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Abstract—

Packetlossis animportant parameter for dimensioningnetwork links or
traffic classescarrying IP telephonytraffic. We presenta model basedon
the Mark ov modulated Poissonprocess(MMPP) which calculatespacket
loss probabilities for a set of supempositioned voice input sourcesand the
specifiedlink properties. We do not intr oduce another new model to the
community, rather try and verify one of the existing modelsvia extensve
simulation and a real world implementation. A plethora of excellentre-
search on queuingtheory is still in the domain of ATM reseachersand we
attempt to highlight it’ s validity to the IP Telephonycommunity.

Packet level simulationsshow very goodcorrespondencevith the predic-
tions of the model. Our main contribution is the verification of the MMPP
modelwith measurementsin a laboratory ervironment. The lossrates pre-
dicted by the model are in general closeto the measued loss rates and
the lossrates obtained with simulation. The general conclusionis that the
MMPP-based model is a tool well suited for dimensioning links carrying
packetizedvoicein a systemwith limited buffer space.

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

|. INTRODUCTION

Voice applicationssuchastelepholy, have beenusedon the
besteffort serviceprovidedby the Internetfor quite sometime.
Currentlymary telephoneoperatordave advancecdplansto use
IP technologyasa beareralsofor theregulartelephoneservice.
This, however, requiresthatthe IP network canprovide service
guarantees.

Quality of Service(QoS)issuesarebeingaddressetly mary
forums, committeesandresearchersResearcton IP QoS has
concentratedntheissueof classifying,schedulingandadmis-
sion of paclketsinto a network. Lesshasbeendoneon how to
dimensioman|P network carryingrealtime traffic.

This paperfocuseson dimensioninglP network links in-
tendedo carrypacletizedtelephory or voicecalls. It is feasible
that existing carrierswould like to allocatea portion of their
bandwidthfor this serviceandthroughmechanisméik e differ-
entiatedserviceg[12] provide superiorservicefor this kind of
dataandsubsequentlevy higherchages.

The objectie of this work is two fold, firstly to addto the
differentiatedservicesmodel partswhich are not addressedh
the specificationof the service. The diff-serv modelexplicitly
stateghatwell dimensionedinks areassumedut it is not ad-
dressedn the framework of the group. Thereforeit is a work
item which needsto be investigated. Secondly we wantedto
produceatool whichhelpsoperatorglimensiorlinks for IP tele-
phory. Telecomoperatoraunderstandrery well how to dimen-
sionnetworksfor voice but notover IP networks. Our goalis to
assisthem,soatypical scenariovould be givena setof param-
eters,how mary usersshouldthey admitto their new IP tele-
phory serviceandstill deliverthemthe quality they promised.
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Fig. 1. Problem:dimensioningalink for voice sourcesover IP.

Our approachs to look at work donein boththe ATM and
traditional telephory communitiesas well asto usetools and
simulatorsfrom the IP communityto verify theseideasin an
ervironmentrelevantfor the Internettoday We have seenvery
little work which hastaken this approach.The researclcom-
munity is divided into one of the two camps(but is changing
asATM andtelepholy peoplearemoreengagedn Internetre-
searchmow).

Ourassumptionn thiswork is thatIP telephoty traffic is not
mixedwith TCP datainto the samebuffers. This would break
the queueingheoryirreparablyandin a real network, add un-
manageabldelaysandpossiblylossego the time sensitve au-
dio data.Thisis the situationwe have today

Simplemechanismexist to classifydataflows, for example
usingthe sourceanddestinationaddresseim the IP headerand
the sourceanddestinationportsin the UDP header This iden-
tifies a uniqueapplicationon two hostsin the Internet. Mech-
anismsalsoexist to separatalataflows into separat@ueuesn
arouter A simpleschemas to placea “higher priority” data,
suchasaudio,into separatduffersandsene this queuebefore
otherdata. This would be a priority queueingschemebut mary
othersexist to isolateand protecttime, or even loss, sensitve
data.

Figure 1 illustratesthe problemscenariowe are addressing.
A numberof packet voice sourcesare multiplexed onto a link.
Thelink hasalimited amountof bufferingwhich sometimesvill
resultin the lossof paclketswith the obvious consequencesn
soundquality. With alink of a given bandwidthanda number
of voice sourceswhatkind of quality could be expectedif we
ran60 sourcesWhatif we increasedhenumberto 80 - canwe
still expectadequatejuality? How will we affect the systemby
changingheamountof bufferingin therouter?

We presenta mathematicamodelbasedon a Markov modu-
latedPoissorprocesfMMPP)which canpredictthepacletloss
probability. We first verify the modelusingthe NS paclet level
simulator The maincontribution of this paperis theverification
of theMMPP modelwith measuremenis alabnetwork. These
experimentshav avery goodcorrespondendeetweertheloss
ratepredictedby themodelandthelossratemeasuredh thelab.



Therestof the paperis organizedasfollows. After summa-
rizing relevantrelatedwork in the next section,we presenthe
MMPP-basednathematicainodelandthereasonindeadingto
this modelin Sectionlll. SectionlV describeghe parameters
we usedin the experiments Sectionsv andVI describethe NS
simulationsand the laboratoryexperiments respectiely. The
experimentakesultsarepresentednddiscussedn SectionVII
andthe paperis concludedwith SectionVIl.

