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ABSTRACT
Thereis a brewing controversyin the traffic modelingcommunityconcerninghow to modelbackbonetraffic. Thefun-
damentalwork on self-similarity in datatraffic appearsto becontradictedby recentfindingsthatsuggestthatbackbone
traffic is smooth.

Thetraffic analysiswork to datehasfocusedon high-qualitybut limited-scopepacket tracemeasurements;this limits
its applicabilityto high-speedbackbonetraffic. Thispaperusesmorethanoneyear’sworthof SNMPtraffic datacovering
an entireTier 1 ISP backboneto addressthe questionof how backbonenetwork traffic shouldbe modeled. Although
thelimitationsof SNMPmeasurementsdo not permitusto commenton thefine timescalebehavior of thetraffic, careful
analysisof thedatasuggeststhat irrespective of thevariationat fine timescales,we canconstructa simpletraffic model
that captureskey featuresof the observed traffic. Furthermore,the model’s parametersaremeasurableusingexisting
network infrastructure,makingthismodelpracticalin apresent-dayoperationalnetwork.

In additionto its practicality, themodelverifiesbasicstatisticalmultiplexing results,andthusshedsdeepinsight into
how smoothbackbonetraffic really is.

1. INTR ODUCTION
A numberof recentreports<>=@? have appearedclaimingthat traffic on backbonenetworksis “smooth”. Thesenseusedin
thesereportsis thatit canbegeneratedby anindependentPoissonprocess.Thesereportscontradictsomeof theprevious
literatureon traffic self-similarity (seefor instanceACBED ), andyet have found considerablefavour within the networking
communitybecausebackbonetraffic doesappearto be smooth,at leastto the eye. This papermarriesthe ideasthat
backbonetraffic is smooth(in somesense),but still containsfeaturesconsistentwith LRD, andself-similarity.

Themainproblemis that therearevaryingdefinitionsof smoothness.Thedefinitionappliedin the reportsabove is
muchstrongerthanthe implicit definitionof smoothnessusedby thehumaneye. In fact traffic canbebothLong-Range
Dependent(LRD) andfractalandstill apparentlyquitesmooth.

Thereasonsthatmany peoplehavefailedto understandthatLRD doesnotcontradictsmoothnessarefirstly thatLRD
is almostalwaysdiscussedin thecontext of burstiness,andsecondlythatmostauthorsconcentrateon theparameterthat
describesthescalinglaw, theHurstparameterF , but neglectthepeakedness,or varianceof theprocess.This is acritical
parameter, alongwith the mean,whenassessingthe smoothnessof the process.A processwith strongLRD exhibited
throughahighHurstparametermaystill appearverysmoothif therelativevariance(thevariancedividedby themean)is
low. In fact,aLRD dependentprocessmayappearmoresmooththananuncorrelatedprocess.

This papersetsout, in Section2, somebasicfactsabouttheeffect multiplexing hason backbonetraffic, namelythat
multiplexing smoothsthetraffic, thoughit doesnot remove long-rangecorrelations.Section3 presentsempiricalresults
onalargevolumeof Tier 1 backbonetraffic. Theresults,whichagreewith thetheory, show thatthevarianceof suchtraffic
is proportionalto themean.Thereforethe relative variance,our measureof smoothness,decreasesasmoresourcesare
multiplexedtogether, andthetraffic appearsto besmoother. Hencethedegreeof variationin thetraffic maybecaptured
by a singlepeakednessparameterwhich takesvaluesbetween[0.05,0.14]with mean0.09(whenthetraffic is measured
in Mbps).Section4 presentssomediagnosticresults,andSection5 theconclusion.

Apart from clearingup the controversyabove, and gaining a betterunderstandingof traffic modeling in general
(allowing for morerealisticsimulationsof backbonetraffic), theresultsaredirectly applicableto capacityplanning.The
resultis alsousefulin time-seriesanalysisG of Internetdatabecausethefirst stepof suchanalysisis to obtainstationary
databy removing thetrendandperiodiccomponents– for instance,thedaily variationin thetraffic. Theremoval of these
componentsdependson theway thetraffic is modeled,in particular, theeffectof themeanon thevariance.



2. THEORY
Thefundamentalideabehindapacketswitchednetwork is thatby multiplexing multiplesources,a resource(suchaslink
bandwidth)canbesharedwith aresultingstatisticalmultiplexing gain.While onesourceis quiescent,anothercanusethe
bandwidth.

Onesimplemodelfor this multiplexing is theelegantlysimpleOn/Off model.HI=KJ In this modelthesources(eachof
which is independent)aremodeledasa singlealternatingrenewal processin which theOn andOff timesaremodelled
as independentrandomvariableswith heavy-tails. In this model the numberof sourceswhich are On is a binomial
randomvariable,which thereforehasmeanLNM , andVarianceLOM�PRQ*S�MUT . For large L , and M not too small this canbe
approximatedby a Gaussianrandomvariable,andas L goesto infinity with LOM a constant,it canbeapproximatedby a
Poissonrandomvariable.Thetraffic ratewill be theOn rate V timesthenumberof On sources,andthetraffic variance
will be V�?WLOM�PRQXS9MUT .

Therearethereforethreemodesby which we mightvary:

1. variationin L ,

2. variationin M ,
3. variationin theOnrate V .

