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Abstract

This paper focuseson the differencesbetweenmonofiac-
tal and multifractal networktraffic, both in termsof mod-
eling approaches,andin termsof practical impactson net-
work performance Empirical traffic tracesare usedin the
parameterizationand evaluation of traffic models. Simu-
lation is usedto evaluatethe performancedifferencesbe-
tweenmonofiactaland multifractal traffic, bothfor individ-
ual traffic streamsand for aggregationsof traffic streams.
The simulationresultsindicate that multifractal traffic of-
fers greater potential for multiplexing gains, both within
andacrosssouices.Thesensitivityof theseresultsto source
characteristicsand switch buffer sizeis alsoexplored.

1. Intr oduction

Accuratetraffic modelingis crucial for network perfor
mancestudies. High speedmultimedia networks exhibit
comple topologies, heterogeneousransmissionspeeds,
and a wide rangeof QoS requirements.Computersimu-
lation hasbecomean indispensabléool to supportthe de-
sign, control, and managemenof integratedservicesnet-
works such as AsynchronousTransferMode (ATM) net-
works, ultra-fast optical networks, and the “next genera-
tion Internet”. Successfuinodelingandefficientsimulation
techniquescan help in significantly reducingthe develop-
mentcostsfor suchcomplex, dynamic,andnon-linearsys-
tems.Also, agoodmodelcanenhancehe understandingf
a systemor network by enablinga sensitvity studyof the
effectof modelparametersntheperformancef anetwork
throughsimulation.

In theliterature,severalmodelshave beensuggestedor
describingnetwork traffic. Early modelstypically assumed
thatpacletarrivalswerePoissorprocessefl1]. Laterstud-
ies have shavn that the inter-arrival times of pacletsdif-
fer drasticallyfrom an exponentialdistribution; rather the
datapaclettraffic constitutes self-similarprocesg8], with
burstinessaandcorrelationacrosgmary time scales.

One approachfor modeling monofactal (i.e., self-
similar) traffic is proposedoy Norros[10]. This approach
usesthree parameters- the meanbit ratem (in units of
bits/sec)the Norrosvariancecoeficienta (thevariance-to-
mearratio of thetraffic atthe1.0-secondime scale,jn units
of bit-sec),andtheHurstparameted (aunit-lessvaluebe-
tween0.5and1.0,which quantifieshe globalscalingprop-
ertiesof thetraffic acrosgime scalesandhencethe degree
of long-rangedependence} for characterizingelf-similar
datatraffic [10, 17]. However, one drawvbackof the Nor-
rostraffic modelis thatit doesnot characterizeshort-range
correlationd1], which have beenshawn in theliteratureto
have significantimpacton the queueingbehaior (andthus
thebuffer overflow process)n practicalnetworks[6, 7, 13].

More recentnetwork traffic analyseshave shovn that
WAN (Wide AreaNetwork) TCP/IP(TransmissiorControl
Protocol/InterneProtocol)traffic is multifractal in nature.
Thatis, thetraffic exhibits differentscalingcharacteristics
atlargetime scaleqe.g., hundredf millisecondsor more)
thanatsmallertime scaleq3, 5].

To capturethe multifractal characteristicoof network
traffic, several wavelet-basedmodeling techniqueshave
beenproposeds, 4, 9, 12]. Amongthe proposedvavelet-
basedmodels,the multifractal wavelet model (MWM) is
quitepromising[1, 12]. MWM providesaunifiedapproach
to model both long-rangedependencgLLRD) and short-
rangedependencéSRD)in network traffic (e.g.,hyperbolic
decayof the autocorrelatiorfunction for LRD traffic [8],
andexponentialdecayfor SRDtraffic).