Il. RELATED WORK

Link dimensioningfor voice hasbeena researchtopic for
several decadesn both academiaand the telecommunications
industry Startinga little morethantenyearsback,theresearch
focushasbeenon link dimensioningor ATM networks. Most
of theresultsin the domainof ATM networksarealsoapplica-
ble in the domainof IP networks, sinceboth arepaclet switch-
ing systems.The majority of theresultsfrom previousresearch
is theoreticalor resultsfrom simulations.Our researclalsohas
resultsfrom measurementsf arealsystem.

Several approachehave beensuggestedn the literatureto
solvethe problemof dimensionindinks in pacletswitchednet-
works. Anick, Mitra and Sondhi[2] study a multiplexer with
infinite buffer with a stochasticfluid flow modelbut it is shavn
by Zheng[16] thatthis modelonly worksfor a multiplexer un-
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] useatwo-state
Markov modulated?oissonproces{MMPP) to estimatehede-
lay in a multiplexer with infinite buffer size. They suggesthat
the sameapproactor calculatingthe parametersf the MMPP
canbeusedfor a multiplexerwith finite buffer size,but Nagara-
jan, Kuroseand Towsley [11] shav that this doesnot work in
the caseof finite buffer size. Instead,they develop a different
methodfor finding the parameter®f the MMPP. Baiocchiet
al. [4] approximatehe arrival processwith a two-stateMMPP
andsuggesta methodcalledasymptotianatding for the calcu-
lation of the parameter®f the MMPP. This approachs used
by Anderssor1] togethemwith aproceduredo calculatetheloss
probabilitiesdevelopedby Baiocchi,MelazziandRoveri [3] to
studyamultiplexerloadedwith asuperpositiorf voicesources.

I1l. MATHEMATICAL PREPARATIONS AND MODEL

In this sectionwe develop a mathematicaimodelfor dimen-
sioning a link carryingvoice traffic. We begin with someba-
sic materialon Poissorand Markov processesotheinterested
readercanfollow thereasoningup to the modelwe present.In
the caseof the modelitself we startwith the arrival processof
asinglelP telepholy sourceandproceedvith the superposition
of independentdentically distributedsources.The sourcesare
thenmultiplexedon abottlenecHink througha queueof limited
size. A moredetaileddescriptionof this modelcanbefoundin
previouswork by oneof theauthorq1]. Themodelis basedn
amodeldevelopedby Baiocchi,MelazziandRoveri [3].

A. Markov and Poissonprocesses

Theinterestedeadershouldcheckthe referencegor further
detailsand proofs of the theorems. Resnicks "Adv enturesin
Stochastid’rocesses[13] containsa thoroughpresentatiorof

Markov processeandAllan Gut's "An IntermediateCoursein
Probability” [6] gives a detailedpresentatiorof Poissonpro-
cesses.
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Fig. 2. Five samplepathsof a stochastiprocess

B. Markov Processes

An importantclassof stochastigprocessesire Markov pro-
cessesThis classof processebhave somespecialpropertieghat
malke themmanageabléo treatmathematicallyA Markov pro-
cessis governedby the Markov property which statesthat the
future behaviour of the procesgivenits pathonly dependn
its presenstate.Beforewe proceednto whata Markov process
is we needto introducethe conceptof intensity

B.1 Thelntensityconcept

Theconcepbf intensitycomesrom thequestior'If weknow
thataneventattime T' hasnot yet occurredwhatis the proba-
bility thatit doesin justamoment?”.It is possibleo summarize
thisin oneformula:

P(T<t+At|T >1) 1)

whereAt is small. By usingthe definition of conditionalprob-
ability we obtain:

P(T <t+At,T >t)
P(T >1t)
Pt <T <t+At)
P(T > t)
F(t+ At) — F(t)
1-F(t) ’

P(T<t+At|T >t)

whereF is T"sdistribution function. Assumingthat F' is differ-
entiable,ji.e T hasdensityfunction f, we have

F(t+ At) — F(t) = f(t)At + o(At).

Hencetheprobabilityin equation 1 is essentiallyequalto A(t) -
At, wherethefunction

Alt) = f(6)/{1 - F(t)} )



is calledthe intensityfunctionfor 7. Intuitively, if 7" doesnot
occuratt, is the probability thatit is goingto occurin theinter-
val (¢,t + At] for small At approximatelyproportionalto At,
andthe proportionalityconstanis theintensity A(¢).

B.2 TheMarkov property

Let {X(¢),t > 0} be atime continuousstochasticprocess
which assumeson-nayative integer values. The processis
calledadiscreteMarkov processf for everyn > 0, time points
0<ty <ty <+ <ty < tyyr andstateSip, i1, ..., iny1 it
holdsthat:

suchanform.

Letq;; = pi;, fori # j we call g;; the transitionintensity
from statei to statej. Let X (¢),t > 0 be a discreteMarkov
process.Assumethatg;; = p;;(0) > 0fori # j andg; < 0
suchthat

P(X(t+h)=j|X(t) =1) =qjh+o(h)
and

P(X(t+h) #i| X(t) =1i) = —quh + o(h) = ¢:h + o(h),

whereq; = —g;;, and

P(X(tnt1) =tnt1 | X(tn) = in, X(tn-1) =tn-1,-.., X (to) = o)

= P(X(tnt1) = ing1 | X(tn = in))-

The definition statesthat only the presentstategivesary in-
formationof thefuture behaiour of the processKnowledgeof
thehistory of the procesgloesnotaddany new information.