Notethat,in thecore,wherethereis a largeamountof aggregation,L is very large,andevenfor quitesmall M aGaussian
modelseemsappropriate.For M small,we canapproximatethevarianceof thedistribution by LOM , andhencevarying L
or M hasidenticaleffects.That is, varyingthenumberof connectedsourcesis equivalentto varyingtheprobabilitythata
sourceis On. Clearly, in thiscasethevarianceis proportionalto themean.This is thebasiclaw of multiplexing – asmore
sourcesaremultiplexedtogether, thevariancepersourcedecreases.Obviously an increasein V will increasethe traffic
variancein proportionto V�? .

Thenow classicalNorrosmodel<CY alsousedin <Z< for this typeof traffic is[ P]\RT_^a`�\cb�d ef`�ghP@\RTji (1)

where
[ P@\RT is thetraffic to arriveupto time \ . Theparametere is calledthevariancecoefficient,or thepeakedness(though

this is sometimesusedin othersenses).We shallconsiderthe incrementsof the
[ P]\RT which satisfy

[ P@\RT2^lknmYpo PKqrTCstq ,andallow themeanto varyslowly over time,sothat

o P]\RTu^a`"P@\RTvb-w ex`"P@\RTZyzP@\RTji (2)

whereo P@\RT is theinstantaneoustraffic rateat time \ , `"P@\RT is thetimevaryingmean,and yzP@\RT is thestochasticcomponent
which maybechosento beGaussian,andhavepropertiessuchasLRD, but couldalsobechosento bewhitenoise.Note
that undersometypesof stochasticprocessyzP]\RT , including Gaussianwhite noise, the traffic rate may be negative.
Typically we useparameterssothatthis is very rare,andsettheratein thosecasesto zero.

FromProposition2.2of <CY wecanverify thatthismodelsatisfiesthesamesuperpositionpropertiesasdescribedabove
whenthe stochasticcomponentof the traffic is a (possiblyfractional)Gaussiannoise. Onekey aim of this paperis to
verify thevalidity of theNorrosmodelon realtraffic data.

2.1.Self-similarity and Long-RangeDependence
Self-similarity andLong-RangeDependenceA provide a natural,quantitative, andyet wonderfully elegantway of de-
scribing,andmodelingdatatraffic. Thesimplestself-similarmodel,FractionalBrownianMotion (FBM), hasonly three
parameters,andyetdescribesthecharacteristicsof thetraffic (includingits burstiness)overscalesrangingfrom millisec-
ondsup to hours.

Self-similarityandlong-rangedependencearecloselyrelatedphenomena.The former relatesto the fact thatunder
suitablescaling,the statisticsof the traffic arethe sameat any time scale. The latter relatesto correlationsin the data
which, thoughdecreasingoverwider ranges,neverbecomeinsignificant.

In this paperwe considersecondorderstationarystochasticprocesseso P]\RT , which consequentlyhaveconstantmean`{^}|�~ o P]\RT�� , andvariance��?*^-|N~�P o P@\RT�SO`�TR?E� , andanautocovariance(definedby V�PK��T_^-|N~�P o P]\xb���T�SO`�TjP o P@\RT�S



`�T�� ), which is a functionof the lag ��^�� \nS�qf� only. TheFourierTransformof V is known asthespectral densityandwe
denoteit by ��� .

Self-similarityis thepropertythatasyouscaleaprocess(zoomin on thedetails)youseethesamestructurerepeated.
In our case,we are interestedin statisticalself-similarity, in which the samestatisticalproperties(for instancemean,
variance,or marginal distribution) arethe same(undera transformation)asyou scalethe process.The mainparameter
describingself-similarityis theHurstparameterF .

ThecloselyrelatedphenomenaLong-RangeDependence(LRD) iscommonlydefinedby theslow, power-law decrease
in the autocovariancefunction: V�P���T
�'�E��� �c���v��<E�U�x� , �,��� , ��� PK¡�i¢QWT , or equivalentlyasthe power-law divergence
at theorigin of its spectrum:� � P�£�T*���I¤�� £c�¥��� , � £c�¦�6¡ , (, <RA p. 160). Thepower-law decayis suchthat thesumof all
correlations(out from any lag) is alwaysappreciable,even if individually thecorrelationsaresmall. Thepasttherefore
exertsa long-rangeinfluenceon thefuture.

The main parameterof LRD is the dimensionlessscalingexponent � . It describesthe qualitative natureof scaling
– how behavior on differentscalesis related.The relatedparameters,�E� and � ¤ , arequantitative parameterswhich give
a measureof the magnitudeof LRD inducedeffects. The parametersmay be estimatedjointly using the Abry-Veitch
wavelet basedestimator,<C§ or separatelyby a numberof other techniques.<RA It is commonpracticeto describeLRD
throughtheHurstparameterF¨^�PRQpb3�nT>©$ª .

Oneverypowerful setof modelsthathasbeenappliedto traffic is thatof theGaussianprocesses.Theseareprocesses
with a Gaussianmarginal distribution. A simpleexampleis White GaussianNoise(WGN), anuncorrelatedprocess.A
moregeneralexample(which includesWGN) is thatof FGN (theincrementsof FBM mentionedabove)which is a LRD
process,andthereforehascorrelationsover long time scales.Theadvantageof FGN is thatit is completelycharacterised
by thethreeparameters:its mean,its variance« and F . WGN is simply thecasewith F¬^}¡®­ ¯x° .