The purposeof this paperis to compareandevaluateap-
proachedor modelingmonofractalandmultifractal traffic,
andto understandhe performancelifferencesjf ary, be-
tweenthesetwo typesof traffic. Our resultsconfirmthe ob-
sened multifractal natureof empirical WAN TCP/IP net-
work traffic, andthe effectivenessof the MWM approach
for modelingsuchtraffic. Theresultsalsoshow perceptible
performancalifferencegin termsof Cell LossRatio,CLR)
betweenmonofractaland multifractal traffic streamshoth
individually andin aggreyate,in a simulatednetwork. In
generalmultifractaltraffic offersbettermultiplexing gains



thanmonofractatraffic, in thenetwork scenariosimulated.
Theremaindeof the paperis organizedasfollows. Sec-
tion 2 provides some backgroundon monofractaltraffic
modelingusingthe Norrostraffic model,andon multifrac-
tal traffic modelingusingMWM. Section3 presentsa sim-
ulation study designedto comparethe performanceof in-
dividual monofractaland multifractal traffic streams. In
Section4, a performancecomparisorbetweenaggrejated
monofractaland aggreyatedmultifractal traffic streamsis
presentedFinally, Section5 concludeghe paper

2. Traffic modeling overview

To supporttheresearctwork describedn this paperwe
developedwo interactivetraffic modelingtoolkits (synTaff
andMsynTaff) for monofractaland multifractal traffic, re-
spectvely [1]. The designand operationof thesetoolsis
describedn a companionpaperin the “Tools” sessionof
MASCOTS’2000[2]. Thusthedescriptiorprovidedhereis
ratherbrief.

2.1 Modeling monofractal traffic: synTraff

synTaff modelsmonofractali.e., self-similar)traffic us-
ing athree-stepraffic modelingtechniqug17] thatwasde-
velopedto model the three Norros traffic parametergm,
a, and H). In the first step,a Fractional-ARIMA (Auto-
Regressie Integrated Moving Average) processcalled
Hoskings modelis usedto generatea zero-mear.RD time
series(X) with a specifiedHurstvalue (H). Thevaluesin
this time seriesarerealnumbersin therange[-1,1]. Each
obsenationin the time seriesdependsn the previous ob-
senations(i.e., an obsenationhasa dependeng on recent
and pasthistory of the processthrougha weightedauto-
regressve moving averageterm,aswell asasmallerdepen-
deng on a “randomGaussiamoise”term). In the second
stepthetime seriess corvertedinto a“traffic profile”. The
corversionis carriedout by linear (Y = wX + ¢) or non-

linear transformationgZ = biﬁx). In the linear trans-
formation,the mean(m) andvariancecoeficient (a) of the
time seriesare adjustedusing scaling (w) and translation
(c) parameterswhile the Gaussianmaminal distribution

(i.e., frequeny histogram)is presered. In the non-linear
transformationthe meanandvarianceof thetime seriesare
changedaswell asthe maminal distribution, usingbase(b)

anddensity(r) parametergalongwith asmallpositive con-
stante). In thethird step,the short-rangecorrelationchar

acteristicof thetraffic arecontrolledby refiningthetraffic

to finer-graintime scales.This stepcanbe usedto provide
abetter“fit” to empiricaltraffic characteristicswithout af-

fectingm, a, or H.

2.2 Modeling multifractal traffic: MsynTraff

MsynTaff implementsthe multifractal wavelet model
(MWM, asdescribedn [12]), alongwith severalimprove-
mentssuggestedn [1]. The wavelet modelsstartwith a
discrete-timesignal(i.e., atime series)z(t) : 0 <t < N
with NV datapoints,whereN = 27 is a power of two.

In simpleterms,wavelet-basednodelsexpressthe traf-
fic characteristic& thewaveletdomainratherthanthetime
domain, by integratingthe traffic time serieswith a setof
basisfunctionsthatcaptureinformationaboutdifferentpor-
tions of the time series,at differentscales(;j) and offsets
(k). Themodelsthencomputethe waveletcoeficientsthat
correspondo eachnodein acompletebinarytreerepresen-
tation of the encodedsignal, with j = 0 representinghe
top (root) level of thetree,andj = L correspondindo the
bottom(leaf) level, which hasN = 2© obsenations.

