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Abstract

This paper focuseson the differencesbetweenmonofrac-
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-
tweenmonofractalandmultifractal traffic, bothfor individ-
ual traffic streamsand for aggregationsof traffic streams.
Thesimulationresultsindicate that multifractal traffic of-
fers greater potential for multiplexing gains, both within
andacrosssources.Thesensitivityof theseresultsto source
characteristicsandswitch buffer sizeis alsoexplored.

1. Intr oduction

Accuratetraffic modelingis crucial for network perfor-
mancestudies. High speedmultimedia networks exhibit
complex topologies, heterogeneoustransmissionspeeds,
and a wide rangeof QoS requirements.Computersimu-
lation hasbecomean indispensabletool to supportthe de-
sign, control, andmanagementof integratedservicesnet-
works suchas AsynchronousTransferMode (ATM) net-
works, ultra-fast optical networks, and the “next genera-
tion Internet”.Successfulmodelingandefficientsimulation
techniquescanhelp in significantly reducingthe develop-
mentcostsfor suchcomplex, dynamic,andnon-linearsys-
tems.Also, agoodmodelcanenhancetheunderstandingof
a systemor network by enablinga sensitivity studyof the
effectof modelparametersontheperformanceof anetwork
throughsimulation.

In theliterature,severalmodelshave beensuggestedfor
describingnetwork traffic. Early modelstypically assumed
thatpacketarrivalswerePoissonprocesses[11]. Laterstud-
ies have shown that the inter-arrival times of packetsdif-
fer drasticallyfrom an exponentialdistribution; rather, the
datapackettraffic constitutesaself-similarprocess[8], with
burstinessandcorrelationacrossmany timescales.

One approachfor modeling monofractal (i.e., self-
similar) traffic is proposedby Norros[10]. This approach
usesthreeparameters– the meanbit rate � (in units of
bits/sec),theNorrosvariancecoefficient � (thevariance-to-
meanratioof thetraffic atthe1.0-secondtimescale,in units
of bit-sec),andtheHurstparameter

�
(aunit-lessvaluebe-

tween0.5and1.0,whichquantifiestheglobalscalingprop-
ertiesof thetraffic acrosstime scales,andhencethedegree
of long-rangedependence)– for characterizingself-similar
datatraffic [10, 17]. However, onedrawbackof the Nor-
rostraffic modelis that it doesnot characterizeshort-range
correlations[1], which have beenshown in theliteratureto
have significantimpacton thequeueingbehavior (andthus
thebuffer overflow process)in practicalnetworks[6, 7, 13].

More recentnetwork traffic analyseshave shown that
WAN (WideAreaNetwork) TCP/IP(TransmissionControl
Protocol/InternetProtocol)traffic is multifractal in nature.
That is, the traffic exhibits differentscalingcharacteristics
at largetimescales(e.g., hundredsof millisecondsor more)
thanatsmallertime scales[3, 5].

To capturethe multifractal characteristicsof network
traffic, several wavelet-basedmodeling techniqueshave
beenproposed[3, 4, 9, 12]. Amongtheproposedwavelet-
basedmodels,the multifractal wavelet model (MWM) is
quitepromising[1, 12]. MWM providesaunifiedapproach
to model both long-rangedependence(LRD) and short-
rangedependence(SRD)in network traffic (e.g.,hyperbolic
decayof the autocorrelationfunction for LRD traffic [8],
andexponentialdecayfor SRDtraffic).

Thepurposeof thispaperis to compareandevaluateap-
proachesfor modelingmonofractalandmultifractal traffic,
andto understandthe performancedifferences,if any, be-
tweenthesetwo typesof traffic. Our resultsconfirmtheob-
served multifractal natureof empiricalWAN TCP/IP net-
work traffic, and the effectivenessof the MWM approach
for modelingsuchtraffic. Theresultsalsoshow perceptible
performancedifferences(in termsof Cell LossRatio,CLR)
betweenmonofractalandmultifractal traffic streams,both
individually and in aggregate,in a simulatednetwork. In
general,multifractal traffic offersbettermultiplexing gains



thanmonofractaltraffic, in thenetwork scenariossimulated.
Theremainderof thepaperis organizedasfollows. Sec-

tion 2 provides somebackgroundon monofractaltraffic
modelingusingtheNorrostraffic model,andon multifrac-
tal traffic modelingusingMWM. Section3 presentsa sim-
ulation studydesignedto comparethe performanceof in-
dividual monofractaland multifractal traffic streams. In
Section4, a performancecomparisonbetweenaggregated
monofractaland aggregatedmultifractal traffic streamsis
presented.Finally, Section5 concludesthepaper.