Figure1 shows two examples:WGN ( F±^�¡�­¥¯ ), andFGN ( F±^�¡�­ ² ) eachaddedto a sinefunction. Althougheach
hasthesamestandarddeviation (0.025)both look comparatively smooth(becausetheir varianceis small in comparison
to thescaleof theplot), andin facttheFGN plot looksin somerepectssmootherthanthecaseof uncorrelatednoise.
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Figure1. Plotsof whiteGaussiannoise( ³�´�µ·¶ ¸ ), andfractionalGaussiannoise( ³l´�µ$¶ ¹ ) addedto asinefunction. In eachcasethe
standarddeviation of thenoiseis 0.025.

Onequantitativemeasureof smoothnessis themeansquareddifferencesof thedata.Thatis

º ^ » �c<¼ ½ ¾ < PK¿
½�À
< S�¿tÁCT ? i (3)Â

Thevarianceof FGN is directly relatedto ÃEÄ and ³ .Å
Notethatin general³l´�µ$¶ ¸ only impliesa short-rangedependentprocess,but in thecaseof FGN it alsoimpliesthattheprocess

is uncorrelated.



with a smallervalueindicatinga smootherprocess.By this measurethe smoothnessof the white GN processabove is
0.0015,whilst theFGN processhasa smoothnessof 0.0007,lessthanhalf thevalueof theuncorrelatedprocess.Hence
we seethattheLRD processis actuallysmootherthantheuncorrelatedprocess.

WhenLRD processesaremultiplexed the resultanttraffic hasan asymptoticHurst parameterequalto the highest
Hurstparameterof themultiplexedtraffic. In thecasewheretheHurstparametersareall equal,thentheresultanttraffic
will have thesameHurstparameter(for instancesee<�Y ).
2.2.Poissonlimits
Oneof theargumentsappliedin <>=�? is thetraditionalargumentfor why PublicSwitchedTelephoneNetwork (PSTN)calls
appearasaPoissonprocess.Theargumentis thataswe superposelargenumbersof stochasticprocesses(thephonecalls
of eachindividual), andthin suitably(so that themeanremainsfinite) we approacha Poissonprocessin the limit. The
authorsof <>=K? arguethat this occursaslargenumbersof independentconnectionsaresuperposedin aggregatebackbone
traffic.

Theargumentlacksteethin this context, however, asit relieson largenumbersof independenttraffic streamsbeing
superposed.In fact,whentraffic streamsaresuper-posedatreasonableutilizationlevelsÆ thenetwork influencesthetraffic
stream,firstly by not allowing packetsto overlap,andsecondlythroughTCPfeedbackmechanisms.HencethePoisson
processlimit argumentis not necessarilyapplicablehere(althoughit might appearvalid on sometime-scales,andsetsof
measurements).

3. EMPIRICAL RESULTS
3.1.SNMP – the SimpleNetwork ManagementProtocol
The modelswe build are critically dependenton the dataon which they are built. In this paper, we analyzeSimple
Network ManagementProtocol(SNMP)traffic andfault dataextractedfrom anarchive that includesmorethan1 year’s
worthof datacollectedfrom a largeTier-1 ISP’sbackbonenetwork. SNMPis uniquein thatit is supportedby essentially
every device in anIP network. TheSNMPdatathat is availableon a device is definedin a abstractdatastructureknown
asaManagementInformationBase(MIB). An SNMPpoller periodicallyrequeststheappropriateSNMPMIB datafrom
a router(or otherdevice). Sinceevery routermaintainsa cyclic counterof thenumberof bytestransmittedandreceived
on eachof its interfaces,we canobtainbasictraffic statisticsfor theentirenetwork with little additionalinfrastructure.

Unfortunately, asa practicalmatter, SNMPdatahasmany limitations– for instancemissingdata(it maybemissing
becauseSNMPusesUDPtransport,or it maybelostwhile copying to our researcharchive), incorrectdata(throughpoor
routervendorimplementations),anda coarsesamplinginterval. However, the most importantlimitation is that SNMP
only providesaggregatelink statistics.Wecannotdetermineanythingaboutthetypeof traffic usingthelink, norits source
or destination,andwe canonly sampleat coarseintervals.

Thiswork alsousestopologyinformationderivedasin. <RÇ Thearchiveddatawehaveaccessto hassimilar limitations
to SNMPdata,beingonly updateddaily, andwith missingfiles.

Theselimitations do not, in general,restrictoperationaluseof SNMP data,asmostdatais interpretedby eye for
operations.However, thelimitationsmakealgorithmicanalysissuchastimeseriesanalysisdifficult on thisdata.Wehave
goneto considerablelengthsto reducetheimpactof thesefeaturesof thedatathroughcarefulpost-processing:discarding
ambiguousandincorrectdatawherepossible,andusingSNMPfaultdatato determinecausesof someanomalies.Thanks
to theseefforts,andcarefullychoosingmodelsandanalysisthatarenotsensitive to thedataqualitywecanuseevensuch
poordatain somequitesophisticatedanalysis.

