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Abstract

Theexponentialgrowth of Internetbringsto focustheneedto controlsuchlargescalenet-

works. It is achallengeto regulatesuchacomplex network of heterogeneouselementswith

dynamicallychangingtraffic conditions.To make sucha systemreliableandmanageable,

thedecisionmakingshouldbedecentralized.It is desirableto find simplelocal rulesand

strategies that canproducecoherent and purposefulglobal behavior. Furthermore,these

controlmechanismsmustbeadaptiveto effectively respondto continuallyvaryingnetwork

conditions.Suchadaptive,distributed,localizedmechanismswould provide a scalableso-

lution for controlling large networks. The needfor suchschemesarisesin a variety of

settings.In this thesis,we focusmainly on quality-of-servicebasedrouting. However, we

alsodevelopscalablesolutionsin the following contexts: storedvideodelivery acrossre-

sourceconstrainednetworks;channelassignmentandadmissioncontrolin wirelesscellular

networks.

In quality-of-service(QoS) basedrouting, pathsfor flows are selectedbasedupon the

knowledgeof resourceavailability at network nodesandthe QoSrequirementsof flows.

SeveralQoSroutingschemeshave beenproposedthatdiffer in theway they gatherinfor-

mationaboutthenetwork stateandselectpathsbasedon this information.Theseschemes

canbebroadlycategorizedinto best-pathroutingandproportionalrouting. Thebest-path

routing schemesgatherglobal network stateinformationandalwaysselectthe bestpath

for anincomingflow basedon this globalview. It hasbeenshown that thebest-pathrout-

ing schemesrequirefrequentexchangeof network state,imposingboththecommunication

overheadon thenetwork andprocessingoverheadson corerouters.On theotherhand,the

proportionalrouting schemesproportionincomingflows amonga setof candidatepaths.

Weshow thatit is possibleto computenear-optimalproportionsusingonly locallycollected

information. Furthermore,a few goodcandidatepathscanbeselectedusinginfrequently

exchangedglobalinformationandthuswith minimalcommunicationoverhead.In this the-

sis,westudytheseschemesextensively anddemonstratethatproportionalroutingschemes

canachievehigherthroughputwith loweroverheadthanbest-pathroutingschemes.

Delivery of a video for full quality playbackrequiresa certainamountof network band-

width and client buffer resources.But when theseresourcesare limited, a naive trans-

missionof video may causepacket dropsat the network and frame dropsat the client,

resultingin wastageof resources.To avoid this,aservermayneedto preemptivelydiscard

frameslocally takingadvantageof application-specificinformation. We developanalgo-
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rithm to find, givennetwork bandwidthandclientbuffer constraints,theminimumnumber

of framesthat must be discardedin order to meettheseconstraints. We formulatethe

problemof optimalselectiveframediscard usingthenotionof a costfunctionandpresent

severalefficient heuristicalgorithms.Furthermore,we extendtheselective framediscard

algorithmsfor layeredvideoanddevelopadaptive selectivelayer discard algorithms.We

applythesealgorithmsfor thecaseof storedvideodelivery over bandwidth-varyingchan-

nelandshow thatthey helpprovidesmootherquality videoplayback.

Distributeddynamicchannelassignmentalgorithmsrun at eachbasestationin a wireless

cellularnetwork attemptto reducethenetwork-widecall blockingandcall droppingprob-

abilitieswhile makingassignmentdecisionsbasedon its neighborhoodinformationonly.

They mayalsoreassignchannelsbeingusedby calls in progressto make roomfor a new

request.Weproposetwo new channelselectionstrategiesbasedon local packing for com-

pactpackingof channelsandshow that theseschemeseithercarrymoretraffic or reduce

thenumberof relocationsneeded.Further, call admissioncontrolschemesin mobilecellu-

lar networksreservesomeguardchannelsfor handoffs andthusblocknew callsin orderto

ensurecontinuationof serviceto alreadyadmittedcalls. Improperselectionof guardchan-

nelscanresult in eitherforcedterminationof on-goingcalls or low spectrumutilization.

We presenta reassignmentbasedcall admissioncontrol schemethat dynamicallyadjusts

thenumberof guardchannelsbasedon reassignmentfrequencyin theneighborhood. This

schemeattemptsto maximizerevenueby balancingthepenaltyfor reassignmentsagainst

therewardfor servicedcallswhile ensuringcontinuityof serviceto all admittedcalls.
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Chapter 1

Overview

Large scalenetworks call for scalablesolutionsto make themreliableandmanageable.

Thecentralthemeof this dissertationis how to designlocalizedmechanismsthatproduce

desiredglobal behavior. Suchmechanismsthat usesimplelocal rulesandstrategiescan

providescalablesolutionsfor controllinglargenetworks.Theneedfor suchschemesarises

in a varietyof settings.In this thesis,we focusmainly on quality-of-service(QoS)based

routing. However, we also develop scalablesolutionsin the following contexts: stored

video delivery acrossresourceconstrainednetworks; channelassignmentandadmission

controlin wirelesscellularnetworks.

1.1 LocalizedAdaptiveProportioning Approachto QoSRouting

In QoSrouting,someknowledgeregardingtheglobalnetwork stateis crucialin performing

judiciouspathselection.This knowledge,for example,canbe obtainedthroughperiodic

informationexchangeamongroutersin a network. Underthis approach,which we refer

to asthebest-pathroutingapproach,eachrouterconstructsa global view of thenetwork

(QoS)stateby piecingtogethertheQoSstateinformationobtainedfrom otherrouters,and

selectsthe“bestpath” for a flow basedon this globalview of thenetwork state.Best-path

routingschemeswork well wheneachsourcenodehasa reasonablyaccurateview of the

network QoSstate.However, asthenetwork resourceavailability changeswith eachflow

arrival anddeparture,maintaininganaccuratenetwork QoSstateis impractical,dueto the

prohibitivecommunicationandprocessingoverheadsentailedby frequentQoSstateinfor-

mationexchange.In thepresenceof inaccurate informationregardingtheglobalnetwork
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QoSstate,best-pathroutingschemessuffer degradedperformanceaswell aspotentialin-

stability.

As aviablealternative to thebest-pathroutingapproach,weproposeanovel localizedpro-

portional routingapproachto QoSrouting. Underthis approach,insteadof (periodically)

exchanginginformationwith otherroutersto obtainaglobalview of thenetwork QoSstate,

asourcerouterattemptsto infer thenetwork QoSstatefrom locally collectedflowstatistics

suchasflow arrival/departureratesandflow blockingprobabilities,andperformsadaptive

proportioningof flowsamongasetof candidatepathsbasedonthis local information.Un-

der purelocalizedapproach,the candidatepathsetremainsstaticwhile their proportions

areadjusteddynamically. A network nodeunderlocalizedapproachcanjudgethequality

of pathsonly by routingsometraffic alongthem.Soit is not possibleto updatethecandi-

datepathsetbasedonlocal informationalone.Ontheotherhand,dueto changingnetwork

conditions,a few goodpathscannotbe selectedstatically. Hencewe proposea pathse-

lection procedurethat dynamicallyselectsa few good candidatesbasedon infrequently

exchangedglobalinformation.Theinaccuracy in candidatepathselectionis cushionedby

adaptively proportioningtraffic amongcandidates.In this thesis,we first addresstheissue

of finding near-optimal proportionsfor a given a setof candidatepathsbasedon locally

collectedflow statistics.Wethenlook into theselectionof few goodcandidatepathsbased

on infrequentlyexchangedglobalinformation.

Theabovediscussionassumesthateachrouterin thenetwork is awareof thetopologyand

the stateof the whole network. This is referredto asflat routing whereeachrouterpar-

ticipatesin link stateupdatesandmaintainsdetailedinformationabouttheentirenetwork.

This introducessignificantburdenon every routerandasthe sizeof the network grows,

the overheadat eachrouterincreasestremendously. To provide a scalablesolution,hier-

archical routing is suggestedasanalternative to flat routing.Underhierarchicalrouting,a

network is dividedinto multiple areas.Theroutingwithin theareais flat with eachrouter

having detailedinformationaboutroutersandlinks in thatarea.But theroutershave only

sketchyaggregateinformationaboutotherareas.To routetraffic destinedfor otherareas,

a sourceroutermayselecta partialhigherlevel path,basedon theaggregateinformation,

thatgetsexpanded,basedon thedetailedinformation,at theingressborderrouterof each

areaalongthepath.Suchahierarchicalroutingreducestheoverheadateachrouterby lim-

iting thescopeof link stateupdatesandmaintainingonly summaryinformationaboutother

areas.Thehierarchicalroutingapproachwhile reducestheburdenon a router, introduces

inaccuracy in theinformationavailablefor routing. Hencetheperformanceof a hierarchi-
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cal routing schemedependsheavily on how informationaboutan areais aggregatedand

how it is utilized in routingacrossareas.This thesisextendstheproportionalroutingap-

proachto hierarchicalrouting. It addressestheissueof how to performtopology andstate

aggregationundermultipathroutingandpathselectionbasedon aggregateinformation.

1.2 StoredVideoDelivery acrossResourceConstrainedNetworks

Video delivery from a server to a client acrossa network is an importantcomponentof

many multimediaapplications.Storedvideo typically hashigh bandwidthrequirements

and exhibits significantrate variability. In a network whereresourcessuchas the net-

work bandwidthandbufferingcapacityareconstrained,it is amajorchallengeto designan

efficientstoredvideodeliverysystemthatcanachievehighresourceutilizationwhile max-

imizing users’perceivedquality-of-service(QoS).Videosmoothingtechniqueshave been

proposedfor reducingthenetwork bandwidthrequirementof burstyvideostreamsby tak-

ing advantageof clientbufferingcapabilities.Similar techniqueshavealsobeen developed

whennetwork bandwidthis constrainedinsteadof the client buffer. In reality, however,

bothnetwork bandwidthandclient buffering capacityarelikely to belimited. Undersuch

circumstances,theremay not be a feasibleserver transmissionschedulethat candeliver

full quality video.A naive approachat theserver mayattemptto transmiteachframewith

noawarenessof theresourceconstraints.As aresultthenetwork maydroppacketscausing

framelosses.In addition,the client may be forcedto drop framesthat arrive too latefor

playback.This resultsin wastageof network bandwidthandclientbuffer resources.

Thereareseveralapproachesto adaptingthequality of thevideoplaybackto theamount

of resourcesavailable. Theseapproachescanbe categorizedinto adaptivequantization,

framerate adaptationor layered encoding. Adaptive quantizationaims at reducingthe

transmissionrateby adjustingthe video framequality. While this approachis viable for

live video, it may not be appropriatefor storedvideo dueto re-quantization.Framerate

of a videocanbeadjustedby selectively playingframesandthuseffectively reducingthe

bandwidthrequiredfor its playback. However, dueto variablebit natureof the video, it

is not obvious which framesshouldbechosenfor playback.Layeredencodingseparates

the video signal into componentsof differing visual importance:the baselayer contains

coarserdetailswhile upperlayerscontainincreasinglyfiner detailsof thevideo. A prefix

of theselayerscouldbechosensuchthat the resourceconstraintsaresatisfied.It is not a

trivial taskto selectlayerssuchthatbetterbut consistentqualityplaybackis ensuredwhen
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thenetwork conditionsareconstantlyvarying. In this thesis,we first addressthe issueof

how to selectivelydiscard framesat the serversuchthat the perceived quality of service

at theclient is maximizedwhile maintainingefficient utilization of thenetwork resources.

We thenaddressthe issueof how to capture theuser’s perceptionof videoquality under

layeredencodingandhow to provide smootherquality layeredvideostream.

1.3 ChannelAssignmentand AdmissionControl in Cellular Networks

A mobile cellular systemconsistsof cells, eachof which hasa basestationthat serves

mobilehostsin that cell. A radiochannelusedin onecell canbeusedin anotherif they

areseparatedby co-channelreusedistance. Concurrentuseof a channelin cells within

thisdistancecausesco-channelinterference. Frequency reusewithoutcausinginterference

is the coreconceptof cellular systems.To establisha communicationsession,a mobile

hostrequeststhebasestationin its cell for a channel.Thebasestationassignsanunused

channelif available. Otherwisethecall is blocked. If a mobilehostmovesfrom onecell

to anotherduringa session,theresponsibilityof continuationof serviceis handedover to

thenew basestation.This is known ashandoff. If thenew basestationcannotfind anidle

channel,theon-goingsessionmustbe terminated,i.e., thecall is dropped.The reduction

of call blockingand call droppingprobabilities is the main goal of channelassignment

schemes.

Distributed dynamicchannelassignmentalgorithmsrun at eachbasestationattemptto

reducethe network-wide call blocking andcall droppingprobabilitieswhile makingas-

signmentdecisionsbasedon its neighborhoodinformationonly. It is observedthata cer-

tainpatternof channelusageamongcellsin aneighborhoodcanmaximizingspectralreuse.

Thechallengeis how to assignchannelsdynamicallysuchthatthey form acompactpattern

usingonly local information. This is known as local packing To aid in compactpacking

of channels,aggressive algorithmsreassignchannelsbeing usedby calls in progressto

make room for a new request. While reassignmentsmaximizechannelreuse,they may

inconvenienceusersandalsoincurcommunicationandprocessingoverheads.Hencereas-

signmentsmustbeusedprudentlyto bebeneficial.Anotherissueis thatof call admission

control. Sinceforcedterminationof anexisting call is lessdesirablethanblockinga new

call, call admissioncontrol schemesareneededto reducethe call droppingprobability,

possiblyat theexpenseof increasedcall blockingprobability. Most call admissioncontrol

schemesarebasedon the guard channelconcept. This approachoffers a genericmeans
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of improving theprobabilityof successfulhandoffs by simply reservingsomechannelsin

eachcell exclusively for handoffs. However, improperselectionof guardchannelscanre-

sult in eitherforcedterminationof on-goingcallsor low spectrumutilization. This thesis

addressesthefollowing issues:how to selectchannelslocally suchthat they form a com-

pactpatternglobally; how to adjustguard channelsdynamicallysuchthatcontinuationof

serviceis ensuredwithoutwastingthe spectral resources.

1.4 ThesisContrib utions

Thecentralthemeof this thesisis how to effectpurposefulglobalbehavior usingsimplelo-

calstrategies.Wehavestudiedthisproblemundervarioussettingsandmadethefollowing

contributions.

• Westudiedthefeasibilityof localizedproportionalroutingby developingtheoretical

modelsandcomparingthemagainstoptimal proportionalrouting. We investigated

the impactof granularityon the performanceof localizedproportionalrouting and

shown that path-level informationyields nearlythe sameperformanceaslink-level

information.Weproposedtwosimpleheuristicstrategiesfor localizedproportioning:

equalizationof blockingprobabilities(ebp)andequalizationof blockingrates(ebr).

We have shown thatebpstrategy convergesto near-optimalproportionsandresults

in lowerblockingthanebr strategy [74, 75, 76,77].

Weintroducedanotionof widthof asetof candidatepathsanddevelopedacandidate

pathselectionschemewidestdisjoint paths(wdp) that selectswidestpathsthat are

disjoint w.r.t to bottlenecklinks. We have demonstratedthat wdp basedselection

of candidatesandebpbasedproportioningamongcandidatesyieldsalmostoptimal

performanceusingonly a few paths.We have alsoshown thatproportionalrouting

approachwith wdp andebpachieveshigher throughputwith lower overheadthan

best-pathroutingapproach[78, 79].

We proposedanaggregationmethodthatsummarizesthestateof multiple pathsbe-

tweentwo routersusing a single metric. We designedtwo hierarchicalmultipath

routingschemesthatarebasedon this metric. We evaluatedtheir performanceand

show thattheproposedhierarchicalmultipathroutingschemesperformaswell asflat

multipathroutingschemes.Furthermore,we demonstratedthat theseschemeswith

only aggregateinformationoutperformeven flat best-pathrouting schemeshaving

detailedinformationaboutthenetwork [80].
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• We developedanalgorithmto find, givennetwork bandwidthandclient buffer con-

straints,theminimumnumberof framesthatmustbediscardedin orderto meetthese

constraints.We formulatedtheproblemof optimalselective framediscardusingthe

notionof acostfunctionanddevelopedseveralefficientheuristicalgorithmsfor both

JPEGandMPEGvideo[117, 118].

We definedsmoothnesscriteria for a layeredvideo playbackanddesignedmetrics

for measuringit. Wedevelopedoff-line algorithmsfor layerselectionthatmaximize

smoothnessfor the casewherethe network bandwidthis varying but known a pri-

ori. We alsodevelopedanadaptive algorithmfor providing smoothedlayeredvideo

delivery thatdoesn’t assumeknowledgeaboutfuturebandwidthavailability [72, 73].

• We have proposedtwo new channelselectionstrategies,residualandcoaxial, based

on local packingfor compactpackingof channels.Theseschemeswerecompared

with otherselectionstrategies,andshown thatthey eithercarrymoretraffic or reduce

thenumberof channelrelocationsneeded[69].

Weshowedthatthenumberof guardchannelscanbedynamicallydeterminedbased

onreassignmentfrequency in theneighborhoodof acell. A revenuebasedcall admis-

sioncontrol schemeis presentedwhich attemptsto maximizeincomeby balancing

thepenaltyfor reassignmentsagainsttherewardfor servicedcalls[70, 71].

1.5 ThesisOutline

Thisthesisis dividedinto threepartseachcorrespondingto thecontext in whichwestudied

the problemof identifying local objectivesthat have goodglobal effect. The first part is

dedicatedto quality of servicebasedrouting which is the main focus of this thesis. In

the secondpart, we describeselective framediscardandselective layer discardschemes

for delivering storedvideo acrossresourceconstrainednetworks. The third part presents

channelassignmentandcall admissioncontrolin wirelesscellularnetworks.
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Part I

LocalizedAdaptiveProportioning

Approachto QoSRouting
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Chapter 2

Intr oduction

Routing in the currentInternetfocusesprimarily on connectivity and typically supports

only the“best-effort” datagramservice.TheroutingprotocolsdeployedsuchasOSPF[65]

usetheshortestpathonly routingparadigm,whereroutingis optimizedfor asinglemetric

suchashopcountor administrative weight. While theseprotocolsarewell-suitedfor tra-

ditional dataapplicationssuchasftp andtelnet,they arenot adequatefor many emerging

applicationssuchasIP telephony, video-on-demandandteleconferencing,which require

stringentdelayandbandwidthguarantees.The“shortestpaths”chosenfor the“best-effort”

servicemay not have sufficient resourcesto provide the requisiteservicefor theseappli-

cations. Furthermore,with the explosive growth of the Internettraffic, the shortestpath

only routing paradigm ofthe currentInternetalsoleadsto unbalancedtraffic distribution

— links on frequentlyusedshortestpathsbecomeincreasinglycongested,while links not

onshortestpathsareunderloaded.

In orderto addresstheseissues,multi-pathtraffic engineeringtechniqueshave beenpro-

posed[6], of which Quality-of-Service(QoS)basedrouting [9, 17] is an importantnew

mechanism.In QoS routing, pathsfor flows areselectedbasedupon knowledgeof the

resourceavailability (referredto asQoSstate) at network nodes(i.e., routers)andtheQoS

requirementsof the flows. It is expectedthat QoSrouting will select,amongthe many

possiblechoices,apaththathassufficient resourcesto accommodatetheQoSrequirement

of a givenflow. QoSroutingcansignificantlyimprove thenetwork throughputbecauseof

its awarenessof thenetwork QoSstate.

In QoSrouting,someknowledgeregardingthe(global)network QoSstateis crucialin per-
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forming judiciouspathselection.This knowledge,for example,canbe obtainedthrough

(periodic)informationexchangeamongroutersin a network. Underthis approach,which

we refer to astheglobal best-pathroutingapproach,eachrouterconstructsa globalview

of the network QoS stateby piecing togetherthe QoS stateinformation obtainedfrom

otherrouters,andselectsthe “best” pathfor a flow basedon this global view of the net-

work state. Examplesof the global best-pathrouting approacharevariousQoSrouting

schemes[2, 56,110,17,115]basedonQoSextensionto theOSPFroutingprotocolaswell

astheATM PNNI [5] routingprotocol.Globalbest-pathroutingschemeswork well when

eachsourcenodehasareasonablyaccurateview of thenetwork QoSstate.However, asthe

network resourceavailability changeswith eachflow arrival anddeparture,maintainingan

accuratenetwork QoSstateis impractical,dueto theprohibitive communicationandpro-

cessingoverheadsentailedby frequentQoSstateinformationexchange.In thepresenceof

inaccurate informationregardingtheglobalnetwork QoSstate,best-pathroutingschemes

maysuffer degradedperformanceaswell aspotentialinstability [103,74,75].

As a viable alternative to the global best-pathrouting approach,we proposea novel lo-

calizedproportional routing approachto QoSrouting. Underthis localizedproportional

routing approach,insteadof (periodically)exchanginginformationwith other routersto

obtainaglobalview of thenetwork QoSstate,asourcerouterattemptsto infer thenetwork

QoSstatefrom locally collectedflowstatisticssuchasflow arrival/departureratesandflow

blockingprobabilities,andperformsadaptiveproportioningof flowsamongasetof candi-

datepathsbasedon this local information. As a result,the localizedproportionalrouting

approachavoidsthedrawbacksof theconventionalbest-pathroutingapproachsuchasde-

gradedperformancein thepresenceof inaccurateroutinginformation.Furthermore,it has

several importantadvantages:minimalcommunicationoverhead,no processingoverhead

atcore routers,andeasydeployability.

We investigateanimportantandfundamentalissuein thedesignof localizedQoSrouting

schemes— thegranularityof locally collectedQoSstateinformationandits impactonthe

convergenceprocessof theseschemesandtheir performance.We considerflow statistics

collectedat two differentgranularitylevels: link level andpath level. At the (finer) link

level, a sourcenodecollectsboth theblockingstatistics(i.e.,whethera flow is blockedor

not)of flowsroutedalongapathfrom thesourcenodeto adestinationnode,and, in thecase

of ablockedflow, theidentityof thelink wheretheflow is blocked.Thelatterinformation

canbegathered,for example, byattachingtheidentity of thelink in theflow setupfailure

notificationsentbackto thesourcenode.At the(coarser) path-level, asourcenodecollects
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only the flow blocking statisticsfor eachpathbetweenthe sourcenodeanda destination

node. Clearly, the path-level flow statisticsaremucheasierto collect andmaintain,but

they alsoconvey muchlesspreciseinformationregardingthe(global)network QoSstate.

Weproposetheoreticalmodelsbasedonthelink-level andpath-level flow statisticsto study

the impactof granularity. Thesemodelsaredevelopedbasedon thenotionof virtual ca-

pacity of a link or a pathasperceivedby a sourcenode. The virtual capacityof a link

or a pathis computedasa function of the amountof offeredload andthe corresponding

observed blocking probability on that link or path. Throughnumericalinvestigation,we

studytheconvergenceprocessof virtual capacitybasedtheoreticalmodelsandshow thatit

is possibleto designlocalizedproportionalroutingschemesthatconvergeto astablepoint.

Wefind thatthoughgranularityof informationdoeshaveimpactontherateof convergence

andtheequilibriumblockingprobability, theperformancepenaltydueto coarserpath-level

informationis not significant. Basedon thesetheoreticalresults,we proceedto develop

practicalproportioningstrategiesthataresimpleandeasyto implement.We proposetwo

suchstrategiesthatrequireonly path-level information:equalizationof blockingprobabil-

ities (ebp)andequalizationof blockingrates(ebr). We comparetheir performancewith

optimalproportionalroutingandshow thatebpstrategy yieldsnear-optimalproportions.

Thelocalizedproportioningapproachdescribedabove splitsthetraffic boundto a destina-

tion adaptively amongasetof candidatepaths.Two key questionsthatarisein proportional

routingarehow many candidatepathsareneededandhow to find thesepaths.Clearly, the

numberandthequalityof thepathschosenascandidatesdictatetheperformanceof apro-

portional routing scheme.Thereareseveral reasonswhy it is desirableto minimize the

numberof pathsusedfor routing. First, thereis a significantoverheadassociatedwith es-

tablishing,maintainingandtearingdown of paths.Second,thecomplexity of thescheme

thatdistributestraffic amongmultiple pathsincreasesconsiderablyasthenumberof paths

increases.Third, therecould be a limit on the numberof explicitly routedpathssuchas

labelswitchedpathsin MPLS [92] thatcanbesetupbetweena pair of nodes.Thereforeit

is desirableto useas few pathsaspossiblewhile at thesametime minimizetheblocking

probability in thenetwork. Furthermore,it is not possibleto provide eachnodewith accu-

rateinformationaboutthenetwork statedueto prohibitive communicationandprocessing

overheads.Henceit is importantto devisecandidatepathselectionschemesthatworkwell

evenwith infrequentlink stateupdates. We proposesucha schemewidestdisjoint paths

(wdp) thatselectswidestpathsthataredisjoint w.r.t. bottlenecklinks. It usesinfrequently

exchangedglobal information for selectinga few good pathsbasedon their long term
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availablebandwidths.The traffic is proportionedamongthe candidatepathsusing local

informationto cushiontheshorttermvariationsin their availablebandwidths.This hybrid

approachto QoSroutingadaptsatdifferenttimescalesto thechangingnetwork conditions.

Theabovediscussionassumesthateachrouterin thenetwork is awareof thetopologyand

the stateof the whole network. This is referredto asflat routing andunderflat routing,

eachrouterparticipatesin link stateupdatesandmaintainsdetailedinformationaboutthe

entirenetwork. This introducessignificantburdenon every routerandasthe sizeof the

network grows, theoverheadat eachrouterincreasestremendously. To provide a scalable

solution,hierarchical routing is suggestedasan alternative to flat routing. Underhierar-

chical routing,a network is dividedinto multiple areas.Theroutingwithin theareais flat

with eachrouterhaving detailedinformationaboutroutersandlinks in thatarea.But the

routershave only sketchyaggregate informationaboutotherareas.To route traffic des-

tined for otherareas,a sourceroutermay selecta partial higher level path,basedon the

aggregateinformation,thatgetsexpanded,basedonthedetailedinformation,at theingress

borderrouterof eachareaalongthepath.Suchahierarchicalroutingreducestheoverhead

at eachrouterby limiting the scopeof link stateupdatesandmaintainingonly summary

informationaboutotherareas.Thehierarchicalroutingapproachwhile reducestheburden

on a router, introducesinaccuracy in theinformationavailablefor routing. Hencetheper-

formanceof a hierarchicalrouting schemedependsheavily on how informationaboutan

areais aggregatedandhow it is utilized in routingacrossareas.

Weproposeanaggregationmethodthatsummarizesthestateof multiplepathsbetweentwo

routersusingasinglemetric.Thismetricin essencecapturesthetraffic carrying capacityof

multiplepathsbetweenapairof routers.Weproposetwo inter-arearoutingschemesbased

onthisaggregatemetric:hierarchical widestdisjointpaths(hwdp) andhierarchical widest

border routers (hwbr). Thehwdpschemeis a hierarchicalsourceroutingschemewherea

sourcerouterselectsasetof higherlevel skeletalpathsto thedestinationascandidatesand

proportionsflowsamongthem.Thehwbrschemeis ahierarchicalnext-hoproutingscheme

thatselectsonly thenext-hopborderrouterswhich in turn selecthigherlevel pathsto the

destination.Both theseschemesusewdpschemementionedearlier, for intra-arearouting

to expandthe skeletalhigherlevel pathsto actualphysicalpaths. They essentiallydiffer

in theway thenetwork outsideanareais aggregatedby a borderrouterandpropagatedto

theinterior routers.We evaluatetheperformanceof thesehierarchicalproportionalrouting

schemesandshow thattheseschemeswith only aggregateinformationoutperformevenflat

globalbest-pathroutingschemeshaving detailedinformationaboutthenetwork. Weargue
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basedon our resultsthatour hwbr schemedueto its low overheadandhigh throughput,is

asuitablechoicefor hierarchicalroutingacrosslargenetworks.

The restof this part of thesisis organizedasfollows. In the next chapter, we definethe

problemsettingwe considerin this thesis.Chapter4 presentstherelatedwork. In Chap-

ter 5 we studythe theoreticalmodelsfor proportionalroutingandproposesomepractical

schemesin Chapter6. Thecandidatepathselectionschemeis describedin Chapter7 and

thehierarchicalproportionalroutingschemesarepresentedin Chapter8. Theconclusions

andfuturework arediscussedin Chapter9.
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Chapter 3

ProblemSetting

Network supportfor traffic with Quality of Service(QoS)guaranteesusually requiresa

connectionestablishmentprocedurewhich will selecta path,performadmissioncontrol

andreserveresourcesalongtheselectedpath.Thepathselectionprocedurein turnrequires

link stateupdatesto gatherinformationabouteachlink in thenetwork. In thefollowing,we

statetheassumptionsmadein this thesisabouttheQoSrequirements,routingprocedures

andtheupdatepolicies.Similarly theperformancemetricsusedfor evaluatingtheefficacy

of variousQoSroutingarealsodiscussed.

3.1 Bandwidth Guarantees

Differentapplicationshavedifferentqualityof servicerequirements.Somerequirethrough-

putguarantees,someend-to-enddelayguaranteeswhile othersrequirelossrateguarantees.

It is thejob of thenetwork to maptheseapplicationrequirementsto network resourcessuch

thattherequestedQoS canbeguaranteed.Resourceprovisioningthatensuresbothguaran-

teedserviceto applicationsandefficient utilization of resourcesis a very complex task.In

this thesis,weassumethatapplicationrequirementsareeitherspecifiedor characterizedby

a singlenetwork resource,bandwidth.This couldbetheeffectivebandwidththatcaptures

the traffic characteristicsof the application. This is not toolimiting an assumptionsince

delayconstraintscaneitherbe handledby translatingthemto correspondingbandwidth

guaranteesor by boundingthenumberof hopsduringpathselection.Furthermore,though

theremay be needfor supportingapplicationswith multiple QoSparameters,it is likely

that initial deploymentsfocussimply on bandwidthbasedguaranteesto reducethe oper-
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ationalcomplexity. In otherwords,in this thesiswe assumethat an applicationrequests

for a specificbandwidthandthe network admitsan applicationonly if it canreserve the

requestedbandwidthto satisfytheapplicationrequirements.

3.2 Explicit Routing

The currentInternetemploys hop-by-hoprouting that selectsshortestpathsperiodically

andmaintainsthepathinformationin the routing tableso that routing resultsin a simple

tablelook up. UnderQoSrouting,differentflows from varioussourcenodesto thesame

destinationmay requestdifferentQoS.Henceit is not possibleto maintaina singlerout-

ing tableto routeflows with divergentrequirements.Explicit routing is suggestedasan

alternative to supportQoSrouting. Underexplicit routing,a sourcenodeselects,for each

flow, an explicit path to the destination.This requiresan ability to setupexplicit routes

in the network. This can be implementedin the currentInternetusing a form of loose

sourcerouting. But theoverheadof carryingthecompleteexplicit routewith eachpacket

is prohibitive. However, Multi-Protocol Label Switching (MPLS) an emerging Internet

EngineeringTaskForce(IETF) standard[92] providessucha capability. MPLS replaces

thestandarddestinationbasedhop-by-hopforwardingparadigmwith a labelswappingfor-

wardingparadigm.It makesexplicit routingpracticalby allowing theexplicit routeto be

carriedonly at the time label switchedpath is setup. This thesisassumesthat suchan

explicit routingis supportedby thenetwork.

UndersourcedirectedQoSrouting,uponarrival of a flow, the sourcenodefirst selectsa

path that is likely to satisfy the requestedQoS.This pathselectionis performedby the

sourcenodebasedon its own local view of thenetwork statethat is gatheredthroughlink

stateupdatesandprevious routingattempts.Thesourcenodemay prune(seemingly)in-

feasiblelinks, with fewer resourcesthanrequiredby theflow, in orderto selecta feasible

path. Whenno feasiblepathis found,theflow is blockeddueto routingfailure. This rout-

ing failurecouldbedueto eitherlackof network resourcesor stalenessof link state.Once

a pathis selectedfor the flow, the sourcethensendsa setuprequestto reserve resources

at eachlink alongtheselectedpath.Eachnodealongthepathperformsadmissioncontrol

to seewhethersufficient resourcesareavailableon thelink to supportthis flow. If thelink

canaccommodatethe flow, resourcesarereserved on that link for the flow andthe setup

messageis forwardedto the next link alongthe path. If all the links alongthe pathhave

sufficient resources,thesetuprequestis acceptedandtheflow is admitted.Theresources
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reserved for a flow remainwith it for theentiredurationof theflow. Moreover, the route

is pinned, i.e.,all thepacketsof theflow follow thesamepathfor thedurationof theflow,

evenif a“better” pathis foundduringthattime. Thishelpsreducethevariancein thedelay

experiencedby thepacketsof aflow.

Whena link doesnot have adequateamountof available resources,the setuprequestis

rejectedandtheflow is blocked. This is categorizedassetupfailure. A setupfailureis the

resultof thediscrepancy betweentheactuallink stateandthe view of thesourcenode.The

main focusof this thesisis how to reducethe inaccuracy in a sourcenode’s view without

incurring excessive updateoverheadand how to select“good” pathsin the presenceof

inevitable inaccuracy. Thusa flow may be blocked dueto eitherrouting failure or setup

failure. Themainobjectiveof any QoSroutingschemeis to minimizetheoverall blocking

probability. Whena setuprequestfor a flow resultsin failure, we canmake an attempt

to reroutethe flow by finding an alternatepath. This is known as crankback. While it

is possiblethat crankbackscandecreasethe probability of blocking a flow, they increase

the signalingoverhead. Moreover, a failed setuprequestcould be anindication of the

overall loadin thenetwork. In suchacase,alternateroutingmayconsumeresourcesalong

theprimarypathsof othersource-destinationpairsincreasingtheblockingprobability for

future flows betweenthosepairs. Thus crankbackscan potentially increasethe overall

blocking probability in an effort to accommodatean individual flow. In this work, we

assumeno crankback, i.e., if a setuprequestis rejectedtheflow is blockedandno attempt

is madeto reroutetheflow.

3.3 Link StateUpdates

CurrentInternetroutingprotocols,suchasOSPF, distributeconnectivity informationthrough-

out thenetwork sothat“shortest”pathsmaybeselected.PathselectionunderQoSrouting

requiresresourceavailability informationapartfrom theconnectivity informationaboutthe

network. It is suggestedthatcurrentroutingprotocolssuchasOSPFbeextended[29, 115]

to carry QoSstate informationalso in their link stateupdates.The QoSstateof a link

may be capturedby its instantaneousavailablebandwidth,i.e., the amountof bandwidth

availableat thetime of theupdateand/oraverageavailablebandwidth,i.e., theamountof

bandwidthavailableon the averagesincethe last update. Maintainingaccuratenetwork

connectivity informationusuallyrequiresaninsignificantamountof routingupdatessince

network connectivity changesareinfrequent.However, maintainingaccurateQoSstatein-
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formationrequiresa muchgreateramountof link stateupdatesbecausenetwork resource

availability changeswith eachflow arrival anddeparture.Sinceour focusis on studying

the impactof QoSstateupdatefrequency on the performanceof pathselectionschemes,

wemakethefollowing simplifying assumptions.Weassumethattopologydoesnotchange

andlinks do not fail duringa simulationrun. Also, we ignorethe link propagationdelay

sinceit doesnothave abearingon theoutcomeof this study.

3.4 PerformanceMetrics

Thegoalof QoSroutingisefficientutilizationof resourceswhileensuringqualityof service

to eachadmittedflow. In our flow basedmodelwith bandwidthguarantees, a flow is

admittedonly if the requestedamountof bandwidthis availablealong the path through

which it is routed.Thequality of servicefor anadmittedflow is guaranteedby reserving

the requestedamountof bandwidthfor the entiredurationof the flow andby reclaiming

it only after the flow is departed.Under this bandwidthreservation model, a flow may

be rejectedat thesetuptime but onceadmittedall the packetsof theflow areguaranteed

to receive the requestedservice. Hencewe only needto perform flow level simulation

to studytheperformanceof variousQoSroutingschemes.Theobjective of a QoSrouting

schemeis thento maximizethenumberof admittedflowsinto thenetwork or in otherwords

minimize theblockingprobabilityexperiencedby a flow arriving in thenetwork. Thus,a

measureof performanceof a QoSroutingschemeis theoverall flow blockingprobability.

It is computedastheratio of thenumberof flows blockedandthetotal numberflows that

havearrivedat thenetwork.

Thereareseveraloverheadsassociatedwith aQoSroutingscheme.Measuringtheblocking

performancealonewithout the correspondingoverheadsinvolved in the implementation

is not sufficient to evaluatethe overall performanceof a routing scheme.We categorize

theoverheadsincurredby a QoSroutingschemeinto updateoverhead, pathcomputation

overheadandpath managementoverhead. Thereis a fundamentaltradeoff betweenthe

amountof overheaddueto link stateupdatesandtheblockingperformanceof pathselection

schemes.Thehigherthefrequency of updatesis, thelessertheinaccuracy atasourcenode

is andthebettertheblockingperformanceof apathselectionschemeis. Ideally, wewould

like to have lower blocking with minimal overhead.But theseareconflicting objectives

andthejob of aQoSroutingschemeis to limit theupdateoverheadwhile dealingwith the

correspondinginaccuracy by selectingpathsintelligently. In this thesis,we assumesimple
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periodiclink stateupdatesandwemeasureits overheadby thefrequencyof updates.

Anotheroverheadassociatedwith QoSroutingis thetime spentin finding a suitablepath.

A pathmaybecomputedon-demanduponeachflow arrival or a pathmaybechosenfrom

a setof precomputedpaths. Sinceidentifying a suitablepathmay involve searchingthe

entiregraph,thecostof computationis not insignificant.Thecomplexity of thealgorithm

usedfor finding a pathis referredto aspathcomputationoverhead. Finally, it is desirable

to minimize thenumberof pathsusedfor routing. Thereis a significantoverheadassoci-

atedwith establishing,maintainingandtearingdown of paths.Moreover, therecouldbea

limit on thenumberof explicitly routedpathssuchaslabelswitchedpathsin MPLS [92]

that canbe setupbetweena pair of nodes.Hencethe numberof pathsusedfor routing,

averagedacrossall source-destinationpairs, is taken as a measureof the path manage-

mentoverhead. Essentiallytheoverall objective of QoSrouting is to minimize theabove

mentionedoverheadswhile minimizing theoverall flow blockingprobability.
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Chapter 4

RelatedWork

Theproblemof QoSroutinghasbeenaddressedin many contextsandtherehavebeensev-

eralproposalsfor providingQoSrouting.Theseproposalsdiffer in wherethepathischosen

(sourceor hop-by-hop),how thenetwork stateinformationis gathered(globalupdatesor

local observations),what typeof informationis exchanged(instantaneousavailableband-

width or long-termaveragebandwidth),which pathis selected(widestor shortest),etc. A

survey of variousQoSrouting schemescanbe found in [9]. We canbroadlycategorize

theminto global QoSroutingschemesthatarebasedon global link stateupdatesand lo-

calizedQoSroutingschemesthatarebasedon localpathstateobservations.Thefollowing

sectionsdiscusstheseQoSroutingapproachesin detail.

4.1 Global QoSRouting

The majority of QoSrouting schemes[2, 17, 29, 56,105, 110,115] proposedso far re-

quire periodicexchangeof link QoSstateinformationamongnetwork nodesto obtaina

global view of the networkQoSstate. Basedon this current global view of the network

state,a sourcenodedynamicallydeterminesthe“best” feasiblepathfor a flow originating

from it to a destinationnode.We refer to this approachto QoSroutingastheglobal QoS

routing approachor global best-pathrouting approach.The proposedglobal QoSrout-

ing schemesprimarily differ in their pathselectioncriteria andthe network stateupdate

triggeringmechanisms.

Path selectionalgorithmshave to dealwith the fundamentaltrade-off in minimizing the

resourceusageandbalancingnetwork load.Theresourceusageby aflow canbeminimized
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by selectingthe shortestpath which may be heavily loaded. The network load can be

balancedby choosingtheleastloadedpathwhichmaybelongerandhenceconsumesmore

resources.Several pathselectionalgorithmshave beenproposedthat weigh limiting hop

countandbalancingnetwork loaddifferently. They includewidest-shortestpath(wsp) [2],

shortest-widestpath(swp) [110], andshortest-distancepath(sdp) [56]. They all attemptto

selecta feasiblepath. A pathis consideredfeasibleif its bottleneck bandwidth(smallest

availablebandwidthalongthe path) is greaterthanor equalto the requestedbandwidth.