2. Traffic modelingoverview

To supporttheresearchwork describedin thispaper, we
developedtwo interactivetraffic modelingtoolkits(synTraff
andMsynTraff) for monofractalandmultifractal traffic, re-
spectively [1]. The designandoperationof thesetools is
describedin a companionpaperin the “Tools” sessionof
MASCOTS’2000[2]. Thusthedescriptionprovidedhereis
ratherbrief.

2.1. Modeling monofractal traffic: synTraff

synTraff modelsmonofractal(i.e.,self-similar)traffic us-
ing athree-steptraffic modelingtechnique[17] thatwasde-
velopedto model the threeNorros traffic parameters( � ,� , and

�
). In the first step,a Fractional-ARIMA (Auto-

Regressive Integrated Moving Average) processcalled
Hosking’smodelis usedto generateazero-meanLRD time
series( � ) with a specifiedHurstvalue(

�
). Thevaluesin

this time seriesarereal numbersin the range[-1,1]. Each
observation in the time seriesdependson the previousob-
servations(i.e., anobservationhasa dependency on recent
and pasthistory of the processthrougha weightedauto-
regressivemoving averageterm,aswell asasmallerdepen-
dency on a “randomGaussiannoise” term). In the second
step,thetimeseriesis convertedinto a“traffic profile”. The
conversionis carriedout by linear ( �����	��

� ) or non-

linear transformations( ����� ������������ ). In the linear trans-
formation,themean( � ) andvariancecoefficient ( � ) of the
time seriesare adjustedusing scaling( � ) and translation
( � ) parameters,while the Gaussianmarginal distribution
(i.e., frequency histogram)is preserved. In the non-linear
transformation,themeanandvarianceof thetimeseriesare
changed,aswell asthemarginaldistribution,usingbase( � )
anddensity( � ) parameters(alongwith asmallpositivecon-
stant � ). In the third step,the short-rangecorrelationchar-
acteristicsof thetraffic arecontrolledby refiningthetraffic
to finer-graintime scales.This stepcanbeusedto provide
a better“fit” to empiricaltraffic characteristics,without af-
fecting � , � , or

�
.

2.2. Modeling multifractal traffic: MsynTraff

MsynTraff implementsthe multifractal wavelet model
(MWM, asdescribedin [12]), alongwith several improve-
mentssuggestedin [1]. The wavelet modelsstart with a
discrete-timesignal(i.e., a time series)� �"!$#&%('*)+!-,�.
with . datapoints,where ./�10�2 is a powerof two.

In simpleterms,wavelet-basedmodelsexpressthe traf-
fic characteristicsin thewaveletdomainratherthanthetime
domain,by integratingthe traffic time serieswith a setof
basisfunctionsthatcaptureinformationaboutdifferentpor-
tions of the time series,at differentscales(3 ) andoffsets
( 4 ). Themodelsthencomputethewaveletcoefficientsthat
correspondto eachnodein acompletebinarytreerepresen-
tation of the encodedsignal,with 35�/' representingthe
top (root) level of thetree,and 36�87 correspondingto the
bottom(leaf) level, which has./�10�2 observations.

MWM usestheHaarwavelet[12], whichhasthefollow-
ing prototypescaling( 9 ) andwavelet( : ) functions:

9 �"!$#;� <�=�>
if '?)@!A, =

.' > otherwise.
(1)

:B�"!$#	�DCE F =�>
if 'G)H!A, =JI 0 .K =�> if
=LI 0-)@!;, =

.' > otherwise.
(2)

The scaling coefficients ( MONP ’s) at the finest resolution
(3Q�R7 ) are directly determinedfrom the datapoints of
thesignalusing:� �S4T#;�U0 2WVYX M N2 > 4Z�U' >�=[>�\]\�\^> 0 2 K =�\

(3)