Onepoint to noteis thatmany pastanalysisof suchdatahavebeendonein the“busyhour”, but suchanalysessuffers
from onemajorfeature.Givenastrongdaily andweeklycycle(whichis thecasehere),andfiveminutetraffic data(which
is typical for SNMP, andwhatwe have availablehere),onehasonly 12 samplepointsperweek. To obtainenoughdata
for a reasonablyaccurateanalysis,onemustaverageovermany weeks,andoversuchtime periods,thetimeat which the
busyhouroccursmaychange.Thismotivatesa morecompleteanalysis.

We have morethan1 year’s worth of SNMP dataavailablefor a setof OC48(2.5 Gbps)inter-city backbonelinks
from aTier 1 ISP. This formsthebasisof this study. Thedatais polledatfiveminuteintervals.Thereare52 links usedin
this study, andbecauseof traffic asymmetryÈ thereare104simplex links to consider. Thelinks aretypically not heavilyÉ

In Ê�Ë]Ì theresultsareappliedin thelimit aslinks becomeheavily loaded.Í
Traffic onthebackboneis asymmetricnot justbecausewebtraffic is asymmetric,but alsobecauseinter-peerroutingis asymmetric.



loaded,but mostrun ata significantlevel of utilization.

3.2.Data Analysis
In orderto comparethemeanandvarianceof theprocesswe mustestimatethesecomponents.As thedatashowsstrong
evidenceof non-stationarity– it hasstrongdaily, andweeklycycles,anda long termexponentialtrend– we cannotget
anoverallestimateof theseproperties.Wecouldattemptto removetheseasonalÎ andtrendcomponents,but methodsfor
removing suchcomponentsstartwith amodelof thedata,which is whatwearetrying to verify here.

Themethodwehavechosenis to breakthedatainto blocks,andestimatethemean,andvarianceoneachblockof data.
Thereis a tradeoff in choiceof blocksize:a smallerblock will trackchangesin themeanandvariancemoreaccurately,
but eachblockwill havelessdata,andsotheestimateswill belessaccurate;a largerblocksizewill producemoreaccurate
estimates,but maynotbeableto trackthenon-stationarityin thedatawith suitableaccuracy. Wehavechosenablocksize
of onehourwhich seemsto have thebesttradeoff. Eachblock has12 samplesspacedatfive minuteintervals.We denote
themeanof block Á by Ï

½
, andthevarianceby ¿

½
.

We do not know a priori whetherthe datawithin a block arecorrelated,andhencewe cannotprovide an analytic
measureof the varianceof our estimates¿

½ZÐ
. To provide sucha measure,we have further groupedthe datainto 100

groupsby theestimatedmeanover thehour. We taketheaverageof thevarianceof traffic in eachblockwithin agroupto
beanestimateof thevarianceof thetraffic with meanrategivenby theratein thegroup,andbecausein mostcaseswe
have multiple datapointswithin a group,we canprovide anempiricalestimateof thevariationof thevarianceestimate.
More precisely, take groupsÑ�Ò definedby

Ñ Ò ^�Ó¢Áj� ÔfÕ�Ö Ï
½Ø×
Ô�P�Õ*b}QWTEÙ_i for Õ4^}¡�i¢Q·i>ª�i�­¢­�­Ei (4)

where Ô is small relative to the link loads(in our casechosenso thatwe endup with 100groups,i.e. Ô"^lÏ®ÚØÛZÜx©tQW¡·¡ ).
Thenumberof datapointsin eachbin LÝÒ , themeantraffic ratefor thebin o Ò , thevarianceestimate

[ Ò , andtheempirical
estimateof thevarianceof

[ Ò (which wedenote��?Ò ) aregivenby

LÝÒÞ^ ¼½]ßxà á Q·i (5)

o ÒÞ^ Ô�P�ÕÝb3¡�­¥¯·TEi (6)[ Òâ^ QL Ò ¼½@ßxà á ¿
½
i (7)

� ?Ò ^ QL�ÒxP]L�Ò�S QWT ¼½]ßxà á P]¿
½
S [ Ò T ? ­ (8)

We canthenperforma weightedpolynomialregression<CD on the P o Ò i [ Ò T , usingthe � ?Ò to form theweights.We only
usegroupswhich containmorethan10 blocksof data(that is LÝÒhã�Q¢¡ ), sothattheestimateof ��?Ò will bemorereliable.
We performlinear, andquadraticfits, andwe furtherconstrainthesefits to passnear(0,0) by placinga highly weighted
datapoint here.In Table1 we show theresults,giving ä thequalityof thelinearfit.

A goodlinearfit will have äåã�¡�­�Q , a possiblefit äåã ¡®­ ¡x¡�Q anda poorfit ä
×
¡�­ ¡·¡�Q . Of the102setsof data,18

have ä¨ã�¡®­ ¡x¡�Q . Figure2 shows examplesof goodlinear fits. The graphsshow P o Ò i [ Ò T (dots)with the verticalbars
indicatingthe 95thpercentileconfidenceinterval givenby æ4Q·­ ²·çx�tÒ . Thebluebarsshow thedatausedin theweighted
regression,andthemagentabarsthedataexcludeddueto too few datapointsbeingavailablefor thatgroup. Thesolid
greenline shows thelinearfit, andtheredline showsaquadraticfit to thedata(usedlater).