MWM usegheHaarwavelet[12], which hasthefollow-
ing prototypescaling(¢) andwavelet(y) functions:

1, ifo<t<l.
o(t) = { 0, otherwise. (1)
1, ifo<t<1/2.
P)=¢ -1, if1/2<t< 1 2)

0, otherwise.

The scaling coeficients (uf’s) at the finest resolution
(j = L) aredirectly determinedfrom the data points of
thesignalusing:

z(k) = 2L2uk L2k (3)

The wavelet coeficients (w;?’s) andscalingcoeficients

(uf’s) at coarserresolutions(smallerj values)are deter
minedrecursvely using:

k=0,1,..

wf_l (t) = 2’1/2(u?k + w2+

J
k — k 2k+1
ub () =272 (ulk — W), (4)
Thewaveletcoeficientsin thebinarytreecaptureall the
essentiainformationaboutthe original signal(time series).
To recalculateall the coeficientsandreconstructhe data
points,only theglobalmean(u9) of thesignalandtheratios

(where uf > 0) (5)
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of thewaveletcoeficientsto theircorrespondingcalingco-
efficientsarerequired.Fromtheaf, thescalingcoeficients
canbedeterminedy resolvingEquations with Equationd:
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To generate new time seriesgy(t) syntheticallytheaf’s
arerandomlyselectedasedn their samplevariancegcal-
culatedfrom anempiricaltrace)at eachresolutionj < L.
To guarante@mon-negyative outputvalueg12], theserandom
numbersshouldbein therange[-1,1]. In [12], thesymmet-
ric betadistribution, 3(p;, p;), is recommendedor select-
ing thea’’s, with:

_ 1
- 2])]'—}-1.

var[af]

(7)
At the top few levels of the binary tree, there are not
enoughaf’s for a reliable estimationof their samplevari-
ance. Hence,Ribeiro et al. [12] recommendgenerating
scalingcoeficientsat level 5 = 5 from the root (i.e., 32
samplesfrom a Gaussiardistribution with meanandvari-
anceequalto the samplemeanandvarianceof the scaling
coeficientsof theempiricaltraceatthis scale.However, [1]
recommendsnF-ARIMA procesgor this purpose.

2.3. Discussionand evaluation

Our monofractaland multifractal traffic modelingtools
have beentestedandevaluatedon a setof empiricaltraces,
includingLAN, WAN, TCP/IR andATM traffic [1].

In generalthe resultsof our studiesshav thatthe syn-
thetic multifractal tracesgeneratedrom the MWM resem-
ble the modeledempiricaltracesmore closelythando the
monofractatraceggeneratedisingtheNorrostraffic model.
For example,Figure 2 of our companiorfTools” paper{2]
compareghe profile, autocorrelationand marginal distri-
bution of a monofractaltrace (MON, in the left column
of plots), an empiricaltrace (Bellcore EthernetLAN traf-
fic [8], in the middle column of plots), and a multifractal
trace(MUL, in the right-handcolumnof plots),at 1.0 sec-
ond granularity The MON andMUL traceswere synthe-
sizedbasecbn theempiricaltrace.

We also find that the MWM approachcaptures(with
much more fidelity) a wider range of traffic characteris-
tics than the Norros monofractaltraffic model. The vari-
ancesof the a;? 's at eachtime scale(level) of the encoded
binary tree reflect the wavelet behaior of a trace,which
may differ for severaltraffic streamsgvenif their Norros
traffic characterizationareidentical[1]. Furthermorethe
waveletbehaiors of aggreyate-level traffic streamsandif-
fer significantly from the behaiors of host-level streams.
For example Figurelillustratesthewaveletbehaior of the
aggrgjateLBL-TCP-3 trace[11] andtwo individual host-
level tracesfor hoststhat contributed substantiallyto the
aggreyatetraffic. From Figure 1, it can be obsened that
the wavelet behavior of the host-level tracesare strikingly
differentfrom thatof theaggreyate-level trace.Ratherthan
strictly increasingtoward finer-grain time scales(larger j
values) thevarianceof the normalizedwaveletcoeficients
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Figure 1. Comparison of wavelet behavior at