The wavelet coefficients( _BNP ’s) andscalingcoefficients
( M`NP ’s) at coarserresolutions(smaller 3 values)are deter-
minedrecursively using:_ NPba`c �"!$#d�e0 a(c VYX �fM XgNP 
hM XgN^i cP # >M NPba`c �f!$#d�e0 a`c VYX �"M XgNP K M XYN^i cP # \ (4)

Thewaveletcoefficientsin thebinarytreecaptureall the
essentialinformationabouttheoriginalsignal(timeseries).
To recalculateall the coefficientsandreconstructthe data
points,only theglobalmean( Mkjj ) of thesignalandtheratios

� NP � _BNPM NP �flnmTo�pYoqM NPZr '�# (5)

of thewaveletcoefficientsto theircorrespondingscalingco-
efficientsarerequired.Fromthe � NP , thescalingcoefficients
canbedeterminedby resolvingEquation5 with Equation4:M XYNP � 0 a`c VYX � = 
s� NPba`c #�M NPba`cM XgN^i cP � 0 a`c VYX � = K � NPba`c #�M NPba`c (6)



To generateanew timeseriest`�"!$# synthetically, the �uNP ’s
arerandomlyselectedbasedon theirsamplevariances(cal-
culatedfrom anempiricaltrace)at eachresolution3q,v7 .
To guaranteenon-negativeoutputvalues[12], theserandom
numbersshouldbein therange[-1,1]. In [12], thesymmet-
ric betadistribution, wd�yx P > x P # , is recommendedfor select-
ing the �uNP ’s,with: z

���|{ � NP�} � =0^x P 
 = \ (7)

At the top few levels of the binary tree, thereare not
enough�uNP ’s for a reliableestimationof their samplevari-
ance. Hence,Ribeiro et al. [12] recommendsgenerating
scalingcoefficients at level 3U��~ from the root (i.e., 32
samples)from a Gaussiandistribution with meanandvari-
anceequalto the samplemeanandvarianceof thescaling
coefficientsof theempiricaltraceatthisscale.However, [1]
recommendsanF-ARIMA processfor this purpose.

2.3. Discussionand evaluation

Our monofractalandmultifractal traffic modelingtools
have beentestedandevaluatedon a setof empiricaltraces,
includingLAN, WAN, TCP/IP, andATM traffic [1].

In general,the resultsof our studiesshow that the syn-
theticmultifractal tracesgeneratedfrom theMWM resem-
ble the modeledempirical tracesmorecloselythando the
monofractaltracesgeneratedusingtheNorrostraffic model.
For example,Figure2 of our companion“Tools” paper[2]
comparesthe profile, autocorrelation,andmarginal distri-
bution of a monofractaltrace (MON, in the left column
of plots), an empirical trace(BellcoreEthernetLAN traf-
fic [8], in the middle columnof plots), anda multifractal
trace(MUL, in theright-handcolumnof plots),at 1.0 sec-
ond granularity. The MON andMUL tracesweresynthe-
sizedbasedon theempiricaltrace.

We also find that the MWM approachcaptures(with
much more fidelity) a wider rangeof traffic characteris-
tics than the Norros monofractaltraffic model. The vari-
ancesof the �uNP ’s at eachtime scale(level) of the encoded
binary tree reflect the wavelet behavior of a trace,which
may differ for several traffic streams,even if their Norros
traffic characterizationsareidentical[1]. Furthermore,the
waveletbehaviorsof aggregate-level traffic streamscandif-
fer significantly from the behaviors of host-level streams.
For example,Figure1 illustratesthewaveletbehavior of the
aggregateLBL-TCP-3 trace[11] andtwo individual host-
level tracesfor hoststhat contributed substantiallyto the
aggregatetraffic. From Figure 1, it can be observed that
the wavelet behavior of the host-level tracesarestrikingly
differentfrom thatof theaggregate-level trace.Ratherthan
strictly increasingtoward finer-grain time scales(larger 3
values),thevarianceof thenormalizedwaveletcoefficients
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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. The reasonfor this drop is thatnet-
work round-triptimes,TCPslidingwindow protocolbehav-
iors,anduserthink timestranslateinto noticeableON-OFF
periods(particularly OFF periods)at the individual host-
level [5]. This behavior is differentat the aggregate-level
becausetheOFFperiodsof onehostaresuperimposedwith
theON periodsof (many) otherhosts.