The above mentionedschemesdiffer in the selectionof a feasiblepath when thereare

many suchchoicesasexplained below.

Widest-shortestpath A path with fewest numberof hopsamongall feasiblepaths. If

thereareseveralshortestfeasiblepaths,theonewith thelargestbottleneckbandwidth

is chosen.If morethanoneshortestpathwith samebandwidthexist, oneof thepaths

is randomlyselected.

Shortest-widestpath A pathwith largestbottleneckbandwidthamongall feasiblepaths.

If more thanonewidest feasiblepathexist, the onewith the minimum hopcount

is chosen.If thereareseveral suchpathswith the samehop count,oneof themis

randomlyselected.

Shortest-distancepath A feasiblepathwith theshortestdistance.Thedistancefunction

for apathr is definedby

dist(r) =
k

∑

j=1

1

Cj
(4.1)

whereCj is thebandwidthavailableona link j alongpathr.

Thewidest-shortestpathfavorsshorterpathsthusgiving higherpriority to limiting resource

usage,while theshortest-widestpathfavorswider pathsthusgiving higherpriority to dis-

tributingnetwork load.Theshortest-distancepathattemptsto strike abalanceby usingthe

distancefunction. Among these,wsp is the mostpopularandwell studiedalgorithmfor

selectingthe“best” feasiblepathandhenceweuseit asarepresentativeof globalbest-path

routingschemesin thefollowing discussion.

Eachnetwork nodeunderglobalQoSroutingapproachgenerateslink stateupdates inform-

ing all othernodesaboutthecurrentstateof thelinks attachedto it. Variousupdatepolicies
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arepossiblethatdiffer in whenanupdateis triggeredandwhatinformationis containedin

it. Most of theschemesproposedsofar [2, 56,110] exchangeinformationaboutcurrently

availablebandwidthwhile some[30, 74] exchangeinformationregardingthe probability

that a requestedbandwidthis available. The mechanismsusedto trigger updatescanbe

basedon threshold, class or timer. In caseof thresholdbasedpolicy, an updateis trig-

geredwhenever therelative changefrom thepreviously advertisedto thecurrentlink state

exceedsa certainthreshold. Classbasedpolicies partition the available bandwidthinto

multiple classesandtriggeranupdatewhenever thecurrentlink statevaluecrossesa class

boundary. The partitioning into classescould be either fixed-sizeor exponentiallydis-

tributed.Timerbasedtriggersmaybeusedto generateupdatesperiodically. They, referred

to asclamp-downtimers,areoften usedin conjunctionwith oneof the above triggersto

enforcea minimumspacingbetweentwo consecutive updates.While theperiodicupdates

aresimpleto implement,morecomplex changebasedtriggersattemptto avoid unneces-

saryupdatesby generatinganupdateonly whenthe link statechangessignificantlyfrom

previously advertisedstate.Anothertrade-off in theseschemesis betweenthe frequency

of updatesandthe accuracy of network stateinformationavailableat eachnodefor path

selection.

CurrentInternetroutingprotocols,suchasOSPF, distributeconnectivity informationthrough-

out the network so that “shortest”pathsmay be selected.Maintainingaccuratenetwork

connectivity informationusuallyrequiresaninsignificantamountof routingupdatessince

network connectivity changesareinfrequent.However, maintainingaccuratenetwork QoS

staterequiresfrequentinformationexchangesamongthenetwork nodesbecausenetwork

resourceavailability changeswith eachflow arrival anddeparture.The prohibitive com-

municationandprocessingoverheadsentailedby suchfrequentQoSstateupdatespreclude

thepossibilityof alwaysproviding eachnodewith anaccurateview of thecurrentnetwork

QoSstate. Consequently, the networkQoSstateinformationacquired at a source node

canquickly becomeout-of-datewhentheQoSstateupdateinterval is large relativeto the

flow dynamics. Underthesecircumstances,exchangingQoSstateinformationamongnet-

work nodesis superfluous.Furthermore,pathselectionbasedon a deterministicalgorithm

suchasDijkstra’s shortestpathalgorithm,wherestaleQoSstateinformationis treatedas

accurate, doesnot seemto be judicious. The bestpathselectionbasedon inaccurate in-

formationcouldcauseinstability: afteroneQoSstateupdate,many sourcenodeschoose

pathswith sharedlinks becauseof their perceivedavailablebandwidth,thereforecausing

over-utilization of theselinks. After the next QoSstateupdate,the sourcenodeswould
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avoid thepathswith thesesharedlinks, resultingin theirunder-utilization. Thisoscillating

behavior canhave severeimpacton the systemperformance,whenthe QoSstateupdate

interval is large.Dueto thesedrawbacks,it hasbeenshown thatwhentheQoSupdateinter-

val is largerelative to theflow dynamics,theperformanceof globalQoSroutingschemes

degradesdrastically[74, 75].

Several solutionshave beenproposedto dealwith inaccuracy that is inevitable in the in-

formationavailableto pathselectionprocess.Oneapproach[2] categorizestheinaccuracy

into systematicand randombasedon the type of updatetriggersused. Whena change

basedtriggeris employedit is possibleto infer therangefor actuallink metricvaluegiven

its last advertisedvalue. This type of systematicinaccuracy could be suitablyaccounted

for by a pathselectionalgorithmandtherebychoosea paththat is mostlikely to have the

requiredresources.In [30] a pathselectionalgorithmis proposedto find themostreliable

pathassumingthat informationregardingtheprobabilitypl(x) thata link l canaccommo-

dateaflow whichrequiresx unitsof bandwidthis known to thesourcenode.This is further

experimentedin their paper[3] on safety-basedrouting, wheresafety, i.e.,pl(x), of a link

l for abandwidthx is inferredfrom its lastadvertisedavailablebandwidthvalueassuming

that a changebasedupdatetriggeringpolicy is used. However when large clamp-down

timersareused,it is almostimpossibleto estimatethe amountof inaccuracy. Someran-

domizationalgorithmsareproposed[3] to copewith thiskind of randominaccuracy where

advertisedbandwidthvaluesareusedonly ascluesin selectingpaths.We have proposed

a probabilisticapproach[74] wherenetwork nodesexchangelink availability probability

informationsimilar to pl(x). But insteadof choosingthebestor safestpathour algorithm

distributesloadacrossthenetwork in accordancewith availability of links while favoring

shorterpaths.

While all theabove remedialschemesreducetheimpactof inaccuracy on theperformance

of pathselection,they eitherwork well only in somecasesor introduceadditionaloverhead

at corerouters.For easydeployability andscalabilityof QoSrouting,we needto devise

schemesthatperformwell without introducingmorecomplexity at coreroutersandmore

communicationoverheadon network thanthecurrentroutingprotocols.As analternative

to globalQoSrouting, localizedQoSroutingapproachis proposed,whereno global QoS

stateinformationexchange amongnetworknodesis needed. Instead,sourcenodesinfer

thenetwork QoSstatebasedonflow blockingstatisticscollectedlocally, andperformflow

routing using this localizedview of the network QoSstate. Someof the localizedQoS

routingschemesaredescribedin thefollowing sections.
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4.2 LocalizedQoSRouting

A sourcenodeunderQoSrouting,uponreceiving arequestwith specificQoSrequirements,

selectsa suitablepathto thedestinationnodebasedon its view of resourceavailability. It

then sendsa connectionrequestto reserve resourcesat eachnodealong the path. It is

possiblethatsufficient resourcesarenot availablealongthechosenpatheitherbecauseof

stalerouting informationat the sourcenodeor becauseof changesin the network state

while the connectionis beingestablished.In sucha case,the requestis rejectedandthe

flow is blocked. LocalizedQoSroutingapproachattemptsto infer thenetwork statefrom

theseflow blockingstatisticsandperformspathselectionbasedon this local information.

Severallocalizeddynamicroutingschemeshavebeenproposedin thecontext of telephone

networks. Herewe considertwo suchschemesbasedon sticky routing andlearningau-

tomatathatmakeuseof thefeedbackinformationregardingflow admissionor rejectionfor

routingfutureflows.

4.2.1 Sticky RandomRouting

Thedynamicalternativerouting(dar)is awell known routingscheme[25] whereasource

always tries the direct one-link path to the destinationfirst and in caseof a crankback

choosesa two-link path using sticky randomrouting (srr). Since in our settingwe do

not considerre-routing,the srr scheme(equivalent to dar with a dummy direct link) is

usedfor comparison.Thesrr schemeremembersa pathknown aspreferredpathfor each

destination.A flow to a destinationis alwaysroutedthroughits correspondingpreferred

path. If the connectionsetupis successful,the preferredpathremainssame.But in case

of a failure, the flow is blocked and a new preferredpath is chosenrandomlyfrom set

of feasiblepathsto thatdestinationexcluding thecurrentpreferredpath. Thesrr scheme

essentiallysticksto apathaslongasit canaccommodateofferedtraffic.

The analysisof dar presentedin [25] shows that dar equalizesthe blocking ratesover

two-link pathsfor eachsourcedestinationpair. It claimsthatoverflow streams,i.e., flows

directedto two-link paths,underdar canbe modeledas if they arisefrom proportional

routing, with proportionsdependingon the blocking ratesof links. But it alsocautions

that the approximationprocedureusedin the analysiscould breakdown if the overflow

is large andneedsto be spreadover a numberof alternatives. This is preciselythe case

with networkslike Internetthatmayhavemorethanoneminhoppathandmany alternative

pathsbetweeneachsource-destinationpair.
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4.2.2 Learning Automata basedRouting

An applicationof automatato theroutingproblemis givenby NarendraandMars[67]. The

incomingflows areofferedto a pathr accordingto a probabilitydistribution pr, which is

updatedusingfeedbackinformationregardingflow admissionor rejection.Theseschemes

rewarda pathon which a flow is successfulandpunisha pathon which a flow fails. If a

routei is chosenat timen andtheflow is successful,thenupdatingis

pi(n+ 1) = pi(n) + a(1− pi(n))

pj(n+ 1) = (1− a)pj(n) j 6= i

while if theflow fails

pi(n+ 1) = (1− ǫ)pi(n))

pj(n+ 1) =
ǫ

r − 1
+ (1− ǫ)pj(n) j 6= i

wherea andǫ areadjustableparameters,0 < a < 1, 0 < ǫ < 1 with ǫ small compared

with a, anda is itself usuallysmall,sothattheupdatingis gradual.Undercertainassump-

tions [67, 68, 106] show thatLR−ǫP automatatendsto approximatelyequalizeblocking

probabilities,br, while LR−P automatafor which ǫ = a in the above equalizesblocking

rates(prbr). Oneproblemwith this schemeis that probability associatedwith a path is

changedperevery flow arrival. In addition,no accountis takenof thelengthof a pathand

also the selectionof candidatepaths. In the later chapterswe comparethe performance

of theseschemeswith our schemesandshow thatour schemesyield muchlower blocking

probability.

4.3 Hybrid QoSRouting

As a viable alternative to the best-pathrouting approach,we proposed[75, 76] a novel

proportionalroutingapproachto QoSrouting.Underthisproportionalroutingapproach,a

sourcerouteruseslocally collectedflow statisticssuchasflow arrival/departureratesand

flow blockingprobabilities,andperformsadaptive proportioningof flows amonga setof
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candidatepathsbasedon this local information. This localizedproportionalrouting ap-

proachis somewhatsimilar in spirit to thedynamicroutingschemesin telephonenetworks

[46] describedabove. However, theactualmechanismsfor adaptiveproportioningarequite

different. Moreover, we enhancetheperformanceof localizedproportionalroutingby se-

lectinga few goodcandidatepaths.

Underpure localizedapproach,the candidatepathset remainsstaticwhile their propor-

tions areadjusteddynamically. A network nodeunderlocalizedapproachcanjudgethe

quality of pathsonly by routing sometraffic alongthem. So it is not possibleto update

thecandidatepathsetbasedon local informationalone.On theotherhand,dueto chang-

ing network conditions,a few goodcandidatepathscannotbe selectedstatically. Hence

we propose[78, 79] a hybrid approachto proportionalrouting,wherea few goodcandi-

datepathsareselecteddynamicallybasedon infrequentlyexchangedglobal information.

The resultinginaccuracy is cushionedby adaptively proportioningtraffic amongmultiple

“good” candidatepathsinsteadof routingall thetraffic alongthe“best” path.In thefollow-

ing chapters,we first addressthe questionof how to proportiontraffic adaptively among

a setof candidatepathsusingonly local information. We thenturn to the issueof how to

selecta few goodcandidatepathsbasedon infrequentlyexchangedglobalinformation.
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Chapter 5

LocalizedProportional Routing:

Theoretical Models

In this chapterwe studyseveral issuesin the designof localizedQoSrouting schemes,

which make local routing decisionsbasedon locally collectedQoSstateinformation. In

particular, we investigatethegranularityof local QoSstateinformationandits impacton

the designof localizedQoSrouting schemesfrom a theoreticalperspective. We develop

two theoreticalmodelsfor studyinglocalizedproportionalrouting: oneusingthe locally

collectedlink-level QoSstateinformation,andtheotherusinglocally collectedpath-level

QoSstateinformation.Wecomparetheperformanceof theselocalizedproportionalrouting

modelswith thatof a globaloptimalproportionalmodelthathasknowledgeof theglobal

network QoSstate. We first describethe global optimal proportioningschemeandthen

localizedadaptiveproportioningschemes.

5.1 Global Optimal Proportional Routing

As a basisfor comparingtheperformanceof localizedproportionalQoSroutingmodels,

in this sectionwe presenttheglobaloptimalproportionalroutingmodel,which hasbeen

studiedextensively in the literature(see[93] andreferencestherein). In this model,we

assumethat eachsourcenodeknows the completetopology information of the network

(includingthecapacityof each link) aswell astheofferedtraffic loadbetweeneverysource-

destinationpair. With the global knowledgeof the network topologyandofferedtraffic

loads,theoptimalproportions, for distributingflowsamongthepathsbetweeneachsource-
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Figure5.1: Thetopologiesusedin ourstudy

destinationpair, canbecomputedasdescribedbelow.

Consideranarbitrarynetwork topology withN nodesandL links (seeFigure5.1 for ex-

ampletopologies).For l = 1, 2, . . . , L, thecapacityof link l is cl > 0, which is assumed

to befixedandknown. Thelinks areunidirectional,i.e.,carrytraffic in onedirectiononly.

Let σ = (s, d) denotea source-destinationpair in thenetwork. Let λσ denotetheaverage

arrival rateof flows arriving at sourcenodes destinedfor noded. The averageholding

time of theflows is µσ. Recallthateachflow is assumedto requestoneunit of bandwidth,

andthattheflow arrivalsarePoisson,andflow holdingtimesareexponentiallydistributed.

Thustheofferedloadbetweenthesource-destinationpairσ is νσ = λσ/µσ. LetRσ denote

the setof (explicit-routed)pathsfor routing flows betweenthe source-destinationpair σ.

The global optimal proportionalproblemcanbe formulated[41, 42, 45] as the problem

of finding theoptimalproportions{α∗
r , r ∈ Rσ} for eachsource-destinationpairσ andits

routesetRσ, where
∑

r∈Rσ α
∗
r = 1, suchthat theoverall flow blockingprobability in the

network is minimized.Or equivalently, finding theoptimalproportions{α∗
r , r ∈ Rσ} such

thatthetotal carriedtraffic in thenetwork,

W =
∑

σ

∑

r∈Rσ
αrνσ(1− br) (5.1)

is maximized.

In (5.1), br denotesthe blocking probability alongpathr. Under the link independence

assumption[41, 42,45], br canbeexpressedasfollows:

br = 1−
∏

l∈r
(1− bl) (5.2)
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N : {1, 2, ..n}, vectorof n nodesin thetopologyof thegivennetwork.
L : {1, 2, ..l}, vectorof l links in thetopologyof thegivennetwork.
C : {c1, c2, ..cl}, vectorof capacitiesof thelinks, ci > 0.
σ : apair (s, d), wheres, d ∈ N .
r : apath,i.e asetof links ∈ L, from sourceto destination.
Rσ : a setof pathsbetweenasource-destinationpairσ.
νl : loadon thelink l ∈ L.
νσ : loadon thesource-destinationpairσ.
ν : n× n traffic matrix, i.e, [νσ ]∀σ∈N×N .
bl : blockingprobabilityof link l ∈ L.
br : blockingprobabilityof pathr.
αr : loadproportionalongr ∈ Rσ for aparticularσ.

Figure5.2: Notation

wherel ∈ r meansthat link l is partof router, andbl is theblockingprobabilityof link l.

Theblockingprobabilitybl of link l is in turngivenby theErlanglossformula,

bl = E(νl, cl) =
νl
cl

cl!
∑cl
n=0

νn
l

n!

. (5.3)

Heretheloadofferedonlink l, νl, is thesumof all thereducedloads(i.e.,afterindependent

load thinning) from any source-destinationpairσ whichhasaroutepassingthroughlink l.

Namely,

νl =
∑

σ

∑

r∈Rσ :l∈r
α∗
rνσ

∏

m∈ r−{l}
(1− bm) (5.4)

The global optimal proportionalrouting problem(5.1) is a constrained nonlinear opti-

mizationproblemandcanbesolvedusingan iterative procedurebasedon theSequential

Quadratic Programming(SQP)method[82, 15]. Eachstageof theiterative procedurehas

two steps.First,givenasetof flow proportionsαr, thefixed-pointequations(5.3)and(5.4)

involving bl’s andνl’s aresolved. Usingthesevalues,W givenby equation5.1 is recom-

puted.Thenthisalgorithmessentiallysearchesfor anew setof improvedflow proportions

basedon the revenueW . The completeprocessneedsto be repeatedfor variousinitial

conditionsto searchfor thepotentialglobaloptimalsolution.Theoptimizationprocedure

(referredto asoptpropo) usedin our studyis given in Figure5.3. Figure5.2 summarizes

thenotationusedin thisprocedure(andtherestof thethesis).

Theglobaloptimalproportionalroutingmodelpresentedaboveassumesthatthebandwidth

requestsof flowsarehomogeneous(i.e.,oneunit of bandwidth).In thecasethatflowshave

heterogeneousbandwidthrequests,the Erlanglossformula canbe extended[40, 90] and
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1. PROCEDURE optpropo(N,L, C, R,ν)

2. Startwith somearbitraryproportionsα(0)
r , ∀r ∈ Rσ , ∀σ = (s, d), s, d ∈ N .

3. UseSequentialQuadratic Programming(SQP)methodfor solving(in ith step):

4. maximizeW =
∑

σ

∑

r∈Rσ
α

(i)
r νσ(1 − b

(i)
r )

5. undertheconstraints
∑

r∈Rσ
α

(i)
r = 1.

6. whereb(i)r = 1 −
∏

l∈r
(1 − b

(i)
l

)

7. UseGauss-Newtonmethodto solve thefollowing nonlinearequationsfor b(i)
l

8. b
(i)
l

= E(ν
(i)
l
, cl)

9. ν
(i)
l

=
∑

σ

∑

r∈Rσ :l∈r
α

(i)
r νσ

∏

m∈r−{l}
(1 − b

(i)
m )

10. END PROCEDURE

Figure5.3: Theoptpropoprocedure

theglobaloptimalproportionalroutingproblemcanbeanalogouslyformulatedandsolved

using multi-ratelossmodels[62, 93]. Thecomputationalcomplexity of theexactsolution

is generallyprohibitive for largenetworks.To addressthisproblem,severalapproximation

algorithmshave alsobeenproposed[62, 64]. In particular, whenthecapacityof a link is

large,theblockingprobabilityof aflow of typei canbeapproximatedasfollows[91]. Sup-

posethattypei flow requestsfor di unitsof bandwidthandtheloadof typei flows on link

l is νil . Theblockingprobabilityfor typei flows on link l is givenby bil = di
δ
E(

∑

νi
l
di

δ
, cl
δ
),

whereδ is an“equivalentrate” givenby δ =
∑

νi
l
d2i

∑

νi
l
di

. In otherwords,theratio of blocking

probabilitiesof flow typesi andj would besameastheratio of their bandwidthrequests,

i.e., bi
bj
≈ di

dj
. Welaterarguethatin thisrealisticscenarioof link capacitybeingmuchlarger

thananindividual flow’s bandwidthrequest,it is not necessaryto distinguishbetweendif-

ferenttypesof flows for thepurposeof proportionalrouting.

5.2 LocalizedProportional Routing

We now turn our attentionto theproblemof modelinglocalizedproportionalrouting. Un-

like in theglobalcase,in localizedproportionalroutingwe assumethateachsourcenode

hasonly a local (andthuspartial) view of thenetwork state.For example,a sourcenode

mayonly have knowledgeof theofferedtraffic loadsbetweenthesource-destinationpairs

originatingfrom itself. Also, it mayhavepartialnetwork topologyinformationonly (in par-

ticular, thelink capacityinformationmaynotbeavailableto asourcenode).As mentioned

in theintroduction,in thischapterwewill focuson localQoSstateinformationgatheredat

two differentgranularitylevels: the link level andthepath level. At the(finer) link level,

eachsourcenodecancollect the following informationlocally: 1) theofferedtraffic load

of flows from thesourceto a destination;2) thenumberof flows routedalonga pathfrom
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thesourceto a destinationthatareblocked;and3) in thecasewherea flow is blocked,the

identityof thelink atwhich theflow is blocked.Thethird typeof informationcanbemade

availableto asourcenodeby simplypiggybackingtheidentityof thelink atwhichaflow is

blockedin theflow setupfailurenotificationsentbackto thesourcenode.At the(coarser)

pathlevel we assumethateachsourcenodeonly collectsthefirst andsecondtypesof the

local informationlisted above. In otherwords,whena flow is blocked, the sourcenode

doesnot have theknowledgeof thelink identity at which theflow is blocked. As a result,

thepath-level local informationprovidesa sourcenodewith a much“vaguer”view of the

globalnetwork QoSstate.

5.2.1 Virtual Capacity Model

Givenonly locally collectedflow statistics,determining“optimal” proportionsfor distribut-

ing flowsamongmultiplepathsbetweenasource-destinationpairbecomesadifficult prob-

lem. In particular, sinceeachsourcenodedoesnotknow thecapacityof a link andthetotal

offered load on the link, the Erlang loss formula cannotbe directly usedto derive flow

blockingprobabilityat a link. To addressthis problem,we introducethenotionof virtual

capacityof a link (or a path)perceivedby a sourcenode. For a link l, let νs,l be the load

placedby a sourcenodes, andbs,l be theblockingprobabilityobservedby nodes. Intu-

itively, thevirtual capacity, vcs,l, of link l perceivedby thesourcenodes is the(perceived)

amountof bandwidthconsumedby theflows routedfrom sources alonglink l, given the

observedblockingprobability bs,l. Formally, vcs,l is definedvia theinverseof theErlang

lossformulaasfollows:

vcs,l = E−1(bs,l, νs,l), (5.5)

whereE−1(b, ν) := min{c : E(νs,l, c) ≤ bs,l}, the inversefunction of the Erlang loss

formulawith respectto thecapacity. Thevirtual capacityof a pathcanbedefinedanalo-

gouslyby replacingthelink l with a pathr, νl,s andbl,s with νr,s andbr,s, theloadoffered

andblockingprobabilityobservedby nodes alongpathr.

NotethatE−1(bs,l, νs,l) definedabove is aninteger-valuedfunction. This meansthatif we

vary either the blocking probability bs,l or the offered load νs,l slightly, E−1(bs,l, νs,l) is

likely to yield exactly thesamevirtual capacityvalue.This is anundesirablepropertythat

couldcausesomepotentialproblemin theconvergenceprocessof localizedproportional
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routingschemeswe study later. To circumvent this problem,we resortto thecontinuous

versionof theErlanglossformuladefinedin [20]:

Ẽ(ν, c) =
1

∫ ∞
0 (1 + x

ν
)ce−xdx

(5.6)

It can be shown that the continuousversionof the Erlang loss formula Ẽ(ν, c) defined

above is analyticin c, andcoincideswith thediscreteversionE(ν, c) whenc is aninteger.

Therefore,its inversefunction Ẽ−1(b, ν) with respectto c is well-defined. (It is easyto

seethattheinverseof theErlanglossformulawith respectto theofferedloadis alsowell-

defined.This inversewill alsobeusedin our localizedproportionalQoSroutingschemes,

aswill beseenlater.) In general,computingẼ(ν, c) andits inversesusing(5.6)directlyare

quitedifficult andtime-consuming.Approximationmethodsfor computingẼ(ν, c) andits

inversehave beenproposedin [20, 36]. In the restof thechapter, thecontinuousversion

of the Erlanglossformula will be used,andfor simplicity of notation,we will drop the

superscript̃.

Thenotionof virtual capacitydefinedabove hasseveral interestingandimportantproper-

tiesthatarekey to ourstudyof localized(adaptive)proportionalQoSrouting.Firstof all, it

is clearthatthevirtual capacityof a link or pathcanbecomputedsolelybasedon local in-

formation(e.g.,loadofferedandblockingprobabilityobservedby asourcenode).Second,

thenotionof virtual capacityprovidesaquantitativemeasureof capacityshareof a link or

pathgrabbedby theflowsoriginatedfrom asourcenode.Thelargertheloadasourcenode

offers on a link or a path, the morecapacitysharethe nodegrabs. To seethis, consider

a link of capacitycl, which is sharedby traffic originatedfrom sourcenodess1, . . . , sn.

Supposetheofferedloadfrom eachnodesi is νl,si. Thentheblockingprobabilitybl onlink

l, asis observedby eachnodesi, is givenby

bl = E(
n

∑

i=1

νl,si , cl) (5.7)

Therefore,thevirtual capacityperceivedby nodesi is

vcl,si = E−1(bl, νl,si) (5.8)

Clearly, the largeνl,si is, thebiggervcl,si is, astheobservedblockingprobabilityby each

nodesi, bl,si = bl, is determinedby the total offeredloadandthecapacityof the link, not
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theindividual loadofferedby eachsource.Third, thevirtual capacityperceivedby a node

is a functionof both its offeredloadandtheobservedblockingprobability, whichchanges

astheoverall loadon a link or a pathvaries. Consequently, a nodecanadjustits offered

loadto effectachangein theobservedblockingprobability, or asa responseto thechange

in the observed blocking probability. The notion of virtual capacitythereforeprovides

a theoreticalbasisfor the analysisof how flow proportionsshouldbe adjustedbasedon

locally collectedstatistics.Wecanextendthisnotionof virtual capacityfor heterogeneous

traffic also andcomputeclassbasedproportionsby maintainingstatisticsseparatelyfor

eachtraffic class.

Basedon the notion of virtual capacity, in the next sectionwe develop two theoretical

modelsfor localizedproportionalrouting: virtual link basedminimization(vlm) andvir-

tual path basedminimization(vpm), that computeflow proportionsusing, respectively,

link-level andpath-level flow statisticscollectedlocally at sourcenodes.In bothmodels,

eachsourcecollectslocal QoSstateinformation,andbasedon this local QoSstateinfor-

mation,periodicallyrecomputesflow proportionsassignedto thepathsfrom thesourceto

a destination.This distributeddynamicadaptationprocedurecanbe viewed asan itera-

tive processwherein eachiterationeachsourceindependentlyattemptsto minimize the

observedblockingprobabilityby adjustingtheamountof traffic routedthrougheachpath.

Thesemodelsdiffer in thetypeandgranularityof thelocalQoSstateinformationcollected,

andthereforein themannerthattheflow proportionsarederived.

5.2.2 Virtual Link basedMinimization

In the virtual link basedminimization model, a sourcecollectslink-level flow blocking

statisticswith the assistancefrom the connectionadmissioncontrol (CAC) module. We

assumethat whenever a flow setuprequestfails at a link, the identity of that link is also

recordedandpiggybackedto thesource.TheCAC moduleat thesourcenodeinformsthe

QoSroutingmoduleof theflow setupfailureandtheidentity of thelink wheretheflow is

blocked. Suchlink-level flow blockinginformationcanbegatheredby a sourcewith very

little overheadon thenetwork.

With the locally collectedlink-level flow statistics,a sourceknows exactly theoffered

traffic loadon a link contributedby flows originatingfrom thatsource.Unlike theglobal

routing model, the source,however, doesnot have any information regardingthe traffic

loadsofferedby theothersourceson thelink. It neitherhasany knowledgeof thecapacity
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Figure5.4: Virtual network viewsof sources2 and4

of thelink. Thesourcecanonly infer thestateof thelink from theflow blockingprobability

at thelink it observes.Usingthenotionof virtual capacityof a link, thesourcecaninfer its

shareof thebandwidthateachlink, andpiecetogetherapartialvirtual view of thenetwork

from its own perspective.

This notion of virtual network view of a sourcecanbe illustratedusingFigure5.4. First

supposethatnode2 is theonly sourcein thenetwork andnodes6 and8 areits destinations.

Therearetwo minhoppaths2 → 1 → 3 → 6 and2 → 4 → 5 → 6 to node6. Similarly

2→ 1→ 3→ 8 and2→ 7→ 9→ 8 aretheminhoppathsto node8. All thelinks along

thesepathsform the virtual network view of source2. Whennode2 is the only source

and links arenot sharedby othersources,the virtual capacitiesof theselinks would be

the sameasthe actualcapacities.Thusthe network in Figure5.4(a)with only the thick

links correspondto thevirtual network of source2. Similarly, thevirtual network view of

source4 is shown in Figure5.4(b),wherenodes3 and8 areits destinations.Thethick links

correspondto two minhoppathsto node3 andthreeminhoppathsto node8. Onceagain

whennode4 is theonly sourcein thenetwork, thethick links form thevirtual network of

source4.

Now considerthecasewherebothnodes2 and4 arethesources.The mergedvirtual view

of thesesourcesis shown in Figure5.4(c). Herethe thick links areusedby only source

2 andthe thin dashedlinks areusedby source4 only. Both sourcesusethe thick dashed

links 1→ 3, 3→ 8, 4→ 5, and5→ 6 to routetheir traffic. Underthelink-level localized

QoSrouting model,eachsourcedoesnot have any knowledgeaboutthis sharing. This

sharingis indirectly reflectedin the flow blocking probability on the links observed by

eachsource,which leadseachsourceto derive its shareof thelink capacityusingthelink

virtual capacity.
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1. PROCEDURE VLM(s)
2. For eachlink l ∈ L

3. Computevirtual capacityvc(n)
s,l

= E−1(ν
(n)
s,l

, b
(n)
s,l

)

4. For eachpathr ∈ Rs

5. Assignnew loadν(n+1)
r suchthat

6.
∑

r∈Rs
ν
(n+1)
r (1 − br) is maximum,where

7. br = 1 −
∏

l∈r
(1 − bl)

8. bl = E(ν
(n+1)
s,l

, vc
(n)
s,l

)

9. ν
(n+1)
s,l

=
∑

r∈Rs:l∈r
ν
(n+1)
r

∏

m∈ r−{l}
(1 − bm)

10.
∑

r∈Rσ
ν
(n+1)
r = νσ , ∀σ

11. END PROCEDURE

Figure5.5: Thevlmprocedureat sourcenodes
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Figure5.6: Virtual network viewsof sources2 and4

With the virtual network view, eachsourcecanemploya localizedversionof the global

optimalproportionalroutingscheme(optpropo) to computethe“optimal” flow proportions

for eachof its destinations:we replacethe actualcapacityof a link by its virtual link

capacity, andonly offeredtraffic loadsfrom thesourceareusedto computetheoptimalflow

proportionsfor thesource.Theresultingoptimizationprocedure,referredto asthevirtual

link basedminimization(vlm) procedure,is shown in Figure5.5,wheres is asourcenode.

This localizedflow proportioningschemeis an iterative processwhereeachiteration is

performedafteranobservationinterval by eachsourceasynchronously. In thenth iteration,

thecurrentvirtual capacityvc(n)
s,l of eachlink l with respectto s, is computed,basedon the

currentofferedload ν(n)
s,l andthe correspondingobserved blocking probability b(n)

s,l (lines

2-3). The local minimizationis thenperformedon the virtual network thusformedwith

eachlink l having thecapacityvc(n)
s,l (lines4-10).
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Figure5.7: Virtual network viewsof sources2 and4

5.2.3 Virtual Path basedMinimization

In the virtual pathbasedminimization(vpm) modeleachsourcecollectsonly path-level

flow statistics:thenumberof flowsroutedalongeachpathbetweenthesourceto adestina-

tion, andthenumberof flows blockedalongthepath.Unlike thelink-level localizedQoS

routingmodel,hereweassumethattheidentityof thelink atwhichaflow is blockedis not

availableto asource.

With only locally collectedpath-level flow statistics,a sourcedoesnot have any waysto

infer the QoS stateof any individual link. A sourcecan only obtain someknowledge

aboutthe“quality” of apathbasedon thetraffic offeredon thepathandthecorresponding

observed flow blocking probability alongthe path. Similar to the virtual link basedQoS

routingmodel,in thevirtual pathbasedroutingmodelwe associatea virtual network with

eachsource-destinationpair, using the notion of virtual capacityof a path. Considera

source-destinationpair (s, d). Supposetherearek (explicit-routed)pathsbetweensource

s anddestinationd. Using thenotionof virtual capacityof a path,we treatthesek paths

as if they were disjoint andeach consistedof a singlevirtual link. Thevirtual capacityof

a pathr is representedby vcr, which is determinedby the offeredload from sources to

destinationd alongrouter andtheobservedblockingprobabilitybr of flows routedalong

the route. Although the realnetwork topologyof thesepathsmaybevery complex (e.g.,

multiple pathshave sharedlinks, or sharelinks with othersource-destinationpairs), the

notionof virtual capacityof a pathallows usto circumventthesedifficultiesby essentially

capturingthe“capacityshare”of flows routedalongvariouspaths.

Theconceptof virtual capacityof a pathcanbe illustratedusingthefigureshown in Fig-

ure5.6.Thevirtual pathview of asourcecanbeunderstoodasfollows. Imagineanetwork

whereeachphysical link is split into multiple virtual links, one per eachpath passing
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1. PROCEDURE VPM(σ)
2. For eachpathr ∈ Rσ

3. Computevirtual capacityvc(n)
r = E−1(ν

(n)
r , b

(n)
r )

4. For eachpathr ∈ Rσ

5. Findnew loadν(n+1)
r suchthat

6.
∑

r∈Rσ
ν
(n+1)
r E(vc

(n)
r , ν

(n+1)
r ) is minimum

7.
∑

r∈Rσ
ν
(n+1)
r = νσ

8. END PROCEDURE

Figure5.8: Thevpmprocedurefor apairσ

throughthat link. In sucha network all pathswould be mutually disjoint. For example,

Figure5.7(a)representsvirtual pathview of source2 correspondingto the physicalnet-

work in Figure5.6(a).Similarly, Figure5.7(b)correspondsto thatof Figure5.6(b). Here

the link 1 → 3 is sharedby paths2 → 1 → 3 → 6, 2 → 1 → 3 → 8, 4 → 1 → 3 and

4 → 1 → 3 → 8. Thesepathscanbemadeto appeardisjoint by splitting it into 4 virtual

links.

Giventhepath-level virtual network view for a source-destinationpair, the“optimal” flow

proportionsfor the pathsbetweenthe pair canbe computedto minimize the overall flow

blockingprobabilityexperiencedby theflowsroutedalongthesepaths.Formally, consider

a source-destinationpairσ. LetRσ denotethesetof pathsbetweenthesource-destination

pairσ. For eachpathr ∈ Rσ let vcr denotesthevirtual capacityof thepath(perceivedby

thesource-destinationpair σ). Theflow proportionsfor thepathscanbecomputedusing

aniterative procedure,referredto asthevirtual pathbasedminimization(vpm) procedure,

asis shown in Figure5.8. In thisprocedure,thevirtual capacityvc(n)
r of eachpathr is com-

putedusingtheErlanginverseformula,giventhecurrentofferedloadν(n)
r alongthepathr

andthecorrespondingobservedblockingprobabilityb(n)
r . Basedon thesepathvirtual ca-

pacities,new loads{ν(n+1)
r } arereassignedto pathssuchthat

∑

r∈Rσ ν
(n+1)
r E(vc(n)

r , ν(n+1)
r )

is minimized.Thisprocedureis performediteratively andindependentlyateachsourcefor

all thesource-destinationpairsoriginatingat thesource.

Beforeweleavethissection,it is interestingto contrastthelink basedandpathbasedlocal-

izedproportionalroutingmodelwith theglobaloptimalproportionalroutingmodelin the

way they handlethesharingof links amongpaths.While theglobalmodelis awareof how

the links aresharedby all the pathsbetweenany sourceto any destination,the localized

link-level modelis only awareof sharingof links amongthepathsfrom thesamesource.

Thelocalizedpath-level modelis completelyobliviousof any link sharing.However, this

lack of knowledgeaboutexplicit sharingbetweenpathsis somewhatcompensatedby the
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notionof virtual capacity, which indirectly accountsfor theeffect of link sharing.More-

over, the localizedmodelsmake up for the absenceof suchknowledgeby employing an

iterative processto computeflow proportions,in anattemptto approachtheoptimalflow

proportioning.This iterative procedurecanbethoughtof ascontinuallyrefiningthe(par-

tial) virtual network view of eachsource. Eachsourceusesits virtual network view to

computeflow proportionsfor routingflows alongvariouspaths,andthis in turn improves

thevirtual network views of all thesources.This iterative procedureeventuallyconverges

to anequilibriumstatethatyieldsnear-optimalflow proportions.

5.2.4 PerformanceComparison

In thissection,wedemonstratetheconvergenceprocessof thelocalizedproportionalrout-

ing models,andcomparetheir stableperformancewith thatof theglobaloptimalpropor-

tional routing model throughnumericalinvestigation. Beforewe presentthe results,we

first describethesystemsetup.

5.2.4.1 SystemSetup

Thetopologiesusedin our studyareshown in Figure5.1. Thebigisp is thetopologyof an

ISPbackbonenetwork usedin [2, 56] also.Therearetwo typesof links: solid anddotted.

All solid linkshave samecapacitywith C1 unitsof bandwidthandsimilarly all thedotted

links haveC2 units.For simplicity, all thelinks areassumedto bebidirectionalandof equal

capacityin eachdirection.Thenodeslabeledwith abiggerfont areconsideredto besource

(ingress)or destination(egress)nodes.Theminisptopologyis almostlike thecoreof the

bigisp topology. It hasonly solid links andfor eachsourcea subsetof nodes(shown in

smallerfont) arechosenasdestinationnodes.By default, resultspresentedin this section

correspondto minisptopologyandweexplicitly mentionwheneverbigisp is used.

The flow dynamicsof the network are modeledas follows (similar to the model used

in [103]). Eachflow is assumedto requireone unit of bandwidth. Flows arrive at a

sourcenodeaccordingto a Poissonprocesswith rateλ. The incomingtraffic at a source

is uniformly split amongits destinationnodes. The holding time of a flow is exponen-

tially distributedwith mean1/µ. Following [103], the offerednetwork load is given by

ρ = λNh̄/µ(L1C1 + L2C2), whereN is the numberof sourcenodes,L1 andL2 arethe

numberof solid anddottedlinks respectively, andh̄ is themeannumberof hopsperflow,

averagedacrossall source-destinationpairs.Theparametersusedin ourstudyareC1 = 20,
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Figure5.9: Performancecomparisonof theoptimalandthelocalizedschemes

C2 = 30, µ = 1 minute.Thetopologyspecificparametersfor minispareN = 9, L1 = 26,

L2 = 0, h̄ = 2.64. Similarly for bigisp theseparametersareN = 6, L1 = 36, L2 = 24,

h̄ = 3.27. The averagearrival rateat a sourcenodeλ is setdependinguponthe desired

load.

5.2.4.2 Convergence

Eachsourceunderthe localizedproportionalrouting schemesobserves either link-level

or path-level flow blockingprobabilitiesandperiodicallyrecomputesflow proportionsfor

routing flows amongits paths. Thesereassignmentsof flow proportionsaredoneinde-

pendentlyandasynchronouslyby eachsourcein a distributedmanner. However with the

helpof thevirtual capacitymodel,they indirectly cooperatewith eachotherandgradually

convergeto near-optimalproportionsasdemonstratedbelow.