host-le vel and aggregate-le vel in an empirical
trace (0.006 sec gran ularity)

peaksandthendrops. Thereasorfor this dropis thatnet-
work round-triptimes, TCPslidingwindow protocolbeha-
iors, anduserthink timestranslatento noticeableON-OFF
periods(particularly OFF periods)at the individual host-
level [5]. This behavior is differentat the aggreyate-level
becausehe OFFperiodsof onehostaresuperimposewith
the ON periodsof (mary) otherhosts.

We thusfind thatthe multifractalwaveletmodel(MWM)
is a powerful, flexible, and efficient (O(N) runningtime)
approachfor network traffic modeling. One disadwantage
of theMWM approachhowever, is thatit requiresmorepa-
rameters2 + log2 N, whereN (apowerof 2) is thenumber
of datapointsin the modeledtrace)thanthe Norrostraffic
model(3 parameters).

3. Resultsfor individual traffic streams

This sectionpresentsa simulationexperimentdesigned
to answetthe question:Doesmultifractaltraffic behae dif-
ferentlythanmonofractalraffic, in termsof impacton net-
work performance?

3.1 Experimental methodology

In order to comparethe performancesof individual
monofractalMON) andmultifractal(MUL) traffic streams,
five MON andfive MUL traffic streamsveregeneratedus-
ing synTaff andMsynTaff) to modelanempiricaltraceof
BellcoreEthernet AN traffic (BC-pOct89)[8]. Themean
bit rate of the empirical traceis 2 Mbps and the source
variability is 300,000bit-sec. The meanand the Norros
variancecoeficient of the tengeneratedraffic streamsare
shavn in Tablel. TheHurstvaluefor eachtraceis approx-



Table 1. Traffic characteristics of individual
monofractal and multifractal traffic streams

Stream| Traffic m a
No. Type | (Mbps) | (bit-sec)
1 MON | 2.037 | 280,333
MUL 2.037 | 294,316
2 MON 1.970 | 297,955
MUL 1.967 | 305,306
3 MON | 2.021 | 325,647
MUL 2.017 | 312,286
4 MON | 2.024 | 350,472
MUL 2.005 | 349,872
5 MON | 2.020 | 292,958
MUL 2.020 | 291,022

imately0.7.(In [8, 15, 16], theHurstvalueof theempirical
traffic is reportedas0.8. Experimentsn this sectionconsid-
eredonly the first 1000 secondof the empirical data(out
of 1759.62seconds)hencethe differentHurstvalue.)

Thesimulationsareconductedusingthe ATM-TN(ATM
Traffic and Network) simulator a cell-level simulatorde-
scribedin [14]. Thetopology of the simulatednetwork is
shawvn in Figure 2. Traffic flows unidirectionallyfrom the
U of S nodeto the U of R node. The VarLink and Var
Buffer arethe bottlenecksof the network. Thelink speed
(in Megabits/secpf VarLink andthe buffer size (in cells)
werevariedandthe performancen termsof CLR wasstud-
ied. Thelink speedf VarLink determinechow quickly the
VarBufferis emptied.If thebufferis full whenacell arrives,
thearriving cell is lost.

Uofs Uofs Saskatoon
E.net (10 Mbps) OC-3 (155 Mbps)
EndNode Switch VarBuffer | Switch
(=4
5
]
>
UofR UofR Regina
i ) E.net (10 Mbps) [ j OC-3 (155 Mbps)
EndNode Switch Switch

Figure 2. Simulated network topology for ex-
periments with individual traffic streams

Otherthanthetwo typesof traffic, the mainfactorsthat
areconsideredh this studyarelink capacityandbuffer size.
Two performancenetrics—cellossratio (CLR) andlink uti-
lization (LU)-werestudied.Link utilization, expressinghe
numberof cellsdeliveredrelative to the bottlenecKink ca-
pacity;, indicatesthe load carriedover the bottlenecklink.