However, apoorvalueof ä whilst indicatingapoorlinearfit in astrictmeansquarederrorsense,doesnotnecessarily
meanthat the dataarenot reasonablylinear. Further, in Section4.3 we presentan example(in Figure6) wherealmost
exactly thesametraffic is carriedon two links (links 1 and2) andonecanseein Table1 thatthe ä valuesfor directionb
arequitedisparate,thoughin thecaseof link 1 thevalueis high. Therearemany othercasesthathave low ä values,but
appearto havea generallygoodlinearfit to thedata.è

We useseasonalto denoteall of theperiodcomponents.é�ê�ë
will alsocontainanerrorwhichwe will not considerhereasit shouldbesmallerthantheerrorin ì ë



Themeansquarederroris quitesensitive to outliers,andsoa smallamountof outlyingdatacanmeana low ä value.
This datahasmany outliersdueto eitherrapidlychangingnetwork behaviour whenrerouting,or traffic surgesasmaybe
causedby Denialof Service(DoS)attacksandflashcrowds. Thefixedonehourblock sizeis a liability in thesecases,
andcanleadto varianceestimateswhicharemuchgreaterthanthetruevariance.

To provide anotherestimateof whethera linear fit to the datais appropriatewe have comparedthe linear fit to a
quadraticfit whichwould applyif thevariancewereproportionalto thesquareof themean.Table1 alsoshows themean
squarederrorsfor thelinearandquadraticfits, denotedby ín?< and í�?? respectively. Clearlyin many casesthetwo arequite
closetogether. For comparisonwe usetherelativedifferencebetweenthese,

î ^ í�?< S�ín??í ?? ­ (9)

Note that for the caseswhere äïãz¡�­ ¡·¡®Q the maximumvalueof
î

is 0.48,but the majority of valuesarebelow 0.18.
Of thetotal 102datasets,51 have

î × ^�¡�­�Q¢ð and68 have
î × ^�¡®­ ñfð . Over half of thedatasetsappearnot to have a

significantlybetterquadraticfit. Wecould,of course,applyamorerobustfit to thedatato obtainthelinearfit, but ouraim
hereis not to obtainthemostaccuratepossibleestimateof theslope e , but to decidewhetherthelinearfit is appropriate.

Therearestill somedatasetsfor which thereis abetterquadraticfit, thoughin many of thesecasesthequadraticfit is
not particularlygoodeither. We presentsomeexamplesof thesein Figure3 andshalldiscussthemfurtherbelow.

Table1 alsoshows the numberof datapoints P@Ï
½
iZ¿
½
T usedin eachregression.The goodfitcolumnsof the tableis

providedto make it easierto notewhich rows satisfy äzãa¡�­ ¡·¡®Q andor
î × ^-¡®­�QWð . Noteslopegivesanestimateof the

peakednessparametere .

0

20

40

60

80

100

120

140

160

180

link load (Mbps)

va
ria

nc
e

1: out

data
excluded data
linear fit
quadratic fit

(a)

0

5

10

15

20

25

30

35

40

link load (Mbps)

va
ria

nc
e

13: in

data
excluded data
linear fit
quadratic fit

(b)

Figure 2. Examples:the figuresshow two examplesfor which ò is large. The graphsshow óõô�ö$÷�ø·ö�ù (dots)with the vertical bars
indicatingthe95thpercentileconfidenceinterval givenby úW¶ ¹Wû�ü$ö . Thebluebarsshow thedatausedin theweightedregression,and
themagentabarsthedataexcludeddueto too few datapointsbeingavailablefor thatgroup.Thesolid greenline shows thelinearfit,
andtheredline shows a quadraticfit to thedata.NB: theabsolutevalueson thex-axishave beendeletedbecauseabsolutelink loads
on thenetwork areconsideredproprietaryinformation,however, it is therelative valuethatmattershere,not theabsolutevalue.These
links aresignificantlyloaded,but notoverloaded.
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Figure3.Examples:thesefiguresshow two caseswith apoorlinearfit.Thegraphsshow óõô�ö$÷�ø·ö�ù (dots)with theverticalbarsindicating
the95thpercentileconfidenceinterval givenby úW¶ ¹Wû�ü$ö . Thebluebarsshow thedatausedin theweightedregression,andthemagenta
barsthe dataexcludeddueto too few datapointsbeingavailable for that group. The solid greenline shows the linear fit, andthe
red line shows a quadraticfit to thedata.NB: theabsolutevalueson thex-axishave beendeletedbecauseabsolutelink loadson the
network areconsideredproprietaryinformation,however, it is therelative valuethatmattershere,not theabsolutevalue. Theselinks
aresignificantlyloaded,but notoverloaded.