Wethusfind thatthemultifractalwaveletmodel(MWM)
is a powerful, flexible, andefficient ( �G�S.*# running time)
approachfor network traffic modeling. Onedisadvantage
of theMWM approach,however, is thatit requiresmorepa-
rameters( 0�
��S��� X . , where. (apowerof 2) is thenumber
of datapointsin themodeledtrace)thantheNorrostraffic
model(3 parameters).

3. Resultsfor individual traffic streams

This sectionpresentsa simulationexperimentdesigned
to answerthequestion:Doesmultifractaltraffic behavedif-
ferentlythanmonofractaltraffic, in termsof impacton net-
work performance?

3.1. Experimental methodology

In order to comparethe performancesof individual
monofractal(MON) andmultifractal(MUL) traffic streams,
fiveMON andfiveMUL traffic streamsweregenerated(us-
ing synTraff andMsynTraff) to modelanempiricaltraceof
BellcoreEthernetLAN traffic (BC-pOct89)[8]. Themean
bit rate of the empirical trace is 2 Mbps and the source
variability is 300,000bit-sec. The meanand the Norros
variancecoefficient of the tengeneratedtraffic streamsare
shown in Table1. 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.Experimentsin thissectionconsid-
eredonly the first 1000secondsof the empiricaldata(out
of 1759.62seconds),hencethedifferentHurstvalue.)

ThesimulationsareconductedusingtheATM-TN(ATM
Traffic and Network) simulator, a cell-level simulatorde-
scribedin [14]. The topologyof the simulatednetwork is
shown in Figure2. Traffic flows unidirectionallyfrom the
U of S nodeto the U of R node. The VarLink and Var-
Buffer arethe bottlenecksof the network. The link speed
(in Megabits/sec)of VarLink andthe buffer size(in cells)
werevariedandtheperformancein termsof CLR wasstud-
ied. Thelink speedof VarLink determinedhow quickly the
VarBuffer is emptied.If thebuffer is full whenacell arrives,
thearriving cell is lost.

Switch
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Figure 2. Simulated netw ork topology for ex-
periments with individual traffic streams

Otherthanthetwo typesof traffic, themainfactorsthat
areconsideredin thisstudyarelink capacityandbuffersize.
Two performancemetrics–celllossratio(CLR) andlink uti-
lization(LU)–werestudied.Link utilization,expressingthe
numberof cellsdeliveredrelative to thebottlenecklink ca-
pacity, indicatesthe load carriedover the bottlenecklink.

CLR is the ratio of the numberof cells lost due to buffer
overflow andthenumberof cellssent.First, thelink capac-
ity is fixedat 4 Mbps,andthebuffer sizeis variedfrom 10
to 4000cells.Next, thebuffer sizeis fixedat1000cells,and
thelink capacityis variedfrom 2.5to 5 Mbps. In eachcase,
the performanceof eachtracewasevaluatedindividually.
Thesimulationwarm-upphasewas100simulatedseconds,
followedby observationsfor 900simulatedseconds[1].

3.2. Simulation results

Figure3 summarizestheperformancecomparisonfor in-
dividual MON andMUL traces.The solid lines show the
meanperformancefor the five MUL tracesand the error
barsshow thefull rangeof resultsobserved(i.e., thelargest
andsmallestvaluesobservedfor thefivetraces).Thedotted
linesshow themeanperformancefor theMON traces,and
againtheerrorbarson theselinesshow therangeof results
observed. Figure3(a) and(b) show the link utilization of
the two traffic typesat a constantlink speedandat a con-
stantbuffer size,respectively. Figure3(c) and(d) illustrate
thecorrespondingCLR performanceresults.

From Figure3(a) and(c), it is clear that whenthe link
speedis fixedandthebuffer issmall(fewerthan2000cells),
MUL achieveshigherutilization andlower CLR. At larger
buffer sizes,MUL achievessimilar utilization to MON, but
still yields lower CLR. Whenthebuffer sizeexceeds1000
cells,thedifferencein CLR betweenMUL andMON tends
to remainconstant,ataboutanorderof magnitude.