CLR is theratio of the numberof cells lost dueto buffer
overflow andthe numberof cellssent.First, thelink capac-
ity is fixedat4 Mbps,andthe buffer sizeis variedfrom 10
to 4000cells. Next, thebuffer sizeis fixedat 1000cells,and
thelink capacityis variedfrom 2.5to 5 Mbps. In eachcase,
the performanceof eachtracewas evaluatedindividually.
Thesimulationwarm-upphasewvas100simulatedseconds,
followedby obsenationsfor 900 simulatedsecondg1].

3.2 Simulation results

Figure3 summarizesheperformanceomparisorfor in-
dividual MON and MUL traces. The solid lines show the
meanperformancédor the five MUL tracesand the error
barsshaw thefull rangeof resultsobsened(i.e., thelargest
andsmallestvaluesobsenedfor thefivetraces).Thedotted
lines shav the meanperformancdor the MON traces.and
againtheerrorbarson thesdinesshav therangeof results
obsened. Figure 3(a) and(b) showv the link utilization of
the two traffic typesat a constantink speedandat a con-
stantbuffer size,respectiely. Figure3(c) and(d) illustrate
thecorrespondin@LR performanceesults.

From Figure 3(a) and (c), it is clearthatwhenthe link
speeds fixedandthebuffer is small(fewerthan2000cells),
MUL achieveshigherutilization andlower CLR. At larger
buffer sizes MUL achievessimilar utilizationto MON, but
still yieldslower CLR. Whenthe buffer sizeexceeds1000
cells,thedifferencein CLR betweerMUL andMON tends
to remainconstantat aboutanorderof magnitude.

Whenthebuffer sizeis held constantandthelink speed
increasedrom 2.5 Mbps to 5 Mbps, the higher link uti-
lization for MUL (initially 5% to 7% higher)graduallyde-
creaseso meetthatof MON at5 Mbps. However, the CLR
for MUL remainedower at all link speedsBeyonda link
speedof 3 Mbps, the differencein CLR performancebe-
tweenthe two typesof tracesgraduallyincreasesand at
5 Mbpsthedifferenceis aboutanorderof magnitude.

3.3 Summary

The performancesesultsfor individual tracesshow that
the MUL traceshave better multiplexing gains than the
MON traces. The differencein CLR canbeaslargeasan
orderof magnitudepnthe network scenariostudied.

Note that multiplexing gainsare of two types: within
sourceand acrosssource. Multiplexing gains within a
sourceresult from buffering of short-termbursts. Multi-
plexing gainsacrosssourcescome from the fact that not
all the sourcesare“on” (or “off”) at the sametime (i.e.,
sourcesgenerateburstsindependently). The performance
resultspresentedn this sectionaccounonly for multiplex-
ing gainswithin asource Multiplexing gainsacrossources
areinvestigatedn the next section.



Link Utilization Comparison (LS: 4 Mbps)

100 s ;
Multifractal ——
Monofractal -
80
=3
c
2 g
©
N
5
20 ¢
0 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000
Buffer Size (Cells)
@)
CLR Comparison (LS: 4 Mbps)
1e+00 —
Multifractal ——
Monofractal
1e-01 P\
(]
3 1le02 ¢
T
>
E
3 1e-03 t
le-04 ¢
le-05 . ‘ ‘ :

0 500 1000 1500 2000 2500 3000 3500 4000

Buffer Size (Cells)
(€)

Link Utilization Comparison (BS: 1000 Cells)

100

Multifractal ——
Monofractal -~

s
c
2
T
N
5

20 -

0 1 1 1 1
25 3 35 4 45 5
Link Speed (Mbps)
(b)
CLR Comparison (BS: 1000 cells)
1e+00 —— :
Multifractal ——
e Monofractal -

le-01 & R S .
. T
3 le02 t
@
>
X
3 1e-03

le-04

1le-05 : ‘ ‘ ‘

2.5 3 35 4 45 5
Link Speed (Mbps)
(d)