Table1: Quality of a linearfit to the variance/meanrelationship. ý denotesthe
link (eachdirectionis given separately).In caseswith òlþÿµ$¶�ú thefit is good,
while where ò}þ"µ$¶ µWµ·ú thefit is reasonable.Theslopeis theslopeof thelinear
fit (in Mbps)andthe � Ì variablesshow thequalityof thefit for thelinear � Ì Ê and
quadratic� ÌÌ fits. Thefinal columnindicatesthequality of thefit basedon the
criteria òlþaµ$¶ µWµ·ú and ���aµ$¶ ú�� whereone(two) star(s)meansone(two) of
theseis satified.

dir ectiona dir ectionb
i Q slope � Ì Ê � ÌÌ N goodfit Q slope � Ì Ê � ÌÌ N goodfit
1 0.000000 0.078 237.3 149.8 7816 0.338982 0.125 95.0 88.1 7816 ���
2 0.000000 0.074 221.4 116.4 7737 0.000000 0.125 170.8 170.8 7737 �
3 0.000150 0.084 119.7 115.0 7384 � 0.000000 0.102 172.0 151.6 7384 �
4 0.000575 0.075 113.7 109.2 4494 � 0.000000 0.096 188.1 171.0 4494 �
5 0.000002 0.105 159.8 155.9 7785 � 0.337541 0.088 72.3 70.7 7785 ���
6 0.000001 0.104 146.4 131.1 7036 � 0.000000 0.085 147.9 99.2 7036
7 0.000001 0.105 149.7 144.5 7730 � 0.001058 0.083 129.5 129.5 7730 ���
8 0.000000 0.101 391.7 309.2 6980 0.000000 0.133 193.4 186.4 6980 �
9 0.000000 0.123 511.2 507.6 8038 � 0.000000 0.140 525.7 512.1 8038 �
10 0.000000 0.080 170.5 115.2 6964 0.000000 0.118 235.3 199.9 6964 �
11 0.000000 0.124 223.2 221.0 7285 � 0.000000 0.084 310.8 140.3 7285
12 0.155436 0.065 100.3 85.7 7652 ��� 0.000000 0.101 204.8 108.4 7652
13 0.001041 0.067 133.3 133.2 7711 ��� 0.000000 0.106 175.0 104.3 7711
14 0.000000 0.121 223.4 131.4 7520 0.000068 0.106 133.6 95.5 7520
15 0.000022 0.106 145.2 133.1 7586 � 0.000000 0.114 352.8 114.5 7586
16 0.000000 0.121 139.0 91.2 7467 0.000000 0.074 582.1 313.6 7467
17 0.004553 0.076 118.0 99.4 7175 ��� 0.000000 0.118 222.6 123.0 7175
18 0.000000 0.125 209.5 157.5 7348 0.000000 0.112 199.5 154.7 7348
19 0.000000 0.100 838.3 578.6 6389 0.000000 0.066 1276.5 993.1 6389
20 0.344248 0.125 39.9 39.0 835 ��� 0.037166 0.051 59.7 57.8 835 ���



Table1: (continued)

dir ectiona dir ectionb
i Q slope � Ì Ê � ÌÌ N goodfit Q slope � Ì Ê � ÌÌ N goodfit
22 0.000000 0.075 265.8 212.5 7160 0.000000 0.042 258.8 223.7 7160 �
23 0.000000 0.038 346.1 239.2 6097 0.000000 0.076 302.6 171.8 6097
24 0.344248 0.125 39.9 39.0 835 ��� 0.037166 0.051 59.7 57.8 835 ���
25 0.000000 0.080 276.6 273.0 7468 � 0.000000 0.112 248.3 155.8 7468
26 0.000000 0.080 276.6 273.0 7468 � 0.000000 0.112 248.3 155.8 7468
27 0.000000 0.121 194.5 153.5 5091 0.159576 0.069 67.6 64.4 5184 ���
28 0.314080 0.071 42.7 37.7 7371 ��� 0.000000 0.096 107.6 95.4 7371 �
29 0.000000 0.080 156.2 118.3 6878 0.000001 0.062 130.5 114.7 6878 �
30 0.000000 0.087 281.5 281.4 7485 � 0.000000 0.102 357.3 207.8 7485
31 0.000000 0.087 281.5 281.4 7485 � 0.000000 0.102 357.3 207.8 7485
32 0.000000 0.071 294.1 286.3 7086 � 0.000000 0.055 285.8 122.0 7086
34 0.000000 0.092 129.8 86.7 6901 0.000000 0.070 161.4 152.9 6901 �
35 0.000004 0.079 30.3 22.9 7710 0.000079 0.112 1.6 20.9 7710 �
36 0.025703 0.089 79.6 79.4 7376 ��� 0.000433 0.084 95.5 73.9 7376
37 0.000002 0.105 147.5 147.1 7381 � 0.000000 0.118 200.6 92.4 7381
39 0.000000 0.080 182.4 178.6 6972 � 0.000443 0.093 121.2 113.5 6972 �
40 0.015293 0.092 102.7 100.6 6811 ��� 0.000001 0.078 148.5 140.3 6811 �
41 0.000000 0.105 242.0 114.0 6536 0.000000 0.121 173.6 124.6 6647
42 0.000000 0.136 170.9 117.1 7267 0.010092 0.132 115.8 114.0 7267 ���
43 0.066886 0.142 106.4 71.5 5989 � 0.000002 0.128 162.3 135.7 5989 �
44 0.000000 0.087 257.1 170.4 7518 0.000000 0.075 432.2 184.9 7518
45 0.000000 0.087 481.3 381.9 7046 0.000000 0.080 384.5 210.1 7046
46 0.000000 0.064 391.1 327.9 7138 � 0.000000 0.041 481.9 379.3 7138
47 0.000000 0.123 225.6 211.1 7092 � 0.000000 0.057 211.2 103.3 7092
48 0.000000 0.038 346.1 239.2 6097 0.000000 0.076 302.6 171.8 6097
49 0.000000 0.061 191.0 119.8 6665 0.000000 0.041 347.2 219.1 6665
50 0.000000 0.059 190.3 145.4 6526 0.000000 0.039 313.9 297.3 6526 �
51 0.590362 0.081 68.6 68.5 7188 ��� 0.000000 0.079 163.0 153.6 7188 �
52 0.000100 0.090 116.2 108.2 6765 � 0.042494 0.082 93.9 91.5 6765 ���

Oneshouldnotbeoverly surprisedthatmany of thedatasetsdonotshow agoodfit to astraightline. Therearemany
reasonswhy thedatawould not show agoodfit:

1. Non-stationarityin traffic parameters(otherthanthemean).For instance,thepeakednesse maychangeover time,
eitherbecauseatrendin customerbehaviour or mix, or becausedifferentsetsof customers(with differentactivities)
areactiveat differenttimesof day. Noteeachchartis basedon morethan1 year’sworth of data!

2. We do not actuallyknow themeanrate `,P]\RT . Theestimateprovidedby onehourly averagescouldbethrown out
by a numberof factorssuchasnon-stationarityon finer time scalesthan1 hour, or outliersin thedata.

3. Transienteventssuchas rerouting(for instancewhena new link is put in the network), DoS attacks,andflash
crowdsmaydistortthetraffic behaviour in unexpectedways.

4. Evenon a backbonelink it maybe possiblethata single,or small groupof sourcesdominatethe traffic. <RG This
breaksthe basicassumptionsof large numbersof customersbeingmultiplexed. This canoccurparticularly on
lightly loadedlinks, of which therearequitea few.

5. Basicproblemswith theSNMPdatacanleadto artifactsin thedata.

6. Underhigh link loadsthelink mayactasabottlenecksomeof thetime, forcing TCPcongestioncontrolto kick in.
Thiswill distortthemodel,which assumesno feedback.

7. Rateincreasesarenot alwaysbecauseof increasednumbersof sourcesbeingmultiplexed,but canalsobebecause
of increasesin accessratesof customers(for instancemigrationof dial-upcustomersto broadbandaccess).SNMP



datais insufficient to checkthis becausewe cannotseeinto the individual flows in thedatato seethereasonfor a
traffic increase.

In fact,giventheseproblems,it is amazingthatsucha goodfit to a straightline is obtainedin thenumberof casesseen
over sucha largesetof data(morethanoneyear’s worth). We have deliberatelyincludedthenegative casesin orderto
provideperspectiveon theseresults.We shallprovideevidencefor theabovereasoningin thefollowing section.

4. DIAGNOSTICS
In any dataanalysisweneedto becarefulthattheresultsarenotartifactsof assumptionsin ourdataanalysis.Furthermore,
we have suggestedsomereasonsabove asto why the datadoesnot alwaysfit the model. This sectionprovidessome
diagnosticsto helpassesswhetherwhatwe areseeingis real,andto testtheaboveassertionsaboutwhy themodeldoes
not alwayshold.

4.1.Simplediagnostics
We startwith a few simpleteststo look for systematiceffectsin thedatawhich shouldnot bethere.Figure4 (a) shows
a simplescatterplot of theestimatedslopeswhere ä¬ã�¡®­ ¡x¡�Q . We canseethatalthoughthesearenot Gaussian,there
do not appearto beany obviousartifactsin thedataset.Figure4 (b) shows therelationshipbetweenL and ä . Thereis
a small negative correlation(-0.28)betweenä and L . This is entirelydueto the two datapointswith L �åQW¡·¡·¡ , and
without thesepointsthecorrelationis small«I« (0.06). It is not surprisingthattheshorterdatasetsgeta betterfit because
non-stationarityis lesslikely to play a role in shorterdatasets(seebelow).

Figure4 (c) shows therelationshipbetweentheaverageloadon thelinks°�° and ä . Thecorrelationcoefficenthereis
0.076,onceagainsmall.Figure4 (c) showstherelationshipbetweentheslopeand ä . Thecorrelationcoefficientis 0.064,
onceagainsmall.Thelack of correlationin thesecasesis a goodsign– it meansthatthequalityof fit wasnot dependent
on theparameterswe areattemptingto fit to.

4.2.Non-stationarity of �
Earlier, we postulatedthatoneof thereasonsthatthedatadon’t fit a simplelinearplot is non-stationarity, in particularine . In this casethesimplemodelsuggestedby (2) is not correct,andsothereis no reasonfor ourdatato fit a straightline.
Thefactthatour modelbreaksdown over a periodof a yearshouldnot beseenasa problem– themainreasonwe wish
themodelto remainstationaryis to makebroadrangingstudiessuchasthispossible.If theparameterremainsreasonably
constantevenoverperiodsasshortasadayit couldbeusefulin traffic analysis(many traffic studieshavelessthanaday’s
traffic in any onesegmentof data).

To testthestationarityof e we shallbreakthedatasetsup into blockseacha monthlong,andcomparetheestimates
of e oneachmonthof dataseparately.

