it entersthe router, it can di-
rectly comparelatency andlossof eachindividual packet. The
outgoinglink of the router is constrainedto 1.536Mb/s using
Dummynet[14] which is explainedin thenext section.All the
machinesin theexperimentwererunningFreeBSD3.4.

B. Dummynet

Dummynetis a link emulatorwhich allows arbitrary band-
widthsandlatenciesto bespecified.It is oftenusedfor emulat-
ing a slower link thanwhatis physicallyavailable.Buffer sizes
canbesetfor agivenlink andlossratessetto emulatetheeffect
of lossylinks. It is possibleto createtheillusion for TCP/UDP
andIP thatthelink is likeaWAN ratherthanaLAN. Wearepri-
marily interestedin thelowerbandwidthandconfigurablequeue
sizes. We modified the output functionality slightly to enable
simplercalculationof the total numberof packets received as
well asthedroprate.Recordingthetotal numberof packetsre-
ceivedgivesusanadditionalcheckif thetraffic generatoror any
systemcomponentlost/droppedpacketsduringtheexperiment.

The total numberof sentpackets remainedthe samefor a
given sourcecountandcanbe checked with the outputof the
traffic generator. It is trivial with a script to divide the lossby
thetotal numberof packetsto obtainthelossrate.

#define INVERSE_M ((double) 4.6566128200e-10) /* lit-
tle number */

int calc_length(double burstlen) {
double rand, logvalue;

rand = INVERSE_M * random();
logvalue = burstlen * -log(rand);

return ((int)(logvalue + 0.5));
}

Fig. 12. C codeto “randomize”aburstlength

C. Packetcapture

To verify the loss rate we gatheredthe packetson the sink
machinevia a programthat we developed1 usingthe Berkeley
Packet Filter [10] . Figure11 shows that theoutputof thegen-
erator is attacheddirectly to the sink machineas well as the
outgoinglink of the router. This enablesus to captureall the
packetsandthe onesnot droppedby the router. A simpledif-
ferencebetweenthetwo shouldverify the lossratereportedby
Dummynet. Our bpf programcapturespacketswith a specific
destinationand port, and prints the time of arrival, RTP src
andseq fields.

D. Traffic generator

The idea of the traffic generatoris to createa sequenceof
packetsthat resemblemany individual IP telephony calls mul-
tiplexed together. Furthermore,it shouldperform this job as
accuratelyaspossiblewith eachpacket emerging with a given
deadline.

D.1 Tracefile generationandplayback

In order to be able to repeat experiments,we first pre-
calculatethe sendingtimes of the packets and generatetrace
files. Thesefiles are then fed into the traffic generatorwhich
sendspacketsaccordingto the trace.The tracefiles alsoallow
usto testour setupto seeif packetswerebeinggeneratedat the
right times(suchasinter-arrival timesandsequence).Thefiles
are generatedon a per sourcebasis. The averagelength of a
burstis calculatedasshown in Equation6.ê-ëYì5í�îUïSð-ñ3òNîqó �6ô³õQö�÷�ø � Ý³Þù ñ�îFðRì�ú�ûNï�ü (6)

TheC-codefor therandfunctionis shown in Figure12.
Using the logarithmof the randomvariablegeneratesburst

lengthswhichareexponentiallydistributed.
Thesamecalculationis appliedfor theidle (with

� Ý�ý ) period.
The result is (readingvertically for eachsource)an exponen-
tially distributedseriesof ON andOFFsequenceswith a mean
ON of 0.351seconds,OFF of 0.65secondswhich resultsin a
burst lengthof 22 packets.An exampleof a tracefile2 with ten
sourcesis shown in Figure13.