Figure 3. Simulation results for individual traffic streams

4. Resultsfor aggregatedtraffic streams

This sectionstudiesthe network behavior of aggreyated
homogeneousnultifractal traffic streams. The resultsof
thesestudiesare presentedand comparedwith the results
obtainedfrom similar studiesof monofractaltraffic by
Wang and Williamson [15, 16]. The experimentaldesign
closelyfollows that of Wang[16], to facilitatedirect com-
parisonof results.

4.1 Experimental methodology

Table 2 lists the differentfactorsandlevels usedin the
simulation experiments. The impactsof sourcegranular
ity (ascharacterizetby the meanbit rate),andsourcevari-
ability (ascharacterizedtby the Norrosvariancecoeficient)

werestudied,in additionto the impactof buffer size. The
impactof eachfactorwasstudiedfor differentlink capac-
ity (rangingfrom 10 Mbpsto 300 Mbps)for the bottleneck
link. Experimentsvereconductedusinga one-factorat-a-
time approach.Thatis, whenimpactof a factoris studied
by changingits level, the levels of the otherfactorswere
fixedatthosehighlightedin boldin Table2.

Threeperformancenmetrics—CallAcceptanc€CA), Link
Utilization (LU), and Cell Loss Ratio (CLR)—wereused.
Call acceptanceeflectsthe numberof calls acceptedy a
ConnectioPAdmissionControl (CAC) algorithm,atagiven
link capacity Only theresultsfor theGenericCAC (GCAC)
algorithmare presentedere;the resultsfor other CAC al-
gorithmsareavailablein [1]. GCAC basests calladmission
decisionon a traffic descriptorthat specifiesthe PeakCell



Table 2. Experimental factor s and levels

Factors Levels
Link Capacity(C) 10Mbps, 50 Mbps,100Mbps,150Mbps,..., 300Mbps
SourceGranularity(m) | 1 Mbps, 2 Mbps, 3 Mbps
SourceVariability (a) | 150,000bit-sec, 300,0000it-seg, 600,000bit-sec
Buffer Size(b) 1000cells, 2000cells, 4000cells
Rate(PCR)and SustainedCell Rate (SCR) of the source,

and on switch-level information about available capacity
andatargetvariancefactor(VF) [16].

4.2 Previouswork

In [15, 16], Wang and Williamson studiedthe perfor-
manceof CAC algorithmswhenpresentedvith self-similar
(monofractal)traffic, using a simulatednetwork. In that
study five CAC algorithms—PealCell Rate (PCR) CAC,
SustainedCell Rate (SCR) CAC, Average(AVG: average
of PCRandSCR)CAC, GenericCAC (GCAC), andNorros
CAC—wereconsideredSourcegranularity sourcevariabil-
ity, andlong-rangecorrelationstructure ascharacterizethly
the threeNorrostraffic parametersyere usedto examine
the impactof traffic characteristicon CAC performance.
Thelink capacitywasvariedasanexperimentafactor The
target CLR was10~6.

The monofractatraffic resultsfrom [15], corresponding
to the levels listed in Table 2, are usedin this paperfor
comparingwith the resultsobtainedfor multifractaltraffic,
on the samesimulatednetwork and undersimilar settings.
Whatis new in theseexperimentds the multifractal nature
of thegeneratedraffic streams.

4.3, Traffic streams

Six groupsof homogeneoumultifractal traffic streams,
eachwith 100 independensourceswere generatedising
MsynTaff. Table3 summarizeshe characteristicef each
group.Two of thesix groups(m2 anda2) correspondo the
baselineconfigurationfor the BC-pOct89empirical trace
(seeSection3.1). Two groups(m1 andm3) arefor different
sourcegranularitiesandthe othertwo (a1l anda3) arefor
differentsourcevariabilities. Thetraffic groupswerecare-
fully generatedso thatwithin eachgroup, the multifractal
(MUL) traces(on average)differ by no morethan3% from
their correspondingnonofractal MON) traces,n termsof
their Norrostraffic characteristicém,a, and H).