Whenthebuffer sizeis heldconstant,andthelink speed
increasesfrom 2.5 Mbps to 5 Mbps, the higher link uti-
lization for MUL (initially 5% to 7% higher)graduallyde-
creasesto meetthatof MON at5 Mbps.However, theCLR
for MUL remainedlower at all link speeds.Beyonda link
speedof 3 Mbps, the differencein CLR performancebe-
tweenthe two typesof tracesgradually increases,and at
5 Mbpsthedifferenceis aboutanorderof magnitude.

3.3. Summary

Theperformancesresultsfor individual tracesshow that
the MUL traceshave better multiplexing gains than the
MON traces.The differencein CLR canbe aslargeasan
orderof magnitude,on thenetwork scenariosstudied.

Note that multiplexing gainsare of two types: within
sourceand acrosssource. Multiplexing gains within a
sourceresult from buffering of short-termbursts. Multi-
plexing gainsacrosssourcescomefrom the fact that not
all the sourcesare “on” (or “of f ”) at the sametime (i.e.,
sourcesgenerateburstsindependently).The performance
resultspresentedin this sectionaccountonly for multiplex-
inggainswithin asource.Multiplexinggainsacrosssources
areinvestigatedin thenext section.
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Figure 3. Simulation results for individual traffic streams

4. Resultsfor aggregatedtraffic streams

This sectionstudiesthenetwork behavior of aggregated
homogeneousmultifractal traffic streams. The resultsof
thesestudiesarepresentedandcomparedwith the results
obtained from similar studies of monofractal traffic by
WangandWilliamson [15, 16]. The experimentaldesign
closelyfollows thatof Wang[16], to facilitatedirect com-
parisonsof results.

4.1. Experimental methodology

Table2 lists the differentfactorsandlevels usedin the
simulationexperiments. The impactsof sourcegranular-
ity (ascharacterizedby themeanbit rate),andsourcevari-
ability (ascharacterizedby theNorrosvariancecoefficient)

werestudied,in additionto the impactof buffer size. The
impactof eachfactorwasstudiedfor differentlink capac-
ity (rangingfrom 10 Mbpsto 300Mbps)for thebottleneck
link. Experimentswereconductedusinga one-factor-at-a-
time approach.That is, whenimpactof a factoris studied
by changingits level, the levels of the other factorswere
fixedat thosehighlightedin bold in Table2.

Threeperformancemetrics–CallAcceptance(CA), Link
Utilization (LU), and Cell Loss Ratio (CLR)–wereused.
Call acceptancereflectsthe numberof calls acceptedby a
ConnectionAdmissionControl (CAC) algorithm,atagiven
link capacity. Only theresultsfor theGenericCAC(GCAC)
algorithmarepresentedhere;the resultsfor otherCAC al-
gorithmsareavailablein [1]. GCACbasesitscall admission
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, 300,000bit-sec, 600,000bit-sec

Buffer Size(b) 1000cells, 2000cells, 4000cells

Rate(PCR)andSustainedCell Rate(SCR)of the source,
and on switch-level information about available capacity
anda targetvariancefactor(VF) [16].

4.2. Previouswork

In [15, 16], Wang and Williamson studiedthe perfor-
manceof CAC algorithms,whenpresentedwith self-similar
(monofractal)traffic, using a simulatednetwork. In that
study, five CAC algorithms–PeakCell Rate (PCR) CAC,
SustainedCell Rate(SCR)CAC, Average(AVG: average
of PCRandSCR)CAC, GenericCAC (GCAC),andNorros
CAC–wereconsidered.Sourcegranularity, sourcevariabil-
ity, andlong-rangecorrelationstructure,ascharacterizedby
the threeNorros traffic parameters,wereusedto examine
the impactof traffic characteristicson CAC performance.
Thelink capacitywasvariedasanexperimentalfactor. The
targetCLR was

= ' aO� .
Themonofractaltraffic resultsfrom [15], corresponding

to the levels listed in Table 2, are usedin this paperfor
comparingwith theresultsobtainedfor multifractal traffic,
on the samesimulatednetwork andundersimilar settings.
What is new in theseexperimentsis themultifractalnature
of thegeneratedtraffic streams.