In this paperwe only concernourseleswith processesvho
have time-homogeneouysropertiesln otherwordstheintensity
of leaving a stateis constanin time. Soit is naturalto make the
following definitionwhich stateghatthetransitionprobabilities
only dependson which statethe processs in and not on the
time.

Let {X(¢t),t > 0} be a discreteMarkov process. If the
conditionalprobabilitiesP(X (s + t) = j | X(s) = 1), for
s,t > 0, donotdependon s, the procesds saidto betime ho-
mogeneousThenwe definethetransitionprobability functions
pij(t) = P(X(t) = j | X(0) = i) andthe transitionma-
trix P(t), whoseelementwith index (4, j) is p;;(t). Notethat
pii(0) = 1 andp;;(0) = 0 for i # j, sothatP(0) = I. In mary
casedt is necessaryo studythetime betweeroccurrencesind
thereforewe canmakethefollowing definition. Let X (¢),¢ > 0
beaMarkov processWecallthetimes0 < Ty < Tb < T3 < ...
suchthatat 7; the processnakesa transitionfrom one stateto
anotherthe occurrenceimes. We alsointroducethe duration
Y, =T, — T,_1, whereTy = 0. Figure 3 illustratesthe
durationsof a stochastiqprocess.At timesTy,Ts, ... arethere
statetransitionsandthe durationsYy, Y5, ... arethe time spent
in aparticularstatebeforethe next statetransition.
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Fig. 3. Thedurationtime

B.3 Thelntensitymatrix

It is desirableto characteris¢he behaviour of a Markov pro-
cessn onematrix. It turnsoutthatthe derivative of P(t) yields

g = Z%’j-

J#i

Theindicesi andj shallrunthroughthewholestatespaceof the
process.We will nameg;;,i # j, thetransitionintensity from

statei to statej. And we definethe intensitymatrix Q, whose
elementswith index (4, j) areg;;. EveryMarkov processn this

paperwill meetthe assumptiormadein the definition above.

Anothernamefor the intensity matrix is the genemator matrix.

The summationconditiong; Zi# gi; is quite naturalsince
gi; is thetransitionintensityfrom state: to statej, andif these
intensitiesaresummedoveri # j we shouldreceve the total

intensity out of statei, which is givenby ¢;. This alsomeans
thattherows of Q sumupto zero.

B.4 Birth-Deathprocesses

A usefulclassof Markov processewhenanalysingqueueing
systemsarebirth-deathprocessesThe only possiblestatetran-
sitionsin this kind of processearefromi toi — 1 or from to
i + 1. Thetransitionintensityfrom statei to ¢ + 1 is designated
A; > 0 for i > 0 andthetransitionintensityfrom state; to state
i — 1 isdesignateq; > 0fori > 1.
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Fig. 4. Model graphfor a Birth-deathprocess
The statespaceof the birth-deathprocesss {0,1,2,3, ....}.
The intensitymatrix will be of tri-diagonaltype sincethereare

only two waysof leaving a state.Hence ,we have the intensity
matrix

—Xo Ao 0 0 0
p =+ ) AL 0 0
Q= 0 —()\2 + Mz) A O

M2

As mentionecdearlier certaintypesof queueingystemsaresuit-
ably modelledby birth-deathprocessesThe numbers{);} and
{p;} areinterpretedasthe arrival rate of the queueandservice
rateof the sener, respectiely.



C. ThePoissonprocess

This sectiongivesa shortintroductionto Poissonprocesses.
A more completedescriptionof this type of processeganbe
foundin [6]. Poissormprocessesareoneof the mostimportant
classef stochastiqprocessesandfind applicationsn diverse
areasof sciencesuchasphysics teletrafic modellingandbiol-
ogy. We introducea counterwhich countthe numberof occur
rencesrom astartingpoint, andset

X (t) = number of occurrences in the interval (0, t]

Thus X (¢) will increaseby onefor every occurrence. These
increasesf one will be called incrementsin the sequel. In

mary applicationsit is realisticto assumethat occurrencesn

disjunctintervals areindependenof eachother, i.e the process
X(t),t € T is saidto have independenincrements.If the dis-

tribution of theincrementsdoesnot changean time, the process
X (t) is saidto have stationaryincrements. If the numberof

occurrencesftertime ¢ follows the probabilityfunction

px(@) = POX(t) = 2) = e 3 20"

' forz=0,1,2, .
x!

where) is theintensityof the occurrencesye saythat X (t) is
a Poissonprocess. Let us now summariseheserequirements
in a definition. A Poissonprocesswith intensity A > 0 is a
stochastiprocessX (t),t > 0 suchthat

(1) X (¢) is integervalued, increasing and X (0) = 0,
(#3) X (t) has independent and stationary increments,
(i14) X (t) € Po(At).

This is one of mary possibledefinitionsof the Poissonpro-
cess. In [6] thereare threedifferent definitionsgiven, all of
themequvalent,howeverproofsof somepropertiesnaybecon-
siderablysimplified with the right choiceof definition. In the
next sectionaresomeimportantpropertiesof Poissorprocesses
stated.

C.1 Properties
SinceX (t) € Po(At) weknow that

E[X(t)] = M and Var[X(t)] = X

It caneasilybe shown thatif X (¢) is Poissondistributedthen
theincrementdrom s to alaterpoint s + ¢ is alsoPoissordis-
tributed. We concludethis in atheorem.