Thefile shows for eachtime step(in this case16 ms)which
of the 10 sourcesareon or off. In the example,sources1, 3,
5, 7 and9 sendspackets in the first time step. The tracesofþ

Not tcpdump.We wroteout our own kernelfilter to extract thepacketswe
wantedaswell asa userspaceprogramto outputheadersfrom two interfaces
simultaneously.ÿ

Actually it is convertedinto abinaryformatfor morecompactrepresentation
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source
0 1 2 3 4 5 6 7 8 9

time
0 0 1 0 1 0 1 0 1 0 1
1 0 1 1 0 1 1 0 1 1 1
2 1 1 1 1 1 1 0 1 0 1
3 1 0 1 0 1 0 1 0 0 1
4 1 0 1 0 1 0 1 0 0 1
5 0 1 1 0 1 1 0 1 1 0

Fig. 13. Traffic generatortracefile.

5

16ms

0 1 2 3 4 5 6 7 8 9

0

0 1 2 3

1

source interval

timestep

3 9 11 27

Fig. 14. Traffic generatorsendingtimes

onesourcecanbe followed by readinga column downwards.
Source2, for example,sendsno packet in thefirst timestep,but
thensendsa packet in eachof thesucceedingsteps.

If thereare @ sources,eachtimestepis furthersubdividedinto@ substeps.Eachsubstepdefinesthesendinginterval for each
source. For example,with ten sourcesand a time stepof 16
ms startingat � , source0 sendsits packet within

¹ ������
 % , �N7 ;
source1 sendswithin

¹ �0
 % , �?���g
m�?,s��7 , etc. If asourcedoesnot
sendits packetswithin its interval, it is saidto missits deadline.
Packets that miss their deadlineare recordedby the generator
andprintedwhenthe run hascompletedaswell as the largest
valueby which a packetwasdelayed.

Sofor thetracefile above,thefirst stepsof apacketsequence
is shown in Figure14. Thesendingof eachpacket is depictedas
a horizontalinterval, correspondingto theenteringandleaving
of thesendsystemcall, respectively. In thepicture,thepackets
of source5 and7 missedtheir deadlines.The actualsending
time on the link can be measuredby an external mechanism,
suchasthepacketcaptureprogramdescribedpreviously.

D.2 Traffic generatorverification

As asimpletestfor atracefile of 220000packetsweobtained
values36.9% for theon time,63.1% for theoff timeby simply
countingtheonesandzerosin onecolumnof thefile. Themean
numberof packetsin aburstequalled22.5.Usingthetracefiles
turnedout to bemoreusefulthanwe first expected,despitethe
performancegainsof replayingpre-calculatedfiles they alsoal-
lowedusto testtheperformanceof our traffic generator(setting
all thesourceson),crosscheckparametersasjuststatedaswell
asgeneratingspecialsequencesfor analysingqueuebehaviour.

D.3 Traffic generatorverification

We calculatedtheindex of dispersionof intervals,or IDI (see
SectionIII-G), also for the lab traffic generator. In Figure15
we canseethat thesimulationandlab traffic generatorproduce
similar typesof traffic. Thelargertheobservationtimethemore
skewed the traffic is. Onevoice sourceis equalto about18.1
alsoavalueis givenfor aPoissonsources.Thegraphsshow the

0

2

4

6

8

10

12

1 10 100 1000

In
de

x 
of

 d
is

pe
rs

io
n 

fo
r 

in
te

rv
al

s 
(I

D
I)

�

# consecutive interval (k) in log 10

IDI’s for lab and simulation
"idi_lab_75.txt"
"idi_sim_75.txt"
"idi_poisson.txt"

Fig. 15. IDI curvesfor superpositionof 75sources

1e-06

1e-05

0.0001

0.001

0.01

0.1

1

0 10 20 30 40 50 60 70 80 90 100

L
o
ss

 p
ro

b
a
b
ili

ty

�

Number of buffers

65 sources

MMPP model
ns simulation

Lab measurement

Fig. 16. 65sourcesfor model,NS andlab (log scale)

resultof a tracewhich was10000simulatedseconds,resulting
in 17.3million packetsfor thelaband16.3for thesimulation.