To illustratetheresultswe plot themonthlyestimatesin Figure5. Thefigureshowsdirectionsa andb on link 1. The
circlesshow themonthlyestimates,with theverticallinesgiving confidenceintervalsfor theestimates,andthehorizontal
line beingtheoverallmean.Thecyandatapointsarethosewith ä

×
¡�­ ¡·¡�Q . Weshouldignorethecyandatapointsbelow,

asthey arebeingconfoundedby otherfactors.
FromTable1 wecanseethatdirectionb hasgoodlinearfit, while directionb hasapoorlinearfit. Figure5 showsthat

thevalueof e is quitenon-stationaryin thedirection-adata,but almostconsistentwith beingstationaryin directionb.
Oneshouldalsonotethat in theshortermonthlong segmentsof datawe seegoodvaluesof ä morefrequently. This

is in partbecauseover shortertimesthestationaryapproximationis moreaccurate,but alsobecausewith a smallerdata
set,thevarianceof estimatesis larger, andhenceallow a “looser” fit.

Thetwo casesabovecannotexplainall of thepoorfits in thedata.For instancein link (6b) thefinergrainedestimates
appearto bestationary, but thevalueof ä is poor, andthe í�? valueshave a largedifference.Furthermore,link (9a)has
very few good ä valuesevenon thesmallermonthlyscale,althoughthedifferenceof its ín? valuesis small. Therefore,
non-stationarityis but oneof a setof problemsin this analysis.ÂRÂ

We usesmall hereto meanthat the correlationlies inside the region in which 95% of uncorrelateddatawould fall, given byú¢¶ ¹Wû
	�� � where� is thenumberof datapointsavailable( ú¢¶ ¹Wû
	�� ��´�µ·¶�úI¹�� in thiscase).Å�Å
We have to erasetheaveragelink loadshereasthis datais consideredproprietary.
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Figure4. Diagnostics:notezerovaluesin log scalereplacedby 2.0e-7.
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4.3.Topologicalinformation
Thereis moreinformationin thisdatathatwecanexploit to assessthevalidity of a linearmodel.In particularsomelinks
occurin pairs,acrosswhich loadis shared.An exampleof sucha pairof links are1 and2 – this pairof links havealmost
thesametraffic (particularlyat a time scaleof 5 minutes),exceptduringrarereroutingevents.This is consistentwith the
estimatedslopesin eachlink, but not with theestimatedvalueof ä . In onecaseof thefour thereis averygoodfit. In the
otherthreecasesthereis apoorfit.

Figure6 shows thetwo links in theout direction.Thetwo plotsarevery similar, but that thesecondhasa numberof
outliers. As notedabove thevalueof ä is quitesensitive to outliers. This addsweight to the ideathatanomaliesin the
datacanleadto outlierswhich thenreducethe quality of the fit, asmeasuredby ä . However, notethat the difference
betweenthe í�? valuefor thelinearandquadraticfit is small in bothcases.
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Figure 6. An exampleof datafrom a pair of links betweenthe samepair of cities. Link 1 (directionb) is shown in (a), andlink 2,
directionb is shown in (b). Note that the plots appearvery similar, but not the same,althoughthe traffic on the two links is almost
identical,exceptfor rareeventslike rerouting.I particularlink 1 hasa muchhighervalueof ò .

Theresultsof thediagnosticsabove all supportthemodel(2) by showing no confoundingfactors,andby justifying
thereasonsthemodelis nota goodfit in someof thedatasets.

5. CONCLUSION
To summarizethefindingsof this paper, we useda largeamountof SNMPdatawhich coveredover 50 backbone,inter-
city links of a Tier 1 ISP, over a periodof morethanoneyear. ThedatastronglysupportstheNorrosmodelgivenin (2)
in which thevarianceof thetraffic is proportionalto themean.Thereareexceptionswhendataovera very long periodis
examined(in partdueto non-stationarityover this time period),but even in morethana year’s worth of data,we found
morethanhalf of thelinks examinedfit themodelwell.

Themainconsequenceof theseresultsis anestimateof multiplexing gain.Wecanestimatethisgainby examiningthe
relativevariance,asmeasuredby thestandarddeviationdividedby themean,which is to saythataslink speedsincrease,
andtheamountof multiplexing increases(thenumberof usersincrease)therelativevariancewill decreasein proportion
to theinversesquarerootof themean.

Note though,that if the increasein traffic is not dueto increasednumbersof sourcesbeingmultiplexed,but rather
is dueto an increasein sourcerates,suchasmight occurif subscribersaremigratedto broadbandaccessfrom dial-up,
thenthereductionin variancemight not occur, andin fact thevarianceof traffic couldpotentiallyincreasedependingon
changesin subscriberbehavior.

Thevaluesof thepeakednessparametere take therange[0.05,0.14]with mean0.09(whenthetraffic is measuredin
Mbps).More realisticvaluesof e shouldaid in simulationsof realistictraffic. If thepacketarrivalswereanindependent,



homogeneousPoissonprocessthenthevariancewould beequalto themean,and e would be1. This is not to saythata
Poissonmodelcouldnot appearto bea reasonableapproximationatsometime-scale,but thatthePoissonapproximation
is not valid at the time scaleof thesemeasurements.A key advantageof self-similar modelsis that they provide a
parsimoneousmodelthatis valid acrossa rangeof time scales.
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