4.4. Network topology and simulation issues

Figure 4 shows the topology of the simulatednetwork
usedin the experiments The network has100sourceson-

ﬁ

E.net (10 Mbps; . VarLink X E.net (10 Mbps)
@ Switch A Switch B Snk. 2

@‘ Shared VarBuffer

Figure 4. Simulated network topology for ex-
periments with aggregate traffic streams

nectedto Switch A throughindependent0 MbpsEthernet
links and 100 sinks are similarly connectedo Switch B.
SwitchA is connectedo SwitchB througha variableband-
width (bottleneck)ink. Eachsourcegeneratediraffic bursts
destinedo the correspondingink (e.g., Sourcel transmit-
teddatato Sink 1, Source? to Sink2, andsoon). Thetraffic
burstsweresggmentednto cellsbeforetransmitting.

The CAC algorithmswereimplementedn SwitchA and
Switch B. Thesetwo switcheswere provided with calcu-
lated traffic descriptordor eachcall. Basedon traffic de-
scriptions and available bandwidth, the CAC algorithms
madedecisionsaboutwhich calls to accept. Oncethe call
admissiordecisionsaremade SwitchA recevescellsfrom
all acceptedourcesandforwardsthemto SwitchB through
thebottlenecHink, bufferingasnecessaryThefinite capac-
ity outputbuffer is sharedby all traffic streamsandoper
atesin a first-in-first-outfashion,using a tail drop policy.
The capacityof bottlenecKink determinesow quickly the
buffer in Switch A is emptied. If a cell arriveswhenthe
sharedouffer is full, thearriving cell is lost.

As in the previous study[15], thewarm-upphaseof the
experimentvas100simulatedsecondsThesimulationgan
for the next 900 simulatedseconds.In theseexperiments,
CLR valueslargerthanthetarget CLR value(10~%) canbe
consideredignificant[15], anda CLR valueof zeroshould
beinterpretedasbeinglessthan10—9.

4 5. Simulation results

Figure 5 shaws the call acceptancéCA, Figure 5(a)),
link utilization (LU, Figure5(b)), andcell lossratio (CLR,
Figure5(c)) resultsfor thethreelevelsof sourcegranularity



Table 3. Characteristics of monofractal and multifractal traffic streams

Traffic Source| Traffic m (Mbps) a (bit-sec)

Characteristici Group | Type || Min. | Mean| Max. Min. | Mean | Max
m1l MON* || 0.698| 1.060 | 1.398 | 188,482| 309,805| 445,814
Source MUL 0.854| 1.084| 1.367 || 263,579| 305,667 | 404,501
Granularity m2 MON* || 1.592| 2.026 | 2.519 || 154,466| 309,615| 430,495
MUL 1.729| 2.028 | 2.273| 208,270| 314,345| 409,348
m3 MON* || 2.635| 3.081 | 3.550| 169,334| 304,778| 432,576
MUL 2.695| 3.012 | 3.261 || 246,274| 304,346 | 432,487
al MON* || 1.817| 2.088| 2.519 | 76,498 | 152,179| 232,588
Source MUL 1.951| 2.037 | 2.087| 120,709 154,893| 203,653
Variability a2 MON* || 1.673| 1.997| 2.368 || 182,211| 301,781| 486,152
MUL 1.729| 2.028| 2.273 || 208,270| 314,345| 409,348
a3 MON* || 1.404| 2.075| 2.722 | 364,576| 599,899 817,761
MUL 1.668 | 2.093 | 2.427 | 494,701| 599,833| 828,866

* obtainedirom [15]

(1 Mbps, 2 Mbps,and3 Mbps)in theMUL traces Figure6
compareghe CLR performanceof MON (dottedline) and
MUL (solid line) tracesat thethreesourcegranularitieslr-
respectie of traffic type (MON or MUL) the CA is almost
thesame[1], sincethetraffic descriptorsaresimilar for the
MON and MUL sources(seeTable 1, for example). The
CA dependprimarily uponthe sourcegranularityandlink
capacity From Figure5 it is obvious that the numberof

callsacceptediecreaseasthesourcegranularityincreases.