Thetraffic generatorwasalsotestedto ensureit (andthema-
chineonwhichwerunon)wascapableof outputtingpacketsas
closeto their deadlinesaspossible

VI I . RESULTS

In this sectionwe presentand discussthe resultsfrom the
MMPP model,theNS simulationsandthe measurementin the
lab network. Recall from SectionIV that in all threecaseswe
usedthe32kb/sADPCM voiceencodingwith 16mspacketiza-
tion. This resultsin 64 bytesof voice payloadin eachpacket
anda totalpacketsizeof 104bytesincludingtheRTP, UDPand
IP protocolheaders.

Figures16 and17 show thepacket lossprobabilityasa func-
tion of the numberof bufferson (y) log scales.We canseein
thesegraphsthatboththeMMPPmodelresultsandtheNSsim-
ulationsin generalcomparewell with the measurementsin the
lab. The exceptionis for very small buffer sizesandwhenthe
lossrateis small.

TheMMPP modelis mostof thetime closerto the lab mea-
surementsthanthe NS simulationsare,which is an interesting
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Fig. 18. LossprobabilityVs buffers(3)

result. The ns simulationsconsistentlyshow the lowest loss
ratesfor morethan7–8 buffers. We analysedthe output from
thetraffic generatorsin NSandin thelab to try to comeupwith
anexplanation.Wefoundthatthereis asmalldifferencein mean
total ratebetweenthetwo thatcanexplain thedifferencein loss
rate.

Thesecondsetof graphspresentedin Figures18 to 21 plots
thepacket lossprobabilityasa functionof thenumberof voice
sourcesfor four different buffer lengthsmeasuredin packets.
Thesebuffer lengthscorrespondto a maximumqueueingdelay
of 1.6, 2.7, 5.4 and21.7ms, respectively. We immediatelysee
that the relationshipbetweenthe numberof sourcesand loss
rate is close to linear for few buffers, but far from linear for
many buffers. Visualobservationsuggestsanexponentialrela-
tionship. In the region above 10 buffers,the lab measurements
oftenhasthehighestlossrate. Below about10 buffers,the lab
measurementshavethelowestlossrate.

Oneinterestingdetail is that for very small buffers, the loss
curve obtainedin theNS simulationis shiftedonebuffer to the
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right in the plots. Even thoughwe have goneto greatlengths
in ensuringthat the threeenvironmentshave identicalproper-
ties, thereare neverthelesssubtledifferencesthat can explain
discrepancieslike this.

One obvious differencein the modelswe usedis that the
bandwidthofferedby Dummynetis not exactly the sameasin
ns.Usingnetperfwefoundthereto beabouta3%differencebe-
tweenwhatnetperfanddummynetreportastheirmeasuredand
configuredbandwidthsrespectively. Perhapsmore subtleand
not soobvious is theamountof buffering in the system,in NS
we simply statethebuffer sizein packets(between2 and100).
In a realsystemthis is muchharderto calculateasbuffersexist
in many placesin thesystem,for examplein thequeuebetween
theEthernetdriverandip_input() routineontheinputside.
Ethernetcardscanalsobuffer packetsontheoutputside.This is
thedefaultconfigurationasmostEthernetcardsareusedonhost
systemswherethisis notanissue.Nevertheless,thebufferingin
a realsystemis probablylarger thanthesimulationandmaybe
accountfor differencesin thesystemsundercomparison.

VI I I . CONCLUSIONS AND FUTURE WORK

We havestudiedthepacket lossbehaviour whena numberof
homogeneousvoice sourcesaremultiplexed onto a bottleneck
link. Thegoal is to find anaccuratemathematicalmodelwhich
canbeusedto dimensionthelink.