Figure5.9(a)shows the convergenceprocessof the localizedrouting schemes.The load

ρ is set to 0.50 on minisp. Only the minhoppathsarechosenasthe candidatepathsfor

eachsource-destinationpair. Theaverageperiodbetweenrecomputationsis setto 1. The

overall blockingprobabilityis plottedasa functionof time (i.e., thenumberof iterations).

Theperformanceof theglobaloptimal routingschemeis alsoshown for reference.Note

thattheperformanceof thelocalizedschemesonly varieswith time.

It canbe seenthat the overall blocking probability of both the localizedrouting schemes

graduallydecreasesas the numberof iterationsincreases.Both the schemeseventually
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Figure5.10:Performanceunderbigisptopology

convergeandeachto a differentconvergencepoint. Startingwith arbitraryinitial propor-

tions, the localizedschemesapproachcloseto their respective convergencepointswithin

15 iterations.Thefinal convergencepointsare2.56%, 2.51% respectively for theschemes

vpmandvlm. Theglobaloptimalschemeyieldsanoverall blockingprobabilityof 2.42%.

Thereis very little differencein theperformanceof finer-grainedlink-level schemeandthe

coarser-grainedpath-level scheme.More importantly, the performanceof both the local-

izedschemesis quitecloseto thatof theglobaloptimalscheme.

5.2.4.3 BlockingPerformance

The performanceof the localizedschemesis studiedundervariousload conditions. The

loadis variedfrom 0.50 to 0.60. Theoverall blockingprobabilityat theconvergencepoint

of eachexperimentis plottedasa function of load in Figure5.9(b). It canbe seenthat

theperformanceof thevlmschemeis slightly betterthanthatof thevpmschemeacrossall

loads,andthattheir performanceis quitecloseto thatof theoptscheme.

We have also run experimentswith the larger bigisp topology. Theseresultsareshown

in Figure 5.10. As before,both the localizedvirtual capacitybasedschemesgradually

convergeto near-optimalproportionsevenwith bigisp topology. Theblockingat thefinal

convergencepointsare3.653% and3.866% respectively for vlm andvpmwhile the opti-

mal schemeyields an overall blocking of 3.57%. Comparatively, theseschemesseemto

convergerelatively soonerin caseof bigisp thanminisp. Also, theperformancedifference

betweenvlm andvpmis slightly higherin caseof bigisp thanminisp. However, theresults
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of minispandbigisparenot very differentandtheobservationsmadewith minispareap-

plicableto bigispalso.In thenext section,we illustratetheeffectivenessof localizedtrunk

reservationusingminispandshow somesimulationresultsonbigisp in thelatersections.

5.3 Alter nativePathsand LocalizedTrunk Reservation

The virtual capacitybasedlocal minimizationschemesdescribedin the previous section

treatall candidatepathsequally. Sinceanadmittedflow consumesbandwidthandbuffer

resourcesat all the links alonga path,clearly pathlengthis alsoan importantfactorthat

mustbetakeninto consideration.Thereis a fundamentaltrade-off betweenminimizingthe

resourceusageby choosingshorterpathsandbalancingthenetwork loadby usinglightly

loadedlongerpaths.As a generalprinciple, it is preferableto routea flow alongminhop

(i.e. shortest)pathsthanpathsof longerlength(alsoreferredto asalternativepaths).By

preferringminhoppathsanddiscriminatingagainstalternative paths,we not only reduce

theoverall resourceusagebut alsolimit theso-called“knock-on” effect [41, 42], thereby

ensuringthestabilityof thewholesystem.

The “knock-on” effect refersto the phenomenonwhereusingalternative pathsby some

sourcesforcesothersourceswhoseminhoppathssharelinks with thesealternativepathsto

alsousealternativepaths.Thiscascadingeffectcancauseadrasticreductionof theoverall

throughputof thenetwork. In orderto dealwith the “knock-on” effect, trunk reservation

[42] is employed wherea certainamountof bandwidthon a link is reserved for minhop

pathsonly. With trunk reservation,a flow mayberejectedeven if sufficient resourcesare

availableto accommodateit. A flow alonga pathlongerthanits minhoppathis admitted

only if theavailablebandwidthevenafteradmittingthis flow is greaterthantheamountof

trunkreserved.Trunkreservationprovidesasimpleandyeteffectivemechanismto control

the“knock-on” effect. However, trunkreservationcannotbeuseddirectly in localizedrout-

ing schemes,sinceit requiresglobalconfiguration.Furthermore,coreroutershaveto figure

out whethera setuprequestfor a flow is sentalongits minhoppathor not, introducingun-

desirableburdenon them.Weproposeto addressthis by having eachsourcerouterlocally

discriminateagainstits own alternativepathswithoutanyexplicit global trunk reservation.

A sourcenodeemploying a localizedschemecancontroltheamountof alternative routing

by adjustingthe virtual capacitiesin its virtual network. This can be thoughtof as an

implicit localizedtrunk reservation performedby eachsourceindependently. The exact

methodin which alternative pathsarediscriminatedvariesbetweenvlm andvpm. While
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1. PROCEDURE VLM(s)
2. For eachlink l ∈ L

3. Computevirtual capacityvc(n)

s,l
= E−1(ν

(n)

s,l
, b

(n)

s,l
)

4. For eachlink l ∈ Lalt
s

5. Decreasevirtual capacityvc(n)

s,l
= (1 − ψ)vc

(n)

s,l

6. For eachpathr ∈ Rs

7. Assignnew loadν(n+1)
r suchthat

8.
∑

r∈Rs
ν
(n+1)
r (1 − br) is maximum,where

9. br = 1 −
∏

l∈r
(1 − bl)

10. bl = E(ν
(n+1)

s,l
, vc

(n)

s,l
)

11. ν
(n+1)

s,l
=

∑

r∈Rs:l∈r
ν
(n+1)
r

∏

m∈ r−{l}
(1 − bm)

12.
∑

r∈Rσ
ν
(n+1)
r = νσ, ∀σ

13. END PROCEDURE

(a) thevlmprocedureat sourcenodes

1. PROCEDURE VPM(σ)
2. For eachpathr ∈ Rσ

3. Computevirtual capacityvc(n)
r = E−1(ν

(n)
r , b

(n)
r )

4. For eachpathr ∈ Ralt
σ

5. Decreasevirtual capacityvc(n)
r = (1 − ψ)vc

(n)
r

6. For eachpathr ∈ Rσ

7. Findnew loadν(n+1)
r suchthat

8.
∑

r∈Rσ
ν
(n+1)
r E(vc

(n)
r , ν

(n+1)
r ) is minimum

9.
∑

r∈Rσ
ν
(n+1)
r = νσ

10. END PROCEDURE

(b) thevpmprocedurefor apairσ

Figure5.11:Thelocalizedschemeswith implicit trunk reservation

vlm employs link-level discrimination,vpmdoespath-level discrimination.Thedetailsare

presentedbelow.

5.3.1 LocalizedLink-le vel Trunk Reservation

Eachsourcerouterafterdeterminingthecorrespondingvirtual privatenetwork adjuststhe

virtual capacitiesof its links to accountfor trunk reservation. From the perspective of a

source,a link is categorizedinto two cases:alternative-onlyor minhop-also. A link l is

saidto bealternative-onlylink w.r.t. a sources, if l lies only alongalternative pathsfrom

thesources to its destinations.Otherwiseif aminhoppathfrom sources to any destination

passesthroughlink l, thenl is categorizedasminhop-alsow.r.t. sources. The links that

areusedonly by alternative pathsfor routing traffic from this sourcearetargetedfor the

adjustment.Their capacitiesarereducedby anamountψ where,ψ is thetrunk reservation

parameter, i.e., vcs,l = (1 − ψ)vcs,l if l is alternative-onlyw.r.t. sources. Thecapacities

of otherlinks areleft unchanged.Themodifiedvlm procedurethat incorporateslocalized

trunk reservation is shown in Figure5.11(a). The virtual capacitiesfor alternative-only

links areadjustedin lines4-5. Therestof theprocedureremainsunchanged.

We now presentthe rationalebehindthe way a sourceundervlm categorizesa link as

alternative-onlyandappliestrunk reservationon it. Considerthethreepossiblecasesthat

a link l canfall into: 1) minhop-alsow.r.t. to s; 2) alternative-onlyw.r.t. to s andminhop-

alsow.r.t. someothersource;3) alternative-onlyw.r.t. to all sources.We addresseachof

thesecasesseparatelyasfollows

Case1: No explicit discriminationagainstalternative pathsis requiredin this casesince
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Figure5.12:Theeffectivenessof localizedtrunk reservation(load= 0.60)

minimizationprocedureat sources is expectedto accountfor resourceusagewhile

dealingwith any sharingof this link l by an alternative path. An alternative path

would beassignedanhighercapacityon link l only if theminhoppathis relatively

bad dueto otherlinks in its path.

Case2: By locally reducingthetargetvirtual capacityof link l, sources voluntarilybacks

off from suchlinks andavoidsknock-oneffect. This allows minhoppathsof other

sourcesto graduallyoccupy moreshareon link l. This reducesthe resourceusage

andin turndecreasestheoverall blockingprobability.

Case3: In this caseall thesourcesreducethetargetvirtual capacityof link l eventhough

it may not be necessary. This could leadto under-utilization of the link. However,

the extent of under-utilization of suchlinks canbe limited by settinga low value

for trunk reservationparameterψ sinceit canbeshown thatknock-oneffect canbe

avoidedevenwith reasonablysmallψ values.

5.3.2 LocalizedPath-level Trunk Reservation

The virtual pathbasedschemelimits the extent of alternative routing by applyingpath-

level discriminationagainstalternative paths. It locally adjuststhe target virtual capacity

of alternative paths.Given a trunk reservation parameterψ, the target virtual capacityof

alternativepathsis reducedby anamountψ, i.e.,vcr = (1−ψ)vcr if r is analternativepath.

Thevirtual capacitiesof minhoppathsareleft unchanged.Theminimizationprocedureis
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Figure5.13:Theeffectivenessof localizedtrunk reservation

thenappliedlocally at thesourceonthevirtual network with theseadjustedcapacities.The

revisedvpmprocedureis shown in Figure5.11(b). The virtual capacitiesfor alternative

pathsareadjustedin lines4-5.

Onceagainthisdiscriminationagainstalternativepaths helpsavoid theknock-oneffect. As

describedin link-level case,whenanalternative pathsharesa link with a minhoppath,in

path-level casealsothis implicit trunk reservationby a sourcehelpsminhoppathscapture

moreshareforcing alternative pathsto graduallybackoff. In otherwords,thevirtual ca-

pacityof analternativepathkeepsreducingwhenit sharesabottlenecklink with aminhop

path. On theotherhandwhenanalternative pathdoesn’t shareany bottlenecklinks with

any minhoppath,theamountof reductionin its targetvirtual capacitywill belimited by the

trunk reservationparameterψ thuslimiting theamountof under-utilizationof resources.

5.3.3 Effectivenessof LocalizedTrunk Reservation

We now studythe effectivenessof localizedtrunk reservation methodandthe impactof

the parameterψ on the performance.The setupdescribedin Section5.2.4.1is usedin

this studyalso.However, apartfrom theminhoppaths,pathsof lengthminhop+1arealso

chosenasthecandidatepathsfor eachsource-destinationpair.

TheFigure5.12shows theconvergenceprocesswhereoverall blockingprobabilityis plot-

tedasa functionof time for a loadof 0.60. Theperformanceof localschemesis shown for

four differentvaluesof thetrunkreservationparameterψ: 0%,5%,10%,15%.Theblocking
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probabilityof globaloptimalschemeis shown for reference.It is quiteevidentthattheper-

formanceof localizedschemeswith (> 0%) trunk reservation is betterthanwithout (0%)

it. However, astheψ valueis increasedtheperformancegain is reduced.Thereis almost

no differencein performancebetweenψ valuesof 10% and15%. We alsoran for several

caseswith loadsrangingfrom 0.50 to 0.70. In eachcasethe localizedschemeswererun

with ψ valuesof 0% and10%. TheFigure5.13shows theoverall blockingprobabilityasa

functionof load. Onceagain,acrossall loads,theperformanceof schemeswith localized

trunk reservationis betterthanwithout it.

Theseresultsshow that localizedtrunk reservationis quiteeffective. However, theimpact

of localizedtrunkreservationonvlm is muchlesssignificantthanonvpm. This is expected

sincevlm even without any trunk reservation, usingfiner-grainedlink-level information,

accountsfor sharingof links betweenminhopandalternative pathsfrom a sourceto all

its destinations.Therole of localizedtrunk reservation in vlm is limited to avoiding over-

loadingof minhoppathsof a sourceby traffic on alternative pathsof anothersource.On

theotherhand,thelocalizedtrunk reservationplaysa muchmorecritical role in vpm. The

minhoppathsto a destinationhave to beguardedfrom alternative pathsto thesamedes-

tinationbesidesfrom alternative pathsto otherdestinations.This is dueto availability of

only coarser-graininformationandthuslack of knowledgeaboutsharingof links between

differentpaths.However with localizedtrunk reservation, thevpmschemetidesover this

shortcomingandperformscomparablyto thevlm scheme.Hereafter, we focusonly on the

proportionalroutingschemessuchasvpmthatarebasedon path-level informationwhich

is easierto collectwith lessoverheadthanlink-level information.
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Chapter 6

LocalizedProportional Routing:

Practical Schemes

The localizedschemesdescribedin the previous chapterhave beenshown to approach

the performanceof the optimal schemeusingonly local information. Furthermore,even

with coarser-grain path-level blocking information the vpm schemeperformsas well as

thevlm schemethatusesfiner-grain link-level blockinginformation. It is easierto collect

path-level statisticsand simpler to implementpath-based schemes.Hencewe focus on

path-basedlocalizedschemesandfurther investigatethe issuesinvolved in implementing

them.

6.1 Heuristic Equalization Strategies

The vpmschemefirst computesthe virtual capacityof eachcandidatepathandthenper-

formslocal minimization.Thoughthecomplexity of this minimizationprocedureis much

lessthanthatof optimal scheme,it couldstill besignificant. We areinterestedin simple

schemesthat are easyto implement. A simple alternative to minimizationprocedureis

equalizationof eitherblockingprobabilitiesor blockingratesof candidatepaths.

Equalization of Blocking Probabilities

The objective of the equalizationof blocking probabilities(ebp) strategy is to find a set

of proportions{α̃1, α̃2, . . . , α̃k} suchthat flow blocking probabilitiesof all the pathsare
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1. PROCEDURE VCEBP(σ)

2. Set meanblockingrateof minhoppaths,β̄(n) =
∑

r∈Rmin
σ

α
(n)
r b

(n)
r

3. Set minimumof minhoppath’s blockingprobability, b∗ = minr∈Rmin
σ

b
(n)
r

4. For eachpathr ∈ Rminσ

5. Computevirtual capacityvc(n)
r = E−1(ν

(n)
r , b

(n)
r )

6. For eachpathr ∈ Rminσ

7. Computetargetloadν∗r suchthatβ̄(n) = E(ν∗r , vc
(n)
r )

8. For eachalternativepathr ∈ Raltσ

9. Computetargetloadν∗r suchthat(1 − ψ)b∗ = E(ν∗r , vc
(n)
r )

10. For eachpathr ∈ Rσ

11. Computenew proportionα(n+1)
r =

ν∗r
∑

r∈Rσ
ν∗r

12. END PROCEDURE

Figure6.1: Thevcebpprocedurefor asource-destinationpairσ

equalized,i.e., b̃1 = b̃2 = · · · = b̃k, whereb̃i is theflow blockingprobabilityof pathri, and

is givenbyE(α̃iν, ci).

Equalization of Blocking Rates

The objective of the equalizationof blocking rates(ebr) strategy is to find a setof pro-

portions{α̂1, α̂2, . . . , α̂k} suchthatflow blockingratesof all thepathsareequalized,i.e.,

α̂1b̂1 = α̂2b̂2 = · · · = α̂kb̂k, whereb̂i is the flow blocking probability of pathri, andis

givenbyE(α̂iν, ci).

Theproportionscorrespondingto theabove equalizationstrategiescanbecomputedusing

an iterative proceduresimilar to the vpm procedure. The key differenceis in the way

new proportionsfor pathsarecomputedbasedon their currentvirtual capacitiesin each

iteration.While vpmtriesto minimizetheaggregateblockingprobabilityfor flowsbetween

a source-destinationpair, equalizationstrategiesattemptto equalizetheprobabilityor rate

of blockingexperiencedby flowsacrossdifferentcandidatepathsbetweenthepair.

Thevirtual capacitybasedequalizationof blockingprobabilities(vcebp) procedureisshown

in Figure6.1. At any given iterationn ≥ 0, let ν(n)
r be the amountof the load currently

routedalonga pathr ∈ Rσ, andlet b(n)
r be its observedblockingprobabilityon thepath.

Thenthevirtual capacityof pathr is givenby vcr = E−1(ν(n)
r , b(n)

r ) (line 5). For eachmin-

hoppath,themeanblockingprobabilityof all theminhoppaths,β̄(n), is usedto compute

a new targetload(lines6-7). Similarly, for eachalternative path,a new targetloadis com-

putedusingthetargetblockingprobability(1 − ψ)b∗ (lines8-9). Hereb∗ is theminimum

flow blockingprobabilityof all theminhoppaths(line 3) andψ is aconfigurableparameter
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Figure6.2: Performanceof ebpandebr

to limit theknock-oneffect. Thebasicideabehindthisalternative routingmethodis to en-

surethatanalternativepathis usedto routeflowsbetweenthesource-destinationpaironly

if it hasa “betterquality” (measuredin flow blockingprobability) thanany of theminhop

paths.Giventhesenew target loadsfor all thepaths,thenew proportionof flows,α(n+1)
r ,

for eachpathr is obtainedin lines10-11, resultingin anew loadν(n+1)
r = α(n+1)

r νσ onpath

r. Similar procedurecanbe usedto equalizethe blocking ratesalsoby computingmean

blocking ratein line 2 andusingthat asthe target ratein line 7 for computingthe target

loads.

Figure6.2comparestheperformanceof ebpandebr with opr. We considertheidealcase

wherethe observed blocking probabilitieson pathsarepreciselycomputednumerically.

Theseexperimentsareconductedon thebigisptopologyshown in Figure5.1(a)in thepre-

vious chapter. In theseexperimentsonly the minhoppathsaremadecandidatesandthe

loadis setto 0.55. Figure6.2(a)shows theconvergenceof theproposedheuristicschemes.

Wecanseethatebpschemeconvergesto almostoptimalproportions.Theebr schemealso

convergesbut its blockingperformanceis worsethanebp. Figure6.2(b)shows theblock-

ing performanceof theseschemesundervariousofferedloads. Acrossall loads,thereis

no discernibledifferencein theperformancebetweenopr andebp. On theotherhand,ebr

performsconsistentlyworsethanebp. Thereasonis thatebr schemeassignsmoreloadto

ahigherblockingpath thanebpschemein anattemptto equalizetheblockingratesof can-

didatepaths.Thiseffectgetsamplifiedwhenthereis lot of sharingof links betweenpaths.

However, ebr is a reasonablestrategy thateffectively assignsloadsto pathsin proportions
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thatareinverselyproportionalto their blockingprobabilities.In thefollowing we proceed

to explorepracticalimplementationsof boththesestrategies.

The localizedrouting schemespresentedso far arebasedon theoreticalvirtual capacity

model. We have shown that they yield near-optimal performanceusingonly local infor-

mation. However, therearetwo difficulties involved in implementingthevirtual capacity

model.First, computationof virtual capacityandtarget loadusingErlang’s LossFormula

canbe quite cumbersome.Second,andperhapsmoreimportantly, the accuracy in using

Erlang’sLossFormulato computevirtual capacityandnew loadreliescritically onsteady-

stateobservationof flow blockingprobability. Hencesmallstatisticvariationsmayleadto

erroneousflow proportioning,causingundesirableloadfluctuations.In orderto circumvent

thesedifficulties,we areinterestedin simpleyet robust implementationof theseschemes.

In the following we discusstwo suchschemesthatapproximateebr andebprespectively.

We first presentthepsr schemethatwe designedinitially andshow that it is viablealter-

native to popularglobalbest-pathroutingschemewsp. Wethendescribeanapproximation

of ebpthatis foundto performevenbetterthanpsr.

6.2 Proportional Sticky Routing

Theproportionalsticky routing(psr) schemeattemptsto equalizeblockingratesof candi-

datepaths.It is calledby thatnamebecauseit essentiallydoesproportionalroutingwhile

obtainingproportionsthrougha form of sticky routing. Thepsr schemecanbeviewedto

operatein two stages:1) proportionalflow routing,and2) computationof flow proportions.

Theproportionalflow routingstageproceedsin cyclesof variablelength.During eachcy-

cle incomingflows areroutedalongpathsselectedfrom a setof eligible paths.A pathis

selectedwith a frequency determinedby aprescribedproportion.A numberof cyclesform

anobservationperiod, at theendof whichanew flow proportionfor eachpathis computed

basedon its observed blocking probability. This is the computationof flow proportion

stage.Theflow proportionsfor minhoppathsof a source-destinationpair aredetermined

usingtheebr strategy, whereasflow proportionsfor alternative pathsaredeterminedusing

a target blocking probability. In the following we will describethesetwo stagesin more

detail.
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1. PROCEDURE PSR-ROUTE()
2. Select aneligiblepathr = wrrps(Relg)
3. Increment flow counter,nr = nr + 1
4. If failedto setupconnectionalongr
5. Decrement failurecounter, fr = fr − 1
6. If failuresreachedlimit, fr == 0

7. Remove r from eligibleset,Relg = Relg − r

8. If eligiblesetis empty,Relg == ∅

9. Reseteligibleset,Relg = R

10. For eachpathr ∈ R

11. Resetfailurecounter, fr = γr

12. END PROCEDURE

(a)proportionalrouting

1. PROCEDURE PSR-PROPO-COMPU()
2. For eachpathr ∈ R

3. Computeblockingprobability, br =
ηγr
nr

4. Assignaproportion,αr =
nr

∑

ř∈R
nř

5. Settargetblockingprobability, b∗ = min
r∈Rmin br

6. For eachalternativepathr′ ∈ Ralt

7. If blockingprobabilityhigh, br′ >= b∗

8. Decrementfailurelimit, γr′ = γr′ − 1
9. If blockingprobability low, br′ < ψb∗

10. Incrementfailurelimit, γr′ = γr′ + 1
11. END PROCEDURE

(b) computationof proportions

Figure6.3: Thepsrprocedure

Proportional flow routing

Given anarbitrarysource-destinationpair, let R be the setof (explicit-routed) pathsbe-

tweenthesource-destinationpair, whereR = Rmin ∪ Ralt. We associatewith eachpath

r ∈ R, amaximumpermissibleflowblockingparameterγr andacorrespondingflowblock-

ing counterfr. For eachminhoppathr ∈ Rmin, γr = γ̂, whereγ̂ is a configurablesystem

parameter. For eachalternative pathr′ ∈ Ralt, the valueof γr′ is dynamicallyadjusted

between1 andγ̂, aswill beexplainedlater. As shown in Figure6.3(a),at thebeginningof

eachcycle, fr is setto γr. Every time a flow routedalongpathr is blocked,fr is decre-

mented.Whenfr reacheszero,pathr is consideredineligible. At any time onlythesetof

eligiblepaths,denotedbyRelg, is usedto routeflows. A pathfrom currenteligiblepathset

Relg is selectedusingaweighted-round-robin-likepathselector(wrrps). Thewrrps proce-

dureis describedbelow. OnceRelg becomesempty, thecurrentcycle is endedanda new

cycle is startedwith Relg = R andfr = γr.

WeightedRoundRobinProcedurefor PathSelection

Given a setRelg of eligible pathsandtheir associatedproportions{αr, r ∈ Relg}, wrrps

picksapathr ∈ Relg basedon its weight,wr = αr
∑

s∈Relg
αs

. Insteadof usingaprobabilistic

methodsuchaspicking a path r with probabilitywr, we opt to employa deterministic

algorithmto ensurethatflow proportionsarepreservedwithin assmalla time window as

possible.This is implementedby usinga deterministicsequenceof pathswhich hasthe

propertythatthepathsaredistributedperiodicallywith a frequency which closelyapprox-

imatestheprescribedflow proportions.Thissequenceis generatedby wrrpson thefly: for

anincomingflow, wrrps generatesthenext pathin thesequenceandroutes theflow along

thepath.
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k : total numberof pathsin setRelg .
ri : pathassociatedwith index i.
wri

: weightassociatedwith pathri.
nri

: numberof timespathri wasselected.
l : run lengthof themostrecently selectedpath.
Wi : wri

+ wri+1
+ · · · + wrk

.
Ni : nri

+ nri+1
+ · · · + nrk

.

(a)notation

1. PROCEDURE wrrps()
2. For i = 1, 2, . . . , k
3. If lWi+1 < wri

andWi+1nri
≤ wri

Ni+1
4. break
5. SetWi+1 = Wi+1 + wri

− wri+1
6. SetNi+1 = Ni+1 + nri

− nri+1
7. Swap ri andri+1
8. Set l = 0
9. Set nr0

= nr0
+ 1; Nr0

= Nr0
+ 1;

10. Set l = l + 1
11. Return r0
12. END PROCEDURE

(b) pathselection

Figure6.4: Thewrrps procedure

The wrrps procedureis shown in Figure6.4. It keepstrack of the numberof timeseach

pathwasselected(nri) andtherunlength(l) of themostrecently selectedpath.It maintains

anorderedlist of pathsandthefirst pathin thelist is selectedaslongasit satisfiesboththe

following constraints:1) its weight is morethanits run lengthtimestheweightof therest

of paths(lW1 < wr0); 2) ratio of the numberof timesit wasselectedandthe numberof

timesall otherswereselectedis lessthanor equalto theratio of its weightandweightof

therestof paths(W1nr0 ≤ wr0N1). Otherwisethis pathis pusheddown theorderandthe

run lengthis resetto 0. Thenit returnsthefirst pathin thelist. A samplewrrps generated

sequencewherethecurrenteligible setRelg hasfour pathsr1, r2, r3 andr4 with weights

1/2,1/4,1/8, and1/8 respectively is: r1 r2 r1 r3 r1 r2 r1 r4 r1 r2 r1 r3 . This sequence

hasthepropertythat in every window of size2 thereis an r1 andan r2 in every window

of size4. Similarly, oner3 and oner4 in all windows of size8. Assumingthatup to the

lastr1 arethepathschosensofar, thenext pathselectedon thefly by thewrr pathselector

would ber3. Notealsothatevery time theeligible pathsetRelg changes,a new sequence

is generated,andflowsarriving thereafterarethusroutedaccordingto thisnew sequence.

Computation of flow proportions

Flow proportions{αr, r ∈ R} arerecomputedat theendof eachobservationperiod(see

Figure6.3(b)). An observationperiodconsistsof η cycles,whereη is a configurablesys-

temparameterusedto control therobustnessandstability of flow statisticsmeasurement.

During eachobservationperiod,we keeptrackof thenumberof flows routedalongeach

pathr ∈ R usinga counternr. At the beginning of an observation period,nr is set to

0. Every time pathr is usedto routea flow, nr is incremented.Sinceanobservationpe-

riod consistsof η cycles, and in every cycle, eachpath r hasexactly γr flows blocked,

the observed flow blocking probability on path r is br = ηγr
nr

. For eachminhop path
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r ∈ Rmin, its new proportionαr is recomputedat the endof an observation periodand

is given by αr = nr/ntotal, wherentotal =
∑

r∈R nr is the total numberof flows routed

during an observation period. Recall that for a minhoppathr ∈ Rmin, γr = γ̂. Hence

αrbr = nr
ntotal

ηγr
nr

= nr
ntotal

ηγ̂

nr
= ηγ̂

ntotal
. This shows that theabove methodof assigningflow

proportionsfor theminhoppathsequalizestheir flow blockingrates.

Weusetheminimumblockingprobabilityamongtheminhoppaths,b∗ = minr∈Rmin br, as

the referenceto control flow proportionsfor thealternative paths.This is doneimplicitly

by dynamicallyadjustingthemaximumpermissibleflow blockingparameterγr′ for each

alternativepathr′ ∈ Ralt. At theendof anobservationperiod,let br′ = ηγr′

nr′
betheobserved

flow blocking probability for an alternative pathr′. If br′ > b∗, γr′ := max{γr′ − 1, 1}.

If br′ < ψb∗, γr′ := min{γr′ + 1, γ̂}. If ψb∗ ≤ br′ ≤ b∗, γr′ is not changed.By having

γr′ ≥ 1, we ensurethat someflows areoccasionallyroutedalongalternative pathr′ to

probeits “quality”, whereasby keepingγr′ always below γ̂, we guaranteethat minhop

pathsarealwayspreferredto alternative pathsin routing flows. The new proportionfor

eachalternative pathr′ is againgivenby αr′ = nr′/ntotal. Note thatsinceγr′ is adjusted

for thenext observationperiod,theactualnumberof flows routedalongalternativepathr′

will bealsoadjustedaccordingly.

6.2.1 PerformanceEvaluation and Analysis

Thissectionevaluatestheperformanceof theproposedlocalizedproportionalroutingscheme

psr andcomparesit with the globalbest-pathrouting schemewidestshortestpath (wsp).

We startwith thedescriptionof thesimulationenvironmentandthencomparetheperfor-

manceof psrandwspin termsof theoverall blockingprobabilityandroutingoverhead.

6.2.1.1 SimulationEnvironment

Figure6.5shows thetwo topologies,bigispandrand, usedin our study. Thebigisp topol-

ogy is sameastheonein Figure5.1(a).However, thesimulationsettinghereis somewhat

differentfrom theonedescribedin Section5.2.4.1.Hencewe detail thesimulationenvi-

ronmentagainthoughthereis quitea bit of overlapin thesettings.Therand topologyis a

randomgraphgeneratedby GT-ITM [113] andusedin [31]. For simplicity, all thelinks are

assumedto bebidirectionalandof equalcapacityin eachdirection.Therandtopologyhas

threetypesof links: thin, thick anddottedwhile bigisp topologyhasonly thin links. All

thin links have samecapacitywith C1 unitsof bandwidthandsimilarly all the thick links
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Figure6.5: Topologiesusedin performanceevaluation

haveC2 units. Thedottedlinks aretheaccesslinks andfor thepurposeof our studytheir

capacityis assumedto beinfinite. Flows arriving into thenetwork areassumedto require

oneunit of bandwidth.Hencea link with capacityC canaccommodateat mostC flows

simultaneously.

Theflow dynamicsof thenetwork ismodeledasfollows(similarto themodelusedin [103]).

Flows arrive at a sourcenodeaccordingto a Poissonprocesswith rateλ. Thedestination

nodeof a flow is chosenrandomlyfrom the setof all nodesexcept the sourcenode. In

caseof bigispall nodesareconsideredto becapableof beingsourceor destinationnodes

for flows. But in caseof rand topology, only thenodesattachedto thedottedaccesslinks

areassumedto be endpointsof flows. The holding time of a flow is exponentiallydis-

tributedwith mean1/µ. Following [103], theofferednetwork loadon bigisp is givenby

ρ = λNh̄/µL1C1, whereN is the numberof sourcenodes,L1 the numberof links, and

h̄ is themeannumberof hopsperflow, averagedacrossall source-destinationpairs.Sim-

ilarly theofferedloadon rand is givenby ρ = λNh̄/µ(L1C1 + L2C2), whereL1 andL2

arethenumberof thin andthick links respectively. Theparametersusedin simulationare

C1 = 20, C2 = 40, 1/µ = 60 sec.ThetopologyspecificparametersareN = 18, L1 = 60,

h̄ = 2.36 for bigisp andN = 56, L1 = 100, L2 = 22, h̄ = 4.38 for rand. The average

arrival rateatasourcenodeλ is setdependinguponthedesiredload.
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Figure6.6: Impactof updateinterval

6.2.1.2 BlockingProbability

Theperformanceof wspandpsr is comparedby measuringtheblockingprobabilityunder

varioussettings.We first presentthe impactof updateinterval on theperformanceof wsp

andshow how the blocking probability increasesrapidly asupdateinterval is increased.

We then comparethe performanceundervarious loadsand concludethat the blocking

probability of psr is comparableto that of wsp even at small updateintervals. Finally

wemeasuretheirperformanceundernon-uniformloadconditionsanddemonstratethatpsr

is betteratalleviating theeffectof “hot spots”.

Varying update interval

Figure6.6 comparestheperformanceof wspandpsr for bothbigispandrand topologies.

Thevaluesfor configurableparametersin psr weresetto η = 3, γ̂ = 5, andψ = 0.8. The

performanceis measuredin termsof theoverallflow blockingprobability, which is defined

astheratio of the total numberof blocksto thetotal numberof flow arrivals. Theoverall

blockingprobabilityis plottedasafunctionof theupdateinterval. Theofferedloadwasset

to 0.60 in caseof bigispand0.40 in caseof rand. Notethatupdateinterval is usedonly in

wspin conjunctionwith a thresholdbasedtriggeringpolicy, to enforceaminimumspacing

betweenupdates.The thresholdbasedpoliciestriggeranupdatewhenever thepercentof

changein bandwidthis greaterthana constantthresholdvalue. In our simulations,this

thresholdis set to 50%1. From the figures,we seethat asthe updateinterval of wsp in-
1Note thatblockingperformanceof thresholdbasedtriggerwith hold-down timer T would beno better
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creases,theblockingprobabilityof wsprapidlyapproachesthatof psrandperformsworse

for larger updateintervals. In the caseof bigisp topology, psr performsbetterthanwsp

whenthe updateinterval goesbeyond65 sec. For rand topology, this crossover happens

at a muchsmallerupdateinterval of lessthan10 sec.This shows thatpsr usingonly local

informationperformsbetterthanglobal informationexchangebasedwspeven whenthe

updateinterval is reasonablylow.

Varying offered load

Figure 6.7 shows the blocking performanceof thesetwo schemesas a function of the

offerednetwork load. As before,theperformanceis measuredin termsof theoverall flow

blockingprobability. Thenetwork loadis variedfrom 0.50 to 0.70 in casebigispand0.35

to 0.55 in caseof rand. Theperformanceof wspis plottedfor threeupdateintervalsof 30,

60 and120 for the bigisp caseandsimilarly for 0, 10, and15 in caseof rand. It is clear

that theblockingperformanceof psr is quitesimilar to thatof wspwith updateinterval of

60 secin caseof bigisp topology. For thecaseof rand thepsr’s performanceis betterthan

wspwith updateinterval of 10 sec.Theperformanceof wspis poor, particularlyin caseof

randwherethepathsarelongerandthenumberof minhoppathsarefewer. In suchacase,

wspschemedueto its preferencefor shortestpaths,seemto selectminhoppathsevenwhen

they arecongested.Ontheotherhand,psrusesalternatepathsjudiciouslyandyieldsmuch

lowerblockingprobability. Theseresultsindicatethatevenatsmallerupdateintervalswsp

faresnobetterthanpsr.

Varying non-uniform traffic

It is likely thatasourcenodereceivesalargernumberof flowsto afew specificdestinations

[11], i.e, a few destinationsare“hot”. Ideally a sourcewould like to have moreup-to-date

view of theQoSstateof the links alongthepathsto these“hot” destinations.In thecase

of wsp, this requiresmore frequentQoS stateupdates,resultingin increasedoverhead.

But in the caseof psr, becauseof its adaptivity and statisticscollection mechanism,a

sourcedoeshave more accurateinformation about the frequentlyusedroutesand thus

alleviatesthe effect of “hot spots”. We illustrate this by introducingincreasedlevels of

traffic betweencertainpairs of network nodes(“hot pairs”), as was donein [2]. Apart

from thenormalloadthat is distributedbetweenall source-destinationpairs,anadditional

load(hot load)is distributedamongall thehot pair nodes.Thehot pairschosenfor bigisp

than simple timer basedtrigger with updateinterval of T. The key differenceis in the amountof update
messageoverhead.
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Figure6.7: Performanceundervariousloads

topology are (2, 16), (3, 17), and (6, 15). Similarly in caseof rand topology, the thick

routersareconsideredto bethewebserversandhencemoretraffic is assumedto flow from

thesetwo nodesto all othernodes.Thenormalloadis fixedat0.50 for bigispand0.40 for

randandtheextra loadis varied.Figure6.8shows theoverall flow blockingprobabilityas

a functionof theextra load.

First considerthecaseof bigisp topology. Whentheadditionalload is lessthan0.01, the

blockingperformanceof psr is comparableto wspwith updateinterval of 60 sec. But as

thetraffic betweenhot pairsincreases,psr progressively doesbetterin comparisonto wsp.

Particularlywhenthehot loadis 0.06, theperformanceof psr is evenbetterthanwspwith

anupdateinterval of 30 sec.In caseof randtopologytheperformanceof psr is muchbetter

thanwspwith updateinterval 10 secirrespective of theamountof hot load. This not only

shows the limitation of global QoSrouting schemessuchaswspbut also illustratesthe

advantageof self-adaptivity in localizedQoSroutingschemessuchaspsr.

6.2.1.3 HeterogeneousTraffic

The discussionso far is focusedon the casewherethe traffic is homogeneous,i.e., all

flows requestfor oneunit of bandwidthandtheir holdingtimesarederivedfrom thesame

exponentialdistribution with a fixedmeanvalue.Herewe studytheapplicabilityof psr in

routingheterogeneoustraffic whereflows couldrequestfor varyingbandwidthswith their

holding timesderived from differentdistributions. We demonstratethatpsr is insensitive

to thedurationof individualflowsandhencewedonotneedto differentiateflowsbasedon

54



1

2

3

4

5

6

7

8

9

10

0 0.01 0.02 0.03 0.04 0.05 0.06

flo
w

 b
lo

ck
in

g 
pr

ob
ab

ili
ty

 (
%

)

hot load

psr
wsp (30)
wsp (60)

wsp (120)

(a)bigisp

4

5

6

7

8

9

10

11

12

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045 0.05

flo
w

 b
lo

ck
in

g 
pr

ob
ab

ili
ty

 (
%

)

hot load

psr
wsp (0)

wsp (10)
wsp (15)

(b) rand

Figure6.8: Performanceundernon-uniformloadconditions

theirholdingtimes.Wealsoshow thatwhenthelink capacitiesareconsiderablyhigherthan

the averagebandwidthrequestof flows, it may not be necessaryto treatthemdifferently

andhencepsrcanbeusedasis to routeheterogeneoustraffic.

Considerthecaseof traffic with k typesof flows,eachflow of typei having ameanholding

time 1/µi andrequestingbandwidthBi. Let ρi betheofferedloadon thenetwork dueto

flows of type i, wherethetotal offeredload,ρ =
∑k
i=1 ρi. Thefractionof total traffic that

is of type i, φi = ρi/ρ. The arrival rateof type i flows at a sourcenode,λi is given by

λi = ρiµiLC/Nh̄Bi, which is anextensionof theformulapresentedin Section6.2.1.1.To

accountfor theheterogeneityof traffic, bandwidthblockingratiois usedastheperformance

metric for comparingdifferentroutingschemes.Thebandwidthblocking ratio is defined

astheratioof thebandwidthusagecorrespondingto blockedflowsandthetotalbandwidth

usageof all the offeredtraffic. Supposebi is the observed blocking probability for flows

of type i, thenthebandwidthblocking ratio is givenby
∑k

i=1

biλiBi
µi

∑k

i=1

λiBi
µi

. In the following, we

comparetheperformanceof psr andwsp, measuredin termsof bandwidthblockingratio,

underdifferenttraffic conditions,varyingthefractionsφi to controlthetraffic mix.