4.3. Traffic streams

Six groupsof homogeneousmultifractal traffic streams,
eachwith 100 independentsources,weregeneratedusing
MsynTraff. Table3 summarizesthe characteristicsof each
group.Two of thesix groups( � 0 and �u0 ) correspondto the
baselineconfigurationfor the BC-pOct89empirical trace
(seeSection3.1).Two groups( � = and��� ) arefor different
sourcegranularities,andthe othertwo ( � = and � � ) arefor
differentsourcevariabilities. Thetraffic groupswerecare-
fully generatedso that within eachgroup, the multifractal
(MUL) traces(onaverage)differ by nomorethan3%from
their correspondingmonofractal(MON) traces,in termsof
theirNorrostraffic characteristics( � , � , and

�
).

4.4. Network topology and simulation issues

Figure 4 shows the topology of the simulatednetwork
usedin theexperiments.Thenetwork has100sourcescon-

Src. 100

Switch B Snk. 2

Snk. 1

Snk. 100

. . . .

Src. 1

Src. 2

. . . .

Switch A
VarLink

Shared VarBuffer

E.net (10 Mbps)E.net (10 Mbps)

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

nectedto SwitchA throughindependent10 MbpsEthernet
links and 100 sinks are similarly connectedto Switch B.
SwitchA is connectedto SwitchB throughavariableband-
width (bottleneck)link. Eachsourcegeneratedtraffic bursts
destinedto thecorrespondingsink (e.g., Source1 transmit-
teddatato Sink1,Source2 to Sink2,andsoon). Thetraffic
burstsweresegmentedinto cellsbeforetransmitting.

TheCAC algorithmswereimplementedin SwitchA and
Switch B. Thesetwo switcheswere provided with calcu-
latedtraffic descriptorsfor eachcall. Basedon traffic de-
scriptionsand available bandwidth, the CAC algorithms
madedecisionsaboutwhich calls to accept.Oncethe call
admissiondecisionsaremade,SwitchA receivescellsfrom
all acceptedsourcesandforwardsthemto SwitchB through
thebottlenecklink, bufferingasnecessary. Thefinite capac-
ity outputbuffer is sharedby all traffic streams,andoper-
atesin a first-in-first-out fashion,usinga tail drop policy.
Thecapacityof bottlenecklink determineshow quickly the
buffer in Switch A is emptied. If a cell arriveswhen the
sharedbuffer is full, thearriving cell is lost.

As in thepreviousstudy[15], thewarm-upphaseof the
experimentwas100simulatedseconds.Thesimulationsran
for the next 900 simulatedseconds.In theseexperiments,
CLR valueslargerthanthetargetCLR value(

= ' aO� ) canbe
consideredsignificant[15], andaCLR valueof zeroshould
beinterpretedasbeinglessthan

= ' aO� .
4.5. Simulation results

Figure 5 shows the call acceptance(CA, 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)

Characteristic Group Type Min. Mean Max. Min. Mean Max

m1 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

a1 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� obtainedfrom [15]

(1 Mbps,2 Mbps,and3 Mbps)in theMUL traces.Figure6
comparesthe CLR performanceof MON (dottedline) and
MUL (solid line) tracesat thethreesourcegranularities.Ir-
respective of traffic type(MON or MUL) theCA is almost
thesame[1], sincethetraffic descriptorsaresimilar for the
MON andMUL sources(seeTable1, for example). The
CA dependsprimarily uponthesourcegranularityandlink
capacity. From Figure 5 it is obvious that the numberof
callsaccepteddecreasesasthesourcegranularityincreases.
Both MON andMUL traffic achieved similar link utiliza-
tion. However, the CLR valuesfor multifractal traffic are
consistentlylower thanthosefor monofractaltraffic.

Theimpactof sourcevariability is illustratedin Figure7.
TheCLR resultsfor MON andMUL tracesat thethreedif-
ferent sourcevariabilities are comparedin Figure 8. At
150,000bit-secsourcevariability, two more calls are ac-
ceptedfor MUL than for MON; at 300,000bit-sec, one
morelcall is acceptedfor MUL; andat 600,000bit-secthe
CA for MUL andMON arethesameat mostof the tested
link capacities[1]. Consequently, the link utilization for
MUL is marginally higher than that for MON at 150,000
bit-secand300,000bit-sec.However, theCLR for MUL is
noticably lower thanthat for 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, andasthesource
variability increasesthe multiplexing gainsfor MUL and
MON aresimilar.