Theoeml: Let X (t) beaPoissorprocessands,t > 0, then
thefollowing is true

X(s+1t) — X(t) € Po(At) (3)
The theoremstatesthatif you move the startingtime to s and
obsene whatoccursafter s you simply geta new Poissornpro-
cess It canbeshownn thatthe Poissormprocessanonly increase
oneunit at atime. The next theoremstatesthe distribution of
thedurationY,, definedasin definition IlI-B.2.
Theoem2: Let X (t),t > 0 beaPoissorprocesswith inten-
sity A andletY, Y3, Y3, ... bethedurations ThenY,, € Ea:p(%)
forn=1,2,3,
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Fig.5. Characteristicef asinglesource.

It canalsobeshown thattheY,,:sareindependentf eachothet
Anotherimportantpropertyof Poissomprocesseis thesocalled
lack of memoryproperty

Theoem3: If T € Ezp(5) thenwe have

1
A
PT>t+s|T>s)=e=P(T>t) (4)
Thetheorenstateghatif attime s, we know thattherehasbeen
no occurrencethen the residualwaiting time until an occur
renceis Exp(1)-distributed,i.e . theresiduatime hasthesame
distribution and expectationvalueasT itself. This is the rea-
sonwhy it is sometimesaidthatthe exponentialdistribution is
memorylessthelack of memoryproperty

D. Singlesource properties

Moststandardioiceencodinghave afixedbit rateandafixed
pacletisationdelay They arethusproducinga streamof fixed
sizepaclets. This paclet streamis however only produceddur-
ing talk-spurts—thevoice codersendso pacletsduringsilence
periods.

Thebehaiour of asinglesources easilymodelledby a sim-
ple on-off model (Figure5). During talk-spurts(ON-periods),
the model producesa streamof fixed size paclkets with fixed
inter-arrival timesT'. Note thatthe first paclketis producedone
paclet time afterthe startof an on-period. This is the resultof
the pacletisation—thevoice coderhasto collectvoice samples
beforeit canproducethefirst paclet.

The number of paclets in a talk-spurt, denotedwith the
stochasticvariable Ny, is assumedto be geometrically dis-
tributed on the positive integerswith meann. This meanshat
we cannever have zeropacletsin a talk-spurt. This variantof
the geometricdistribution is sometimesalledfirst successlis-
tribution (seefor instanceGut [6, page258]), andhasthe prob-
ability function:

P(Ny

=gt ' k=1,23,... (5)

whereg representshe probabilitythata pacletis thelastone
in atalk-spurt. This meanshatp = "7*1 This factimpliesthat
the ON-periodshave a expectedvalueof a = nT', wheren is
the expectedvalueof the numberof pacletsin atalk-spurt.

We assumehatthe OFF-periodsireexponentiallydistributed
with means, whichis well documente@nddiscussedby Sriram
andWhitt [15]. A voice sourcemay be viewed asa two state
birth-deathprocesswith birth rate 8 anddeathratea. The OFF
staterepresentsheidle periodsandthe ON staterepresentshe
talk-spurts.While in a talk-spurt,pacletsaregeneratedvith a
rateof % pacletspersecond.
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Fig.6. Singlesourceapproximateavith exponentiallydistributedinterarrivals.

E. Approximatingthe singlesource

We have choserto approximatehe abose modelusingexpo-
nentially distributedinter-arrival timeswith meanT' insteadof
fixedinter-arrival times. The purposeof the approximatioris to
simplify themodellingof mary sources.

Weletr € Ezp(7) denotethe stochastiozariablewhich de-
scribesthe inter-arrivals during talk-spurts,and N, be the ge-
ometrically distributed stochasticvariablewith the probability
function statedin Equation5 with meann describingthe num-
berof pacletsin atalk-spurt. Moreover = and N, areassumed
to beindependentlt canbeeasilyseerthatthe ON-periodqde-
notedlU) areexponentiallydistributedandthatthe meanlength
of a talk-spurtis the sameasin the deterministicinter-arrival
case(nT). Figure6 illustratesthe behaiour of a singlesource
with exponentiallydistributedinter-arrivals.

As in the previous sectionthe OFF-periodsare assumedo
be exponentiallydistributedwith meang. Becausef the expo-
nentially distributedinter-arrival timesduring a talk-spurt,the
emissionof paclets during an ON-period can be regardedas
a Poissonprocesswith intensity 7. We can usethe two state
birth-deathprocesso describethe packet generatiorwith one
staterepresentinghe idle periodsandthe otherstaterepresent-
ing thetalk-spurtswvherepacletsaregenerateésa Poissormpro-
cesswith intensityT'.

F. Thesuperpositiorof independentoicesources

The superpositiorof voice sourcesanbe viewed asa birth-
deathprocessvherethe statesgrepresenthe numberof sources
thatare currentlyin the ON-state. Here statei representshat
i sourcesareactive in atalk-spurt. We referto the birth-death
processasthe phaseprocessJ(t). The birth rateis given by
the meanof the exponentiallydistributedidle periods,andwe
denotethemeanas%. Thedeathrateis determinedy themean

of durationof thetalk-spurtsandis denoted&. The probability
Ppon thatasources onis givenby:

o«
Ca+pj’

G. Markov modulatedPoissonprocess

DPon

The Markov modulatedPoissonproces{MMPP) is awidely
usedtool for analysisof tele-trafic models(see,e.g., Heffes
andLucantoni[7]). It describeghe superpositiorof sourceof
thetype describedn Sectionlll-E. Whenthe phaseprocesss
in statei, ¢« sourcesareon. The modelgraphof the MMPP is
shavnin Figure?.