Mixed holding times

First, considerthe caseof traffic with 2 typesof flows, eachwith differentmeanholding

timesbut requestfor thesameamountof bandwidth.Figure6.9shows theperformanceof

psr andwsp for this casewhere1/µ1 and1/µ2 are60 and120 secondsrespectively and

B1 = B2 = 1. Theloadρ is setto 0.60 for theuniformloadcaseandit is setto 0.50 for the
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Figure6.9: Performancefor flowswith mixedholdingtimes

caseof non-uniformloadwith hot loadof 0.05. Thebandwidthblockingratio is plottedas

a functionof thefractionφ1 correspondingto type1 flows (shortflows). It is quiteevident

thattheperformanceof wspdegradesastheproportionof shortflowsincreaseswhile thatof

psrstaysalmostconstant.Thebehavior of wspis asexpectedsincetheshorterflowscause

morefluctuationin the network QoSstateandthe informationat a sourcenodebecomes

moreinaccurateastheQoSstateupdateinterval getslargerrelative to flow dynamics.On

thecontrary, psr is insensitive to thedurationof flows,whichcanbeexplainedasfollows.

Thebehavior of psr is not surprisingsinceErlangformula is known to beapplicableeven

when the flow holding times are not exponentiallydistributed and blocking probability

dependsonly on the load, i.e., the ratio of arrival rate and servicerate. For the above

caseof two typesof flows, theaggregatearrival rate,λ, is givenby λ = λ1 + λ2 andthe

meanholding time, 1/µ, is givenby 1
µ

= 1
µ1

λ1

λ1+λ2
+ 1

µ2

λ2

λ1+λ2
. This heterogeneoustraffic

canthenbetreatedasequivalentto homogeneoustraffic with arrival rateλ, meanholding

time 1/µ and the correspondingload λ/µ = λ1/µ1 + λ2/µ2. So for a given load, the

blocking probability would be sameirrespective of the meanholding timesof individual

flows. Hencewedonotneedto differentiateflowsbasedon their holdingtimes.

Varying bandwidth requests

Now, considerthecaseof traffic with 2 typesof flows,eachrequestingfor differentamount

of bandwidthbut having samemeanholding time. As above, the loadρ is setto 0.60 for

theuniform loadcaseandit is setto 0.50 for thecaseof non-uniformloadwith hot load
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Figure6.10:Performancefor flowswith variablebandwidthrequests

of 0.05. Figure 6.10 shows the performanceof psr and wsp for this casewhereB1 =

1, B2 = 2, and1/µ1 = 1/µ2 = 60 sec. Onceagain,the bandwidthblocking ratio is

plottedasa function of the fraction φ1 correspondingto type 1 flows (small flows). As

expected,both schemesperformbetterasthe proportionof small flows increases.It can

also be seenthat thereis no discerniblechangein the relative performanceof psr with

respectto wsp. Ourresultsshow thatwhentherequestedbandwidthis significantlysmaller

than the link capacity, it may not be necessaryfor psr to differentiatebetweendifferent

bandwidthrequests.As mentionedbeforein Section5.1, whenthe link capacityis large,
b1
b2

= d1
d2

. Thisimpliesthat λ1b1
λ2b2

= φ1

φ2
, i.e.,theblockingrateof flowsof atypeis proportional

to their fraction in the total offered load. Consequently, performanceof a equalization

basedproportionalroutingschemewould besamewith or without categorizing theflows

into differentclasses.Consideringthat in practicelink capacitiesaremuchlarger thanan

individual flow’s bandwidthrequest,psr canbe usedas is to routeheterogeneoustraffic

also.

6.2.1.4 RoutingOverhead

Wenow take acloselook at theamountof overheadinvolvedin thesetwo routingschemes.

This overheadcanbecategorizedinto pathselectionoverheadandinformationcollection

overhead.Wediscussthesetwo separatelyin thefollowing.

Thewspschemeselectsa pathby first pruningthe links with insufficient availableband-

width andthenperforminga variantof Dijkstra’s algorithmon theresultinggraphto find
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theshortestpathwith maximumbottleneckbandwidth.Thistakesat leastO(E logN) time

whereN is the numberof nodesandE is the total numberof links in the network. As-

sumingprecomputationof asetof pathsR to eachdestinationto avoid searchingthewhole

graphfor pathselection,it still needto traverseall the links of theseprecomputedpaths.

This amountsto an overheadof O(L), whereL is the total numberof links in the setR.

On theotherhand,thepathselectionin psr is simply aninvocationof wrrps whoseworst

casecomplexity isO(|R|) which is muchlessthanO(L) for wsp.

Now considertheinformationcollectionoverhead.In wsp, eachsourceacquiresanetwork-

wide view on thestatusof links throughlink stateupdates.Every routeris responsiblefor

maintainingQoS stateand generatingupdatesaboutall the links adjacentto it. These

updatesaresenteitherperiodicallyor aftera significantchangein the resourceavailabil-

ity sincethe last update. They arepropagatedto all the routersin the network through

flooding. As in OSPF[65] eachrouter is responsiblefor maintaininga consistentQoS

statedatabase.This incursbothcommunicationandprocessingoverhead.In contrast,the

routersemploying psr schemedo not exchangeany suchupdatesandthuscompletelydo

away with this overhead.Only sourceroutersneedto keeptrack of routelevel statistics

andrecomputeproportionsafter every observation period. Statisticscollectionin psr in-

volvesonly incrementanddecrementoperationscostingonly constanttime perflow. The

proportioncomputationprocedurein psr itself is extremelysimpleandcostsno morethan

O(|R|).

6.3 Approximation of ebp

In theprevioussection,wepresentedpsrschemethatapproximatesebrstrategy andshown

that it is a viable alternative to global schemessuchaswsp. In this section,we describe

an approximationof ebpstrategy that is suitablefor practicalimplementation.We refer

to this approximationalsoasebpscheme.In this section,we first describetheproportion

computationprocedurein ebpthatat theendof anobservationperiodcomputesnew pro-

portionsbasedon theofferedloadandtheobservedblockingprobabilitiesin thatperiod.

We thencomparetheperformanceof ebpwith psr, wspandotherschemes,andshow that

ebpperformsthebestamonglocalizedproportionalroutingschemes.Finally, westudythe

sensitivity andoptimalityof ebpscheme.
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6.3.1 Proportion Computation

Theebpstrategy canbeimplementedusingthefollowing procedureto computenew pro-

portionsafter an observation period. First, the currentaverageblocking probability b̄ =
∑k
i=1 αribri is computed. Then, the proportionof load onto a pathri is decreasedif its

currentblocking probability bri is higherthanthe averagēb andincreasedif bri is lower

than b̄. Themagnitudeof changeis determinedbasedon therelative distanceof bri from

b̄ andtwo configurableparametersto ensurethatchangeis gradual.Theseparametersare

maximumproportional change, δ andthecorrespondingexpectedproportional change in

blockingprobabilityφ. Theseparameterscapturetherelativechangein blockingprobabil-

ity correspondingto a changein the load, i.e., if the load is changedby a fraction δ, the

blockingprobabilitywould changeby a fractionφ. Basedon theseparameters,if bri > b̄,

theloadontoapathri is decreased,i.e.,

ν∗ri =
νi

1 +min(δ,
bri−b̄
bri

δ
φ
)

It is increasedif bri < b̄, i.e.,

ν∗ri = ν∗i (1 +min(δ,
b̄− bri
b̄

δ

φ
))

The correspondingproportionswould then be α∗
i =

ν∗ri
∑k

j=1
ν∗
j

. The meantime between

proportioncomputationsis controlledby aconfigurableparameterθ. Theblockingperfor-

manceof thecandidatepathsareobserved for a periodθ andat theendof theperiodthe

proportionsarerecomputed.Thisperiodθ shouldbelargeenoughto allow for areasonable

measurementof thequalityof thecandidatepathsandsmallenoughto ensureadaptivity to

changingtraffic conditions.

6.3.2 PerformanceEvaluation

Wenow evaluatetheperformanceof ebpusingsimulations.Thesimulationsettingusedfor

this studyis sameastheonepresentedin Section5.2.4.1.Only thing we needto mention

hereis thatall theresultspresentedherecorrespondto simulationsonbigisptopology. The

parametersin thesimulationaresetasfollows by default. Any changefrom thesesettings

is explicitly mentionedwherever necessary. Thevaluesfor configurableparametersin ebp
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Figure6.11:Performanceof variouslocalizedroutingschemes

areδ = 0.2, φ = 1.0, θ = 60 minutes(hereafterwritten asjust m). For eachpairσ, all the

pathsbetweenthemwhoselengthis at mostonehopmorethantheminimum numberof

hops(bothminhopandminhop+1 paths)arechosenascandidatepaths.

Wefirst comparetheperformanceof variouslocalizedroutingschemes.Thesrr schemeis

thesticky randomroutingschemedescribedin Section4.2.1.Thelar schemeis thelearning

automatabasedroutingschemepresentedin Section4.2.2.Theconfigurableparametersin

lar arefixedatǫ = 0.01 anda = 0.02. Both theseschemesperformworsewhenminhop+1

pathsarealsomadecandidatesandso we usetheir performancewith minhoppathsonly

ascandidatesfor comparison.Theparametersin psr schemearesetto η = 3, γ̂ = 5, and

ψ = 0.8.

Figure6.11(a)shows theperformanceof theseschemeswhentheofferedload is fixedat

0.55. Theoverall blockingprobabilityis shown asa functionof time. First thing to noteis

theconvergenceof ebp. Startingwith arbitraryproportions,it graduallyadaptsandreaches

a stablestate. All the otherschemesconverge morequickly but block many moreflows

thanebp. Amongtheseschemessrr performsworse.This is becausesticky routingdirects

thewhole loadontoonepathtill it blocks,while theotherpathis relatively idle. Though

this schemeis supposed [25]to equalizethe blocking ratesof candidatepaths,it does

not ensurethat the correspondingproportionsaremaintainedin small time intervals. On

the otherhand,the psr schemeattemptsto maintaintheseproportionswhile usingsticky

routingprincipleto obtaintheproportions.Consequentlypsr schemeperformsbetterthan

srr. Theebpschemeperformsevenbetterthanpsr, particularlywhenthe load is high as
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Figure6.12:Performanceof ebpvswsp

asshown in Figure6.11(b).This figureshows theblockingperformanceof theseschemes

undervariousloads.It canbeseenthatacrossall loadstheperformanceof ebpschemeis

betterthanthe restof the schemes.Hencewe chooseebpschemefor localizedadaptive

proportioningof flowsandfurtherstudyits behavior.

We now comparetheperformanceof ebpwith wsp. Onceagain,theFigure6.12(a)shows

theoverall blockingprobabilityasa functionof time with theloadsetto 0.55. Theperfor-

manceof wspis shown for threedifferentupdateintervals (inminutes):0.0, 0.5, 1.0. The

updateinterval of 0.0 impliesthatanupdateis generatedfor everychangein a link’savail-

ablebandwidth. This correspondsto the performanceof a server that keepstrack of the

precise currentstateof thenetwork andperformspathselectionandadmissioncontrolin a

centralizedmanner. As observedearlier, theimpactof updateinterval on wspis drasticas

canbeseenfrom thejump in theblockingprobabilitywhentheupdateinterval is changed

from anunrealisticsettingof 0 to amorerealisticvalueof 0.5 minutesor 30 seconds.This

shows that best-pathrouting is goodwhen the bandwidthavailability information is ac-

curatewhich requiresfrequentupdates.On the otherhand,our ebpschemewithout any

global updatesperformsaswell aswspwith updateinterval of 30 seconds.This is true

acrossvariousloadsasshown in Figure6.12(b).

We now studythesensitivity of ebpto thevalueschosenfor δ, φ, andθ. We first look at

the impactof observation interval on theperformanceof ebpby varyingthe interval from

30 to 90 minutes. The valuesof δ andphi aresetto 0.1 and0.5 andthe load is fixed at

0.55. The correspondingresultsareshown in Figure6.13(a). With smallerobservation
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Figure6.13:Sensitivity of ebpscheme

interval, ebpconvergesrelatively faster. But the overall performanceis almostsamefor

all observationinterval settings.Figure6.13(b)shows theresultsof our simulationswhen

the observation interval θ is fixed at 60 minutes,andδ andphi arevaried. Herethereis

someimpactof varioussettingson the performanceof ebp. However, the differencein

overall blockingprobabilitiesis notsignificantandwecansaythattheperformanceof ebp

is relatively insensitive to its parametersettings.

One importantobservation that canbe madefrom Figure6.13 is the significantgapbe-

tweenthe performanceof ebpandthe offline optimal proportioningschemeopr. While

ebp is supposedto be a near-optimal strategy, theseresultsshow that it may not work as

well in practiceasin theory. Therearetwo reasonsfor this gap. First, dueto statistical

variationstheblockingprobability informationof a pathgatheredby a sourcedependson

theobservation interval andmaynot beprecise.Second,while in theoryit is possibleto

probethequality of a pathby routing infinitesimallysmallproportionof traffic, in reality

non-negligible proportionof traffic hasto be sentalongeachcandidatepathto probeits

quality. Consequently, badcandidatepathsaffect theperformanceof any practicalpropor-

tional routingscheme.Hencetheperformanceof localizedschemessuchasebpdepends

critically on thechoiceof candidatepaths.In thenext chapter, we addressthis problemof

how to selecta few goodcandidatepaths.
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Chapter 7

CandidatePath Selection

7.1 Hybrid Approachto QoSRouting

Thelocalizedapproachto proportionalroutingdescribedin thepreviouschaptersis simple

andhasseveralimportantadvantages.Howeverit hasalimitation thatroutingis donebased

solelyon the informationcollectedlocally. A network nodeunderlocalizedQoSrouting

approachcanjudgethequality of paths/linksonly by routingsometraffic alongthem. It

would have no knowledgeaboutthe stateof the restof the network. While the propor-

tionsfor pathsareadjustedto reflectthechangingqualitiesof paths,thecandidatepathset

itself remainsstatic.To ensurethatthelocalizedschemeadaptsto varyingnetwork condi-

tions,many feasiblepathshave to bemadecandidates.It is not possibleto preselecta few

goodcandidatepathsstatically. Henceit is desirableto supplementlocalizedproportional

routingwith amechanismthatdynamicallyselectsa few goodcandidatepaths.

Two key questionsthat arisein candidatepathselectionarehow many pathsareneeded

andhow to find thesepaths.Clearly, the numberandthe quality of the pathsselectedas

candidatesdictatethe performanceof a proportionalrouting scheme.Thereareseveral

reasonswhy it is desirableto minimize thenumberof pathsusedfor routing. First, there

is a significantoverheadassociatedwith establishing,maintainingand tearingdown of

paths.Second,thecomplexity of theschemethatdistributestraffic amongmultiple paths

increasesconsiderablyasthenumberof pathsincreases.Third, therecouldbea limit on

thenumberof explicitly routedpathssuchaslabelswitchedpathsin MPLS [92] thatcan

besetupbetweena pair of nodes.Thereforeit is desirableto useasfew pathsaspossible

while at thesametimeminimizethecongestionin thenetwork.
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For judiciousselectionof paths,someknowledgeregardingthe (global) network stateis

crucial. This knowledgeaboutresourceavailability at network nodes,for example,canbe

obtainedthrough(periodic) informationexchangeamongroutersin a network. Because

network resourceavailability changeswith eachflow arrival anddeparture,maintaining

accurate view of network QoSstaterequiresfrequentinformationexchangesamongthe

network nodesandintroducesboth communicationandprocessingoverheads.However,

theseupdateswouldnotcausesignificantburdenon thenetwork aslongastheir frequency

is not morethanwhat is neededto convey connectivity informationin traditionalrouting

protocolslike OSPF[65]. The QoSstateof eachlink could thenbe piggybacked along

with theconventionallink stateupdates.Henceit is importantto devisemultipathrouting

schemesthatworkwell evenwhentheupdatesare infrequent.

Weproposesuchaschemewidestdisjointpaths(wdp)thatusesproportionalrouting— the

traffic is proportionedamonga few widestdisjoint paths. It usesinfrequentlyexchanged

global informationfor selectinga few goodpathsbasedon their long termavailableband-

widths. It proportionstraffic amongtheselectedpathsusinglocal informationto cushion

theshorttermvariationsin their availablebandwidths.Thusthehybrid approachto QoS

routingadaptsat differenttime scalesto thechangingnetwork conditions.Therestof the

chapterdiscusseswhattypeof globalinformationis exchangedandhow it is usedto select

a few goodpaths.It alsodescribeswhatinformationis collectedlocally andhow traffic is

proportionedadaptively. Wefirst briefly mentionsomeof therelatedwork.

RelatedWork

Several multipathrouting schemeshave beenproposedfor balancingthe load acrossthe

network. TheEqualCostMultipath (ECMP) [65] andOptimizedMultipath (OMP) [108,

109] schemesperformpacket level forwardingdecisions.ECMPsplits the traffic equally

amongmultiple equalcostpaths.However, thesepathsaredeterminedstaticallyandmay

not reflectthecongestionstateof thenetwork. Furthermore,it is desirableto apportionthe

traffic accordingto thequality of eachpath. OMP is similar in spirit to our work. It also

usesupdatesto gatherlink loadinginformation,selectsa setof bestpathsanddistributes

traffic amongthem. However, our schememakesrouting decisionsat the flow level and

consequentlytheobjectivesandproceduresaredifferent.

Another approachto path selectionis to precomputemaximally disjoint paths[81] and

attemptthemin someorder. This is staticandoverly conservative. Whatmattersis not the
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sharingitself but thesharingof bottleneck links, whichchangewith network conditions.In

ourschemewedynamicallyselectpathssuchthatthey aredisjointw.r.t bottlenecklinks.

7.2 WidestDisjoint Paths

In this section,we presentthe candidatepathselectionprocedureusedin wdp. To help

determinewhethera pathis goodandwhetherto includeit in the candidatepathset,we

definewidth of a pathandintroducethe notion of width of a setof paths. The candidate

pathsetRσ for a pairσ is changedonly if it increasesthewidth of thesetRσ or decreases

thesizeof thesetRσ without reducingits width. Thewidthsof pathsarecomputedbased

on link stateupdatesthat carry average residualbandwidthinformationabouteachlink.

Thetraffic is thenproportionedamongthecandidatepathsusingebp.

A basicquestionthat needsto be addressedby any pathselectionprocedureis what is a

“good” path.In general,a pathcanbecategorizedasgoodif its inclusionin thecandidate

pathsetdecreasestheoverall blockingprobabilityconsiderably. It is possibleto judgethe

utility of a pathby measuringtheperformancewith andwithout usingthepath.However,

it is not practicalto conductsuchinclusion-exclusionexperimentfor eachfeasiblepath.

Moreover, eachsourcehasto independentlyperform suchtrials without being directly

awareof theactionsof othersourceswhich areonly indirectly reflectedin thestateof the

links. Henceeachsourcehasto try outpathsthatarelikely to decreaseblockingandmake

suchdecisionswith somelocalobjective thatleadsthesystemtowardsaglobaloptimum.

Whenidentifyingasetof candidatepaths,anotherissuethatrequiresattentionis thesharing

of links betweenpaths.A setof pathsthataregoodindividually maynot performaswell

asexpectedcollectively. This is dueto thesharingof bottleneck links. Whentwo candidate

pathsof a pair sharea bottlenecklink, it maybepossibleto remove oneof thepathsand

shift all its load to the other path without increasingthe blocking probability. Thus by

ensuringthat candidatepathsof a pair do not sharebottlenecklinks, we canreducethe

numberof candidatepathswithout increasingtheblockingprobability. A simpleguideline

to enforcethis could be that the candidatepathsof a pair be mutually disjoint, i.e., they

do not shareany links. This is overly restrictive, sinceevenwith sharedlinks, somepaths

cancausereductionin blocking if thoselinks arenot congested.What mattersis not the

sharingitself but the sharingof bottleneck links. While the sharingof links amongthe

pathsis static informationindependentof traffic, identifying bottlenecklinks is dynamic

sincethe congestionin the network dependson the offered traffic and routing patterns.
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Thereforeit is essentialthatcandidatepathsbemutuallydisjointw.r.t bottleneck links.

To judgethequality of a path,we definewidth of a pathasthe theresidualbandwidthon

its bottlenecklink. Let ĉl bethemaximumcapacityof link l andνl betheaverageloadon

it. Thedifferencecl = ĉl − νl is theaverageresidualbandwidthon link l. Thenthewidth

wr of apathr is givenbywr = minl∈r cl. Thelargerits width is, thebetterthepathis, and

thehigherits potentialis to decreaseblocking.Similarly wedefinedistance [56] of apath

r as
∑

l∈r
1
cl

. Theshorterthe distanceis, thebetterthepathis. The widths anddistances

of pathscanbecomputedgiventheresidualbandwidthinformationabouteachlink in the

network. This informationcanbeobtainedthroughperiodiclink stateupdates.To discount

shorttermfluctuations,theaverageresidualbandwidthinformationis exchanged.Let τ be

theupdateinterval andutl betheutilization of link l duringtheperiod(t − τ, t). Thenthe

averageresidualbandwidthat time t, ctl = (1− utl)ĉl. Hereafterwithout thesuperscript,cl
refersto themostrecentlyupdatedvalueof theaverageresidualbandwidthof link l.

To aid in pathselection,we alsointroducethenotionof width for a setof pathsR, which

is computedasfollows. We first pick thepathr∗ with the largestwidth wr∗. If thereare

multiplesuchpaths,wechoosetheonewith theshortestdistancedr∗. Wethendecreasethe

residualbandwidthon all its links by anamountwr∗. This effectively makesthe residual

bandwidthon its bottlenecklink to be0. We remove thepathr∗ from thesetR andthen

selecta pathwith the next largestwidth basedon the just updatedresidualbandwidths.

Note that this changein residualbandwidthsof links is local and only for the purpose

computingthewidth of R. Thisprocessis repeatedtill thesetR becomesempty. Thesum

of all thewidthsof pathscomputedthusis definedasthewidth ofR. Notethatwhentwo

pathssharea bottlenecklink, the width of two pathstogetheris sameas the width of a

singlepath.Thewidth of a pathsetcomputedthus,essentiallyaccountsfor thesharingof

links betweenpaths.

Theprocedureto computethewidthof apathsetR is shown in Figure7.1. In eachiteration,

a subsetof pathsR∗ with thelargestwidthw∗ areidentified(lines4-5). Fromthesewidest

paths,apathr∗ with theshortestdistanced∗ is selected(lines6-7). Thewidthw∗ of pathr∗

is addedto thetotalwidthW (line 8). Theresidualcapacitiesof all thelinks alongthepath

r∗ is reducedby anamountw∗ (lines9-10). This in turnaffectsthewidthsof otherpathsin

R. Thepathr∗ is removedfrom theset(line 11) andthis processis repeatedtill thesetR

becomesempty(line 3). TheresultingW is consideredto bethewidth ofR. Thenarrowest

path,i.e., thelastpathremovedfrom thesetR is referredto asNARROWEST(R).
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1. PROCEDURE WIDTH(R)
2. W = 0
3. While R 6= ∅
4. w∗ = maxr∈R wr
5. R∗ = {r : r ∈ R,wr = w∗}
6. d∗ = minr∈R∗ dr
7. r∗ = {r : r ∈ R∗, dr = d∗}
8. W = W + w∗

9. For eachl in r∗

10. cl = cl − w∗

11. R = R \ r∗
12. ReturnW
13. END PROCEDURE

Figure7.1: Theprocedureto computewidth for apathsetR

Basedon this notion of width of a pathset,we proposea pathselectionprocedurethat

addsa new candidatepathonly if its inclusion increasesthewidth. It deletesanexisting

candidatepath if its exclusion doesnot decreasethe total width. In other words, each

modificationto thecandidatepathseteitherimprovesthewidth or reducesthenumberof

candidatepaths.Theselectionprocedureis shown in Figure7.2.First, theloadcontributed

by eachexistingcandidatepathis deductedfrom thecorrespondinglinks (lines2-4). After

this adjustment,the residualbandwidthcl on eachlink l reflectsthe load offeredon l by

all sourcedestinationpairsother thanσ. Given theseadjustedresidualbandwidths,the

candidatepathsetRσ is modifiedasfollows.

Thebenefitof inclusionof a feasiblepathr is determinedbasedon thenumberof existing

candidatepaths(lines6-8). If thisnumberis below thespecifiedlimit η, theresultingwidth

Wr is thewidth of Rσ ∪ r. Otherwise,it is thewidth of Rσ ∪ r\ NARROWEST(Rσ ∪ r),

i.e., the width after excluding the narrowestpathamongRσ ∪ r. Let W+ be the largest

width thatcanbeobtainedby addinga feasiblepath(line 9). This widthW+ is compared

with width of the currentsetof candidatepaths. A feasiblepath is madea candidateif

its inclusion in setRσ increasesthe width by a fraction ψ (line 10). Hereψ > 0 is a

configurableparameterto ensurethat eachaddition improves the width by a significant

amount.It is possiblethatmany feasiblepathsmaycausethewidth to beincreasedtoW+.

Amongsuchpaths,thepathr+ with theshortestdistanceis chosenfor inclusion(lines11-

13). Let r− bethenarrowestpathin thesetRσ ∪ r (line 14). Thepathr− is replacedwith

r+ if eitherthenumberof pathsalreadyreachedthelimit or thepathr− doesnotcontribute

to the width (lines15-16). Otherwisethe pathr+ is simply addedto the setof candidate

paths(lines17-18). Whennonew pathis added,anexistingcandidatepathis deletedfrom

thesetif it doesnot changethewidth (lines20-22). In all othercases,thecandidatepath
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1. PROCEDURE SELECT(σ)
2. For eachpathr in Rσ
3. For eachlink l in r
4. cl = cl + (1 − br)νr
5. If |Rσ | < η

6. Wr = WIDTH(Rσ ∪ r), ∀r ∈ R̂σ \Rσ
7. Else
8. Wr = WIDTH(Rσ ∪ r\ NARROWEST(Rσ ∪ r)), ∀r ∈ R̂σ \Rσ
9. W+ = max

r∈R̂σ\Rσ
Wr

10. If (W+ > (1 + ψ) WIDTH(Rσ))
11. R+ = {r : r ∈ R̂σ \Rσ ,Wr = W+}
12. d+ = minr∈R+ dr
13. r+ = {r : r ∈ R+, dr = d+}
14. r− = NARROWEST(Rσ ∪ r)
15. If (|Rσ | = η or WIDTH(Rσ ∪ r+ \ r−) = W+)
16. Rσ = Rσ ∪ r+ \ r−
17. Else
18. Rσ = Rσ ∪ r+
19. Else
20. r− = NARROWEST(Rσ)
21. If WIDTH(Rσ \ r−) = WIDTH(Rσ)
22. Rσ = Rσ \ r−
23. END PROCEDURE

Figure7.2: Thecandidatepathsetselectionprocedurefor pairσ

setremainsunaffected. It is obvious that this procedurealwayseitherincreasesthewidth

or decreasesthenumberof candidatepaths.

It shouldbenotedthat thoughwdpuseslink stateupdatesit doesnot suffer from thesyn-

chronizationproblemunlike global QoSrouting schemessuchaswsp. Thereareseveral

reasonscontributing to thestability of wdp: 1) Theinformationexchangedabouta link is

its average not instantaneousresidualbandwidthandhencelessvariable;2) Thetraffic is

proportionedamongfew “good” pathsinsteadof loadingthe“best” pathbasedon inaccu-

rateinformation;3) Eachpairusesonly a few candidatepathsandmakesonly incremental

changesto thecandidatepathset;4) Thenew candidatepathsareselectedfor a pair only

afterdeductingtheloadcontributedby thecurrentcandidatepathsfrom their links. Dueto

suchadjustmentevenwith link stateupdates,the view of thenetwork for eachnodewould

bedifferent;5) Whennetwork is in a stablestateof convergence,the informationcarried

in link stateupdateswould not becomeoutdatedandconsequentlyeachnodewould have

reasonablyaccurateview of thenetwork. Essentiallythenatureof informationexchanged

andthe mannerin which it is utilized work in a mutually beneficialfashionandleadthe

systemtowardsastableoptimalstate.

We now illustratehow wdpschemeselectscandidatepathsusinga simpleexample. Con-

sidera topologyshown in Figure7.3. Supposethat sources hasto recomputecandidate
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Figure7.3: Illustrationof wdpprocedure

pathsto destinationd. Therearefive possiblepathsbetweens andd. Let usassumethat

s is currentlyusingpathsvia 2 → 5 and3 → 7, andproportioningtraffic equallybetween

them. Further, assumethat theaverageamountof loadsuccessfullyroutedbetweens and

d is 40. Let theaverageavailablebandwidthsof links, receivedby sources throughglobal

link stateupdates,beasshown in biggerfont.

Beforerecomputingcandidatepaths,sources hasto performlocal adjustmentto discount

thebandwidthusageby itself. Thesources is currentlycontributing a loadof 20 eachto

paths2 → 5 and3 → 7. So theaverageavailablebandwidthsof links alongthesepaths

arecorrespondinglyincreasedby 20. Thenew valuesafter local adjustmentareshown in

smallerfont. Essentiallythesources views theavailablebandwidthon link 5 → d as30

insteadof 10 while othersourcesview it differently.

Now if themaximumnumberof candidatepathsallowed,η, is only two, thecandidatepath

setremainssame.This is becausethe currentcandidatepathsarewider thanotherpaths

andreplacingany of thesepathsdoesnot increasethe total width. If η is morethantwo,

thepathvia 3→ 6 is addedto thecandidateset.Only 4 pathswith combinedwidth of 110

would bemadecandidatesevenif thereis no constrainton thenumberof candidatepaths.

Thepathvia 1→ 5 wouldneverbeaddedsinceit wouldnot increasethetotalwidth. Note

that thoughpathss → 3 → 6 → d ands → 3 → 7 → d sharea link s → 3, both are

preferredascandidates,sincethe commonlink is not the bottleneck.On the otherhand,

s→ 1→ 5→ d is includedands→ 2→ 5→ d is excludedsincethey shareabottleneck

link 5→ d. Thuswdpselectswidestpathsthataremutuallydisjointw.r.t. bottlenecklinks.
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η : maximumnumberof pathsallowedbetweenapair
ψ : width increasethresholdfor changingthepathset
τ : meantimebetweenlink stateupdates
θ : meantimebetweencomputationof proportions
ξ : meantimebetweencomputationof candidatepaths

Figure7.4: Configurableparametersin wdp

7.3 PerformanceAnalysis

In this section,we evaluatetheperformanceof theproposedhybrid schemewdp. We start

with thedescriptionof thesimulationenvironment.First,we comparetheperformanceof

wdpwith thatof theoptimalschemeopr andshow thatwdpconvergesto near-optimalpro-

portions.Furthermore,wedemonstratethattheperformanceof wdpis relatively insensitive

to thevalueschosenfor theconfigurableparameters.We thencontrasttheperformanceof

wdpwith globalQoSroutingschemewspin termsof theoverall blockingprobabilityand

routingoverhead.

7.3.1 Simulation Envir onment

Thesimulationsettingusedfor this studyis sameastheonepresentedin Section5.2.4.1.

Onceagain,theresultsherecorrespondto simulationson bigisp topology. Thevaluesfor

configurableparametersin wdp areset to ψ = 0.2, τ = 30 m, θ = 60 m, ξ = 180 m.

The descriptionof theseparametersis given in Figure7.4. For eachpair σ, all the paths

betweenthemwhoselengthis atmostonehopmorethantheminimumnumberof hopsare

includedin thefeasiblepathsetR̂σ. Theamountof offeredloadon thenetwork ρ is setto

0.55.

7.3.2 Performanceof wdp

In this section,we comparetheperformanceof wdpandopr to show thatwdpconverges

to near-optimalproportionsusingonly a few pathsfor routingtraffic. Wealsodemonstrate

thatwdp is relatively insensitive to thesettingsfor theconfigurableparameters.

7.3.2.1 Convergence

Figure7.5 illustratestheconvergenceprocessof wdp. Theresultsareshown for different

valuesof η = 1 · · · 4. Figure7.5(a)comparestheperformanceof wdp, opr andebp. The

performanceis measuredin termsof theoverallflow blockingprobability, which is defined
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Figure7.5: Convergenceprocessof wdp

astheratio of the total numberof blocksto thetotal numberof flow arrivals. Theoverall

blocking probability is plottedasa function of time. In the caseof opr, the algorithmis

run offline to find the optimal proportionsgiven the setof feasiblepathsandthe offered

loadbetweeneachpair of nodes.Theresultingproportionsarethenusedin simulationfor

staticallyproportioningthetraffic amongthesetof feasiblepaths.Theebpschemerefers

to thelocalizedschemeusedin isolationfor adaptively proportioningacrossall thefeasible

paths.As notedearlierall pathsof lengtheitherminhopor minhop+1arechosenastheset

of feasiblepathsin ourstudy.

Thereareseveralconclusionsthatcanbedrawn from Figure7.5(a).First, thewdpscheme

convergesfor all valuesof η. Giventhatthetimebetweenchangesto candidatepathsets,ξ,

is 180 m, it reachessteadystatewithin (onaverage)5 pathrecomputationsperpair. Second,

thereis a markedreductionin theblockingprobabilitywhenthenumberof pathsallowed,

η, is changedfrom 1 to 2. It is evident that thereis quitea significantgainin usingmulti-

pathrouting insteadof singlepathrouting. Whenthe limit η is increased from2 to 3 the

improvementin blockingis somewhat lessbut significant.Notethat in our topologythere

areat mosttwo pathsbetweena pair thatdo not shareany links. But therecouldbemore

thantwo pathsthataremutuallydisjointw.r.t bottlenecklinks. Theperformancedifference

betweenη valuesof 2 and3 is anindicationthatweonly needto ensurethatcandidatepaths

do not sharecongestedlinks. However usingmorethan3 pathsperpair helpsvery little in

decreasingtheblockingprobability. Third, theebpschemealsoconverges,albeit slowly.

Thoughit performsmuchbetterthanwdpwith singlepath,it is worsethanwdpwith η = 2.

But whenebpis usedin conjunctionwith pathselectionunderwdp it convergesquickly to
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Figure7.6: Numberof pathsusedfor routing

lower blockingprobabilityusingonly a few paths.Finally, usingat most3 pathsperpair,

thewdpschemeapproachestheperformanceof optimalproportionalroutingscheme.

Figure7.5(b)establishestheconvergenceof wdp. It shows theaveragenumberof changes

to the candidatepathsetasa function of time. Herethe changerefersto eitheraddition,

deletionor replacementoperationon thecandidatepathsetRσ of any pairσ. Notethatthe

cumulativenumberof changesareplottedasafunctionof timeandhenceaplateauimplies

that thereis no changeto any of the pathsets. It canbe seenthat the pathsetschange

incrementallyinitially andafterawhile they stabilize.Thereaftereachpairsticksto theset

of chosenpaths.It shouldbenotedthat startingwith atmost3 minhoppathsascandidates

andmakingasfew as1.2 changesto thesetof candidatepaths,thewdpschemeachieves

almostoptimalperformance.

Wenow comparetheaveragenumberof pathsusedby asource-destinationpair for routing

asshown in Figure7.3.2.1.Notethatin wdpschemeη specifiesonly themaximumallowed

numberof pathsper pair. The actualnumberof pathsselectedfor routing dependson

their widths. The averagenumberof pathsusedby wdp for η of 2 and3 are1.7 and1.9

respectively. The numberof pathsusedstayssameeven for highervaluesof η. The ebp

schemeusesall the given feasiblepathsfor routing. It canmeasurethe quality of a path

only by routingsometraffic alongthatpath.Theaveragenumberof feasiblepathschosen

are5.6. In caseof opr we countonly those pathsthatareassigneda proportionof at least

0.10 by theoptimaloffline algorithm.Theaveragenumberof suchpathsunderopr scheme

are2.4. Theseresultssupportour claim thatebpbasedproportioningover widestdisjoint

pathsperformsalmostlikeoptimalproportioningschemewhile usingfewerpaths.

72



3

3.5

4

4.5

5

0 10 20 30 40 50 60

flo
w

 b
lo

ck
in

g 
pr

ob
ab

ili
ty

 (
%

)
�

update interval (mins)

wdp(2)
wdp(3)
wdp(4)

(a)blockingprobability

0.5

1

1.5

2

2.5

3

3.5

4

4.5

0 10 20 30 40 50 60

m
ea

n 
nu

m
be

r 
of

 p
at

h 
se

t c
ha

ng
es

 p
er

 p
ai

r

�

update interval (mins)

wdp(2)
wdp(3)
wdp(4)

(b) numberof pathsetchanges

Figure7.7: Sensitivity of wdpto updateinterval τ

7.3.2.2 Sensitivity

The wdp schemerequiresperiodicupdatesto obtain globallink stateinformationandto

performpathselection.To studytheimpactof updateinterval on theperformanceof wdp,

weconductedseveralsimulationswith differentupdateintervalsrangingfrom 1 m to 60 m.

TheFigure7.7(a)shows theflow blockingprobabilityasa functionof updateinterval. At

smallerupdateintervals thereis somevariationin theblockingprobability, but muchless

variationat largerupdateintervals. It is alsoclearthat increasingtheupdateinterval does

not causeany significantchangein theblockingprobability. To studytheeffect of update

interval on the stability of wdp, we plottedthe averagenumberof pathsetchangesasa

functionof updateinterval in Figure7.7(b). It shows that thecandidatepathsetof a pair

changesoftenwhentheupdatesarefrequent.Whentheupdateinterval is small, theaver-

ageresidualbandwidthsof links resembletheir instantaneousvalues,thushighly varying.

Dueto suchvariations,pathsmayappearwideror narrowerthanthey actuallyare,resulting

in unnecessarychangesto candidatepaths.However, this doesnot have asignificantim-

pacton theblockingperformancedueto adaptive proportionalroutingamongtheselected

paths.For the purposeof reducingoverheadandincreasingstability, we suggestthat the

updateinterval τ bereasonablylarge,while ensuringthat it is muchsmallerthanthepath

recomputationinterval ξ.

Wealsostudiedthesensitivity of wdpto thewidth increasethresholdparameterfor chang-

ing the pathsetψ. The simulationswererun for five differentvaluesof ψ from 0.10 to

0.30. Figure7.8(a)showstheflow blockingprobabilityas asafunctionof ψ. It canbeseen

thattheblockingperformanceof wdpis relatively insensitive to thevalueof ψ. Onceagain
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Figure7.8: Sensitivity of wdpto changethresholdψ

in Figure7.8(b)thenumberof pathsetchangesis shown asa functionof ψ. As expected,

therearefewerchangesastheψ valueincreases.However thisdoesnoteffect theblocking

significantlysincemuchwider pathsareincludedin thesetanyway. Only those pathsthat

maycontributeto thewidth by asmallamountareexcludedby choosinghigherψ value.To

ensurethatgoodpathsarenotexcludedandnotsogoodpathsarenot includedwesuggest

settingψ to avaluearound0.20.

7.3.3 Comparisonof wsp and wdp

We now comparetheperformanceof hybrid QoSroutingschemewdpwith a globalQoS

routing schemewsp. The wsp is a well-studiedschemethat selectsthe widest shortest

pathfor eachflow basedon theglobalnetwork view obtainedthroughlink stateupdates.

The information carriedin theseupdatesis the residualbandwidthat the instantof the

update.Note that wdp alsoemploys link stateupdatesbut the informationexchangedis

averageresidualbandwidthover a period not its instantaneousvalue. We usewsp as a

representative of globalQoSroutingschemesasit wasshown to performthebestamong

similar schemessuchasshortestwidestpath (swp), shortestdistancepath (sdp). In the

following, we first comparethe performanceof wdp with wsp in termsof flow blocking

probabilityandthentheroutingoverhead.

7.3.3.1 BlockingProbability

Figure7.9(a)showstheblockingprobabilityasa functionof updateinterval τ usedin wsp.

Theτ for wdpis fixedat30 m. Theofferedloadonthenetwork ρ wassetto 0.55. It is clear
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Figure7.9: Performancecomparisonof wdpandwsp

thattheperformanceof wspdegradesdrasticallyastheupdateinterval increases.Thewdp

scheme,usingat mosttwo pathsper pair andinfrequentupdateswith τ = 30 m, blocks

fewer flows thanwsp, that usesmany morepathsandfrequentupdateswith τ = 0.5 m.

The performanceof wdp even with a singlepath is comparableto wspwith τ = 1.5 m.