Both MON and MUL traffic achieved similar link utiliza-
tion. However, the CLR valuesfor multifractal traffic are
consistentlylower thanthosefor monofractatraffic.

Theimpactof sourcevariability is illustratedin Figure?.
The CLR resultsfor MON andMUL tracesatthethreedif-
ferent sourcevariabilities are comparedin Figure 8. At
150,000bit-sec sourcevariability, two more calls are ac-
ceptedfor MUL than for MON; at 300,000bit-sec, one
morel call is acceptedor MUL; andat 600,000bit-secthe
CA for MUL andMON arethe sameat mostof the tested
link capacitieg1]. Consequentlythe link utilization for
MUL is mamginally higherthanthat for MON at 150,000
bit-secand300,000bit-sec.However, the CLR for MUL is
noticably lower thanthatfor MON at 150,000bit-secand
600,000bit-sec, and slightly lower at 300,000bit-sec. It
can be concludedthat at lower sourcevariabilities, MUL
hasbettermultiplexing gainsthanMON, andasthe source
variability increaseghe multiplexing gainsfor MUL and
MON aresimilar.

Asillustratedin Figure9, changingheswitchbuffer size
for MUL traffic affectsonly the CLR performancebut not
the CA andthe LU (this is true for MON traffic aswell,
sincethe GCAC algorithmignoresbuffer sizein its call ac-
ceptanceadecision-makind16]). Regardlessof the buffer
size,thenumberof callsacceptedor MON andMUL were

almostthe same. Figure 10 comparesthe CLR perfor
manceof MON and MUL at buffer sizesof 1000, 2000,
and 4000 cells (Figures10(a), (b), and (c), respectiely).
It is obviousfrom the figure thatincreasinghe buffer size
reduceshe CLR for both MON and MUL. However, the
reductionin CLR for MUL is more pronouncedhan for
MON. In otherwords,increasinghebuffer sizeproduces
moresignificantreductionin CLR for MUL thanfor MON.

4.6. Summary

The performanceresultsfor aggreatedhomogeneous
monofractal(MON) traffic streamsandaggreyatedhomo-
geneousnultifractal(MUL) traffic streamshaov thatMUL
hasbetteracrosssourcemultiplexing gains,especiallywhen
the sourcegranularityis high, sourcevariability is low, or
switchbuffer sizeis large.

5. Conclusions

This paperconfirmsprevious work [3, 4, 5, 12] show-
ing that empirical network traffic is multifractal in nature,
andshowsthatthemultifractalwaveletmodel(MWM) [12]
cancapturethebehaior of thesetracesbetterthanthe Nor-
ros (monofractal)traffic model. The wavelet behaiors of
aggrejate-level streamddiffer from the behaviors of host-
level streamsandMWM cancapturethesedifferences.

The paperalsousessimulationto shav thatthe network
performancampactsof monofractaland multifractal traf-
fic streamsare different. In particular the within source
multiplexing gainsfor multifractal traffic (MUL) are con-
siderablylarger comparedo thosefor monofractaltraffic
(MON). MUL hasbetteracrosssourcemultiplexing gains
comparedto MON at lower source variabilities, higher
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Figure 5. Network performance of multifractal
(a) Call acceptance; (b) Link utilization; and (c) CLR performance .
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Figure 7. Network performance of multifractal
(a) Call acceptance; (b) Link utilization; and (c) CLR performance .
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sourcegranularitiespr whenthe switchbuffer sizeis large.
Otherwise,acrosssourcemultiplexing gainsfor MUL are
similarto thosefor MON.
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