We have implementeda mathematicalmodel basedon a
Markov modulatedPoissonprocess(MMPP) in Matlab. The
modelwascomparedwith bothsimulationsusingNS andmea-
surementsin a labenvironment.Thecomparisonshows thatthe
modelin generalpredictsthelossratewell. Theexceptionsare
for small lossratesin somecases.An interestingresult is that
mostof thetime themodelpredictsthelossratebetterthanthe
simulationsin ns.

This result oncemore proves that the only way to reliably
verify a model is to make measurementsof a real system.We
foundthattherelationshipbetweentheloadandlossrateis close
to linearfor few buffers(aroundthree),but looksexponentialfor
many (10 andabove)buffers.

The generalconclusionis that the MMPP-basedmodel is
well suitedfor predictingloss ratesfor superpositionedvoice
sourcesin a systemwith limited buffer space.The mathemat-
ical model is an importanttool for convenientlydimensioning
network links. The lab environmentis constrainedto physical
limits aswell asfinite resourceswherethe modelis not. Run-
ninga labexperimentconsumesresourcesandtimea labexper-
iment takeson average12 hoursto complete. For eachnum-
berof sourcesandeachbuffer sizetheexperimentis re-started
which is onereasonwhy weuseDummynet,wecanchangethe
buffer sizeswithout re-bootingthe router. Thesimulationtypi-
cally takes2 hourswhereasthemodelconsumesonly about10
minutesaswell asconsiderablylessphysicalresources3.

Theresultswehaveobtainedcanbeappliedin severaldiffer-
ent ways. Onescenariocould be asstatedin the introduction
an operatorhasreserved 1Mbit/secandwould like to promise
usersa quality no worsethanGSM, for example.Theoperator
allowsusersto downloadanaudiotool with GSMencodingand

�
Thesevalueswerederivedfrom anAthlon 600Mhz PCwith FreeBSD,aFast

SCSI-3disk and128MB of RAM.

decidesto fix thelossrateof aningressrouterat 5%. Figure17
showslossprobabilityon theY axisandbuffer size(in packets)
on theX axis. Froma graphlike this we couldtell theoperator
they shouldhaveaqueuelengthin theingressrouterof at least6
packetsfrom readingoff thegraph.In our experimentswe used
a link of 1.536Mbits/secandPCM codingbut the principle is
thesame.

Anotherscenariocouldbethesameconditionsbut theopera-
tor doesnot know how many customersthey shouldlet usethe
systemandstill keepunderthe targetof 5% lossandthey start
complaining. Figure18 shows a plot how we could determine
this value,which hasthenumberof sourceson theX-axis. For
5% lossour simulationgivesus60 sourcesor users,themathe-
maticalmodel64 andlaboratorymeasurements67 users.Since
we have used3 different techniquesandarrived at similar re-
sultswe couldtell theoperatorthey shouldnot allow morethan
67 usersat this ingressrouter. In this kind of scenarioour work
couldbeusedastheinput to anadmissioncontrolalgorithm.

It soonbecomesclearonecouldusetheresultsin quitea few
differentmanners.Shouldasystemadministratornotknow how
large to make a high priority queuein a routerhe or shecould
consultfiguresor graphscalculatedfor the particularnetwork
situationthey arefacing.

Thereare a numberof further work items that we are cur-
rentlyaddressing.Themaximumdelayis boundedby thebuffer
length in the systemstudiedin this paper, but what is the re-
sulting meandelay? We are also experimentingwith higher
bandwidthlinks. Onechallengeis to accuratelygenerateenough
sources.Thenext stepis to measurea systemwhich hasmulti-
ple traffic classesin thestyleof diffserv[12]. How do different
queueschedulingalgorithmsaffect the dimensioningof traffic
classes?CantheMMPP modelpresentedin this paperbeused
to describethelossanddelaypropertiesof a traffic class?

The ongoingwork canbe found at a web page4 which has
informationaboutcurrentexperimentsaswell asdatawhichwas
not directly relevantfor this paper.
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