Figure7.9(b)displaystheflow blockingprobabilityasa functionof offerednetwork load

ρ which is varied from 0.50 to 0.60. Onceagain,the τ for wdp is set to 30 m and the

performanceof wsp is plotted for 3 different settingsof τ : 0.5, 1.0 and 2.0 m. It can

be seenthat acrossall loadsthe performanceof wdp with η = 2 is betterthanwspwith

τ = 0.5. Similarly with just onepath,wdp performsbetterthanwspwith τ = 2.0 and

approachestheperformanceof τ = 1.0 asthe load increases.It is alsoworth noting that

wdpwith two pathsrejectssignificantlyfewer flows thanwith just onepath,justifying the

needfor multipathrouting.

It is interestingto observe that even with a singlepathandvery infrequentupdateswdp

outperformswspwith frequentupdates.Thereareseveral factorscontributing to the su-

perior performanceof wdp. First, it is the natureof informationusedto capturethe link

state. The informationexchangedabouta link is its average not instantaneousresidual

bandwidthandhencelessvariable. Second,beforepicking the widestdisjoint paths,the

residualbandwidthonall thelinks alongthecurrentcandidatepathareadjustedto account

for the loadofferedon thatpathby this pair. Sucha local adjustmentto theglobal infor-

mationmakesthe network stateappeardifferently to eachsource.It is asif eachsource

receivesa customizedupdateaboutthe stateof eachlink. The sourcesthat arecurrently

routing througha link perceive higherresidualbandwidthon that link thanothersources.

75



Thiscausesasourceto continueusingthesamepathto adestinationunlessit findsamuch

wider path. This in turn reducesthe variationin link stateandconsequentlythe updated

informationdoesnot getoutdatedtoo soon.In contrast,wspexchangeshighly varyingin-

stantaneousresidualbandwidthinformationandall thesourceshave thesameview of the

network. Thisresultsin masssynchronizationaseverysourceprefersgoodlinks andavoids

bad links. This in turn increasesthevariancein instantaneousresidualbandwidthvalues

andcausesrouteoscillation1. Thewdpscheme,on theotherhand,by selectingpathsus-

ing bothlocal andglobal informationandby employing ebpbasedadaptive proportioning

deliversstableandrobustperformance.

7.3.3.2 RoutingOverhead

Now we comparetheamountof overheadincurredby wdpandwsp. This overheadcanbe

categorizedinto perflow routingoverheadandoperationaloverhead.Wediscussthesetwo

separatelyin thefollowing.

Thewspschemeselectsa pathby first pruningthe links with insufficient availableband-

width andthenperforminga variantof Dijkstra’s algorithmon theresultinggraphto find

theshortestpathwith maximumbottleneckbandwidth.Thistakesat leastO(E logN) time

whereN is thenumberof nodesandE is thetotalnumberof links in thenetwork. Assum-

ing precomputationof a setof pathsRσ to eachdestination,to avoid searchingthewhole

graphfor pathselection,it still needsto traverseall thelinks of theseprecomputedpathsto

identify thewidestshortestpath. This amountsto anoverheadof O(Lσ), whereLσ is the

total numberof links in thesetRσ. On theotherhand,in wdponeof thecandidatepaths

is chosenin a weightedroundrobin fashionwhosecomplexity isO(η) which is muchless

thanO(Lσ) for wsp.

Now considertheoperationaloverhead.Both schemesrequirelink stateupdatesto carry

residualbandwidthinformation.Howeverthefrequency of updatesneededfor properfunc-

tioning of wdp is no more than what is usedto carry connectivity information in tradi-

tional routingprotocolssuchasOSPF. Therefore,theaverageresidualbandwidthinforma-

tion requiredby wdp canbe piggybacked alongwith the conventionallink stateupdates.

Hence,wdpdoesnot causeany additionalburdenon thenetwork. On theotherhand,the

wspschemerequiresfrequentupdatesconsumingbothnetwork bandwidthandprocessing
1Someremedialsolutionswereproposedin [2, 3] to dealwith theinaccuracy atasourcenode.However,

thefundamentalproblemremainsandtheobservationsmadeherestill apply.
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power. Furthermorewspusestoo many paths. The wdp schemeusesonly a few preset

paths,thusavoidingperflow pathsetup.Only admissioncontroldecisionneedto bemade

by routersalongthepath. Theotheroverheadsincurredonly by wdpareperiodicpropor-

tion computationandcandidatepathcomputation.Theproportioncomputationprocedure

is extremelysimpleandcostsnomorethanO(η). Thecandidatepathcomputationamounts

to finding η widestpathsandhenceits worstcasetime complexity is O(ηN2). However,

this costis incurredonly onceevery ξ period.Consideringboththeblockingperformance

andtheroutingcost,weconcludethatwdpyieldsmuchhigherthroughputwith muchlower

overheadthanwsp.
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Chapter 8

Hierar chical Proportional Routing

8.1 Intr oduction

We have shown that proportionalrouting schemesalleviate congestionin the network by

distributing loadamongmultiple “good” pathsinsteadof overloadinga single“best” path.

However theseschemesassumethat eachrouter in the network is awareof the topology

andthestateof thewholenetwork. This is referredto asflat routingandunderflat routing,

eachrouterparticipatesin link stateupdatesandmaintainsdetailedinformationaboutthe

entirenetwork. This introducessignificantburdenon every routerandasthe sizeof the

network grows, theoverheadat eachrouterincreasestremendously. To provide a scalable

solution,hierarchical routing is suggested[65, 5] asanalternative to flat routing.To make

theproportionalroutingschemesscalewell to largenetworks we needto extendthemto

providehierarchicalrouting.

Underhierarchicalrouting,a network is divided into multiple areas.1 The routingwithin

theareais flat with eachrouterhaving detailedinformationaboutroutersandlinks in that

area.But theroutershave only sketchyaggregateinformationaboutotherareas.To route

traffic destinedfor otherareas,asourceroutermayselectapartialhigherlevel path,based

on theaggregateinformation,thatgetsexpanded,basedon thedetailedinformation,at the

ingressborderrouterof eachareaalongthepath. Sucha hierarchicalroutingreducesthe

overheadat eachrouterby limiting the scopeof link stateupdatesandmaintainingonly

summaryinformationaboutotherareas.Examplesof hierarchicalrouting are inter-area
1Also referredto aspeergroupsin PNNI [5].
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routingin OSPF[65] andATM Forum’s PNNI [5].

The hierarchicalrouting approachwhile reducesthe burdenon a router, introducesinac-

curacy in the informationavailablefor routing. Hencethe performanceof a hierarchical

routingschemedependsheavily on how informationaboutanareais aggregatedandhow

it is utilized in routingacrossareas.For providing QoSroutingacrossareas,in additionto

topology aggregation, QoSstateaggregationmustalsobeperformed.Topologyaggrega-

tion is concernedwith capturingthe structureof an areawhich is relatively static. There

areseveralproposalsfor topologyaggregationsuchas[52, 48]. QoSstateaggregationis

concernedwith summarizingtheQoSstateof anareawhich is quitedynamic.It is some-

whatstraightforwardto summarizethe theQoSstatewhenbest-pathroutingis employed.

The stateof routing betweena pair of routersis given by the stateof the bestpath. The

best-pathbasedhierarchicalroutingis studiedin [31]. On theotherhand,it is not obvious

howto aggregatethe topology andstatewhenmultiplepathsare usedto routetraffic be-

tweena pair of routers. This chapteraddressesthe issueof aggregationundermultipath

proportionalrouting,andtheselectionof pathsbasedon theaggregatedinformation.

We proposean aggregationmethodthat summarizesthe stateof multiple pathsbetween

two routersusinga singlemetric. This metric in essencecapturesthe traffic carryingca-

pacity of multiple pathsbetweena pair of routers. Our approachis somewhat similar in

spirit to theproposalin [63] but theactualpathselectionschemesarequitedifferent. We

proposetwo inter-arearoutingschemesbasedonthisaggregatemetric:hierarchical widest

disjoint paths(hwdp) andhierarchical widestborder routers (hwbr). The hwdpscheme

is a hierarchicalsourceroutingschemewherea sourcerouterselectsa setof higherlevel

skeletal pathsto the destinationas candidatesand proportionsflows amongthem. The

hwbr schemeis a hierarchicalnext-hoproutingschemethatselectsonly thenext-hopbor-

der routerswhich in turn selecthigherlevel pathsto thedestination.Both theseschemes

use ourwidestdisjointpaths(wdp),aflat multipathproportionalroutingschemedescribed

in the previous chapter, for intra-arearouting to expandthe skeletalhigherlevel pathsto

actualphysicalpaths. They essentiallydiffer in the way the network outsidean areais

aggregatedby a borderrouterandpropagatedto the interior routers. The following sec-

tionsdescribetheproposedaggregationmetricandthehierarchicalmultipathproportional

routingschemesbasedon this metric. We alsoevaluatetheperformanceof theproposed

schemesandcomparethemwith best-pathbasedhierarchicalroutingschemesdiscussedin

[31].
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Figure8.1: Topologiesusedin ourstudy

8.2 Topologyand StateAggregation

Topologyaggregationis concernedwith capturingthe structureof an areawhich is rela-

tively static. Thereareseveral proposalsfor topologyaggregationsuchas[48, 52]. We

take asimpleapproachwherea borderroutermakesotherroutersin its areaappearasdi-

rectly connectedto it by a logical link. This approachis similar to the oneemployed by

OSPF[65]. Thenstateaggregationis aboutsummarizingthe stateof the network by as-

signingtheattributesto theselogical links. Whenbest-pathroutingis usedto routetraffic

within anarea,it is straightforwardto performstateaggregation:theattributesof a logical

link are that of the best-path.For example,when traffic within an areais routedalong

shortestpaths,thenthedistanceof thelogical link betweena pair of routerswould simply

bethedistanceof theshortestpath.On theotherhand,it is not obvioushow to summarize

thestatewhenmultiplepathsareusedto routetraffic betweenapairof routers.

The multipathproportionalrouting schemewdp describedin the previous chapterlends

itself very well to aggregation. Note that wdp selectscandidatepathssuchthat the to-

tal width of thesecandidatesis as large aspossible. This width essentiallycapturesthe

traffic-carryingcapacityof all the pathsbetweena pair of routers.Hence,we proposeto

summarizethestateof multiplepathsbetweenapairof routersby asinglemetric,thewidth

of its candidatepaths. This metric not only providesmoreaccuratebut alsomorestable

descriptionof thestateof thenetwork thanthebest-pathmetricwhich couldchangequite

frequently. Givena setof candidatepathsRσ of a pair σ, its width,Wσ canbecomputed

usingtheprocedureshown in Figure7.1,i.e.,Wσ = WIDTH(Rσ).
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(a)borderrouterview (b) sourcerouterview

Figure8.2: Differentviewsof theisp topology

Weproposetwohierarchicalroutingschemesbasedonthisaggregatemetric.Theseschemes

aresimilar in that both employwdp for intra-arearouting andexchangeaggregatewidth

informationamongborderrouters.However, they differ in theamountandthusgranularity

of aggregateinformationpropagatedto interior routersby borderroutersandconsequently

in theselectionof partialhigherlevel pathsto destinations.

8.3 Hierar chical SourceRouting

Supposethataborderrouterinjectsall theinformationit receivesfrom otherborderrouters

into its area.Thenaninteriorrouteralsowouldhavesamelevel of aggregateinformationas

any borderrouter. For routingto a destinationin a differentarea,aninterior sourcerouter

could thenselectan higher level skeletalpathconsistingof borderrouters. Eachborder

routeralongthe skeletalpathwould thenuseintra-arearouting to find a pathto the next

borderrouteralongthepathtill thedestinationis reached.Thisis referredto ashierarchical

sourcerouting.

The wdp schemecan be extendednaturally to provide hierarchicalsourcerouting. At

the higher level eachareais representedby a setof logical links. The averageavailable

bandwidthof a logical link correspondingto apairσ is setto thewidth of σ,Wσ. Now we

canform ahigherlevel network consistingof physicalbackbonelinks andthelogical links

representingeacharea. For example,considerthe isp topologyshown in Figure8.1(a).

The correspondinghigher level view of borderroutersis shown in Figure8.2(a). Under

hierarchicalsourcerouting, an interior sourcerouter would also have a view similar to

borderrouterssinceborderrouterspropagatetheir view asis to interior routersalso.
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Giventhis higherlevel view of thenetwork, a sourceroutercanapplywdpschemeshown

in Figure7.2 as is on this higher level network to identify a setof widestdisjoint paths

as candidatesand perform ebp basedproportioningamongthesehigher level candidate

paths. However, thereis onedifferencein that two pathsthat areconsidereddisjoint at

thehigherlevel maynot bereally disjoint at the lower level. We canbeconservative and

treattwo higherlevel pathsasdisjoint only if they do not passthroughthesamearea.In

ourstudy, enforcementof suchaconstraintdid notmakemuchdifferencesincesuchpaths

wereanywaynotchosendueto thesharingof inter-arealinks. Wereferto thishierarchical

versionof wdpwherewdp is usedfor bothintra-areaandinter-arearoutingashwdp.

8.4 Hierar chical Next-hopRouting

It is likely thataborderrouterwouldprovidemuchlessdetailedinformationaboutthenet-

work to aninterior routerthanwhatis availableto itself. It is desirablethataborderrouter

furthersummarizetheinformationit hasbeforepropagatingit to theinterior routers.This

reducesthecommunicationoverheadon thenetwork andavoidsthe informationoverload

at interior routers.In otherwords,a borderrouternot only providessummarizedview of

its areato otherborderroutersbut alsopresentsaggregatedview of thenetwork outsidethe

areato its interior routers.For example,the view of a sourceroutercorrespondingto the

isp topologyin Figure8.1(a)is shown in Figure8.2(b)while theborderroutersview it as

shown in Figure8.2(a). Undersucha realisticscenario,an interior routermayhave only

sufficient informationto selectan exit borderrouter to reacha destination.It could first

selecta borderrouter, andthenidentify an internalpathto the borderrouter. The border

routerwhich hasmoredetailedinformationaboutthebackbonenetwork findsa pathto a

borderrouterin thedestinationareawhich would in turn routeto thedestination.We refer

to thisapproachof selectingthehigherlevel next-hopinsteadof completehigherlevel path

ashierarchical next-hoprouting.

We proposea hierarchicalnext-hop routing schemewhich is referredto ashierarchical

widestborder routers (hwbr). Underhwbr scheme,aborderrouterfurtheraggregatesmul-

tiple higher level logical pathsto a destinationinto a single metric, width of candidate

logical paths.It thenpassesthis perdestinationwidth informationto interior routers.Let

Rx,d be the setof higher level candidatepathsfrom a borderrouterx to a destinationd.

Thentheborderrouterx would passtheaggregatewidth Wx,d = WIDTH(Rx,d) for each

destinationd to its interior routers.An interior routerselectsaborderrouterasits next-hop
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to a destinationbasedon thewidth from theborderrouterto thedestinationandthewidth

of candidatepathsfrom it to theborderrouter.

Thereis a tradeoff in selectingaborderrouterthathasbetterexternalrouteto adestination

anda borderrouterto which thereis a betterinternalroute. However, whatmattersfrom

theperspectiveof reducingblockingprobabilityis thewidth of bottlenecksegment.Sowe

definewidth(s, d, x) from a sources to a destinationd via borderrouterx asfollows. Let

Ws,x be the width from sourcerouters to borderrouterx andWx,d be the width from x

to destinationd. Thenwidth(s, d, x) = min (Ws,x,Wx,d). Given thewidthsof all border

routersto a destination,a borderrouterwith thelargestwidth is chosenasthenext-hopto

thedestination.Notethatthenext-hopselectionis notperflow but periodicallyrecomputed

afterperforminglocal width adjustmentasis thecasewith selectionof candidatepathsin

wdpandhwdp. Whenmorethanoneborderrouteris allowedto bea candidatenext-hop,

thenthey areselectedin theorderof their widthsandflows areproportionedamongthem

usingtheebpstrategy.

8.5 PerformanceEvaluation

In this section,we evaluatethe performanceof the proposedhierarchicalmultipathpro-

portional routing schemes.Theseschemesarecomparedwith the flat wdp scheme.We

alsocomparethemagainstthehierarchicalbest-pathroutingschemes.We choosewspas

a representative of best-pathrouting approachas it is shown to performthe bestamong

suchschemes[2, 31]. We refer to the hierarchicalversionof wspashwsp. Underhwsp,

the stateof routing betweena pair of routersis summarizedby the widestshortestpath.

Hence,thebandwidthandthehopcountof a logical link betweenapairof routersis given

by bottleneckbandwidthandthehopcountof thecorrespondingwidestshortestpath.The

hwspis ahierarchicalsourceroutingschemewhereasourcerouterselectsawidestshortest

higherlevel logical pathbasedon thebandwidthsandhopcountsof thelogical links. This

skeletalpathis thenexpandedby theborderroutersusingwspto routewithin thearea.We

now describethesimulationenvironment.

8.5.1 Simulation Envir onment

Figures8.1(a)and 8.1(b) show the topologiesusedin our study. The isp topology is a

slightly alteredversionof thetopologyusedin our earlierstudyandalsoby others[2, 56].

The rand topologyis similar to theoneusedin [31]. In both thetopologiesthe thin links
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Figure8.3: Convergenceandadaptivity of proportionalroutingschemes

connectrouterswithin an areaandthe thick links arethe backbonelinks. All thin links

areassumedto have samecapacityof 20 unitsandall thick links 30 units. Flows arriving

into thenetwork areassumedto requireoneunit of bandwidth.Hencea link with capacity

C canaccommodateat mostC flows simultaneously. Theflow dynamicsof thenetwork

are modeledas follows. The routerslabeledwith a dot are consideredto be sourceor

destinationrouters.Flows arrive into thesystemaccordingto a Poissonprocesswith rate

λ. A pair of sourceanddestinationroutersarechosenrandomlyfrom the setof all such

pairs. Theholdingtime of a flow is exponentiallydistributedwith mean1/µ. Theoverall

loadofferedon thenetwork is thenρ = λ/µ. We settheaverageholding time of a flow,

1/µ to 1 minuteandvary thearrival rateλ dependinguponthedesiredoverall loadρ.

Thedefault valuesfor theconfigurableparametersof theschemesbeingsimulatedareas

follows. Theupdateinterval in wspandhwspis setto 0.5 minutesor 30 secondsandin the

restof our proportionalrouting schemesit is setto 30 minutes.The observation interval

betweenrecomputationsof proportionsin the flat wdp schemeis set to 40 minutesand

candidatepathselectionis doneevery 120 minutes.Samesettingsareusedfor inter-area

routing in bothhwdpandhwbr andthecorrespondingvaluesfor intra-arearoutingare20

minutesand60 minutesrespectively. Thesevaluesarechosensuchthatinter-areapathsare

changedmoregraduallythanintra-areapathsfor thepurposeof stability. Thenumberof

candidatepathsallowedbetweena pair of nodesis setto 3 for flat routingandintra-area

routing.
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8.5.2 Convergenceand Adaptivity

Figure 8.3 illustratesthe convergenceand adaptivity of multipath proportionalrouting

schemes.The resultscorrespondingto isp topologyareshown in Figure8.3(a)andthat

of randtopologyareshown in Figure8.3(b).Theperformanceis measuredin termsof the

overall flow blocking probability, which is definedasthe ratio of the numberof blocked

flows to thetotal numberof flow arrivals. Theoverall flow blockingprobability is plotted

asafunctionof time. Weconsidertwo traffic scenarios.In scenarioI, all source-destination

pairsareofferedanequalamountof loadandin scenarioII, certain“hot pairs” exchange

moretraffic thanotherpairs. We have chosentwo hot pairsmarkedby 1 and2 in caseof

isp. Similarly in caseof randthreepairsarechosenashot. In caseof isp,weoffer a loadof

200 in scenario Iwhich is equallysplit betweenall source-destinationpairsandin scenario

II a loadof 150 thatis equallysplit amongall pairsandaload50 thatis equallysplit among

hotpairsonly. Thecorrespondingvaluesfor randcaseare300, 200 and100 respectively.

Theperformanceof hwdpis shown for two caseswith thenumberof higherlevel candidate

pathsset to 1 and2. Similarly two plots correspondto hwbr with the numberof candi-

dateborderrouterssetto 1 and2. We startthesimulationswith scenario Iandswitch to

scenarioII after sometime.Thereareseveral observationsthat canbe madefrom these

results.Startingwith anarbitrarysetof candidatesandproportions,all themultipathpro-

portional routing schemesgraduallyconverge to stablestate. This getsdisturbedwhen

the traffic scenariochangesandthe blocking probability shootsup asthe candidatesand

theirproportionschosenfor onetraffic patternarenotperfectfor adifferenttraffic pattern.

Consequentlytheproposedproportionalroutingschemesgraduallyadaptto thenew traffic

conditionsand convergeto stablestateagain.

With asinglecandidatepathhwdpperformsbetterthanhwbrwith asinglecandidateborder

router. This is becausein hwbr, dueto lack of sufficient information,many sourcesmay

selectthesameborderrouterasnext-hop to many destinations.On theotherhand,hwdp

avoids this problemby usingmoredetailedinformation in the selectionof skeletalpath

to the destination.However, whenthe numberof candidatesis increasedto two, thereis

almostno differencein blocking performancebetweenthe sourcerouting schemehwdp

andthenext-hoproutingschemehwbr. Theseresultsalsoindicatethat thereis significant

gainin usingmultiple candidatesfor inter-arearoutingalso.Thegainis morepronounced

in caseof isp thanin randandalsoin scenarioII with hot pairsandthusnon-uniformload

thanin scenario Iwith uniform load.Finally, boththeproposedhierarchicalschemeswith
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Figure8.4: Performancecomparisonwith best-pathroutingschemes

two candidatesperformaswell astheflat wdpscheme.

8.5.3 Blocking Performance

Figures8.4(a)and8.4(b)show theperformanceof theseschemesunderdifferentloadcon-

ditions for isp andrandtopologiesrespectively. The blocking probability is plottedasa

functionof offeredloadwhich is variedfrom 180 to 220 in caseof isp and260 to 340 in

caseof rand.Notethattheupdateinterval in wspandhwspis setto 30 secondswhile that

in all ourproportionalroutingschemesis setto 30 minutes.Wealsoshow theperformance

of flat wspschemewith updateinterval of 0 asa reference.This correspondsto the case

of instantaneousupdates,i.e., an updategeneratedfor every changein a link’s available

bandwidthor aserver thatkeepstrackof thecurrentstateof thenetwork andperformspath

selectionandadmissioncontrolin acentralizedmanner.

First, let us lookat theimpactof updateinterval andstateaggregationon theperformance

of wspscheme.Thereis a drasticincreasein the blocking probability when the update

interval is changedfrom anunrealisticsettingof 0 to a morerealisticvalueof 30 seconds.

Thisshows theimpactof inaccuracy onbest-pathroutingschemesandthatthey work well

only with very frequentupdates.Essentially, best-pathrouting is suitablefor centralized

routingbut not appropriatefor distributedrouting. Thehierarchicalversionof wsp, hwsp

faresworsethanwsp. This is becausetheimpactof inaccuracy introducedby thebest-path

basedaggregationgetsfurther amplifiedby the selectionof the besthigher level logical

pathbasedon inaccurateinformation.
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Now, let uscomparetheproposedhierarchicalproportionalroutingschemeswith best-path

routing schemeswsp and hwsp. It is expectedthat with always up-to-dateinformation

(updateinterval of 0), theflat wspschemewould performbetterthanproportionalrouting

schemes.However, it is surprisingthatwith only aggregateinformationandupdateinterval

of 30 minutes,hierarchicalproportionalroutingschemesperformmuchbetterthaneventhe

flat wspschemewith updateinterval of 30 seconds.It is worth notingthat this is thecase

even whenthe numberof candidatesis limited to one in both hwdpandhwbr schemes.

Furthermore,the gap in blocking performancebetweenthe proposedschemesand wsp

widenswith thelargerrandtopology. Theseresultsdemonstratethathierarchicalmultipath

proportionalrouting schemeswith their minimal updateoverheadaremoresuitablethan

best-pathroutingschemesfor routingin largenetworks.

Theseresultsfurthersupporttheobservationsmadeearlierabouttherelative performance

of multipathproportionalroutingschemes.Acrossall loadsandin boththetopologies,the

performanceof hwdpis betterthanhwbrwhenthenumberof candidatespermittedareonly

one.However, whenthenumberof candidatesallowedis two, thereis notmuchdifference

in performancebetweenthesetwo schemes.More importantly, with two candidates,both

theseschemesperformaswell astheflat wdpscheme.Consideringtheoverheadinvolved

in thepropagationandthemaintenanceof thesummaryinformationaboutotherareas,we

concludethat thehwbr schemewith multiple candidateborderroutersis a suitablechoice

for hierarchicalrouting.
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Chapter 9

Conclusionsand Futur eWork

In this thesis,we focussedon proportionalroutingapproachasanalternative to best-path

routing approachfor providing QoSrouting. While best-pathrouting schemesselectthe

bestpathfor eachincomingflow, proportionalroutingschemesproportionflows amonga

setof candidatepaths. The best-pathrouting schemesrequirefrequentexchangeof net-

work state,imposingboth the communicationoverheadon the network and processing

overheadson corerouters.On theotherhand,a proportionalroutingschemecanselecta

few goodcandidatepathsusinginfrequentlyexchangedglobalinformationandproportion

flows amongcandidatesusingonly locally collectedinformation. We have describedone

suchschemethatselectswidestdisjoint pathsascandidatesandproportionsflows among

thesepathsusinga simplelocal equalizationof blockingprobabilitiesstrategy. We have

shown thatour proportionalroutingschemeyieldshigherthroughputwith lower overhead

thanbest-pathroutingschemes.

Wehave extendedourproportionalroutingapproachto providehierarchicalroutingacross

large networks that aredivided into multiple areas.We proposedan aggregationmethod

that summarizesthe stateof multiple pathsbetweentwo routersin an areausinga sin-

gle metric. We presentedtwo hierarchicalmultipathroutingschemeshierarchical widest

disjoint paths(hwdp) andhierarchical widestborder routers (hwbr) thatarebasedon this

aggregatemetric.We evaluatedtheirperformanceandshown thattheproposedhierarchical

multipathroutingschemesperformaswell asflat multipathroutingschemewdp. Further-

more, we demonstratedthat theseschemeswith only aggregateinformation outperform

eventheflat best-pathroutingschemewsphaving detailedinformationaboutthenetwork.
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Basedon our results,we concludethat hwbr schemewith multiple candidates,dueto its

low overheadandhigh throughput,is asuitablechoicefor hierarchicalroutingacrosslarge

networks.

Wehaveusedanalyticalmethodsandsimulationmodelstoverify theproposedproportional

routingschemesandcomparethemwith otherschemes.However it would be ideal if we

could implementandvalidatethemin a realsetting.But it is not possibleto deploy them

on a largescaleandconductexperimentswith anactualnetwork. Sowe plan to simulate

thecorenetwork while usingFreeBSDor Linux machineimplementationsof ourschemes

to actasedgerouters.Sincetheproposedschemesessentiallyaddmoreintelligenceat the

edgeroutersandleave thefunctionalityof coreroutersuntouched,this servesthepurpose.

We arespecificallyinterestedin the amountof complexity introducedby theseschemes

at theedgerouters.This experimentalsetupwould helpmeasurethestoragerequirements

andprocessingspeedsof theseschemes.Therealtraffic conditionswouldbesimulatedby

runningactualtraffic traces.

This thesisassumesaservicemodelwhereadmissionof flows is controlledsuchthatevery

admittedflow receivestheexpectedquality of service.While sucha serviceis very much

desirable,thereis animmediateneedfor providing whatis referredto asbetterbest-effort

service. Undersuchaservice,thereareneitheradmissioncontrolsnorper-flow guarantees.

Instead,abetterserviceisprovidedtoall thetraffic bybalancingtheloadacrossthenetwork

andby utilizing theresourcesefficiently. This servicebasedon multipathroutingis likely

to be morereadily adoptedby network serviceprovidersasan alternative to the existing

shortestpathrouting basedbest-effort service.Provision of this betterbest-effort service

entailstackling many of the issuesthat areaddressedin this thesisin the context of QoS

routing: How to selecta few goodcandidatepathsandhow to split traffic amongthem.

Theideaspresentedin this thesissuchaslocal adjustmentto globalupdatesandselection

of widestpathsthataremutuallydisjointw.r.t. bottlenecklinks ascandidatesareverymuch

applicablein this settingtoo. Onekey differenceis thatdueto lack of admissioncontrol,

a sourcewould not be able to gatherinformation suchas blocking probability of flows

locally. So, what requiresto be addressedis how to proportiontraffic (in the absenceof

local information)amonga setof candidatepathsselectedby wdp. This andotherrelated

problemsin deploying betterbest-effort serviceis thefocusof ourcurrentresearch.
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Part II

StoredVideoDelivery acrossResource
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Chapter 10

SelectiveFrame Discard Algorithms

10.1 Intr oduction

Theplaybackof storedvideooveranetwork is requiredby severalapplicationssuchasdig-

ital libraries,distance learningandcollaboration,videoandimageserversandinteractive

virtual environments.Storedvideotypically hashighbandwidthrequirementsandexhibits

significantratevariability [24, 49, 50]. This is particularlythecasewhenvariablebit rate

encodingschemesareused.In a network whereresourcessuchasthenetwork bandwidth

andbuffering capacityareconstrained,it is a majorchallengeto designanefficient stored

video delivery systemthat canachieve high resourceutilization while maximizingusers’

perceivedquality-of-service(QoS).

Video smoothingtechniques[97, 114, 23, 116, 60, 88, 37,85] have beenproposedfor

reducingthenetwork bandwidthrequirementof burstyvideostreamsby takingadvantage

of clientbufferingcapabilities.Similar techniqueshavealsobeen developedwhennetwork

bandwidthis constrainedinsteadof theclient buffer [21, 89, 96,101]. In reality, however,

bothnetwork bandwidthandclient buffering capacityarelikely to belimited. Undersuch

circumstances,theremay not be a feasibleserver transmissionschedulethat candeliver

video streamsto clientswithout incurring lossof data. Insteadof beingdeniedservice,

clientsmay chooseto receive lower quality video streamswith occasionalframelosses.

This may arise, for example, in the caseof constant-bit-rate(CBR) service,wherefor

a client with a limited buffer, the network may not have sufficient bandwidthto support

the peakrate of a smoothedvideo stream,or in the caseof renegotiatedCBR (RCBR)

service[28], wherebandwidthrenegotiationfails in themiddleof avideotransmission.
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Whendeliveringa videostreamacrossa resource-constrainednetwork, a naive approach

at the server may attemptto transmiteachframewith no awarenessof the resourcecon-

straints.As a resultthenetwork maydroppacketscausingframelosses.In addition,the

clientmaybeforcedto dropframesthatarrivetoo latefor playback.Thisresultsin wastage

of network bandwidthandclientbuffer resources.In thischapter, weintroducetheconcept

of selectiveframediscard1 (SFD) at the server which preemptivelydiscardsframesin an

intelligentmannerby takingnetwork constraintsandclient QoSrequirementsinto consid-

eration.Theproposedserver selective framediscardhastwo advantages.First, by taking

thenetwork bandwidthandclient buffer constraintsinto account,theserver canmake the

bestuseof network resourcesby selectively discardingframesin order to minimize the

likelihoodof future framesbeingdiscarded,therebyincreasingthe overall quality of the

video delivered. Second,unlike framedroppingat the network or the client, the server

can also take advantageof application-specificinformation suchas information content

of a frameandinter-dependencies,in its decisionin discardingframes. As a result, the

server optimizesthe perceived quality of serviceat the client while maintainingefficient

utilizationof thenetwork resources.

In this chapterwe developvariousselective framediscardalgorithmsfor storedvideode-

liveryacrossanetwork whereboththenetwork bandwidthandtheclientbuffer capacityare

limited. Webegin by formulatingtheproblemof optimalselectiveframediscard usingthe

notionof a costfunction.ThecostincorporatestheQoSmetricsof clients.Givennetwork

bandwidthandclient buffer constraints,we developanO(N logN) algorithmto find the

minimumnumberof framesthatmustbediscardedin orderto meettheseconstraints.For

a givencostfunction,anoptimalalgorithmfor solvingtheoptimalselective framediscard

problemcanbedesignedusingdynamicprogramming.Sincethecomputationalcomplex-

ity of this optimalalgorithmis prohibitively high in general,we alsodevelopseveraleffi-

cientheuristicalgorithmswhich takebothresourceconstraintsandcostinto consideration.

ThesealgorithmsareevaluatedusingJPEGvideo traces.Throughtheperformanceeval-

uation,we find that theproposedminimumcostmaximumgain heuristicalgorithmyields

near-optimalperformancefor JPEGencodedvideo.

Therestof this chapteris organizedasfollows. In Section10.1,we briefly discussrelated
1In this work we assumethat framesarebasicapplication-level dataunits for server selective discard.

This assumptionis not necessary. Thealgorithmsdevelopedin this chapterdo not hingeon this assumption
at all. In practice,other(preferably)application-level dataunits suchasslices,blocksor macroblocksin
JPEGandMPEGcanalsobeusedasthebasisfor serverselectivediscard.
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work. Section2 describestheproblemsettingandformulatestheoptimalselective frame

discardproblem. The minimum framediscardalgorithmis describedandits correctness

is provedin Section10.3.Section10.4introducesseveralefficient selective framediscard

heuristicsandpresentsperformanceevaluationbasedon JPEGtraces. Thesealgorithms

areextendedto MPEGin Section10.5.Weconcludewith Section10.6.

RelatedWork

Rateadaptationandcontrol for compressedvideohasbeenextensively studied,in partic-

ular, in the context of joint sourceandchanneladaptive encoding(see,e.g., [18, 19, 33,

38, 51, 54,102]). For example, in [33, 102], the problemof finding an optimal trans-

missionschedulewith leaky bucket constraintsis studiedsomeform of cost functions.

In [19, 38,51], videorateadaptationthroughquantizationparameteradjustmentover net-

workswith feedback-basedcongestioncontrolmechanisms.Thesetechniquesaremostly

designedfor live video transmission,andmay not be well suitableto delivery of stored

video,dueto anumberof reasons(e.g.,absenceof encodersatastoredvideoserver, or the

processingoverhead/delayincurred).

Packet discardingschemeswhich take advantageof applicationspecificinformationhave

beenusedin many differentcontexts. For example,in [83] aframe-inducedpacketdiscard-

ing schemeat thenetwork level is introduced.In this schemeupondetectionof lossof a

thresholdnumberof packetsbelongingto avideoframe,thenetwork attemptsto discardall

theremainingpacketsof thatframe.Similarly, thecontinuousmediatoolkit (CMT) [94,95]

alsousesapplication-specificinformationto assignpriority in packetdiscarding.Ourprob-

lem setting,however, is considerablydifferent from theseexisting studies. In designing

efficient server selective framediscardalgorithms,we leverageapplication-specificinfor-

mationto optimizetheclient QoSwhile at thesametime takingbothnetwork bandwidth

andclientbuffer constraintsinto account.

10.2 ProblemFormulation

In this sectionwe provide an overview of the storedvideo delivery systemandmotivate

thenotionof selectiveframediscard at theserver for a resourceconstrainednetwork. The

ideaof a costfunction is introducedto incorporatea QoSmetricandis usedto formulate

theselective framediscardproblem.
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Figure10.1:Overview of theproblemsetting

Figure1 depictsa server transmittinga storedvideo streamto a client acrossa network.

Thevideodatais retrievedfrom thedisksubsysteminto theservermemoryandmovedonto

thenetwork aspersomeserver transmissionschedule.Theclienthasabuffer whichcanbe

usedfor thework aheadof videodataby theserver. Theclientplaysbackthevideoframes

periodicallyasdeterminedby the framerate. Eachvideo framehasa deadlineconstraint

associatedwith it. Sincetheframesarebeingplayedbackat a periodicrate,theframehas

to beavailableat theclient whenthedecodingprocessattemptsto displayit. If theframe

is notavailable,theplaybackis paused,resultingin aplayback discontinuity.

We assumea network environmentwherea fixed amountof network bandwidthcanbe

reserved for a video stream(i.e., the CBR service). However, the network resourcemay

be constrained(this constraintis referredto as rate constraint). Furthermore,the buffer

resourceat a client may alsobe constrained(this constraintis referredto asclient buffer

constraint). In sucharesourceconstrainedsystem,theremaynotbesufficient resourcesto

ensurethecontinuousplaybackof thevideoattheclient. While therateconstraintregulates

the amountof datathat can be transmittedin one time unit, the client buffer constraint

limits theamountof work aheadby theserver into theclientbuffer. In thepresenceof both

rate and buffer constraints,a feasibleserver transmissionschedulewhich satisfiesboth

constraintssimultaneouslymaynotexist. Hencein thesecircumstances,framedroppingis

unavoidable.

A naive approachat theserver mayattemptto transmiteachframewith no cognizanceof

the resourceconstraints.This may causepacket lossanddelay in the network or buffer

overflow at theclient. As a resulttheclient mayreceive incompleteframeswhich cannot

beplayedback.Also theclientmaybeforcedto dropa frameif it arriveslate.Thesystem
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N : lengthof videoin frames.
fi : sizeof ith frame.
B : clientbuffer capacityfor storingunplayedframes.
C : network bandwidth.
N : setof all frames,i.e,{1, . . . , N}
S : a subsetof frames,i.e.,S ⊆ N .
A(S) : a transmissionschedulew.r.t. setS
Ai(S) : cumulativedata sentby theserverover [1, i]
ai(S) : amountof data sentby theserver in slot i
D(S) : underflow curvew.r.t setS
Di(S) : cumulativedataconsumed bytheclientover [1, i]
U(S) : overflow curvew.r.t setS
Ui(S) : maximumcumulativedatathatcanbereceived

by theclientover [1, i]
Bi(S) : buffer occupancy at theendof timeslot i.
Â(S) : greedytransmissionschedulew.r.t setS
Âi(S) : cumulativedata sentby theserverover [1, i]

accordingto thegreedyschedule
âi(S) : amountof datatransmittedin slot i underÂ(S).

Table10.1:Notation

resourcesconsumedby thesedroppedframesareeffectively wasted.

Selectiveframediscard aimsat optimizingtheutilization of thenetwork resourcesby pre-

emptivelydiscardingframesat the server. A frameis transmittedonly if it canmeetits

playbackdeadline.Otherwisethe frameis discardedtherebyincreasingthe likelihoodof

otherframesmeetingtheir playbackdeadlines.By effectively utilizing the resources,se-

lective framediscardimprovestheplaybackcontinuity.

In formulatingtheselective framediscardproblem,we considera discrete-timemodelat

theframelevel. Eachtime slot representstheunit of time for playingbacka videoframe.

For simplicity of exposition,we assumezerostartupdelay, i.e., the time the server starts

videotransmissionandthetime theclient startsplaybackis thesame.We alsoignorethe

network delay. Table10.1summarizesthenotationwe introducein this section.

Considera videostreamwith N frames.For i ∈ N = {1, . . . , N}, thesizeof ith frame

is denotedby fi. Let C denotethe bandwidthof the network (i.e., server transmission

rate is limited by C per unit of time), andB is the client buffer size. For S ⊆ N ,

1{j∈S} is the indicator function: 1{j∈S} = 1 if j ∈ S and 0 if j 6∈ S. Let D(S) =

{D0(S), D1(S), . . . , DN(S)} whereDi(S) =
∑i
j=0 fj 1{j∈S}, and let U(S) = {U0(S),
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U1(S), . . . , UN(S)} whereUi(S) = Di(S)+B. WerefertoD(S) asthe(client)buffer un-

derflowcurvewith respecttoS, andU(S) asthe(client)buffer overflowcurvewith respect

to S. A server transmissionscheduleA(S) associatedwith S is a schedulewhich only

transmitsframesincludedin S, namely, framei is transmittedunderA(S) if andonly if

i ∈ S. Let ai(S) betheamountof videodatatransmittedduringtime slot i, i = 1, . . . , N .

In accordancewith the notationfor D(S) andU(S), the scheduleA(S) is denotedby

A(S) = {A0(S), A1(S), . . . , AN(S)} whereA0(S) = 0 andAi(S) =
∑i
j=0 aj(S). Exam-

plesof D(S), U(S) andA(S) areshown in Figure10.2.