Thesuperpositiorof Poissorprocessess alsoa Poissorpro-
cess.We canthereforesimply addtheintensitiesof the sources

NB (N-1)p 2P
a 20 (N-1) a Na
Poisson rates—= T (N-DT NT

Fig. 7. Superpositiorof N voice sourceswith exponentiallydistributedinter
arrivals.

thatarecurrentlyin atalk-spurtandreceive a new Poissorpro-
cessfor the superposition.

To validatetheaccurag of approximatingvith aMMPP pro-
cesswe calculatedheindex of dispersiorof intervals(IDI) us-
ing aformulafrom SriramandWhitt [15]. TheIDlI, alsocalled
the squaredcoeficient of variation, givesus somemeasureof
how similar the traffic is in termsof burstiness.A value of 1
shaws thetraffic is asbursty asPoissortraffic, whereasavalue
as18is the burstinesf a singlevoice source.The high value
accountdor the factthatthe sourceis indeedbursty. Thetime
periodunderwhich oneobsenesthis behaiour is very impor-
tant.

Figure8 shaws c2 5, the IDI, versusthe numberof consecu-
tive intervals, k, for k betweenl and 10000andthe numberof
sources/V, equalto 1, 10,60 and130. As areferencene have
addedthe value of ¢Z for a Poissonprocess. Datawas ob-
tainedfrom simulationsusinga Matlabprogram.The solid line
shavsthec} 5 for sourceswith deterministidnter-arrival times
betweerpacletsduring a talk-spurt,andthe dashedines shav
the ¢y for sourceswith exponentiallydistributedinter-arrival
times,i.e.,the MMPP approximation.
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Fig. 8. k-intenal squarectoeficient of variationcurvesfor superpositiorof N
voicesources.

We seein the figure that the two descriptionsof a single
sourcebehae in a similar way whenthey aresuperpositioned.



Mathematical MMPP model
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Fig.9. Lossprobabilitiescomputedwith the MMPP model.

The figure also shaws that the superpositionedrrival process
behaesasa Poissorprocessf we look atit for a shortinstant
of time but it is muchburstierif we studyit overalongerperiod

of time.

H. Themultiplexer: MMPP/D/1/Kqueue

Thearrival processiescribedy the MMPP modelis fed into
a simple D/1/K queue. It is deterministic,hasa single FIFO
senerandabuffer size(waitingroom)whichwevary. Thiskind
of modelis describedn detailby Baiocchietal. [3], [4]. We use
their methodandformulasfor calculatingthelossprobability.

IV. PARAMETER VALUES

We usedthe following parameterso run the MMPP model,
simulationsandlab experiments:

o 32kb/s ADPCM voice encodingwith 16ms paclet inter

arrival time, which resultsin 64 bytes of voice payloadper
paclet

« A protocolheademverheadconsistingof 12 bytesfor RTP, 8

bytesUDP and 20 bytesIP. We do not includeary link layer
headers.The resultingtotal paclet sizeis 104 bytes,andthe
resultingbit rateis 52kb/s.

« Thenumberof successie pacletsin onetalk-spurtis geomet-
rically distributed on the positive integerswith a meanof 22,

which resultsin a meantalk-spurtlength of 352ms. Theidle

time betweentwo successie burstsis exponentiallydistributed
with ameanof 650ms. Theresultingaveragefractionof time a
sourceis in atalk-spurtis 0.351.

« Thebottleneckis aT1 link with a bandwidthof 1.536Mb/s.

Thesevaluescoincidewith Sriram and Whitt [15] aswell as
previous work doneby Zheng[16] whilst at SICSand Ander

sson[1], exceptthat we in this paperinclude protocol header
overheador the RTP/UDP/IPprotocolstack.

Figure9 shavs losscurvescomputedwith the MMPP model
for a samplesetof buffer sizes. The next stepsareto compare
theseloss probabilitiesfrom the model with resultsfrom NS
simulationsandmeasurementisom a lab network.

| SourcegN) | Load()) |

29 34.5%

60 71.4%

80 95.3%

84 98%
TABLE |

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-tine 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 usebetweernb0 and80 sourcego loadthelink. To define
aloadthatis independenof thelink bandwidththe loadfactor
or ), is usedin theliterature:

Load()) = Y x T Ong Ratgcax

whereN is numberof sources(' is thelink capacity Py, is the
probability thatthe sourceis on andRatg,ea1 Speakdor itself.
Tablel showsloadsfor differentnumbersof sources.

We decidedto run between60 and 80 sourcesas84 sources
is wherethe meanbandwidthof the sourcesqualsto the band-
width of thelink. The peakallocationis aslow as29 sources
(100% utilisation when P,, = 1) so taking advantageof the
probability that a sourceis off yields muchhigherlink utilisa-
tion.