As illustratedin Figure9,changingtheswitchbuffersize
for MUL traffic affectsonly theCLR performance,but not
the CA and the LU (this is true for MON traffic as well,
sincetheGCAC algorithmignoresbuffer sizein its call ac-
ceptancedecision-making[16]). Regardlessof the buffer
size,thenumberof callsacceptedfor MON andMUL were

almost the same. Figure 10 comparesthe CLR perfor-
manceof MON and MUL at buffer sizesof 1000, 2000,
and 4000 cells (Figures10(a), (b), and (c), respectively).
It is obviousfrom thefigure that increasingthe buffer size
reducesthe CLR for both MON andMUL. However, the
reductionin CLR for MUL is more pronouncedthan for
MON. In otherwords,increasingthebuffer sizeproducesa
moresignificantreductionin CLR for MUL thanfor MON.

4.6. Summary

The performanceresults for aggregatedhomogeneous
monofractal(MON) traffic streamsandaggregatedhomo-
geneousmultifractal(MUL) traffic streamsshow thatMUL
hasbetteracrosssourcemultiplexinggains,especiallywhen
the sourcegranularityis high, sourcevariability is low, or
switchbuffer sizeis large.

5. Conclusions

This paperconfirmsprevious work [3, 4, 5, 12] show-
ing that empiricalnetwork traffic is multifractal in nature,
andshowsthatthemultifractalwaveletmodel(MWM) [12]
cancapturethebehavior of thesetracesbetterthantheNor-
ros (monofractal)traffic model. The wavelet behaviors of
aggregate-level streamsdiffer from the behaviors of host-
level streams,andMWM cancapturethesedifferences.

Thepaperalsousessimulationto show thatthenetwork
performanceimpactsof monofractalandmultifractal traf-
fic streamsare different. In particular, the within source
multiplexing gainsfor multifractal traffic (MUL) arecon-
siderablylarger comparedto thosefor monofractaltraffic
(MON). MUL hasbetteracrosssourcemultiplexing gains
comparedto MON at lower sourcevariabilities, higher
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Figure 5. Network perf ormance of multifractal traces for the three diff erent sour ce gran ularities:
(a) Call acceptance; (b) Link utilization; and (c) CLR perf ormance .
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Figure 6. Comparison of CLR for monofractal and multifractal traces for diff erent sour ce gran ularities:
(a) 1 Mbps; (b) 2 Mbps; and (c) 3 Mbps.
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Figure 7. Network perf ormance of multifractal traces for the three diff erent sour ce variabilities:
(a) Call acceptance; (b) Link utilization; and (c) CLR perf ormance .
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Figure 8. Comparison of CLR for monofractal and multifractal traces for diff erent sour ce variabilities:
(a) 150,000 bit-sec; (b) 300,000 bit-sec; and (c) 600,000 bit-sec.
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Figure 9. Network perf ormance of multifractal traces for the three diff erent switc h buff er sizes:
(a) Call acceptance; (b) Link utilization; and (c) CLR perf ormance .

1e-06

1e-05

1e-04

1e-03

1e-02

1e-01

1e+00

0 50 100 150 200 250 300 350

C
L
R

 V
a
lu

e�

Link Capacity (Mbps)

CLR Comparison for Buffer Size of 1000 Cells

Multifractal
Monofractal

1e-06

1e-05

1e-04

1e-03

1e-02

1e-01

1e+00

0 50 100 150 200 250 300 350

C
L
R

 V
a
lu

e�

Link Capacity (Mbps)

CLR Comparison for Buffer Size of 2000 Cells

Multifractal
Monofractal

1e-06

1e-05

1e-04

1e-03

1e-02

1e-01

1e+00

0 50 100 150 200 250 300 350

C
L
R

 V
a
lu

e�

Link Capacity (Mbps)

CLR Comparison for Buffer Size of 4000 Cells

Multifractal
Monofractal

(a) (b) (c)

Figure 10. Comparison of CLR for monofractal and multifractal traces for diff erent buff er sizes:
(a) 1000 cells; (b) 2000 cells; and (c) 4000 cells.



sourcegranularities,or whentheswitchbuffer sizeis large.
Otherwise,acrosssourcemultiplexing gainsfor MUL are
similar to thosefor MON.
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