A server transmissionscheduleA(S) is saidto be feasiblewith respectto S if andonly if

for i = 0, 1, . . . , N , 1) rateconstraint is not violated, i.e.,ai(S) ≤ C; 2) buffer constraint

is not violated, i.e., Ai(S) ≤ Ui(S); and 3) playback constraints are not violated, i.e,

Di(S) ≤ Ai(S). In otherwordsa transmissionscheduleis feasibleif it lies within the

buffer underflow curveD(S) andthe buffer overflow curve U(S), having slopeno more

thanC (seeFigure10.2for anillustration).A setS ⊆ N is saidto befeasibleif andonly if

thereexistsafeasibletransmissionscheduleA(S) with respecttoS. For agivenpairof rate

andbuffer constraints(C,B), wedenotethecollectionof all feasiblesetsby SFD(C,B).

GivenascheduleA(S), thebuffer occupancy at theendof timeslot i (namely, immediately

afterframei hasbeenretrievedfrom theclientbuffer if i ∈ S) is denotedbyBi(S). Bi(S)

satisfiesthefollowing recurrencerelation:

Bi(S) = max{min{Bi−1(S) + ai(S), B} − fi1{i∈S}, 0}

whereB0(S) = 0

If Bi−1(S) + ai(S) > B, the buffer overflowoccursat time i. If Bi−1(S) + ai(S) < fi,

thenbuffer underflowoccursat time i. Clearlyfor a feasibleschedule,Bi(S) = Bi−1(S) +

ai(S)− fi1{i∈S}.

Associatedwith eachS, wedefineaspecialscheduleÂ(S), referredto asthegreedytrans-

missionschedulewith respectto S. UnderÂ(S), the amountof datatransmittedin time

slot i, i = 1, . . . , N , is givenby âi(S) = min{B − Bi−1(S), C), whereB0(S) = 0 and

Bi(S) = Bi−1(S) + âi(S)− fi1{i∈S}. HenceÂ(S) = {Â0(S), Â1(S), . . . , ÂN(S)}, where

Âi(S) =
∑i
j=0 âj(S). It is clearthatÂ(S) transmitsat therateC whenever possiblewith-

out overflowing thebuffer (seeFigure10.2for anexample).In otherwords,it attemptsto
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Figure10.2:Relationof D(S), U(S) andaserver transmissionscheduleA(S)

keepthebuffer asfull aspossible.By definition Â(S) alwayslies below thebuffer over-

flow curveU(S). HenceÂ(S) is feasibleif it staysabove theunderflow curveD(S), i.e.,

if Âi ≥ Di(S), i = 0, 1, . . . , N .

The greedyscheduleÂ(S) hasthe following property, the proof of which is straightfor-

ward.

Proposition1 For anyS ⊆ N , if A(S) is a scheduleconformingto the rate constraint,

thenAi(S) ≤ Âi(S), i = 0, 1, . . . , N .

SinceÂ(S) boundstheamountof datathatcanbetransmittedfrom theabove,any feasible

transmissionschedulehasto staybelow Â(S). Henceif Â(S) is not feasible,thenany

otherscheduleA(S) is not feasible.As a result,for any S ⊆ N , S is a feasiblesetif and

only if Â(S) is feasiblewith respectto S.

For a given pair of rateandbuffer constraints(C,B), therearein generalmorethanone

feasibleset.For example,trivially S = ∅ is alwaysa feasibleset.Obviously theperceived

quality of theplaybackat theclient would dependon theframestransmittedby theserver.

It is likely that the greaterthe numberof framesdropped,the lesserthe perceived video

quality. In addition,consecutive lossesof framesor a clusterof lost framesin nearprox-

imity wouldhave amorepronouncedimpacton theperceivedvideoquality thandispersed

lossesof frames.In orderto reflecttheperceivedvideoquality at theclient, we introduce

thenotionof a costfunction, φ(S), to quantify the“desirability” of differentfeasiblesets.

Sucha functionassociatesa certaincostwith eachdiscardedframe.Thecostof a feasible
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setφ(S) is thecostassociatedwith theframesthatarenot partof theset.For anappropri-

ately definedcostfunction,φ(S) shouldreflectthe perceived quality of playing backthe

setS. Thusminimizing thecostis equivalentto optimizingtheQoSat theclient.

For agivencostfunctionφ, theoptimalselectiveframediscard problemthereforeis to find

a feasiblesetS∗ whichminimizestheassociatedcostφ(S∗), formally

Find a setS∗ such that S∗ ∈ SFD(C,B) and φ(S∗) = min{φ(S) : S ∈

SFD(C,B)}.

S∗ is referredto asanoptimalfeasiblesetwith respectto φ.

For a givencostfunctionφ, a generaloptimalalgorithmto determineS∗ canbedesigned

using dynamicprogramming. The optimal algorithm proceedsin stages,wherestagei

correspondsto the ith frame, i = 1, 2, . . . , N . In eachstage,a setof appropriatestates

is maintained.A transitionfrom a statein stagei-1 to anotherstatein stagei represents

whetherframei is includedor discardedat stagei while no constraintsareviolated. The

incurredcostof the transitionis computedaccordinglyusingthecostfunction. Theopti-

mal selective framediscardproblemcanthusbe reducedto a shortestpathproblemand

solved usingdynamicprogramming. The computationalcomplexity of the algorithm is

O(NBW ), whereW is thelargestsizeof thestatesin eachstage,which in theworstcase

canbeaslargeas2N .

10.3 Upper Bound on the Sizeof FeasibleSets

Beforewe addresstheproblemof finding anoptimalsetthatminimizesa givencostfunc-

tion, wefirst consideramorefundamentalquestion:

Whatis theminimumnumberof framesto bediscardedsothat theremaining

framesthat are transmittedby the servercan meettheir respectiveplayback

timeundertheknownnetworkbandwidth(rate)andclient buffer constraints?

Or in otherwords,what is the largestpossiblecardinality of any feasibleset

S ∈ SFD(C,B)?

Thesolutionto thisquestionis notonly of interestin its own right, but, aswewill see,also

shedslight on thedesignof efficient selective framediscardalgorithmsin Section10.4.In
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1. PROCEDURE MINFD(C,B)
2. Initialization (i = 0): S# = ∅, Bi = 0, i0 = 0.
3. For i = 1 to N
4. âi = C
5. If Bi−1 + C > B, i.e., is buffer full?
6. âi = B −Bi−1 andi0 = i
7. Else
8. If Bi−1 + C < fi, i.e., is deadlineof framei violated?
9. For j = i0 + 1 to i
10. Computethegain∆i

j

11. Choosetheframek with thelargestgainmax ∆i

12. Discardframek andincludeframei, i.e.,
13. S# := (S# ∪ {i}) \ {k}
14. Updatebuffer occupancy atBi, i.e.,
15. Bi := Bi−1 + C + max ∆i − fi
16. Updatei0 if necessary
17. Else
18. S# := S# ∪ {i}
19. OutputS#

20. END PROCEDURE

Figure10.3:Theminimumframediscard(MINFD) algorithm.

this section,we first presentan algorithmfor solving this problem,andthenestablishits

correctness.This algorithmis referredto astheminimumframediscard (in shortMINFD)

algorithm. In Subsection10.3.1we presentthedetailsof theMINFD algorithmfor video

streamsencodedusingan intra-frameencodingschemesuchasJPEG,wherethereis no

inter-frame dependenceamongthe frames. Extensionof the MINFD algorithm to han-

dle inter-framedependenceis discussedin Subsection10.3.2,usingthe MPEG encoding

schemeasanexample.

10.3.1 The MINFD Algorithm for Intra-Frame EncodedVideo

Considera video streamencodedusing an intra-frameencodingschemesuchas JPEG.

Following the notationintroducedin Section10.2,fi denotesthe sizeof the ith frameof

thevideostream.Let C denotetheavailablenetwork bandwidth(i.e. the rateconstraint)

andB, thesizeof theclientbuffer.

Thefollowing observationsplayakey role in thedevelopmentof theMINFD algorithm.

1. As long asthe buffer constraintis not violated,alwaystry to sendasmuchdataas
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possible(i.e.,sendat rateC)

2. Whenever the buffer is full, delay transmissionuntil the buffer is no longercom-

pletelyfilled andthenresumetransmissionat rateC. Notethat it is never necessary

to discard framesbecauseof buffer overflow.

3. Whenever a playbackdeadlinecannotbemet,eitherthecurrentframeor anearlier

frame must be discarded.This is becausethe total size of the currently included

framesis morethanthatcanbetransmittedusingtheavailablebandwidthsubjectto

thebuffer constraint. In decidingtheframesto bediscarded,weshouldchoosethose

thatwouldoptimizethelikelihoodof thedeadlinesof futureframesbeingmet.

Thefirst two observationsstatethatwe shouldfollow thegreedyschedulein transmitting

the video data. Basedon the third observation, we devise a strategy which discardsthe

framethat maximizesthe buffer occupancyat the time whena playbackdeadlineis vio-

lated.In Theorem1, weshow thatthisstrategy is optimalin thesensethatit minimizesthe

total numberof framesdiscarded.

The algorithm is presentedin pseudo-codein Figure 10.3. It proceedsin stages,i =

0, 1, . . . , N , andconstructsa feasiblesetS# iteratively.

At stage0 (line 2 in the algorithm), we start with S# = ∅. At this point, the buffer

occupancy B0 = 0. The variablei0 is usedto keeprecordof the mostrecentbuffer full

point if any, andis initialized to 0.

At any stagei (lines3-16), i = 1, . . . , N , we follow thegreedyscheduleÂ, andtransmit

asmuchdataaspossible,namely, âi = min{C,B − Bi−1} (lines 4-6). If the buffer is

full at this point, seti0 = i. Otherwise(lines7-16),we checkto seewhethertheplayback

deadlineof frame i is met bythe greedyscheduleÂ with respectto the currentfeasible

setS# (line 8). If Bi−1 + C < fi, the playbackdeadlineof framei is violated,a frame

needsto bediscarded.In orderto decidewhich frameto discard,for eachj, 1 ≤ j ≤ i, we

introducethenotionof gain in thebuffer occupancy at time i if framej is discarded.We

denotethisgainby ∆i
j; its definitionwill begivenshortly. Theframediscarded,say, frame

k, is thustheonewhich yieldsthelargestgain,namely, ∆i
k = max1≤j≤i ∆i

j. This is done

in lines9-11.

Formally, let S#
i−1 denotethefeasiblesetconstructedat stagei − 1. RecallthatDj(S

#
i−1),

Uj(S
#
i−1) = Dj(S

#
i−1) +B andÂj(S

#
i−1) representthebuffer underflow curve,buffer over-
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Figure10.4:Effectof discardinga framej onD, U andÂ

flow curve andthe amountof datatransmittedby the greedyscheduleup to time j with

respectto S#
i−1. For j = 1, . . . , i− 1, define

∇i
j = min

j≤l≤i−1
{Ul(S

#
i−1)− Âl(S

#
i−1)} = min

j≤l≤i−1
{Dl(S

#
i−1) +B − Âl(S

#
i−1)}. (10.1)

∇i
j representstheminimal differencebetweenthebuffer overflow curveU(S#

i−1) andthe

greedyscheduleÂ(S#
i−1) in thetimeinterval [j, i−1]. Intuitively, it is themaximalamount

thatwecanshift thesegment[j, i] ofU(S#
i−1) downwardstowardsÂ(S#

i−1) withoutcrossing

Â(S#
i−1) (seeFigure10.4).

Now wearein apositionto define∆i
j.

∆i
j =







fi, j = i,

min{fj,∇
i
j}, j = 1, . . . , i− 1.

(10.2)

We now show that∆i
j is thegainin thebuffer occupancy at time i if framej is discarded.

Moreprecisely,

Bi−1(S
#
i−1 \ {j}) = Bi−1(S

#
i−1) + ∆i

j. (10.3)
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This is shown pictorially in Figure10.4wherethetwo cases:(a)fj ≤ ∇i
j and(b) fj > ∇i

j

aredepicted.As a resultof discardingframej, thesegment[j + 1, i− 1] of thenew buffer

overflow curve U(S#
i−1 \ {j}) andunderflow curve D(S#

i−1 \ {j}) are the original ones

(U(S#
i−1) andD(S#

i−1)) shiftedfj amount downwards.Considerthecasewherefj ≤ ∇i
j.

This canonly occur if j > i0 wherei0 is the last time beforei the buffer is full. The

greedyschedulecantransmitexactly thesameamountof dataastheoriginalschedule,i.e.,

(i−1−j)C, duringthetimeinterval [j+1, i−1]. Therefore,(10.3)holdsat time i−1. On

theotherhand,if fj > ∇i
j, theamountof datatransmittedby thegreedyscheduleduring

thesameinterval is only (i − 1 − j)C − (fj − ∇
i
j). This is becausethebuffer becomes

full at somepoint. Hencethegreedyscheduleneedsto stoptransmissionfor a durationof

(fj −∇
i
j)/C time. Thus(10.3)alsoholdsat time i− 1. Notethatin eithercase,wehave

Âi−1(S
#
i−1 \ {j})− Âj(S

#
i−1 \ {j}) = Âi−1(S

#
i−1)− Âj(S

#
i−1)− (fj −∆i

j). (10.4)

From(10.1),∇i
j = 0 for any j ≤ i0. Therefore,discardingany framebeforetime i0 will

resultin zerogain,i.e.,∆i
j = 0. In otherwords,discardinganyframebefore thelastbuffer

full pointwill nothelpmeettheplayback deadlineof framei. This is thereasonin line 9 of

thealgorithmin Figure10.3,weonly searchin therangeof [i0 +1, i] for aframeto discard.

Let k, i0 + 1 ≤ k ≤ i besuchthat∆i
k = maxi0+1≤j≤i ∆i

j. Hencediscardingframek yields

themaximalgainat time i. Denotethis maximalgainby max ∆i, i.e.,max ∆i = ∆i
k. As

∆i
i = fi, wehavemax ∆i ≥ fi. Hencefrom (10.3)

Bi−1(S
#
i−1 \ {k}) ≥ Bi−1(S

#
i−1) + fi.

Therefore,if k 6= i, discardingframek will help meetthe playbackdeadlineof framei.

As a resultof discardingframek from S#
i−1 andincluding framei at stagei, i.e., setting

S#
i := S#

i−1 ∪ {i} \ {k} (lines12-13),wehave

Bi(S
#
i ) = Bi−1(S

#
i−1) + C + max ∆i − fi. (10.5)

Notethattheaboveequationalsoholdswhenk = i.

In lines14-16of thealgorithm,thebuffer occupancy Bi is updatedusing(10.5),andi0 is

setto k∗ if discardingk resultsin a full buffer at time k∗, wherek∗ is thepoint wherethe

minimum in (10.1) is attained. If the deadlineof framei is met, it is includedin S#
i by
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settingS#
i := S#

i−1 ∪ {i} (line 18). ThealgorithmstopsafterstageN andoutputstheset

S#.

The feasiblesetS#
i constructedat stagei of theMINFD algorithmhasthe following im-

portantproperty.

Lemma 1 LetS beanyfeasibleset,i.e., S ∈ SFD(C,B). Then

|S#
i | ≥ |S ∩ {1, 2, . . . , i}| (10.6)

where | · | denotethecardinality of a set.

Moreover, for anyj = 1, 2, . . . , i, if

|S#
i ∩ {1, . . . , j}| = |S ∩ {1, . . . , j}|, (10.7)

thenBj(S
#
i ) ≥ Bj(S).

Intuitively, Lemma1 statesthat thenumberof framesincludedin the(partial) feasibleset

S#
i constructedat stagei is at leastaslargeasthenumberof frames(up to time i) thatare

includedin any otherfeasibleset.Moreover, amongall feasiblesetsthat discard thesame

numberof framesup to timej, S#
i maximizesthebuffer occupancy at time j. Hence,S#

i

maximizesthechanceof futureframesto meettheirplaybackdeadlines.As aconsequence

of this lemma,thetransmissionscheduleS# producedby theMINFD algorithmresultsin

the minimum numberof discardedframesfor any cost function, or equivalently, |S#| is

maximized.

Theorem1 LetS# bethefeasiblesetproducedby theMINFD algorithm.Then

|S#| = max {|S| : S ∈ SFD(C,B)} . (10.8)

By usinga clever datastructurefor maintainingandupdatingthegain∆i
j, we candesign

anO(N logN) algorithmto constructS#. Dueto spacelimitation, we will not describeit

here.
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(b) Decodingorder

Figure10.5: Sequenceof MPEGframeswith a GOPof size12. FramePij/Bij refersto
jth P/B framein theith GOP

10.3.2 The MINFD Algorithm for MPEG EncodedVideo

TheMINFD algorithmdescribedin Figure10.3canbeextendedto handlevideostreams

with inter-framedependenciessuchasthoseencodedusingtheMPEGencodingscheme.

In this section,we illustratehow to modify the MINFD algorithmto handleinter-frame

dependenciesusingMPEGasanexample.

The MPEG standarddefinesthreetypesof frames: I frames,P framesandB frames.

I framesare codedautonomously, while P framesare codedwith respectto the previ-

ousI or P frame. B framesuseboth previous andfuture I or P framesasa reference.

TheMPEGstandardalsodefinesa group-of-pictures(GOP)asa consecutive sequenceof

frames(pictures)containinga singleI frame,which is the first frameof the group,and

uponwhich therestof the framesin thegroupdepend.An exampleof GOPof size12 is

IBBPBBPBBPBB (seeFigure10.5(a)for an illustration). Becauseof the inter-frame

dependencies,discardinganI frameresultsin thelossof anentireGOP. Similarly, discard-

ing aP frameresultsin thelossof theP andB framesthatdependon it.

Anothercomplicationarisingfrom theseinter-framedependenciesis that the client play-

backorderdiffersfrom theclientdecodingorder. Figure10.5illustratesthiskey difference

betweenthe playbackorderanddecodingorder for a sequenceof MPEG frameswith a

GOPof size12. Both theplaybackorderandthedecodingorderplayarole in determining

whethera framecanbeplayedbackin time or not. For example,whetheraB framecan

be playedbackdependsnot only on its own playbackdeadline(which is determinedby

theplaybackorder),but alsoon the in-time arrival of its future referenceframe(which is
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determinedby thedecodingorder).

Wenow describehow to extendtheMINFD algorithmto handletheinter-framedependen-

cies in MPEG, usinga GOPof size12 asan example. For simplicity of exposition,we

assumethat a sequenceof MPEG framesare transmittedfrom the serverto the client in

their decodingorder. We proceedby consideringtransmissionof all or partof theframes

in aGOPateachstage.NotethatbecausethelasttwoB framesin aGOPof size12depend

not only on the previousP frame,but alsoon the I frameof the next GOP, thesetwo B

framesneedto betreatedspecially:they areonly includedfor considerationof transmission

in thenext GOP(after the I frameof thenext GOP, on which they depend),but they are

eligible for considerationof discardingin thecurrentGOP. This specialtreatmentwill be

furtherexpandedon,aswesketchtheextendedMINFD algorithmfor MPEGvideobelow.

Supposewe have aMPEGvideosequenceof frameswith N GOPs2 of size12. At stagei,

i = 1, 2, . . . , N , we considertransmissionof the ith GOP, Ii[Bi−1,7Bi−1,8]Pi,1Bi,1Bi,2Pi,2

Bi,3Bi,4Pi,3Bi,5Bi,6(Bi,7Bi,8). Hereeitherof thelasttwoB framesfrom thepreviousGOP,

Bi−1,7Bi−1,8, is includedfor considerationof possibletransmissionwith the ith GOPpro-

videdthatthefollowing two conditionsaremet: 1) i ≥ 2 andits previousreferenceframe,

i.e.,thelastP framefrom theGOP,Pi−1,3, is includedfor transmissionin thepreviousGOP

at stagei − 1; and2) it is not selectedfor discardingin thepreviousGOPat stagei − 1.

The last two framesin thecurrentGOPareincludedherefor considerationof discarding

only. They will beconsideredfor transmissionin thenext GOPatstagei+1 , becausetheir

futurereferenceframe,theI framein thenext GOP, hasto betransmittedbeforethem.

For the framesincludedin the ith GOP(excludingBi,7Bi,8), Ii[Bi−1,7Bi−1,8]Pi,1Bi,1Bi,2

Pi,2Bi,3Bi,4Pi,3Bi,5Bi,6, we checkto seewhetherthey canbetransmittedusingthegreedy

schedulein sucha mannerthatall of themcanbeplayedback in timeat theclient. If this

is thecase,wemove to thenext stageandconsidertransmissionof thei+ 1th GOP. If this

is not thecase,thenoneor moreframesmustbediscardeddueto thenetwork bandwidth

constraint.Note that no morethan14 framesneededto be discardedat eachstage.This

is becausein the worst casewe canalwaysdiscardall the framesin the current(i.e., the

ith) GOPincludingBi,7Bi,8 andmove to the next stage.Now the questionis to find the

minimum numberof frames,m∗
i , 1 ≤ m∗

i ≤ 14, that must be discardedat stagei so

that someof the framesin the ith GOP(excludingBi,7Bi,8) canbe transmittedusingthe

greedyschedulein suchamannerthattheseframescanbeplayedback in timeat theclient
2Thealgorithmdescribedbelow doesnot requirethevideosequenceto have afixedGOPpattern.
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(we refer to this condition as the maximumplayback constraint). Furthermore,them∗
i

discardedframesarechosenin suchamannerthatthebuffer gainat theendof theith GOP

is maximized(we referto this conditionasthemaximumbuffer gaincriterion).

To find m∗
i , we start with m∗

i = 1. Among all the framesthat have beenincludedfor

transmissionfrom thepreviousstagesandtheframesin thecurrentGOP, we checkto see

whetherwecanfind asingleframeto discardsothatthemaximumplaybackconstraintcan

besatisfied.(Framesthatareeligible to discardasa singleframeincludeall theB frames

andthose“isolated” P or I frameswhosedependentB andP frameshave alreadybeen

discardedin the previous stages.) If the maximumplaybackconstraintcan be satisfied

by discardinga singleframe,we chooseto discardthe oneamongall the eligible single

framesthatmeetsthemaximumbuffer gaincriterion. If themaximumplaybackconstraint

cannotbe satisfiedby discardinga singleframe,we proceedto considerm∗
i = 2. More

generally, considerthecasem∗
i = m, 1 ≤ m ≤ 14. Amongall theframesthathave been

includedfor transmissionfrom thepreviousstagesandtheframesin thecurrentGOP, we

checkto seewhetherwe canchooseexactlym frames(includingthedependentframesof

any chosenframe)to discardsothatthemaximumplaybackconstraintcanbesatisfied.If

this cannotbedone,we proceedto considerm∗
i = m + 1. If this canbedone,we choose

thosem framesto discardsuchthat themaximumbuffer gaincriterionbemet. Note that

thisprocedurestopswhenm∗
i = 14, aswecanalwaysdiscardthecurrentGOPto meetthe

maximumplaybackconstraint.Thuswecanalwaysfind 14 framesto discardsuchthatthe

maximumbuffer gaincriterionis met.

Basedon a similar argumentas usedin Theorem1, it can be shown that the modified

MINFD algorithm describedabove producesa feasibletransmissionschedulethat min-

imizes the total numberof framesdiscarded. The time complexity of the algorithm is

polynomialin N , thenumberof GOPsin anMPEGvideostream.However, theexponent

of thepolynomialis in theorderof theGOPsize.

The modifiedMINFD algorithmfor MPEG video minimizesthe total numberof frames

discarded. A variation of this MINFD algorithm can also be devised using a different

metric— onethat,first of all, minimizesthetotal numberof I framesdiscarded,thenthe

total numberof P framesdiscarded,andthenthetotal numberof B framesdiscarded.In

otherwords,aP frameis discardedonly if it cannotbeincludedby discardingany number

of B frames.Similarly, anI frameis discardedonly if it cannotbeincludedby discarding

any numberof B andP frames. Using this metric, we canensurethat eachGOPhasat
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1. PROCEDURE JITFD(N)
2. For i = 1 to N
3. Incrementthebuffer by âi
4. If buffer occupancy > fi
5. Decrementthebuffer by fi anddisplayframei
6. Else
7. Discardframei
8. END PROCEDURE

Figure10.6:TheJITFD selective framediscardalgorithm.

leastits I framepreservedwhenever possible,therebyensuringcertainlevel of perceived

videoqualityat theclient.

10.4 Heuristic SelectiveFrame Discard Algorithms for JPEG

As mentionedearlier the complexity of the optimal selective framediscardalgorithmis

O(BNW ). For largevaluesof B andN , this canresultin very high complexity. In this

sectionwe designa setof efficient heuristicalgorithmsthat aim at minimizing the cost

associatedwith thediscardedframes.Most of theseheuristicsaredesignedbasedon the

MINFD algorithmandhencehave alow computationalcomplexity.

Recallthat theMINFD algorithmfinds theminimumnumberof framesthatmustbedis-

cardedfor a feasibleschedule.However it maytendto discardconsecutive framesif large

framesareclusteredtogether. Hencetheplayback discontinuityat theclient maybevery

high. In orderto provide a measureof this playback discontinuity, we definea costfunc-

tion, φ(S), that takestwo aspectsof playbackdiscontinuityinto consideration:the length

of a sequenceof consecutivediscardedframesandthe spacingor distancebetweentwo

adjacentbut non-consecutivediscardedframes.

The cost functionφ(S) assignsa costci to a discardedframe i dependingon whetherit

belongsto a sequenceof consecutive discardedframesor not. If frame i belongsto a

sequenceof consecutivediscardedframes,thenthecostci is definedto beli, if framei is the

lthi consecutively discardedframein thesequence.Otherwise,thecostci is definedbased

on its distancedi to thepreviousdiscardedframeandgivenby theformulaci = 1 + 1√
di

.

Therefore,for asetS ∈ N , thetotal costof S is φ(S) =
∑

j∈N\S cj.

Obviously therearemany otherwaysto definea cost function. We believe that the two
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aspectsof playbackdiscontinuityconsideredby φ(S), namelythecostdueto consecutive

discardandthat dueto spacingbetweendiscardedframes,areimportantmeasuresof the

perceived quality. Any othercost function shouldreflect thesetwo aspectsof playback

discontinuityin oneway or another. More study3 is neededin this areato comeup with a

morerealisticcostfunctionbasedonperceptualqualityof videoplayback[112]. In therest

of thissectionwewill describeasetof heuristicalgorithmsbasedonthecostfunctionφ(S)

definedaboveandresultsof performanceevaluationarethenpresented.Ouralgorithmscan

beeasilymodifiedto incorporatethespecificsof othercostfunctions.

10.4.1 Heuristic Algorithms

Theheuristicalgorithmsaimatfindinga low costfeasiblesetS by takingeitherthecostof

discardinga framedirectly into considerationor indirectly. They differ in thecriteriaused

in selectinga frameto discard.All theheuristicsusethegreedyscheduleto determinethe

amountof datato betransmittedin eachtimeslot.

As a simplebaselinealgorithm,we first introducethe just-in-timeselective framediscard

heuristic,JITFD.JITFD is perhapsthesimplestandmostintuitive selective framediscard

approach. It always discardsthe current frame whenever its playbackdeadlinecannot

be met, irrespective of its cost. The algorithmis shown in Figure10.6. At eachtime i,

thebuffer is increasedby âi = min(B − Bi−1, C) (line 3), asper thegreedytransmission

schedule.If thebuffer occupancy is smallerthanthesizeof thecurrentframei, i.e. Bi +

âi < fi, the frame is discardedas in lines 4-7. The computationalcomplexity of this

algorithmis linearin N .

The distancebasedselective framediscardalgorithm,DISTD(λ), usesa parameterλ to

indirectly control thecostof discardedframes.Thebasicstructureof thealgorithmis the

sameas the MINFD algorithm. For any given λ ≥ 1, DISTD(λ) attemptsto spacethe

discardedframesλ distanceapartby incorporatinga distancebasedpriority in selectinga

frameto discard. The procedureto selecta frameto discardis presentedin Figure10.7.

At eachtime i, if the playbackdeadlineof framei is violated,the procedureis invoked.

The procedurefinds a frame,k, with highestpriority pk, amongall framesselectedfor

transmissionsincethe last buffer full point i0. Herethe priority pk of a frameis defined
3Although a lot of attentionhasbeendevotedto developmentof accurateperceptualmodelsfor video

encoding[107], unfortunatelymostof thesemodelsarenot directly applicableto our studyhere. We need
a relative frame-basedperceptualmodelto designa meaningfulcostfunctionasa basisfor selective frame
discarding.
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1. PROCEDURE DISTD Select(i,λ )
2. Setk = i; pk = min(dk, λ)
3. For j = i0 + 1 to i-1
4. Do not considerj if j 6∈ S
5. pj = min(dj , λ)
6. If pj > pk
7. Setk = j
8. Else If pj = pk and∆i

j > ∆i
k

9. Setk = j
10. END PROCEDURE

Figure10.7:Procedureto selecttheframeto discardfor DISTD.

basedon its distancedk from the previously discardedframe: pk = min{λ, dk} (line 2).

Henceall frameswith a distanceat leastλ aretreatedwith thesamepriority. Framesare

consideredfor discardingin theorderof decreasingpriority. Frameswith highestpriority,

namely, pj = λ, areconsideredfirst. If sucha framecannotbe found, all frameswith

distanceλ -1 areconsidered,andso forth. Among the frameswith thesamepriority, the

framewith thelargestgain∆i
k is chosen(line 8). Finally, theselectedframek is chosenfor

discardingonly if its gain∆i
k is biggerthanthesizeof thecurrentframe,fi (this criterion

is not shown in Figure10.7).Otherwise,thecurrentframei is discarded.

Theminimumcostbasedselective framediscardalgorithm,MINCD, takesthecostof dis-

cardingaframedirectlyintoconsideration.Theprocedurefor selectingtheframetodiscard

is given in Figure10.8. At time i, if theplaybackdeadlineof framei is violated,a frame

k with lowestincurredcostcik is chosenfor discarding.Let Si−1 be the feasiblesetcon-

structedat time i − 1. Theincurredcostcik is definedto bethecostincurredif framek is

discardedat time i, i.e., cik = φ(Si−1) − φ((Si−1 ∪ {i}) \ {k}). As shown in lines3-6, a

framewith thesmallestincurredcostis chosenfor discarding.If two frameshavethesame

incurredcost,theonethatyieldslargergain∆i
j is chosen(lines7-8).

The last heuristicwe consideris the minimumcostmaximumgain basedselective frame

discardheuristic,MCMGD. In selectinga frameto discard,it takesboththegain∆i
j from

discardinga frameandthecostcij incurredthereofinto consideration.Theprocedurefor

selectingtheframeto discardis shown in Figure10.9.It discardsaframek with thelargest

gainto theincurredcostratio, i.e.,∆i
j/c

i
j (lines5-6). By discardingframeswith thelargest

gain to costratio, theMCMGD heuristicusesin effect thesteepestgradientsearchfor an

optimalsolution.
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1. PROCEDURE MINCD Select(i)
2. Setk = i
3. For j = i0 + 1 to i-1
4. Do not considerj if j 6∈ Si
5. If cij < cik
6. Setk = j
7. Else If cij = cik and∆i

j > ∆i
k

8. Setk = j
9. END PROCEDURE

Figure10.8:Procedureto selecttheframeto discardfor MINCD.

1. PROCEDURE MCMGD Select(i)
2. Setk = i
3. For j = i0 + 1 to i-1
4. Do not considerj if j 6∈ Si
5. If ∆i

j/cij > ∆i
k/cik

6. Setk = j
7. END PROCEDURE

Figure10.9:Procedureto selecttheframeto discardfor MCMGD.

Thecomputationalcomplexity of theDISTD, MINCD andMCMGD heuristicsisO(N2).

This is muchsmallerthanthecomputationalcomplexity of theoptimalalgorithmOPTFD.

10.4.2 PerformanceEvaluation

In this sectionwe evaluatethe performanceof the heuristicselective framediscardalgo-

rithms usingJPEGvideo traces. For given bandwidthandclient buffer sizeconstraints,

the numberof framesdiscardedandthe cost incurredby thesealgorithmsarecompared.

Thecostis computedusingtheheuristiccostfunctiondefinedearlier. Theimpactof each

constrainton theperformanceof thesealgorithmsis alsostudiedby varyingoneconstraint

Title Length No. of Ave. Rate PeakRate PeakRate
(min) Frames (Mbps) (Unsmoothed) (Smoothed)

Sleeplessin Seattle 101 181457 2.28 3.99 3.30
Beauty andBeast 80 143442 3.04 7.29 6.54

JurassicPark 122 220061 2.73 5.73 4.78

Table10.2:Characteristicsof JPEGvideotraces
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SelectiveFrame Sleeplessin Seattle Beauty andtheBeast JurassicPark
DiscardAlgo Discards Cost Discards Cost Discards Cost

JITFD 10538 15720.21 8778 13355.89 13457 20269.55
DISTD(2) 10272 15696.25 8602 13370.69 13141 20262.52
DISTD(5) 10414 15372.89 8692 13196.46 13294 19909.13
MINCD 10473 15332.03 8742 13170.24 13384 19845.25

MCMGD 10455 15246.31 8712 13130.756 13342 19746.68
MINFD 9907 128797.77 8183 106951.31 12516 148921.86

Table10.3:Comparisonof variousselective framediscardalgorithmsfor JPEG.

while keepingthe otherconstraintfixed. We presentthe resultsfor threerepresentative

traces,Sleeplessin Seattle, Beautyand the BeastandJurassicPark. Table10.2 lists the

characteristicsof thesetraces[22], whereamongotherthings,the averagerate,the peak

rateof thevideotracesareshown. Also includedis thepeakrateof theoptimalsmoothed

schedule[97] usingaclientbuffer sizeof 1 MB andzerostartupdelay.

Table10.3comparesthe performanceof variousselective framediscardalgorithms.The

rateconstraintC in eachcaseis setto theaveragerateof thevideotrace,while theclient

buffer sizeB is setto 1 MB. As shown in Table10.2,thepeakrateof theoptimalsmoothed

scheduleis considerablyhigherthanthechosenrateconstraint.Hencecontinuousplayback

is not possible,forcing the server to discardframes. Considerthe performanceof the

heuristicalgorithmswhenappliedto thevideo traceSleeplessin Seattle. JITFD discards

10538frameswith a costof 15720.21.DISTD(2) drops10272frames,while DISTD(5)

drops10414frames,larger than that of DISTD(2). However, the cost of DISTD(5) is

15372.894,lower than that of DISTD(2), which is 15696.250. This is due to the fact

thediscardedframesin DISTD(5) aremoredistributed thanthoseof DISTD(2), incurring

a lower costdespitea larger numberof discardedframes. For the sametrace,MINCD

discards10473frameswith acostof 15332.03,andMCMGD incursacostof 15246.31by

discarding10455frames.All theheuristicdiscardschemesthattakecostinto consideration

incur lesscostthanJITFD does.Amongthem,MCMGD performsbest,asexpected.We

alsoran the optimal algorithm4, OPTFD,on this trace. It discarded10455frameswith a

costof 15245.8.We seethat theresultsproducedby MCMGD arenearoptimal. It is also

worth pointingout thatMINFD indeedgivesthelowestnumberof discards.However, the
4In orderto speeduptheexecutionof OPTFDandreducethememoryspace,abranchandboundstrategy

is usedto controlthenumberof statesby pruningstateswhichareunlikely to leadto anoptimalcost.Hence
theresultsproducedmaynot becompletelyaccurate,but we believe they give agoodapproximationto the
trueoptimalvalues.
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Figure10.10:Performanceundervaryingbuffer sizeswith C fixedat2.28Mbpsfor Sleep-
lessin Seattle

incurredcostis quitehighasit tendsto discardconsecutive largeframes.Clearly, thereis a

trade-off betweenreducingthetotalnumberof discardedframesanddistributingdiscarded

framesin avideostream.

We now study the impact of varying buffer size while fixing the rate constrainton the

performanceof the selective framediscardalgorithms. Figure10.10shows the number

of discardedframesaswell asthe incurredcostasa function of buffer sizefor the trace

Sleeplessin Seattle. ThebandwidthC is fixedat2.28Mbps,andtheclientbuffer sizeB is

increased from0.5MB to 2.5MB. It canbeseenthatall theotherfour heuristicalgorithms

performbetterthanJITFD.Thedifferencein performanceamongtheheuristicswidensas

thebuffer sizeincreases.Thisphenomenoncanbeexplainedasfollows. Recallthatframes

which comebeforea buffer full point are not consideredfor discardingfor a deadline

violationafterthebuffer full point. Hencewith increasedbuffer size,thenumberof frames

from which a frame can be selectedfor discardingincreases.It thereforeenhancesthe

effectivenessof theselectioncriteriausedin theheuristicssuchasMINCD andMCMGD.

Amongall theheuristics,it is quiteevidentthatMCMGD performsbestatall buffer sizes.

Figure10.11shows the impactof bandwidthvariation for the traceSleeplessin Seattle.

The bandwidthis varied from 2.96 Mbps to 3.12 Mbps with the client buffer sizefixed

at 1 MB. As the bandwidthincreases,the differencein performancebetweenthe JITFD

andtheotherfour heuristicalgorithmsnarrows slightly. This is becauseat a higherband-

width, the playbackdeadlineof fewer framesareviolated. As a result,discardedframes
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Figure10.11:Performanceundervaryingbandwidthwith B fixedat 1MB for Sleeplessin
Seattle

aremorelikely to bedistributedandtheadvantageof moresophisticatedheuristicsis less

pronounced.TheMCMGD algorithmstill hasthebestperformanceacrossthebandwidth

range,

We have run theheuristicalgorithmson otherJPEGtraces.Theresultsobtainedarevery

similar. We concludethat the proposedheuristicalgorithmswork well in improving the

perceivedquality asmeasuredby theproposedcostfunction. Amongthem,theMCMGD

heuristichasthebestperformance.

10.5 Heuristic SelectiveFrame Discard Algorithms for MPEG

In this section,we extend the heuristicalgorithmsdevelopedfor JPEGencodedvideo

to handleinter-framedependenciesfor MPEG encodedvideo. The evaluationbasedon

MPEGvideotracesis thenpresented.

Thefollowing modificationsaremadeto theselective framediscardheuristicsin orderto

take the MPEG inter-framedependenciesinto account. If the currentframeis a P or B

frame, it is discardedif its previous referenceframe is not includedin the transmission

schedule.In addition,aB frameis alsodiscardedif its future referenceframecannotbe

transmittedbeforetheplaybackdeadlineof thecurrentB frame.

Theabovemodificationsaretheonly changesneededfor thejust-in-time(JITFD)heuristic.

For the minimumcost (MINCD) andmin-cost-max-gain(MCMGD) heuristics,an addi-
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Title Length I P B Total Avg. Rate PeakRate
(min) Frames Frames Frames Frames (Mbps) (Mbps)

Starwars 121 14505 43514 116036 174055 0.374 4.446

Table10.4:Characteristicsof Starwars MPEGvideotrace.

SelectiveFrame DiscardedFrames Cost
DiscardAlgo I P B Total

JITFD 210 827 5924 6961 31761.86
MINCD 1 18 11948 11967 20597.93

MCMGD 1 18 9860 9879 17364.47

Table10.5:Comparisonof thevariousselective framediscardalgorithmsfor MPEG.

tionalmodificationis incorporatedto attacharelative importanceto I, P andB frames.In

decidingaframeto discard,framesareconsideredin thefollowing orderof relative impor-

tance:B, P3, P2, P1, I. In otherwords,eligible framesof typesB arealwaysconsidered

first. If noeligible framesof typeB areleft, eligible framesof typeP3 areconsidered,and

soforth. As describedin Section10.4,MINCD discardsa framewith lowestincremental

cost,while MCMGD choosesa framewith largestratioof gainandincrementalcost.Sim-

ilar extensionscanalsobeincorporatedin thedistance-based(DISTD) heuristic,wherethe

distancebetweenframesis now definedfor eachtypeof frames.For clarity of exposition,

wedonot includetheDISTD heuristicin thefollowing performanceevaluation.

The performanceof the JITFD, MINCD andMCMGD heuristicsis evaluatedandcom-

paredin Table10.5usingthe Star Wars MPEG video trace. The statisticsof the MPEG

traceis listed in Table10.4. TherateconstraintC is setto 0.4 Mbpsandtheclient buffer

sizeB is fixedat0.5MB. FromTable10.5,weseethatJITFDperformssignificantlyworse

thanMINCD andMCMGD, unlikethecaseof JPEG.Thisis dueto thefactthatJITFDdoes

not take into accountthe framedependenciesandthe relative importanceof frametypes.