B. Buffer size

We have choserto simulatea multiplexerwith anoutputlink
capacityof 1.536Mb/s and buffer sizesrangingfrom 2 to 100
paclets. With this choiceof parametersve introducea maxi-
mum queueingdelayof 54msin the buffer. Accordingto ITU
recommendations.114[8] a delayof 0-150ms acceptabldor
telepholy, betweenl50 and400ms canalsobe acceptablebut
over 400msis not. Thetotal acceptablalelaymustbe divided
into adelaybudgetfor eachnodein thepathbetweerthesender
andrecever. If the pathhas15 hops,andhalf of the delaybud-
getcanbeallocatedto queueingdelay thenwe get13.3ms per
hop. This translatego approximately24 buffers per hop. For
higherbandwidthlinks, the queueingdelay per bufferedpaclet
decreasewverselyproportionalto the bandwidth.

V. NS SIMULATION

We usedns-2[5], apaclketlevel simulatorto verify the MMPP
model.Figurel shavsthetopologyusedin thesimulationsand
Figure 10 the Tcl codethatis usedto start“agents”. They are
constantrate sourcesdenotedby “CBR/UDP”. Traffic/Expoo
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generategraffic basednanexponentialon/off distribution with
theparameterspecifiedn thenext four lines. EachCBR source
$i $ usesa differentrandomnumberseed,hencethe sources
will startindependentlyf eachothet

The simulation should run long enoughfor the systemto
reachsteadystate,ideally the systemshouldbe run for aninfi-
niteamountf time, howeverthisis notpracticaldueto timeand
resourceonstraintsA reasonabléradeof is to usea simulated
time of 1000secondsn boththe simulationandthelab experi-
ments.1000secondswith aninterval of 16 msgenerate22000
paclets per sourceand 1.32 million paclketsfor 60 sourcesor
1.76million for 80 sources.

VI. LAB NETWORK MEASUREMENTS
A. Topolagy

Figure 11 shaws the experimentalsetup. A single machine
actsas a traffic generatorand emulatesseveral IP Telephory
'calls’ multiplexedtogether Thetraffic is thensenton a shared
100 Mb/s Ethernetand received by two hosts: (1) a machine
configuredasarouter;(2) asinkmachinefor measuremergur-
posesAn outgoinglink of therouteris connectedo thesink. In
this configurationthe traffic is emittedby the generatorpasses
throughthe routerandis receved by the sink. Sincethe sink
can obsene the paclets beforeit entersthe router, it candi-
rectly compardatengy andlossof eachindividual paclket. The
outgoinglink of the routeris constrainedo 1.536 Mb/s using
Dummynet[14] which is explainedin the next section.All the
machinesn theexperimentwererunningFreeBSD3.4.

B. Dummynet

Dummynetis a link emulatorwhich allows arbitrary band-
widthsandlatenciego bespecified.lt is oftenusedfor emulat-
ing aslower link thanwhatis physicallyavailable. Buffer sizes
canbesetfor agivenlink andlossratessetto emulatetheeffect
of lossylinks. It is possibleto createtheillusion for TCP/UDP
andIP thatthelink is likeaWAN ratherthanaLAN. We arepri-
marily interestedn thelowerbandwidthandconfigurablequeue
sizes. We modified the output functionality slightly to enable
simpler calculationof the total numberof pacletsreceved as
well asthedroprate. Recordingthe total numberof pacletsre-
ceivedgivesusanadditionalcheckif thetraffic generatoor any
systemcomponentost/droppegacketsduringthe experiment.

The total numberof sentpaclets remainedthe samefor a
given sourcecountand canbe checled with the outputof the
traffic generatar It is trivial with a scriptto divide the lossby
thetotal numberof pacletsto obtainthelossrate.

#defi ne | N\VERSE_M ( (doubl e)
tle nunmber */

4.6566128200e-10) /* lit-

int calc_|length(double burstlen) {
doubl e rand, |ogval ue;

rand = I NVERSE_M * random();
| ogval ue = burstlen * -log(rand);

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

Fig.12. C codeto “randomize”a burstlength

C. Padketcapture

To verify the lossrate we gatheredthe paclets on the sink
machinevia a programthatwe developed usingthe Berkeley
Paclet Filter [10] . Figure11 shows thatthe outputof the gen-
eratoris attacheddirectly to the sink machineas well as the
outgoinglink of therouter This enablesus to captureall the
pacletsandthe onesnot droppedby the router A simpledif-
ferencebetweenthe two shouldverify the lossratereportedby
Dummynet. Our bpf programcapturegpacketswith a specific
destinationand port, and prints the time of arrival, RTP sr c
andseq fields.

D. Traffic genemtor

The idea of the traffic generatoris to createa sequenceof
pacletsthat resemblemary individual IP telephory calls mul-
tiplexed together Furthermore,it should perform this job as
accuratelyas possiblewith eachpaclet emeging with a given
deadline.

D.1 Tracefile generatiorandplayback

In order to be able to repeatexperiments, we first pre-
calculatethe sendingtimes of the paclets and generatetrace
files. Thesefiles arethenfed into the traffic generatowhich
sendgpacletsaccordingto the trace. The tracefiles alsoallow
usto testour setupto seeif packetswerebeinggeneratedtthe
right times(suchasinter-arrival timesandsequence)Thefiles
are generatedn a per sourcebasis. The averagelength of a
burstis calculatedasshavn in Equation6.

burst length = rand (i) (6)
interval

The C-codefor therandfunctionis shavn in Figure12.

Using the logarithm of the randomvariablegeneratedurst
lengthswhich areexponentiallydistributed.

Thesamecalculationis appliedfor theidle (with P,g) period.
The resultis (readingvertically for eachsource)an exponen-
tially distributedseriesof ON and OFF sequencewith a mean
ON of 0.351secondsOFF of 0.65secondsvhich resultsin a
burstlengthof 22 paclets. An exampleof a tracefile? with ten
sourcess shovnin Figurel3.

Thefile shows for eachtime step(in this casel6 ms)which
of the 10 sourcesare on or off. In the example,sourcesl, 3,
5, 7 and 9 sendspacletsin the first time step. The tracesof

INot tcpdump. We wrote out our own kernelfilter to extract the pacletswe
wantedaswell asa userspaceprogramto outputheaderdrom two interfaces
simultaneously

2Actually it is corvertedinto abinaryformatfor morecompactepresentation
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one sourcecan be followed by readinga column downwards.
Source2, for example,sendsno pacletin thefirst timestepbut
thensendsa paclketin eachof the succeedingteps.

If therearen sourceseachtimesteps furthersubdvidedinto
n substeps.Eachsubstepdefinesthe sendinginterval for each
source. For example,with ten sourcesand a time stepof 16
ms startingat ¢, source0 sendsits paclet within [¢,t + 1.6];
sourcel sendswithin [t + 1.6, ¢ + 3.2], etc. If asourcedoesnot
sendits pacletswithin its interval, it is saidto missits deadline.
Packets that misstheir deadlineare recordedby the generator
and printed whenthe run hascompletedaswell asthe largest
valueby which a pacletwasdelayed.

Sofor thetracefile above, thefirst stepsof a paclketsequence
is shavnin Figure14. Thesendingof eachpacletis depictedas
a horizontalinterval, correspondingo the enteringandleaving
of the sendsystemcall, respectiely. In the picture,the paclets
of source5 and 7 missedtheir deadlines. The actualsending
time on the link canbe measuredoy an external mechanism,
suchasthe paclet captureprogramdescribedoreviously.

D.2 Traffic generatowerification

As asimpletestfor atracefile of 220000packetswe obtained
values36.9% for theontime, 63.1% for the off time by simply
countingtheonesandzerosin onecolumnof thefile. Themean
numberof paclketsin aburstequalled22.5. Usingthetracefiles
turnedoutto be moreusefulthanwe first expected despitethe
performanceainsof replayingpre-calculatediles they alsoal-
lowedusto testthe performancef our traffic generatofsetting
all thesourceon), crosscheckparameterssjust statedaswell
asgeneratingpecialsequencefr analysingqueuebehaiour.

D.3 Traffic generatowerification

We calculatedheindex of dispersiorof intervals,or IDI (see
Sectionlll-G), alsofor the lab traffic generatar In Figure 15
we canseethatthe simulationandlab traffic generatoproduce
similartypesof traffic. Thelargertheobsenationtimethemore
skewed the traffic is. Onevoice sourceis equalto about18.1
alsoavalueis givenfor a PoissorsourcesThegraphsshav the

12
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"idi_poisson.txt" -

=
[« o
T

Index of dispersion for intervals (IDI)
o

1 10
# consecutive interval (k) in log 10

1000
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resultof a tracewhich was 10000simulatedsecondsresulting
in 17.3million pacletsfor thelaband16.3for the simulation.

Thetraffic generatomwasalsotestedto ensurat (andthema-
chineonwhichwe run on) wascapableof outputtingpacletsas
closeto their deadlinesaspossible

VIl. RESULTS

In this sectionwe presentand discussthe resultsfrom the
MMPP model,the NS simulationsandthe measuremerit the
lab network. Recallfrom SectionlV thatin all threecaseswve
usedthe 32kb/s ADPCM voiceencodingwith 16 ms packetiza-
tion. This resultsin 64 bytesof voice payloadin eachpaclet
andatotal pacletsizeof 104 bytesincludingthe RTRP, UDP and
IP protocolheaders.

Figuresl6 and17 show the pacletlossprobabilityasa func-
tion of the numberof bufferson (y) log scales.We canseein
thesegraphghatboththe MMPP modelresultsandthe NS sim-
ulationsin generalcomparewell with the measurementis the
lab. The exceptionis for very small buffer sizesandwhenthe
lossrateis small.

The MMPP modelis mostof thetime closerto the lab mea-
surementshanthe NS simulationsare,which is aninteresting
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result. The ns simulationsconsistentlyshov the lowest loss
ratesfor more than 7-8 buffers. We analysedhe outputfrom

thetraffic generatorin NS andin thelabto try to comeup with

anexplanation.Wefoundthatthereis asmalldifferencen mean
total ratebetweerthetwo thatcanexplainthe differencen loss
rate.

The secondsetof graphspresentedn Figures18to 21 plots
the pacletlossprobability asa function of the numberof voice
sourcesfor four differentbuffer lengthsmeasuredn paclets.
Thesebuffer lengthscorrespondo a maximumqueueingdelay
of 1.6,2.7,5.4and21.7ms, respectiely. We immediatelysee
that the relationshipbetweenthe numberof sourcesand loss
rate is closeto linear for few buffers, but far from linear for
mary buffers. Visual obsenationsuggest@n exponentialrela-
tionship. In theregion abore 10 buffers, the lab measurements
oftenhasthe highestlossrate. Below about10 buffers, the lab
measurementsave thelowestlossrate.