Henceit is proneto discarda largenumberof I frames,incurringa muchhighercost,as

comparedto that of MINCD andMCMGD. WhereasMINCD andMCMGD attemptto

minimizethechanceof discardingI andP framesby consideringframetypesin theorder

of their relative importance.MCMGD discardsfewerB framesthanMINCD, while the

samenumberof I andP framesarediscardedby bothheuristics.MCMG performsbetter

thanMINCD, becauseit takesbothcostandgaininto consideration.

The impact of varying client buffer size and network bandwidthon the performanceof
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Figure10.12:Performanceunder(a) varyingbuffer sizes(b) varyingbandwidthfor Star-
wars

theseheuristicsis shown in Figure10.12(a)and(b) respectively. In bothcases,astheclient

buffer sizeor network bandwidthincreases,thecostfor eachheuristicdecreases.This is

becausewith largerbuffer or highernetwork bandwidth,the likelihoodof discardingI or

P framesis reduced,therebyreducingtheoverall cost. We have observedsimilar results

for otherMPEGtraces.

10.6 Summary

In this chapter, we have developedvariousselective framediscardalgorithmsfor stored

video delivery acrossa network whereboth the network bandwidthandthe client buffer

capacityarelimited. We beganby formulatingtheproblemof optimalselective framedis-

cardusingthe notion of a cost function. The cost function capturesthe perceived video

quality at theclient. Givennetwork bandwidthandclient buffer constraints,we developed

anO(N logN) algorithmto find the minimum numberof framesthat mustbe discarded

in orderto meettheseconstraints.Thecorrectnessof thealgorithmis alsoformally estab-

lished. We presenteda dynamicprogrammingalgorithmfor solving theoptimalselective

framediscardproblem. Sincethe computationalcomplexity of the optimal algorithmis

prohibitively high in general,we alsodevelopedseveral efficient heuristicalgorithmsfor

selective frame discard. Thesealgorithmsare evaluatedusing JPEGand MPEG video

traces.We found that theminimumcostmaximumgain algorithmperformsbestfor both

JPEGandMPEGencodedvideo.Thebasic ideaspresentedherecanbeextendedto layered
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videoalso.In thenext chapter, wedeveloplayerselectionschemesthatin effectselectively

discardframesof layersin anattemptto providesmootherquality videostream.
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Chapter 11

Layer SelectionAlgorithms

Theselective framediscardalgorithmspresentedin thepreviouschapteressentiallyadjust

the framerateof a video by selectively playing framesandthuseffectively reducingthe

bandwidthrequiredfor its playback.But this providesonly a coarsercontrolon perceived

quality. Furthermore,thesealgorithmsarenotawareof thecontentof videoplayedandthus

donottakeinto accountthevisualimportanceof eachframe.Layeredencodingis proposed

to provide finer controlon videoquality. Layeredencodingseparatesthevideosignalinto

componentsof differing visual importance:the baselayer containscoarserdetailswhile

upper layerscontainincreasinglyfiner detailsof the video. A prefix of theselayersis

chosensuchthat the resourceconstraintsaremet [59]. However it is not a trivial taskto

selectlayerssuchthatbetterbut consistentquality playbackis ensuredwhenthenetwork

conditionsareconstantlyvarying.

In this work, we addressthe layerselectionproblemin storedlayeredvideodelivery and

show how smoother1 quality videoplaybackcanbeprovidedby utilizing theclient buffer

for prefetching.We first definesmoothnesscriteria,designmetricsfor measuringit, and

thendevelopoff-line algorithmsto maximizesmoothnessfor thecasewherethenetwork

bandwidthis varyingbut known a priori . We thendescribeanadaptive algorithmfor pro-

viding smoothedlayeredvideo delivery that doesn’t assumeany knowledgeaboutfuture

bandwidthavailability. The resultsof our experimentsfor measuringandcomparingthe

performancetheseschemesarethenpresented.We concludethechapterwith a brief dis-

cussiononour futurework.
1Heresmoothingrefersto theperceivedvideoquality, notbandwidth.
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Figure11.1: Illustrationof smoothnesscriteria

11.1 SmoothnessCriteria and Quality Metrics

Oneof theproblemsin assessingtheperformanceof avideodeliveryschemeis thelackof

agoodmetricthatcapturestheuser’sperceptionof videoquality. In general,thehigherthe

amountof detailin theplayedvideo,thebetteris its quality. However, it is generallyagreed

thatit is visually morepleasingto watcha videowith consistent,albeit lower, quality than

onewith highly varying quality. Thus,a goodmetric shouldcaptureboth the amountof

detailperframeaswell asits uniformity acrossframes.

Considertheexamplesequencesof layersin avideostreamshown in Figure11.1.Thetop

two streamsconsumethesameamountof network resources,asthe bottomtwo streamsdo.

However, thesequenceson the right are“smoother”thantheoneson the left. In thefirst

case,thedegradationin quality is moregradualin the“smoother”sequence.In thesecond

casethe“smoother”sequencehasfewer changesin quality. Thesesmoothnesscriteriacan

be capturedin a metric by giving higher weight to lower layersand to longer runs2 of

continuousframesin a layer.

We proposea family of metricsthat attemptto measurethe smoothnessin the perceived

quality of a layeredvideo. They representthe smoothness,M , of a video streamby a

vector of the form M = (m1,m2, . . . ,mL), whereL is the total numberof layersand

mi is themeasureassociatedwith layer i. Using thesemetrics,two videostreamscanbe

comparedby using lexicographicorderingof the correspondingvectors. A streamwith

smoothnessmeasureM1 is consideredbetterthana streamwith M2 if ∃i,m1
j = m2

j , j <

i andm1
i > m2

i . In other words, the streamwith a higher measureat a lower layer is

consideredsmoother.
2Hereafterrun refersto asequenceof consecutive framesshown in a layer.
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Eachmetric in the family computesits mi differently. We considerthreesuchmetricsin

ourwork: avgrun, minrun, exprun. Theavgrunmetricmeasuresthemeanlengthof arunin

layer i andminrun its minimumrun. Theexprunmetricmeasurestheexpectedrun length

in layer i. In otherwords, the exprun metric gives the run length in layer i that canbe

expectedto beseenaroundanarbitraryframein thelayer.

Thesemetricscanbecomputedasfollows:

avgrun = n1+n2+...+nk
k

minrun = min{n1, n2, . . . , nk}

exprun =
n2

1+n2
2+...+n2

k

N

wherek is the total numberof runsin a layer andn1, n2, . . . , nk arethe lengthsof these

runs.Thesevaluesarethennormalizedby thelengthof thevideosequenceandpresented

asavaluebetween0 and1.

Thefollowing tablelists thesmoothnessof eachsequencein Figure11.1,asmeasuredby

eachof theabovemetrics.It is assumedthatthelengthof thevideois 12 frames.

top left top right

avgrun (1.00, 1.00, 0.50, 0.50) (1.00, 1.00, 0.67, 0.33)

minrun (1.00, 1.00, 0.50, 0.50) (1.00, 1.00, 0.67, 0.33)

exprun (1.00, 1.00, 0.25, 0.25) (1.00, 1.00, 0.44, 0.11)

bottomleft bottomright

avgrun (1.00, 1.00, 0.15) (1.00, 1.00, 0.30)

minrun (1.00, 1.00, 0.08) (1.00, 1.00, 0.25)

exprun (1.00, 1.00, 0.10) (1.00, 1.00, 0.17)

Considerfor examplethe bottomleft sequencein Figure11.1. The total numberof runs

is 1, 1, 4 respectively for the layers1, 2, 3. For layers1 and2 the averagerun lengthand

minimumrun lengthis sameasthelengthof thevideo. Hencetheir normalizedmeasures

are each1.0. The layer 3 has4 runs of length1, 1, 2, 3 respectively. Thus the average

run lengthis 1.75 andthe correspondingavgrunmeasureis 1.75
12

= 0.145. Similarly the

minimumrunlengthis 1 andtheminrunmeasureis 1
12

= 0.083. Theexpectedrunlengthof

layer3 is 12+12+22+32

12
= 1.25 andhencethecorrespondingexprunmeasureis 1.25

12
= 0.104.

As canbeseen,therelativesmoothnessof thesequencesin Figure11.1is reflectedby each

of themetricsin theabove table.
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Themetricsavgrunandminrunareeasyto understandandeachmeasureadifferentstatistic

on the runspresent.But they fail to take into accountthe absenceof runs. For example,

givena sequenceof runsof a layer, by droppingall therunsexceptthelongestrun we can

generateanew sequencewith largeravgrunandminrunvalues.Suchanew sequencemay

not necessarilybeperceptuallybetterthantheoriginal sequence.In orderto addressthis

we alsoneedto considertheabsenceof a framesin a run. Theexprunmetriccapturesthis

notionby takingboththesumof all runsandthelengthof eachindividual runinto account.

We now proceedto formulatethe layer selectionproblemin video delivery anddevelop

algorithmsthatchooselayerssuchthat thesmoothnessof theresultingsequenceis maxi-

mizedasmeasuredby thesemetrics.

11.2 ProblemFormulation

The objective of a layer selectionschemeis to optimize the perceived video quality, as

measuredby metricsdescribedearlier, given theresourceconstraints.In formulatingthis

problem,we considera discrete-timemodelat the framelevel. Eachtime slot represents

theunit of time for playingbacka video frame. For simplicity of exposition,we assume

startupdelayof oneslot, i.e., theserverstartsvideotransmissiononetimeslotaheadof the

time theclient startsplayback.In otherwords,server startstransmissionat time 0 andthe

client startsdisplayingtheframe1 at time1. Wealsoignorethenetwork delay. Table11.1

summarizesthenotationwe introducein this section.

Considera video streamwith N framesandL layers. The sizeof jth layer of ith frame

is denotedby f ji . Let Ĉj = (Ĉj
0 , Ĉ

j
1 , . . . , Ĉ

j
N) and B̂j = (B̂j

0, B̂
j
1, . . . , B̂

j
N), whereĈj

i

denotenetwork bandwidthandB̂j
i clientbuffer capacityduringtimeslot i ata layerj. Let

S = (S1, S2, . . . , SN), 0 ≤ Si ≤ L bea layersequence.

LetD(S) = (D0(S), D1(S), . . . , DN(S)) whereDi(S) =
∑i
k=0

∑Si
j=0 f

j
k , andlet U(S) =

(U0(S), U1(S), . . . , UN(S)) whereUi(S) = Di(S) + B̂1
i . We refertoD(S) asthe(client)

buffer underflowcurvewith respectto S, andU(S) asthe (client) buffer overflowcurve

with respectto S. A server transmissionscheduleA(S) associatedwith S is a sched-

ule which only transmitslayersof framesincludedin S, namely, layer j of frame i is

transmittedunderA(S) if and only if j ≤ Si. Let ai(S) be the amountof video data

transmittedduring time slot i, i = 1, . . . , N3. ThescheduleA(S) is denotedby A(S) =

3Whenoptimizing avgrunandminrun metrics,to accountfor the absenceof runs,we needto addan
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Table11.1:Notation
N : lengthof videoin frames
L : numberof layersof video
f ji : sizeof jth layerof ith frame
Bj
i : buffer occupancy by layerj at slot i

B̂j
i : buffer constraintduringslot i layerj

Ĉj
i : bandwidthconstraintduringslot i layerj

S : a layersequence
Ŝ : anoptimalfeasiblelayersequence
A(S) : a transmissionschedulew.r.t. sequenceS
Ai(S) : cumulativedata sentby serverover [1, i]
ai(S) : amountof data sentby server in slot i
D(S) : underflow curvew.r.t sequenceS
Di(S) : cumulativedataconsumed bytheclientover [1, i]
U(S) : overflow curvew.r.t sequenceS
Ui(S) : maximumcumulativedatathatcanbereceived

by theclientover [1, i]

(A0(S), A1(S), . . . , AN(S)) whereA0(S) = 0 andAi(S) =
∑i
k=0 ak(S).

A server transmissionscheduleA(S) is saidto be feasiblewith respectto S if andonly if

for i = 0, 1, . . . , N , 1) rateconstraint is not violated, i.e.,ai(S) ≤ C1
i ; 2) buffer constraint

is not violated, i.e., Ai(S) ≤ Ui(S); and 3) playback constraints are not violated, i.e,

Di(S) ≤ Ai(S). For agivenrateandbuffer constraints(Ĉ, B̂), wedenotethecollectionof

all feasiblelayersequencesbyFLS(Ĉ, B̂).

Now theoptimallayerselectionproblemcanbestatedasfollows: find a feasiblesequence

Ŝ thatmaximizestheassociatedmetricquality(Ŝ), formally

FindasequencêS such thatŜ ∈ FLS(Ĉ, B̂) andquality(Ŝ) = max{quality(S) :

S ∈ FLS(Ĉ, B̂)}.

11.3 Optimal Layer Selection

In this section,we discussthe potentialapproachesto designingoptimal layer selection

algorithmsfor maximizingeachof themetricsdefinedearlier. We first make somesimpli-

fying assumptionsaboutthe problemsetting. We thendescribea genericlayer selection

additionalconstraintthat a transmissionschedulehas to be work-conserving,i.e., ai(S) = min(B̂1

i −
∑L

j=1
Bj

i , Ĉ
1

i )
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1. PROCEDURE OPTLAYERS(Ĉ, B̂)
2. Initialization : Ĉ1 = Ĉ, B̂1 = B̂
3. For j = 1 to L

4. (Ĉj+1, B̂j+1, Ŝj) = maxanyrun(Ĉj , B̂j)
5. END PROCEDURE

Figure11.2:Thegenericoptimallayerselectionprocedure

procedurewhich usesa metric-specificprocedurefor selectingframeswithin a layer. The

frameselectionproceduresfor thesemetricsnamely, MAXAVGRUN, MAXMINR UN, and

MAXEXPRUN arethenpresented.

We assumethat eachlayer in the video is of CBR, i.e., all framesin a layer areof the

samesize. This enablesus to maximizethe given metric for eachlayer in isolation. For

simplicity of exposition,we furtherassumethatall layersof equalbit rate4. Now, without

lossof generality, all theunitscanbescaledsuchthatsizeof eachframein a layeris 1, i.e.,

f ji = 1 andbuffer andbandwidthvaluesareall integers.

The genericoptimal layer selectionprocedureshown in Figure11.2canbe describedas

follows. Considereachlayerj from lower to higherstartingwith layer1. Selectanoptimal

subset,Ŝj, asmeasuredby the metric, of all framesat that layer j treatingit asthe only

layerof thevideo. A metric-specificprocedureis usedin placeof maxanyrunto perform

the selectionof framesin a layer. This optimal selectionhasto satisfythe resourcecon-

straintsgivenby theresidualbandwidth,Ĉj andresidualbuffer, B̂j that is availableafter

consideringall thelayersup to j − 1. Sinceit is alwayspreferable,accordingto our met-

rics,to selectlower layerframesandalsobecauseall framesareof equalsize,with optimal

selectionof framesateachlayer, theresultinglayersequencewouldalsobeoptimal.

TheFigure11.3showsanexampleunsmoothedsequenceandthecorrespondingsmoothed

sequencesthatwouldresultafterapplyingtheMAXAVGRUN, MAXMINR UN, andMAX-

EXPRUN algorithms. The maximumavailablebuffer is assumedto be 3. While the un-

smoothedsequencehas5 runs,all thesmoothedsequenceshaveonly 2 runsandthuslonger

runs. However, the run lengthsaredifferentin eachcasesoasto optimizethe respective

metrics.In thefollowing subsectionsweexplain thesealgorithmsin detail.
4Notethatthealgorithmsdescribedheredonothingeon thisassumption
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Figure11.3:Optimallayersequences:(a)buffer=0; (b)(c)(d)buffer=3

11.3.1 Maximizing the averagerun length

Theaveragerun lengthin asequencecanbemaximizedby minimizing thenumberof runs

while keepingthesumof all therunsashigh aspossible.We proposeMAXAVGRUN al-

gorithmthatachievesthisby delayingthestartof arunaslateaspossibleandstretchingits

endasfaraspossible.Intuitively, anew runis not initiatedunlessthebuffer is accumulated

adequatelyandit is not terminateduntil thebuffer is drainedcompletely.

The Figure11.4shows the detailsof this algorithmoperatingat a layer j. It consistsof

two scansacrossthe lengthof thevideo: onein forwarddirection(lines2-11) and onein

backwarddirection(lines13-23). Theforwardscancanbeviewedasa stepthat identifies

theendof eachrunandtheminimalnumberof runs.Thebackwardscanessentiallyextends

eachruntowardsthefront of it while at thesametimemaximizingtheresidualbuffer made

availableto higherlayers.

The algorithmduring a forward scanswitchesbetweenselectphasein which framesare

selected(line 6) anddiscard phasein which framesarediscarded(line 8). It startswith

empty buffer andin discardphase(line 2). In eachslot,thebuffer occupancy,Bj
i is updated

(line 4) suchthat bandwidthconstraintis not violated. It entersselectphaseif thebuffer

is full evenafterconsuminga frame(line 5) andswitchesto discardphaseif thebuffer is

emptyeven beforeconsuminga frame(line 7). If the buffer occupancy stayswithin the

bounds,the samephaseis continued(lines9-10). The currentframeis eitherselectedor

discardedbasedon thecurrentphase(line 11).
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At theendof aforwardscanit is possiblethataccumulatedbuffer is notcompletelydrained.

Furthermore,beforeeachrun the buffer may be filled up too early and hencerendered

unusableby higherlayers.Thebackwardscan addressestheseconcernsby accumulating

thebuffer aslateaspossibleandonly whenneeded.It keepstrackof thebuffer requirement

at a frame i, B̌j
i , for the selectedframesbeyond i in future. Sinceno buffer is required

beyond frameN , it is initialized to 0 (line 13). The currentframeis selectedwhenever

thecurrentbuffer occupancy is morethanthefuturebuffer requirement(lines15-16). The

residualbuffer availablefor layer j + 1 is setby subtractingthebuffer requiredfor layer

j from the thetotal amountavailableto it (line 17). If enoughbandwidthis availableat

slot i to satisfythe futurebuffer requirementsof layerj, thensomeresidualbandwidthis

madeavailableto layerj + 1 andthebuffer requirementbeyondslot i− 1 is alsoadjusted

accordingly(lines18-23). Thus byfilling thebuffer closerto whereit is consumed,larger

residualbuffer is madeavailableto higherlayersandlongerrunsaremadepossibleateach

layer.

Figure11.5 shows the MAXAVGRUN algorithmin operationat layer 3 on the example

unsmoothedsequencein Figure11.3(a)while generatingthe smoothedsequencein Fig-

ure 11.3(b). The top curve representsthe rate constraintcorrespondingto the residual

bandwidthavailableat layer3 asgivenby unsmoothedsequence.Thebottomcurve gives

thebuffer constraintwhich is essentiallytherateconstraintshifteddown by thebuffer size

whichis 3 in thisexample.It is assumedthatdatatransmittedin aslot is addedto thebuffer

only at the endof the slot. The middle curve is the consumptioncurve correspondingto

theframesselectedby theMAXAVGRUN procedure.Thecrossoverof consumptioncurve

andthe buffer constraintcurve implies a buffer overflow while that of consumptionand

rateconstraintcurvesmeansabuffer underflow.

TheMAXAVGRUN algorithm,asdescribedearlier, startsin discardphaseandcontinues

droppingframestill the5th framewhereuponit entersselectphase.Otherwise,i.e, if we

haddroppedframe5 also, it would have causeda buffer overflow. Oncein selectphase

it continuesselectingframesup to 9 at which point it is forcedto switch to discardphase

lest buffer would underflow. It thenselectsanotherrun of frames12-14, even beforethe

overflow point,duringthebackwardscan.

We now illustratetheoperationof theMAXAVGRUN algorithmusinganexample. Con-

sidera layeredvideoclip of length20 frameswith 3 layers.Let usassumethatclient can

buffer up to 2 unitsof thevideo.Supposethatthecurve givenin Figure11.6(b)represents
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1. PROCEDURE MAXAVGRUN(Ĉj , B̂j)
2. Initialization : Bj

0 = 0,Θ = 0
3. For i = 1 to N

4. Updatebuffer: Bj
i = Bj

i−1 + Ĉj
i −Θ

5. If Bj
i > B̂j

i , i.e.,buffer overflow?
6. Selectphase:Θ = 1;Bj

i = B̂j
i

7. Else If Bj
i < 0, i.e.,buffer underflow?

8. Discardphase:Θ = 0; Bj
i = 0

9. Else
10. Continuesamephase
11. Noteframestatus:Ŝji = Θ
12.
13. Initialization : B̌j

N = 0
14. For i = N to 1

15. If Bj
i > B̌j

i , i.e.,bufferedenough?
16. Selectframe:Ŝji = 1

17. Residualbuffer limit: B̂j+1
i = B̂j

i − B̌j
i

18. If Ĉj
i > B̌j

i + Ŝji , i.e.,bandwidthenough?
19. Residualbandwidth:Ĉj+1

i = Ĉj
i − B̌j

i − Ŝji
20. Buffer notneededfor future: B̌j

i−1 = 0
21. Else

22. Adjust futurebuffer: B̌j
i−1 = B̌j

i − Ĉj
i + Ŝji

23. No residualbandwidth:Ĉj+1
i = 0

24. END PROCEDURE

Figure11.4:Thealgorithmfor maximizingaveragerun length
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Figure11.5: Illustrationof MAXAVGRUN sequence
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(c) buffer occupancy afterforwardscanat layer2
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(d) buffer occupancy afterbackwardscanat layer2
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(e) selectedframesup to layer2

Figure11.6: Illustrationof theoperationof MAXAVGRUN at layer2
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theavailablebandwidthin eachframeslot. Thebandwidthusedto transmitlayer1 andthe

residualbandwidthafterprocessinglayer1 aremarkeddifferently in thefigure. Sincethe

availablebandwidthin eachslot is greaterthan1, the layer1 canbedeliveredcompletely

withoutusingany buffer for prefetching.

Figure11.6(c)shows thebuffer occupancy in eachframeslot ascomputedduringthefor-

wardscanat layer2. In slot 1, it usesthe2 unitsof bandwidthavailablefor building the

buffer for layer2. In slot 2, sincethebuffer is full andbandwidthis available,it initiates

a run andstartsselectingframes.Therun is terminatedat slot 18 beyondwhich it cannot

becontinueddueto lack of bandwidthandbuffer sizelimitation. In this scan,thebuffer is

filled wheneveradditionalbandwidthavailableandkeptasfull aspossible.

Therearetwo improvementspossibleto thesequencegeneratedby forwardscan.First, the

lengthof eachrun may be extendedat the front sincein forward scanbuffer might have

beenbuilt upearlierthannecessary. In thisexample,therunof layer2 canbestartedatslot

1 itself insteadif at slot 2. Second,larger residualbuffer canbemadeavailableto higher

layersby buffering framesof a layer only whenneeded.The layer 2 requires2 units of

buffer only at theendof slot 16 which canbebuilt up in thatslot insteadof building it too

earlyby slot10. This would increasetheresidualbuffer for layer3. This is preciselywhat

is doneduring a backward scan. The buffer occupancy and the selectedlayer sequence

after thebackwardscanon layer3 areshown in Figures 11.6(d)and11.6(e)respectively.

The bandwidthutilized by layer 2 and the residualbandwidthfor layer 3 are shown in

Figure11.7(b).

Figures11.7(c)and11.7(d)give thebuffer occupancy at theendof forwardscanandback-

ward scanrespectively on layer3. Onceagainthe run of layer3 is extendedat the front

during the backward scan. It canalsobe seenthat by makinglarger amountof residual

buffer availableto layer3, its run is continuedfor longerperiod. Otherwise,without the

backward scanon layer2, layer3 would have two shorterrunsof length1 and3 instead

of a singlerun of length7. The final resultinglayer sequencegiven by MAXAVGRUN

algorithmis shown in Figure11.7(b).

It is quiteobviousfrom thedescriptionandillustrationthatthisalgorithmensuresthatnei-

therbuffer nor bandwidthconstraintis violatedat eachslot. Henceit selectsonly feasible

subsetof frames.Furthermore,sinceduringtheforwardscana run is startedonly afterthe

buffer is full andit is endedonly whenthebuffer is empty, thelengthof is eachrun(except

the very last run) is guaranteedto be at leastbuffer size. The backward scanattemptsto
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(b) availablebandwidthfor layer3
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(c) buffer occupancy afterforwardscanat layer3
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(d) buffer occupancy afterbackwardscanat layer3
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(e) selectedframesup to layer3

Figure11.7: Illustrationof theoperationof MAXAVGRUN at layer3
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furtherextendthelengthof eachrun. It canbeeasilyshown thatMAXAVGRUN algorithm

minimizesthenumberof runsandhencemaximizestheaveragerun length.

11.3.2 Maximizing the minimum run length

Thealgorithmdescribedaboveyieldstheminimumnumberof runswith thelengthof each

run beingat leastthe sizeof buffer. However therecould be somevariation in relative

lengthsof theseruns. Oneway to maximizetheminimumrun lengthwould be to reduce

the varianceamongthe runs. In otherwords,we canpull up the minimum run lengthin

theoverall sequenceby growing theshorterrunswhile shrinkingtheir longerneighboring

runs.

GivenaMAXAVGRUN sequence,it is not possibleto grow arunattheendsincethebuffer

is emptyat thatpoint. However a run canbemadelongerby selectinga chunkof frames

just beforethe run anddiscardingan equalnumberof framesfrom the endof a previous

run. Theextentof growth is limited obviously by themaximumbuffer andalsothebuffer

accumulationpatternright beforetherun. It shouldbenotedthat thougha sequencewith

higherthantheminimumnumberof runsmayalsohave the largestminimumrun length,

it is possibleto find a sequencethat hasthe sameminimum run length but with lesser

numberof runs.Sostartingwith aMAXAVGRUN sequencewecanfind aMAXMINR UN

sequenceby readjustingthelengthsof eachrunwithout increasingthenumberof runs.

TheMAXMINR UN algorithmfirstappliestheMAXAVGRUN algorithmontheunsmoothed

sequenceto generatea sequencethathastheminimumnumberof runs. It thenconsiders

eachpair of consecutive runsin orderandtries to bring their lengthsascloseaspossible.

Letssaytheir lengthsarenk andnk+1. Also, let xk+1 is the limit on the lengthby which

run k + 1 can be grown. If nk ≤ nk+1, continuewith the next pair. Otherwiseselect

min((nk −nk+1 + 1)/2, xi+1) numberof framesbeforethebeginningof run i+ 1 anddis-

cardsamenumberof framesfrom theendof run k. Accordinglyadjustthecounterxk+1.

Wearenotdonewith justoneiteration.Thisprocedureis somewhatsimilar to bubblesort.

It proceedswith anotheriterationif therewasany changeto any of therunsin theprevious

iteration.Otherwisetheprocedureterminates.

Figure11.3(c)showstheresultingMAXMINR UN sequencefor asimplecaseof unsmoothed

sequencegiven in Figure11.3(a)andthecorrespondingMAXAVGRUN sequencein Fig-

ure 11.3(b). By applying the above procedurethe minimum run lengthat layer 3 is in-

creasedfrom 1 in unsmoothedsequence,3 in MAXAVGRUN sequenceto 4 in MAXMIN-
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RUN sequence.While this heuristicalgorithmworks towardsmaximizingthe minimum

run length,furtherinvestigationis neededto developaprovablyoptimalalgorithm.

11.3.3 Maximizing the expectedrun length

It is quiteclearthatthelongertherunsarein asequence,thehigherit’sexpectedrunlength

is. So in orderto maximizetheexpectedrun lengthwe needto make eachrun aslong as

possible.Furthermore,extensionof alongerruncontributesmoretowardstheexpectedrun

lengththanthat of a shorterrun. Hence,a reasonableheuristicapproachfor maximizing

theexpectedrun lengthis to startwith a MAXAVGRUN sequenceandto make thelonger

sequencesevenlongerwhile furthershorteningtheshorterruns.

TheMAXEXPRUN algorithmfirst appliestheMAXAVGRUN algorithm.It thenconsiders

eachpair of consecutive runsin orderandtriesto grow thelongerrun evenmore. Let the

lengthof two consecutive runsbenk andnk+1. Also, let xk+1 is thelimit on thelengthby

which run k + 1 canbegrown. If nk − xk+1 > nk+1 + xk+1, continuewith thenext pair.

Otherwiseselectxi+1 numberof framesbeforethebeginningof run i+1 anddiscardsame

numberof framesfrom theendof run k. Unlike in MAXMINR UN case,MAXEXPRUN

terminateswith justonescanovereachof therunsgivenby MAXAVGRUN. Figure11.3(d)

shows thesequencewith maximumexpectedrun lengthcorrespondingto theunsmoothed

onein Figure11.3(a).

11.4 AdaptiveLayer Selection

Thealgorithmsdiscussedsofar assumethatthebandwidthavailability for theentiredura-

tion of the video is known a priori . Basedon the insightsgainedfrom thesealgorithms,

in this sectionwe developanadaptive schemefor layerselectionthatassumesno knowl-

edgeaboutfuturebandwidthavailability. However, weassumethepresenceof abandwidth

estimatorthatgivestheprecise currentbandwidthin eachframeslot.

Thekey questionsthatneedsto beaddressedby any layerselectionschemefor smoother

quality are:1) which layersand2) which framesof a layerbeprefetched;whento initiate

a run for a layer andwhereto position the run. The off-line5 algorithmaddressesthese

issuesby takingadvantageof thecompleteknowledgeaboutfuturebandwidthavailability.
5Hereafterwe refer to the MAXAVGRUN algorithm describedin the previous sectionas the off-line

algorithm.
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With the aidof a forwardscanandabackwardscanfor eachlayer, it prefetchestheframes

of layersfrom lower to higheraslateaspossibleandonly whenneeded.But whenfuture

availability of bandwidthis not known, thedecisionon which layerandframeto transmit

next hasto be madein an online fashion. In sucha caseit is not possibleto precisely

computethe buffer neededfor eachlayer andprefetchjust in time. In the following we

presentan adaptivealgorithm to predict the buffer requirementsof a layer to tide over

the potentialfuturebandwidthdroughtsandto positionthe runsof a layer to accumulate

sufficient cushionbeforeit is displayed.

The adaptive algorithm attemptsto estimatefuture bandwidthavailability basedon the

pasthistory. It associatesa target buffer cushion(B̃j) with eachlayer j andadjuststhis

valuedynamicallybasedonthebandwidthavailability. Thetargetbuffer cushionof a layer

j correspondsto the numberof framesof layer j that needto be prefetchedin order to

continuea run at layerj underthecurrentbandwidthconditions.If theamountof cushion

is too less,even small dips in availablebandwidthcould causediscontinuityof a run at

this layer. If it is too much, this may result in inefficient useof buffer which otherwise

couldhelpcushionotherlayers.In thecaseof off-line algorithm,theforwardscanensures

that theprefetchedamountis not toolessandthebackwardscanensuresthat it is not too

much.In theabsenceof knowledgeaboutfuturebandwidthavailability, thekey taskof an

adaptive algorithmis to estimatetheminimum amountof buffer cushionthat is sufficient

for a layer.

A run of layer j canbe sustainedonly if the averageavailablebandwidthis greaterthan

j andthe amountof buffer available for layer j is sufficient to cushionthe variationsin

bandwidth.It is possibleto estimatethebuffer requirementsfor anuninterruptedrun of a

layerj by keepingtrackof how oftentheavailablebandwidthgoesbelow j andhow long

it staysbelow j. By monitoringthefluctuationsin availablebandwidth,we canidentify a

critical layer (ĵ), i.e., thehighestlayer thatcanbesubscribedbut maynot have sufficient

buffer availableto cushionthebandwidthfluctuations.Givena critical layer ĵ, ideally we

would like to protecttherunsof all thelower layersup to ĵ − 1 from bandwidthdroughts

and extend the run at layer ĵ as long as possible. We may not initiate a run at layer ĵ

unlessit canbe sustainedfor a certainminimum period. In the following, we presenta

simpleadaptive algorithmthat addressestheseissuesin an indirect way andadjuststhe

targetbuffer cushionfor eachlayerby trackingonly buffer usage.

Theadaptivealgorithmdynamicallyaddslayersandallocatesthebuffer amongthembased
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1. PROCEDURE ADJUST-CUSHION(i)
2. If Bk = B̂, i− τ + 1 ≤ k ≤ τ

3. For j = 1 to ĵ

4. B̃j = βB̃j , i.e.,decreasetargetcushion
5. Xj = i
6.
7. For j = 1 to ĵ

8. If Bj
i < δB̃j andBj

k >= B̃j for somek, Xj < k < i

9. B̃j = αB̃j , i.e., increasetargetcushion
10. Xj = i
11. END PROCEDURE

Figure11.8:Thecushionadjustmentat time i

1. PROCEDURE ADD-LAYER()
2. If Bj ≤ B̃j , 1 ≤ j ≤ ĵ andC̄ ≥ ĵ + 1

3. If B̃ ĵ+1 < B̃ ĵ

4. B̃ ĵ+1 = B̃ ĵ

5. λĵ+1 = i + B̃ ĵ+1

6. ĵ = ĵ + 1
7. END PROCEDURE

Figure11.9:Theprocedureto addanew layer

on how buffer is built anddrained.Thetargetbuffer cushionfor a layer is increasedif the

currenttarget cushionwas found to be inadequateto avoid discontinuityin the run due

to a bandwidthdrought period. It is decreasedif the currenttarget buffer cushionwas

filled andremainedundrainedfor a certainobservationwindow period.Figure11.8shows

the procedurefor adjustingcushionat slot i. The target buffer cushionfor all the active

layersis decreasedby β if the buffer wasfull for a certaindurationτ (lines 2-5). There

aretwo reasonsfor doing this. First, the buffer beingfull for sustainedperiod indicates

thatbandwidthis certainlysufficient to accommodatêj layersandhencethe lower layers

canbeprotectedwith muchlesscushion.Second,it alsoimplies thatbuffer is scarceand

henceweneedto useit moreefficiently by prefetchinglessconservatively for lower layers.

The target buffer cushionB̃j for an active layer j is increasedby α if the currenttarget

cushionwasfilled earlierafterthelastcushionupdatetimeXj andthengetsdrainedbelow

athresholdδ (lines7-10).Thiswaywereactin advancefor any onsetof droughtperiodby

conservatively increasingthetargetcushionevenbeforeit is drainedcompletely.
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1. PROCEDURE NEXT-TO-XMIT()
2. For j = 1 to ĵ

3. If Bj < B̃j

4. j′ = j
5. Return
6.
7. Bmin = B̂

8. For j = 1 to ĵ

9. If Bj − B̃j < Bmin

10. Bmin = Bj − B̃j

11. j′ = j
12. END PROCEDURE

Figure11.10:Theprocedureto determinethelayerfor transmission

Theadaptive algorithmstartsa new run at anhigherlayer ĵ + 1 only if thereis sufficient

cushionfor all thelower layersup to ĵ andsufficientbandwidthto accommodateonemore

layer. The procedureto determinewhetherto adda new layer andwhereto startthe run

is given in Figure11.9. A new run at a layer ĵ + 1 is initiated only if the target buffer

cushionis alreadyfilled for all thelayersup to ĵ andthelong termbandwidthis sufficient

to accommodatelayerĵ+1 also(line2). Thelongtermmeanbandwidth(C̄) is measuredby

exponentialaveragingthecurrentandpastbandwidthvalues.Thetargetbuffer cushionfor

ĵ+1 is ensuredto beat leastaslargeasthelayerbelow it (lines3-4). Thisis becausehigher

layersneedmorecushionto sustaina run thanlower layers.Thenew run is positionedat

frameλĵ+1, i.e., a distanceof B̃j away from the current frame slot i (line 5). This is

intendedto allow sufficient timefor thecushionbuffer to befilled beforethenew layergets

playedbackat theclient. Thenew layer ĵ + 1 thusbecomesthecritical layer(line 6).

The adaptive schemedetermineswhich layer to be transmittednext basedon the target

buffer cushionand the currentbuffer cushionvaluesfor eachlayer. The corresponding

procedureis givenin Figure11.10.A frameof a layerj′ is transmittedonly if thecurrent

prefetchedamountfor eachlayerupto j′−1 is greaterthanthecorrespondingtargetbuffer

cushionvalue(line 2-5). In otherwordsthelowestlayerwith cushionlessthanits targetis

chosenfor transmission.If all theactivelayershavetheir targetcushionsbuilt up,onemore

layermaybeaddedusingtheproceduredescribedin Figure11.9.Whenthereis additional

bandwidthavailableevenafter filling up target cushionsof all theactive layers,the layer

with theleastadditionalcushionabove its targetbuffer cushionis chosenfor transmission

(lines 7-11). In other words the extra bandwidthis sharedfairly betweenall the active
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layers.

11.5 Experimental Results

We conductedsimulationsto study the performanceof off-line and adaptive algorithms

describedabove. As mentionedin Section11.3 we assumethat the video is CBR with

linearly spacedlayers,i.e., the sizeof all framesis the sameand is scaledto be 1 unit.

Correspondinglytheclientbuffer andthenetwork bandwidtharescaledto beintegers.The

videoconsistsof 4 layers.Thelengthof thesequenceis 30000frames.Theplaybackrate

is setto 30 frames/secandhencethewholevideolastsfor aperiodof 1000secs.

Thebandwidthis variedsuchthatthemeanbandwidthwas3.5duringthefirst 10000frame

slots,2.5 during thenext 10000slotsand4.5 during the last10000slots. The fastertime

scalevariationaroundthesemeanvaluesis modeledusinga Markov chain. Theresulting

bandwidthcurveusedin ourexperimentsis shown in 11.11(a).

We study the performanceof off-line andadaptive schemesunderthe above bandwidth

conditionsby varying the amountof client buffer. The configurableparametersfor the

adaptive schemeweresetasfollows. The target cushionincreaseanddecreasefactorsα

andβ weresetto 2.0 and0.75 respectively. In otherwords,the targetcushionis doubled

whenever the currenttarget was found to be too lessand is decreasedby a quarterif it

wasfoundto betoo much.Thethresholdδ to triggercushionincreasewassetto 0.5, i.e.,

whenever thecurrentbuffer for a layerdrainsbelow half its targetbuffer, thetargetcushion

is increased.Theobservationwindow periodτ is setto 300, i.e., thetargetcushionvalues

aredecreasedif thebuffer wasfull for 10 secs.Thesevaluesaresetsuchthatthe adaptive

schemeis conservative in protectingthelower layersby maintaininghighercushions.

Figure11.11comparesthenumberof layersselected,andhencethecorrespondingsmooth-

nessachievedby theoff-line andadaptiveschemes.Theoutputof theoff-line schemewith

a small client buffer of 30 is shown in Figure11.11(b).We expectthat this relatively un-

smoothedstreamis similar to onegeneratedby a greedylayerselectionschemethatadds

a new layer asandwhenbandwidthis available. Clearly sucha sequencewith frequent

transitionsbetweenlayer levels is undesirable.Figures11.11(c)and 11.11(d)show the

layerselectionby off-line andadaptiveschemesrespectively whentheclientbuffer is 300.

It is very reasonableto expecta buffer at the client that canaccommodateup to 10 secs

of onelayer of the video. Even with not so large a buffer the off-line algorithmyields a
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Figure11.11:Thecomparisonof smoothnessachievedby off-line andadaptiveschemes
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considerablysmoothersequence.Thoughthe adaptive schemegeneratesa lesssmoother

sequencethantheoff-line scheme,it is still significantlybetterthantheresultof a greedy

selectionscheme.

Whenthebuffer is increasedto asizeof 900 thatcanaccommodate10secsof 3 layersof the

video,both theschemesproducemuchsmoothersequencesasshown in Figures11.11(e)

and11.11(f). In particular, the outputof the off-line algorithm is very smooth. This is

becauseit hascompleteknowledge andutilizes the buffer in the most efficient manner.

The outputof adaptive scheme,while it resemblesthat of the off-line algorithmin terms

of layer subscriptionlevel, is not assmooth: thereis fluctuationaboutthe critical layer.

However, the increasedbuffer doesimprove theoutputsequenceof the adaptive scheme.

In particular, thesegmentbetween10000 and20000 is muchsmootheranddisplaysmore

layers.