Oneinterestingdetail is thatfor very small buffers, the loss
curve obtainedin the NS simulationis shiftedonebuffer to the
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right in the plots. Eventhoughwe have goneto greatlengths
in ensuringthat the three ervironmentshave identical proper
ties, there are neverthelesssubtle differencesthat can explain
discrepanciefik e this.

One obvious differencein the modelswe usedis that the
bandwidthofferedby Dummynetis not exactly the sameasin
ns. Usingnetperfwefoundthereto beabouta 3% differencebe-
tweenwhatnetperfanddummynetreportastheir measurednd
configuredbandwidthsrespectiely. Perhapsmore subtleand
not so obviousis the amountof buffering in the system,in NS
we simply statethe buffer sizein paclkets(betweer? and100).
In arealsystemthis is muchharderto calculateashbuffers exist
in mary placesin the systemfor examplein the queuebetween
theEthernedriverandi p_i nput () routineontheinputside.
Ethernetardscanalsobuffer pacletsontheoutputside. Thisis
thedefaultconfiguratiorasmostEthernettardsareusedon host
systemavherethisis notanissue.Neverthelessthebufferingin
areal systemis probablylargerthanthe simulationandmaybe
accounftfor differencesn the systemsindercomparison.

VIIl. CONCLUSIONS AND FUTURE WORK

We have studiedthe pacletlossbehaiour whena numberof
homogeneousoice sourcesare multiplexed onto a bottleneck
link. Thegoalis to find anaccuratanathematicamodelwhich
canbeusedto dimensiorthelink.

We have implementeda mathematicalmodel basedon a
Markov modulatedPoissonprocess(MMPP) in Matlah The
modelwascomparedvith bothsimulationsusingNS andmea-
surementsgn alab ernvironment.Thecomparisorshovs thatthe
modelin generabpredictsthelossratewell. The exceptionsare
for smalllossratesin somecases.An interestingresultis that
mostof thetime the modelpredictsthe lossratebetterthanthe
simulationsin ns.

This result once more provesthat the only way to reliably
verify a modelis to make measurementsf a real system. We
foundthattherelationshippetweertheloadandlossrateis close
to linearfor few buffers(aroundthree),but looksexponentiafor
mary (10 andabove) buffers.

The generalconclusionis that the MMPP-basedmodel is
well suitedfor predictingloss ratesfor superpositionedoice
sourcedn a systemwith limited buffer space. The mathemat-
ical modelis animportanttool for corveniently dimensioning
network links. The lab ernvironmentis constrainedo physical
limits aswell asfinite resourcesvherethe modelis not. Run-
ning alab experimentconsumesesourcegandtime alab exper
iment takes on averagel2 hoursto complete. For eachnum-
ber of sourcesandeachbuffer sizethe experimentis re-started
whichis onereasonwhy we useDummynetwe canchangethe
buffer sizeswithoutre-bootingthe router The simulationtypi-
cally takes2 hourswhereaghe modelconsume®nly about10
minutesaswell asconsiderablyessphysicalresource$

Theresultswe have obtainedcanbe appliedin severaldiffer-
entways. One scenariocould be as statedin the introduction
an operatorhasresened 1Mbit/secandwould like to promise
usersa quality no worsethanGSM, for example. The operator
allows userso downloadanaudiotool with GSM encodingand

3Thesevalueswerederivedfrom anAthlon 600Mhz PCwith FreeBSDaFast
SCSI-3diskand128MB of RAM.

decidedo fix thelossrateof aningressrouterat 5%. Figure17

shavslossprobabilityontheY axisandbuffer size(in paclets)
onthe X axis. Fromagraphlik e this we couldtell the operator
they shouldhave aqueudengthin theingressouterof atleast6

pacletsfrom readingoff the graph.In our experimentsve used
alink of 1.536Mbits/seand PCM coding but the principle is

thesame.

Anotherscenariccould bethe sameconditionsbut the opera-
tor doesnot know how mary customerghey shouldlet usethe
systemandstill keepunderthe targetof 5% lossandthey start
complaining. Figure 18 shaws a plot how we could determine
this value,which hasthe numberof sourcesn the X-axis. For
5% lossour simulationgivesus 60 sourcesr users the mathe-
maticalmodel64 andlaboratorymeasurement87 users.Since
we have used3 differenttechniquesand arrived at similar re-
sultswe couldtell the operatorthey shouldnotallow morethan
67 usersatthisingressrouter In thiskind of scenaricour work
couldbeusedastheinputto anadmissioncontrolalgorithm.

It soonbecomeglearonecouldusetheresultsin quite afew
differentmannersShouldasystemadministratonotknow how
large to make a high priority queuein a routerhe or shecould
consultfiguresor graphscalculatedfor the particularnetwork
situationthey arefacing.

Thereare a numberof further work itemsthat we are cur-
rently addressingThemaximumdelayis boundedy the buffer
lengthin the systemstudiedin this paper but whatis the re-
sulting meandelay? We are also experimentingwith higher
bandwidthinks. Onechallengésto accuratelygeneratenough
sources.The next stepis to measure systemwhich hasmulti-
ple traffic classedn the style of diffserv[12]. How do different
gueueschedulingalgorithmsaffect the dimensioningof traffic
classesTanthe MMPP modelpresentedn this paperbe used
to describehelossanddelaypropertiesof atraffic class?

The ongoingwork can be found at a web pagé which has
informationaboutcurrentexperimentsaswell asdatawhichwas
notdirectly relevantfor this paper
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