It is worth notingthatthesequencein Figure11.11(f)would appearmuchsmootherif the

fluctuationsaboutthecritical layercouldbeavoided. For example,considerthesegment

betweenframeslots21000 and25000. This could have beenimproved by not selecting

layer 4 whenits run cannotbe sustainedfor a certainminimum duration. Currently the

adaptive scheme,thoughit attemptsto fill the cushionfor a layer beforethe start of a

run, still doesnot attemptto avoid potentiallyshortruns. We needto further improve the

algorithmto estimatethe lengthof a run andinitiate oneonly whenit is likely not to be

short-lived.

The off-line algorithmalsoexhibits a similar behavior in that it doesn’t explicitly avoid

shortruns. For example,in Figure11.11(c)at aroundframeslot 12500, layer4 is chosen

briefly. This would not contribute to quality viewing anddiscardingthat run would make

thesequencesmoother. This behavior canbeattributedto thework-conservingnatureof

the off-line algorithm: availablebandwidthis alwaysutilized andthushigher layersare

selectedmomentarilywhenthebuffer is alreadyfull. Thealgorithmneedsto bemodified

to avoid shorterrunsevenby resortingto not beingwork-conserving.Further, we needto

altertheexprunmetricto discountrunsshorterthanacertainlength.

We now describetheoperationof the adaptive schemegiven thebandwidthcurve shown

in Figure11.11(a).Sincethe adaptiveschemeis notawareof futurebandwidthavailability

it hasto dynamicallyadjustthe targetbuffer cushionfor eachlayerbasedon pasthistory

on thevariability in availablebandwidth.This cushionadaptationprocessis illustratedin

Figure11.12(a).It shows how thetargetbuffer cushionis adjustedover time for thelayers
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Figure11.12:Theillustrationof cushionadaptationprocess

1 and2. It alsogivesthe idealamountof buffer requiredfor theselayersascomputedby

theoff-line algorithm.Figure11.12(b)shows theactualbuffer occupiedby layers1 and2

in the adaptivescheme.It alsoshows thetotal buffer occupiedby all thelayers.

By contrastingtheFigures11.12(a)and 11.12(b)we canseethetimeswhenthe adaptive

schemechangesthetargetbuffer cushionvalues.For example,ataroundframeslot10350,

the actualbuffer occupiedby layer 1 framesis lessthanhalf its target cushionof 38. In

responseto this, the adaptive schemedoublesthetargetcushionof layer1 . Similarly the

layer2 targetcushionis alsodoubled.At around20400, theactualbuffer stayedfull for at

least300 frameslots,hencecausingthe targetcushionfor both layersto bedecreased.It

canbe seenthat target buffer cushionvaluesin the adaptive schemehave the sametrend

asthe idealbuffer cushionsof thecorrespondinglayers.However, the adaptive schemeis

moreconservativewhile beingreactive.

We alsomeasured,usingtheaveragerun lengthandexpectedrun lengthmetrics,the rel-

ative smoothnessof sequencesresultingfrom thesealgorithms. Figure11.13shows the

performanceof theseschemes,asmeasuredby thesemetrics,undervariousbuffer settings.

The averagerun lengthsfor layers1, 2 and3 areshown in Figure11.13(a)andexpected

run lengthsin Figure11.13(b).

It canbeobservedthatmetricsfor layer1 underboththealgorithmsapproachunity evenat

very smallbuffer sizes.With theoff-line algorithm,themetricsfor layer2 alsoapproach

unity for moderatebuffer sizes.On theotherhand,themetricsfor layer2 in the adaptive
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Figure11.13:Theperformanceof off-line andadaptiveschemes

schemeincreaseupto apointasthebuffer increasesandstagnateafteracertainbuffer size.

This is becausethediscontinuityat aroundframe10350 in therun of layer2 persistseven

with largebuffer sizes(asevidentin Figure11.11(f)).Thisdiscontinuityis anartifactof the

adaptivescheme.Thoughthe adaptiveschemesreactsin advanceto anonsetof congestion,

it still may not be able to build sufficient cushionto tide over a suddenbut prolonged

dip in availablebandwidth. Further, in an attemptto usethe buffer andbandwidthmore

effectively, the adaptive schemechoosesnot to betoo conservative in prefetchingandthus

maynot build a largercushionevenwith a largeravailablebuffer. This doesnot,however,

fully explainthedecreasein themetricswith increasedbuffer sizesbeyond900 andrequires

furtherinvestigation.Theeffectof largerbuffersis lesspronouncedwith higherlayerssince

their selectionis limited moreby thelackof bandwidththanthelackof buffer space.

It is evidentthatmetricsimprove fasterwith theoff-line scheme,reflectingits efficientuse

of buffer. As canbe seen,both metricscapturethe relative smoothness:the sequences

generatedby the off-line algorithmscorehigher than the correspondingsequencesfrom

the adaptivealgorithm.Moreover, thegraphsof boththemetricsappearquitesimilar. This

indicatesthata work conservingalgorithmthatmaximizesaveragerun lengthwould also

comecloseto maximizingtheexpectedrun lengthmetric.
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11.6 RelatedWork

The problemof layer selectionfor delivering layeredvideo hasreceived a lot of atten-

tion recently. Oneof theearliestworks in this areapresentedin [59] proposesa receiver-

driven layeredmulticast(RLM) protocolfor transmittinglayeredvideo to heterogeneous

receivers. The numberof layerssubscribedby a receiver is dynamicallyvariedbasedon

the perceived lossrateandthru join experiments.The later studies[26] have shown that

receiver-drivenschemessuchasRLM exhibit significantinstability. Thereweresomepro-

posals[7, 27] onaddressingthisprobleminsidethenetwork by assigninghigherpriority to

lower layersandproviding priority baseddroppingat routersin caseof congestion.These

approachesintroducesomeadditionalcomplexity at corerouters.

In [98] theavailablebandwidthis modeledasa stochasticprocessandoptimalallocation

of bandwidthbetweenbaseandenhancementlayersis studied.It wasassumedthatclient

buffer is unlimited.Thework mostrelevantto ourswasreportedin [87]. They assumethat

TCP-friendly congestioncontrol [86] was employed andhencethe available bandwidth

curve hasa sawtoothshape.They addresstheproblemof buffer allocationbetweenlayers

suchthatit isusedefficiently in absorbingtheshort-termfluctuationsin bandwidth.Though

ourwork is quitesimilar in spirit to theirs,ourapproachhasbeenquitedifferent.Our focus

hasbeenondesigningmetricsto capturesmoothnesscriteriaandondevelopingalgorithms

to maximizethesemetrics.

11.7 Conclusionsand Futur ework

In this chapterwe addressedthe issueof layer selectionfor maximizing the perceived

video quality undergiven resourceconstraints.We definedsmoothnesscriteria andde-

signedmetricsnamely, avgrun, minrun, andexprun for measuringsmoothness.We then

developedanoptimaloffline algorithmMAXAVGRUN to find a sequencewith maximum

averagerun lengthwhenthe network conditionsareknown a priori . We alsopresented

heuristicalgorithms,MAXMINR UN and MAXEXPRUN for maximizing the minimum

andexpectedrun lengthsrespectively. We thendescribeda simpleadaptive algorithmfor

providing smoothedlayeredvideo delivery that doesn’t assumeany knowledgeaboutfu-

ture bandwidthavailability. We conductedsimulationsto studythe performanceof these

schemesandshown thatevenwith asmallclientbuffer it is possibleto providesignificantly

smootherquality videoplayback.
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Thereare several simplifying assumptionsmadein this preliminary work on providing

smootherquality layeredvideostream.Specifically, in the adaptive layerselectionscheme,

we assumethepresenceof a bandwidthestimatorthatgivestheprecise currentbandwidth

in eachframeslot. It is likely that therewould besomeamountof error in theestimation

of availablebandwidth.Thiscouldleadto packet losses.Thepacketlossescanbehandled

using retransmissions.Sincethe framesareprefetchedthereis sufficient time for error

recovery throughretransmissions.Thetrade-off betweenretransmissionof thelostpackets

andtheprefetchingof new framesshouldbeinvestigated.

The schemes,as presented,provide smoothervideo by favoring longer runs in a layer.

They needto be enhancedto further smoothenthe video streamsby alsoavoiding short

runs. Similarly, the exprun metric alsoneedsto be refinedto discountshort runs. Real

experimentsneedto be conductedto ascertainthe relative merit of the proposedmetrics

andeffectivenessof theproposedalgorithms.Finally, theschemespresentedherework on

layeredCBR videostreams,andneedto beextendedfor VBR videostreamstoo.
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Part III

ChannelAssignmentand Admission

Control in Cellular Networks
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Chapter 12

CompactLocal Packing

12.1 Intr oduction

A mobile cellular systemdivides the geographicalregion it serves into smallerregions

calledcells. A radiochannelusedin onecell canbeusedin anotherif they areseparated

by co-channelreusedistance. Concurrentuseof a channelin cells within this distance

causesco-channelinterference. Frequency reusewithout causinginterferenceis thecore

conceptof cellularsystems.

A basestation(BS) servesmobilehosts(MH) in eachcell. Themobilecellularsystemis

centrallycoordinatedandadministeredby a Mobile TelecommunicationSwitching Office

(MTSO). Basestationsareconnectedto the MTSO andeachotherby a wired network.

To establisha communicationsession,a MH requeststheBS in its cell for a channel.BS,

probablyin consultationwith MTSO,assignsanunusedchannelif available.Otherwisethe

call is blocked. Whena MH movesto a differentcell duringa session,the responsibility

of continuationof serviceis handedover to thenew BS.For a successfulhand-off thenew

BS mustfind anidle channel.Otherwisethesessionis terminated.Reductionof blocking

andforcedterminationprobabilitiesis themaingoalof channelassignmentschemes.

The channelassignmentschemessuggestedin the literature[39] rangefrom fixed to dy-

namic, centralizedto distributed, and timid to aggressive. Fixed assignmentstrategies

assigna setof channelspermanentlyto a cell, while dynamicschemesassignthemon-

demand.In centralizedschemes,MTSO makesthe assignmentdecisionsusingthe com-

pleteinformationit hasaboutthesystemstate.Distributedchannelallocationalgorithms
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run at individual BSs,which arecollectively responsiblefor thechannelassignment.Ag-

gressiveschemesallow channelreassignmentsto makeroomfor anew request,while timid

onesdonotpermitsuchreconfigurations.

Local Packing (LP) is a distributed dynamicchannelallocation (DDCA) method[12],

whereeachbasestationassignschannelsto callsusinganaugmentedchanneloccupancy

(ACO) table. When a basestationreceives an accessrequest,it searchesfor an empty

column(availablechannel)in its ACO table. If morethanonecandidateexists,a channel

is selectedarbitrarily. In this chapter, we investigatethe impactof channelselectionon

packing. We proposetwo new schemesfor channelselection. Coaxial selectionusesa

co-cell channeloccupancy (CCO) tablein additionto the ACO table. Residualselection

requirestheACO tableto beextended(EACO) with channelusability information.While

the coaxialschemechoosesa channelthat is beingusedby the mostnumberof co-cells,

theresidualschemeselectsachannelthatis usablein theleastnumberof interferingcells.

Simulationresultsshow that theseschemesblock fewer calls thansequentialandrandom

selectionstrategies.While coaxialschemeachievesthisat theexpenseof increasedbroad-

castoverhead,the residualschemeavoids the overheadwhile achieving almostidentical

blockingperformance.

12.2 Local Packing

TheLocalPackingalgorithmis acell-baseddistributeddynamicchannelallocationmethod

that adaptsto local traffic demands.Eachbasestationassignschannelsto new or hand-

off calls using its AugmentedChannelOccupancy(ACO) table. This, asshown in Fig-

ure 12.1(a),is a matrix of ki + 1 rows andM + 1 columns,whereM is the numberof

channelsin the systemandki is the numberof interferingcells for the cell i. The check

marks(X) in the first row indicatethe channelsoccupiedby cell i andthe remainingki
rows indicatethechanneloccupancy patternin theneighborhoodof cell i. Thusanempty

columnindicatestheavailability of thecorrespondingchannelwhich canbeassignedto a

call in cell i. The entriesin the last columnof the matrix show the numberof currently

availablechannelsin thecorrespondingcell.

Whena basestationreceivesa requestfor a channel,it searchesfor an empty columnin

its ACO table.If successful,thatchannelis assignedto therequest.If morethanonesuch

channelexists,thefirst oneis selected.If thereareno freechannels,thebasestationlooks

for a channelthat is beingusedin no morethanoneneighboringcell. This correspondsto
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Figure12.1: Informationat cellsitei

a columnwith a singlecheckmark in the ACO table. If sucha channelexists, it checks

to see,by referringto thelastcolumn,if thecell usingthis channelhasany freechannels.

If that is the case,a requestis sentto that cell to relocatethe call currentlyholding that

channelto anotherchannel. It thenassignsthe freedchannelto the accessrequestin its

cell. ThusLP attemptspackingof channelsby allowing up to onelocal reassignmentto

accommodatea new call andachievesthesameperformanceasthatof themostpersistent

politeaggressiveDDCA [13, 14].

Thecontentof theACOtableis updatedby collectingchanneloccupancy informationfrom

all the interferingcells. Whenever a basestationcapturesor releasesa channel,it hasto

broadcastthis information to all the interfering cells. A basestationon receiving such

a broadcastupdatesits own ACO table and recomputesthe numberof free channelsin

its cell. It shouldalsosendout an updateif the numberof availablechannelsin its cell

changesasaresultof aneighboroccupyingor freeingachannel.It is assumedthatfastand

reliablecommunicationprotocolsfor theACOtableupdatearein placeto ensuredatabase

consistency.

In LP, the basestationassignsthe first available channelto an accessrequest. Though

random selectionis a viable option, the authorsof LP felt that sequentialselectionis a

naturalchoiceandmay alsoresult in betterpacking. The basestationsin LP have very

few selectionalternativesdue to the limited amountof information in their ACO tables

abouttheavailablechannels.While theACOtableallowsabasestationto identify thefree

channels,it doesn’t offer any cluesondiscriminatingbetweenthem.

A naturalextensionwould be to supplementtheACO tableof eachcell with channeloc-

cupancy informationof its co-cells, i.e, cells at co-channelreusedistance.This informa-

tion, referredto asco-cell channeloccupancy(CCO) table,canaid in differentiatingbe-

tweenavailablechannelsbasedontheirusagepatternin theco-cells.Thecoaxialselection

schemepresentedin Section12.3,is basedon thisapproach.
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Alternatively we canextendtheACO tableto includechannelusability informationalong

with channeloccupancy informationfor eachinterferingcell. This knowledgecanbeuti-

lizedtodistinguishbetweenavailablechannels.TheextendedACO(EACO)tableincreases

thechoicesfor selectionandenablesa basestationto pick channelsmorejudiciously. The

residualselectionschemebasedon thisapproachis presentedin Section12.4.

12.3 Coaxial Selection

Coaxialselectionis basedon the observation that reusingthe channelsthat arecurrently

beingusedin the co-cellsresultsin betterpacking. The requisitechanneloccupancy in-

formationfor eachco-cell is maintainedin the CCO table. This table,asshown in Fig-

ure12.1(b),is similar to theACOtable.Eachrow correspondsto aco-cellandthecolumn

to achannel.A checkmark(X) in this tableindicatestheoccupancy of thatchannelby the

respective co-cell. Additionally, thelastrow containsthecountof co-cellscurrentlyusing

agivenchannel.

The updateprocedurefor CCO table is similar to that of ACO table. Whenever a base

stationacquiresor releasesa channel,it hasto notify its co-cellsalongwith its neighbors

so thateachbasestationis awareof thechanneloccupancy patternin both its interfering

cells and co-cells. However, a changein the count of free channelsdue to a neighbor,

needto becommunicatedonly to interferingcells,not to co-cells.This updateprocedure

requiresthesameinformationto besent,asin thecaseof LP, but to twice thenumberof

basestations,involving anadditionalprocessingoverheadateachbasestation.

Coaxial schemeselects,from the availablechannelsin a cell, a channelthat is currently

beingusedby themaximumnumberof its co-cells.Thischannelcorrespondsto thecolumn

thathasthemaximumcountin thelastrow of CCOtable,amongtheemptycolumnsin the

ACO table.A channelthatis beingusedby themaximumnumberof co-cellsis lesslikely

to be usableby the interferingcells. By makingsucha selection,eachcell collaborates

with its co-cellsin anattemptto achieve aglobally compactpattern.

12.4 ResidualSelection

Residualselectionis basedon the observation that channeloccupancy patternin the co-

cells can be inferred from the channelusability information in the neighborhood.The

EACOtable,asshown in Figure12.1(c),containschannelusabilityinformationalongwith
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channeloccupancy information.This tableis verymuchlike theACOtableexceptthatthe

EACO tablehasoneextra row andanothertypeof mark,a circle (O). Similar to a check

mark,which whenplacedin an entry correspondingto a cell l anda channeln indicates

thatchanneln is occupiedby cell l, a circle markin thatentrywould meanthatchanneln

is availablefor usein cell l. While thelastcolumngivesthecountof freechannelsfor each

interferingcell, thecircle marksidentify thosechannels.Theentriesin the last row keep

thecountof circle marksin their correspondingcolumns(excludingthefirst row), i.e., the

numberof neighboringcellswherethecorrespondingchannelsareusable.Soacirclemark

in thefirst row anda zeroin the last row for columnn implies thatchanneln is available

for usein this cell andnotusablein any of theneighboringcells.

The entriesin the EACO tableareupdatedthrougha proceduresimilar to the oneused

to maintainthe ACO table. Whenever a basestationgrabsor freesa channel,it hasto

notify its neighborssothateachbasestationis awareof thechanneloccupancy patternin

its neighborhood.It shouldalsosendoutanupdatebroadcastwheneverthereis achangein

its cell’s usabilitystatusof any channel(circle marksin thefirst row). While it mayseem

thatthemaintenanceof theEACOtableconsumesmoreupdatebroadcasts,it actuallyneeds

no morethanwhat is requiredby theACO table. An availablechannelis indicatedby an

empty columnin theACOtableandsimilarly by acirclemarkin thefirst row of theEACO

table. But in both the tables,the first entry of the last column indicatesthe numberof

availablechannels,andany changein theusabilitystatusof a channelaffectsthenumber

of availablechannels.Henceevery updatebroadcastby a basestationemploying EACO

table hasan analogousone in the caseof ACO table. While the numberof broadcasts

is the samein both cases,the differenceis in their content. Whereasthe numberof free

channelsis broadcastin the caseof ACO table, the messagesfor EACO tablecarry the

channelnumberandthe currentstatusof the affectedchannel.From this, the numberof

free channelsin eachcell and the numberof cells in which a channelis usablecan be

computed.

Thechannelusabilityinformationcontainedin theEACO tablecanbeutilized to discrim-

inate betweentwo available channels,giving rise to several optionsfor selection. The

residualselectionis a schemethatoptsfor channelsthatareleastusablein its interference

region. This schemeselects,amongtheavailablechannels,a channelthat is usablein the

leastnumberof neighboringcells,i.e.,a channelcorrespondingto thecolumnthathasthe

minimumcountin thelastrow, amongthecolumnshaving a circle markin their first row.

The intentionof sucha choiceis to reducethe impactof this assignmentin theneighbor-
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(b) hotspots

Figure12.2:Thesimulatedcellularsystem

hood,in termsof thenumberof interferingcellsin which theassignedchannelis rendered

unusable.The extremecasebeingthe existenceof an availablechannelthat is currently

not usableby any of theneighboringcells, in which caseit would be ideal to pick sucha

channelsincethisassignmentdoesn’t affectany of theneighbors.

This approachof optingfor a channelthatis unusableby neighbors,canhelpform a com-

pactpatternamongtheco-cells.A channelis availablein thiscell but notin theneighboring

cells,possiblybecausethe samechannelis beingusedby the cells within the neighbor’s

interferenceregionbut justoutsidethiscell’s interferenceregion. By assigningthatchannel

to a call in this cell, residualselectionschemeattemptsto keeptheco-channeldistanceas

closeto theallowedminimumaspossible.Anotheradvantageof thisschemeis thereduced

numberof updatebroadcasts.While themessagescarryingchanneloccupancy information

remainunchanged,fewerbroadcastsarerequiredto propagateusabilitystatus.This is adi-

rectfalloutof choosingachannelthatis alreadyunusablein mostof theneighboringcells.

Suchanassignmentdoesn’t causea changein usability statusof thatchannelin many of

theinterferingcells,andthuslimits therippleeffectof occupancy updatebroadcasts.

12.5 Simulation and Analysis

We have studiedthe impactof selectionstrategy on theperformanceof LP by simulating

differentchannelselectionschemesandmeasuringtheir call blockingprobabilities.Apart

from theresidualandcoaxialmethodsdescribedabove,we have simulatedsequentialand

randomselectionschemes.As the namessuggest,the sequentialmethodpicks the first

availablechannelandtherandommethodrandomly(uniformly) choosesoneamongall the

availablechannels.Eachmethodis simulatedin bothaggressiveandtimid modes,i.e.,with

andwithout allowing reassignments.While theseschemesvary in their selectionamong
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many idle channels,in aggressivemodethey all follow thesameprocedureasdescribedin

LP for identifyingachannelfor relocation,whenthereareno freechannels.

Wehavemeasuredthecall blockingprobabilityof all thesemethodsby developingasimu-

lationmodelusingCSIM library [100]. Ourcellularsystemconsistsof 144hexagonalcells

arrangedasa 12x12arrayasshown in Figure12.2(a).To avoid theboundaryeffect, this

arrayis wrapped-aroundin boththedimensions,i.e., left-mostandright-mostcolumnsare

madeneighborsandsoarethetop andbottomrows. This is intendedto make theresults,

representative of an infinite systemandapplicableto a typical largecellularnetwork. We

haveassumedthesizeof acluster, thesetof neighboringcellsthatcausemutualco-channel

interference,to be7, which is thetypical reuseconstraintin currentcellularsystems.This

implies that a channelthat is beingusedin a cell, cannotbe simultaneouslyusedeither

by the immediateor second-layerneighbors,amountingto a total of 18 interferingcells

surroundingeachcell.

Thesesimulationswerecarriedout assumingthat thetotal numberof channelsin thesys-

temis 140and280. Eachrun simulatesarrival of 10,000mobiles,wheretheaveragecall

arrival rateis λ percell andtheaveragecall holdingtime,1/µ, is normalizedto 1. Assum-

ing that thecall inter-arrival time andcall holding time areexponentiallydistributed,and

alsoassuminginfinite population,the load per cell, λ/µ, would be sameasλ. Thusthe

call blockingprobabilityundervariousloadsis determinedby varying just thecall arrival

rate. Apart from theuniform traffic, we alsomodelthe traffic hot spotconditionson two

intersectinghighwaysasshown in Figure12.2(b).Oursimulationmodelis quitesimilar to

theonepresentedin [12].

Figure12.3 shows the blocking performanceof theseselectionschemes,in timid mode,

underuniform traffic conditions.It clearlyshows thatbothresidualandcoaxialselections

resultin lowerblockingprobabilitythansequentialandrandomselectionsin boththecases.

Further, theblockingperformanceof residualandcoaxialselectionschemesaresoclose

that their curvesarealmostindistinguishable.It alsoshows that the sequentialselection

yields betterresultsthan randomselection. Overall, consideringthat 1% blocking is a

reasonabledesigntarget, the proposedschemescarry 10% more traffic, at that blocking

level, thantheothertwo schemes.

The blocking performanceof theseschemesrunning in aggressive modeunderuniform

traffic conditionsis shown in Figure12.4. It alsogivesthenumberof relocationsnecessi-

tatedby eachof theseschemes.With reassignments,theredoesn’t seemto beconsiderable
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Figure12.3:Performancecomparisonof timid schemes
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Figure12.4:Performancecomparisonof aggressiveschemes
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Figure12.5:Performanceundertraffic with hot spots

differencebetweendifferentselections,in termsof thenumberof callsblocked. But both

sequentialandrandommethodstriggermorerelocationsthantheothertwo schemes.For

example,in thecaseof a systemwith 280channelsandthetraffic loadof 32 Erlangs/cell,

thenumberof calls blockedby sequentialandresidualschemesare182 and166 respec-

tively. While thesequentialmethodrelocates4102calls,theresidualapproachdoesit only

3456times. In essence,in aggressive modethesequentialandrandommethodscatchup

with theproposedschemes,but at thecostof increasednumberof relocations.It is interest-

ing to notethat randomselectionwhich performsquitepoorly in timid mode,doesfairly

well in aggressive mode. This brings to our attention,the interactionof the assignment

andreassignmentstrategies. It is possiblethat thechannelpackingattemptedby selection

schemesmaybehavedifferentlydueto therelocations,whichneedsfurtherinvestigation.

Figure12.5 shows the blocking performanceof theseselectionschemes,in timid mode,

undertraffic conditionsshown in Figure12.2.b. The traffic in cells other thanhot spots

is fixed at a load whereall the schemeshave less than 1% blocking probability. This

was11 and25 Erlangsfor systemshaving 140 and280 channelsrespectively. It is quite

apparentthat theproposedschemesarebetterat alleviating hot spots.Figure12.6shows

the performanceof theseselectionschemes,in timid mode,in the presenceof hand-offs.

We simulatedthe mobileswith an averageof two hand-offs and a uniform probability

of migrating to any of the adjacentcells. Hand-offs and originating calls were treated

similarly. Again, theproposedschemesresultedin lower probabilityof bothblockingand

forcedterminationthantheothertwo schemes.Theseresultsdemonstratethattheproposed

schemeseithercarrymoretraffic or reducethenumberof reallocations.
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Figure12.6:Performanceundertraffic with hand-offs

Following is acomparisonof runtimeof theseschemesin selectingachannel.Let thetotal

numberof channelsavailablein thesystembem. To pick a freechannel,bothsequential

andrandomselectionschemesneedto scan,in the worst case,the entirefirst row of the

ACOtableonce,resultingin o(m) timecomplexity. Theresidualschemerequireskeeping

trackof thecountof cellsin whichachannelis usable,whichcanbeupdatedincrementally.

Thefirst row andthelastrow of EACO tablearescannedto find anavailablechannelwith

theminimumusablecount. Similarly coaxialschemeneedsa scanof thefirst row of the

ACOtableandthelastrow of CCOtableto identify a freechannelwith themaximumused

count.Bothschemesrequireo(m) time for selection.

It is clearthattheproposedschemes,coaxialandresidual, outperformsequentialandran-

domselectionstrategies.Thoughcoaxialandresidualschemeshavealmostidenticalblock-

ingperformance,theformerincursanextraupdatebroadcastoverheadto maintaintheCCO

table. However the residualselectiondoesnot involve any additionalcostto maintainthe

EACO table.Hencewe concludethat residualschemeis themostsuitableselectionstrat-

egy.

12.6 Summary

Local Packing (LP) is a distributed dynamicchannelallocation(DDCA) methodwhere

eachbasestationassignschannelsto callsusinganaugmentedchanneloccupancy (ACO)

table. We have shown that the ACO tablecanbe extendedto includechannelusability

information,andarguedthat this extra informationcanbe maintainedwithout increasing
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thenumberof updatebroadcasts.We proposedresidualselectionschemethatmakesuse

of thischannelusabilityinformationandcoaxialschemethatusesaCCOtablein addition

to theACOtable.Theseschemeswerecomparedwith sequentialandrandomapproaches,

andfoundto eithercarrymoretraffic or reducethenumberof relocationsneeded.Wehave

found that residualschemehasalmostidenticalblocking performanceto that of coaxial

scheme,while incurringsignificantlylessupdatebroadcastoverhead.Theseschemeses-

sentiallyattemptto reduceboththecall blockinganddroppingprobabilitiesby increasing

frequency reuse.They do not distinguishbetweenhandoff requestsandoriginatingcalls.

Sinceforcedterminationof anexisting call is lessdesirablethanblockinga new call, call

admissioncontrolschemeshavebeenproposedthatgivehigherpriority tohandoff requests.

In thenext chapter, westudyhow reassignmentscanbeusedto ensurecontinuityof service

to admittedcallswithoutwastingspectralresources.
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Chapter 13

ReassignmentbasedAdmissionControl

13.1 Intr oduction

Call admissioncontrol(CAC) schemesin wirelesscellularnetworksattemptto reducecall

droppingprobabilitypossiblyat theexpenseof increasedcall blockingprobability. Several

CAC schemeshavebeenproposed[32,53, 66,84] in theliterature.MostCAC schemesare

basedon theguardchannel concept[32]. Thisapproachoffersagenericmeansof improv-

ing theprobabilityof successfulhandoffs by simply reservinga few channelsin eachcell

exclusively for handoffs. Thismay, however, resultin low spectrumutilization. A recently

proposedscheme,basedon the conceptof shadow cluster[53], performsCAC decisions

usingestimatesof future resourcerequirementsof mobiles. Besidesits complexity, this

schemerequiresknowledgeaboutthemobility patternof users,which maynot alwaysbe

available.

In this chapter, we exploretheuseof channelreassignmentsto reducehandoff failures.It

hasbeenpointedout thatdynamicchannelassignmentschemescannotmaximizechannel

reuseasthey serve randomlyofferedcall attempts.This leavesenoughroomfor channel

reconfigurationswhich canbeusedto serviceotherwiseunsatisfiablehandoffs. Addition-

ally, ahandoff resultsin releasingachannelin theold cellwhichcanpotentiallybeusedfor

reassignmentto freeup a channelin thenew cell. But reassignmentsmay inconvenience

usersandincurcommunicationandprocessingoverheads.However, at low loadstheaddi-

tionalnumberof callsservicedmorethancompensatestheoverheaddueto reassignments.

As thesystemgetsoverloaded,thenumberof reassignmentsgrows rapidly without a cor-

respondingincreasein the numberof servicedcalls. Hencereassignmentsmustbe used
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prudentlyto bebeneficial.

Weproposeusingguardchannelsto controlreassignments.Reassignmentin theneighbor-

hoodis usedasan indicationof congestionby a cell. The numberof guardchannelsin

a cell is dynamicallyadjustedbasedon thereassignmentfrequency of its neighbors.This

significantly reducesthe needfor further reassignmentsby having the cell reactprior to

onsetof congestion,while maintaininghighspectrumutilization. It is possibleto conceive

various adaptive approachesthat utilize the knowledgeof reassignmentsin the neighbor-

hoodof a cell. A simpleschemewould beto keepthereassignmentsundera giventarget.

An ideal, but perhapsimpractical,schemeis onethat maximizesthe revenue,given that

eachcall servicedbringsin somerewardandeachreassignmentincurssomepenalty. We

proposeaschemethatattemptsto balancethenumberof reassignmentsandthenumberof

admittedcallsby dynamicallyadjustingguardchannels.Simulationresultsshow that this

schemeusesreassignmentsprofitably, while achieving near zerodroppingprobability.

Therestof thechapteris organizedasfollows. Section13.2describesthesimulationset-up

that is usedfor all theexperimentalresultsreportedin this chapter. Section13.3discusses

theuseof guardchannelsto reducecall droppingandtheireffectonbandwidthutilization.

We thenshow in Section13.4,how reassignmentscanbeusedto almosteliminatehandoff

failuresandinvestigatetheeffectof loadandmobility on reassignments.A simplescheme

thatattemptsto keepthenumberof reassignmentsunderaspecifiedtargetis described.We

thenpresenta revenuebasedscheme.We concludethechapterwith someremarksabout

futureextensionsto thiswork.

13.2 Experimental Setup

All ourexperimentswereconductedusingasimulationmodeldescribedhere.Thecellular

systemconsistsof 144hexagonalcellsarrangedasa 12x12array. To avoid theboundary

effect, thisarrayis wrapped-aroundin boththedimensions.Thesizeof acluster, thesetof

neighboringcellsthatcausemutualco-channelinterference,is assumedto be7, amounting

to a total of 18 interferingcellssurroundingeachcell. This interferencezoneis referredto

asthecell’sneighborhood.

All simulationswerecarriedout assumingthat thetotal numberof channelsin thesystem

is 70. Local Packing [12], a distributed dynamicchannelallocationalgorithm, is used

to allocatechannelsto new call or handoff requests.Eachcell maintainsan augmented
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Cell- ChannelNumber Num
site 1 2 3 4 5 6 . . . M Free

i X X . . . 0
i1 X X . . . 0
i2 X . . . X 2
i3 X X . . . 1
...

...
...

...
...

...
...

...
...

...
iki X . . . X 3

Figure13.1:ACO tableat cellsitei

channeloccupancy (ACO) tablethattrackschannelsusedandthenumberof freechannels

available in eachneighboringcell. Figure13.1, shows an exampleACO tableat cell i.

Channelsnot in usein acell’sneighborhoodareeligible for assignmentto callsin thatcell.

Whennosuchchannelis available,achannelthatis beingusedin exactlyoneneighboring

cell having freechannelsis consideredeligible for reassignment.For example,given the

ACO tableof cell i in Figure13.1,themobilecurrentlyusingchannel6 in neighbori2 can

be relocatedto oneof the 2 free channelsavailablein i2, releasingchannel6 to satisfya

requestin cell i.

Call interarrival timeandcall holdingtimeareassumedto beexponentiallydistributed.The

meancall holdingtime, 1/µ, is fixedat 1 andthustheaverageloadpercell λ/µ is varied

by varyingthemeanarrival ratepercell,λ. Thenumberof handoffs percall is assumedto

begeometricallydistributedwith meanh̄ andhencetheprobabilityof acall moving outof

a cell is h̄/(h̄+ 1). Mobilesareassumedto migrateto any of theadjacentcellswith equal

probability. A mobileresidesfor thesameamountof time at eachvisit to a cell duringthe

lifetime of thecall. Exceptwhenstudyingtheeffectof varyingmobility, h̄ wassetto 3 for

all theexperiments.Similarly theloadis fixedat6 Erlangs/cellwhenstudyingtheeffectof

mobility. Eachexperimentsimulated100,000calls.

13.3 Utility of Guard Channels

Admissioncontrolis basedontheprinciplethatdenialof serviceto new callsis betterthan

unreliability of serviceto admittedcalls. In otherwords,droppingcalls in progressdueto

handoff failuresis lessdesirablethanblockingnew calls. A simpleway of giving priority

to handoffs is to reserve anumberof channels(sayg) exclusively for servicinghandoffs.
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Figure13.2:Effectof guardchannelsonblockinganddroppingprobabilities

Thesereservedchannelsarecalledguard channels. A cell rejectsnew callswhenever the

numberof freechannelsavailablein thatcell goesbelow g. While this reducesthechances

of handoff failures,it mayresultin under-utilizationof scarcebandwidth.

Unlike fixed channelallocationschemes,with dynamicschemeslike LP guardchannels

arenot exclusive to a cell. A singleunusedchannelin a neighborhoodmaybecountedas

a freechannelby morethanonecell. Hence,g guardchannelspercell doesnot imply that

two neighboringcellshave acombinedtotalof 2·g channelsreservedfor handoffs. In fact,

this couldbeaslow asg whenbothcellshave thesamesetof freechannelsavailable. A

new call is admittedonly if thenumberof freechannelsavailableis morethang. In this

chapter, GUARD refersto aguardchannelbasedschemeusingLP for channelallocation.

Figure13.2shows theblockinganddroppingprobabilitiesundervaryingloadfor different

valuesof g. As thenumberof guardchannelsincreasesthedroppingprobabilitydecreases

while theblockingprobability increases.Wheng is zero,thedroppingprobability is even

morethantheblockingprobability. This is dueto thefactthattherearemorehandoffs (h̄ is

3) thannew callsandhandoffs arenot given any preferentialtreatmentover new calls. As

theloadincreasesbothblockinganddroppingprobabilitiesincreaseacrossall valuesof g.

A similar trendcanbeseen(not shown here)asmobility increases.

The objective of admissioncontrol schemesis to minimize the call blocking probability

while keepingcall droppingprobability below an acceptablelimit. For guardchannels

basedschemes,this is equivalent to guaranteeinga given upperbound oncall dropping

probability usingasfew guardchannelsaspossible.However, staticallydeterminingthe

right numberof guardchannelsto achieve this is not possible,sinceit dependson traffic
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Figure13.3: Minimum numberof guardchannelsrequiredto keepdroppingprobability
below 1/1000

conditionssuchasloadandmobility.

Figure13.3(a)showstheminimumnumberof guardchannelspercell requiredto keep call

droppingprobability below 1/1000, for differentvaluesof load. It alsoshows the corre-

spondingblockingprobabilities.Thesevalueswereobtainedfor eachloadby conducting

a seriesof experimentswith progressively increasingnumbersof guardchannelsuntil the

droppingprobability fell below 1/1000. The numberof guardchannelsis shown on the

right vertical axis. It canbe seenthat the minimum numberof guardchannelsrequired

varieswith load. For example,at a load of 5 Erlangs/cellthe numberof guardchannels

requiredis 3 while it is 5 whenloadis 6 Erlangs/cell.

Figure13.3(b)showstheminimumnumberof guardchannelspercell requiredto keepcall

droppingprobabilitybelow 1/1000 for differentvaluesof mobility. Again, theminimum

numberof guardchannelsrequiredvarieswith mobility. For example,whenmobility (h̄)

is 2, thenumberof guardchannelsrequiredis 4 while it is 5 whenh̄ is 3.

From thesefigures,it is evident that fixing the numberof guardchannelsstaticallywill

resultin eitherunder-utilization of bandwidthor poorquality of service.Henceit is desir-

ableto have anadaptive schemethatdynamicallyadjuststhenumberof guardchannelsin

eachcell to suit the prevailing traffic conditions. In the following section,we show how

reassignmentscouldbeusedfor thispurpose.
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13.4 Effectivenessof Reassignments

When no free channelsare available in a cell for a new request,it may be possibleto

relocateanon-goingcall in aneighboringcell to adifferentunusedchannelin thatcell and

releasethecurrentlyusedchannel.This releasedchannelcanthenbeassignedto thenew

request.Suchareallocationof channelsto callsin progressto makeroomfor anew request

is calledreassignment. Thishasbeenshown to increasethecapacityof thesystemto carry

moreload[16]. But reassignmentsmayinconvenienceusersandincurcommunicationand

processingoverheads.Hencereassignmentsshouldbeusedsparinglyandjudiciously.

We proposeusingreassignmentsto reducehandoff failures.Dynamicchannelassignment

schemescannotmaximizechannelreuseasthey serve randomlyofferedchannelrequests.

As a result,it is almostalwayspossibleto reassignchannelsto calls in progressto make

room for a successfulhandoff. Further, a handoff involvesreleasinga channelin the old

cell which canpotentiallybereassignedto freeup a channelin thenew cell. While reas-

signmentsdo have anassociatedcostthey aremuchmorepreferablethandroppingcalls.

Thus,relying on reassignmentsto avoid call droppingis justifiable.However, it is not ad-

visableto usereassignmentsto admita new call sincetheneedfor reassignmentindicates

overloadin the neighborhood.Admitting a new call in sucha scenariois likely to cause

many morereassignments.Moreover, it mayleadthesystemto a stateof saturationwhere

no furtherreassignmentsarepossibleresultingin failedhandoffs.

A simpleschemebasedon reassignments,calledHOREL, rejectsa new call only if there

areno free channelsavailable (i.e., no guardchannels)but usereassignmentsif needed

to satisfy a handoff request. Figure13.4 comparesthe performanceof GUARD with g
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of 5 and HOREL. The averagenumberof reassignmentsper call is shown on the right

vertical axis. This indicatesthe expectednumberof timesa mobile is forced to switch

channelsdueto reassignments.HOREL dropslessthan1 in 10000calls while blocking

much fewer calls than GUARD. But as the load increasesHOREL causesquite a few

reassignmentswith morethan1 reassignmentperevery 4 callsadmitted,at load7. At low

loadstheadditionalnumberof callsservicedmorethancompensatestheoverheaddueto

reassignments.As thesystemgetsoverloaded,thenumberof reassignmentsgrows rapidly

withoutacorrespondingincreasein thenumberof servicedcalls.

It is clearthat the uncontrolleduseof reassignmentseven for handoffs could be counter-

productive. However, usedin acontrolledmanner, apartfrom ensuringsuccessof handoffs,

reassignmentsalsoprovide an indicationof congestionin theneighborhood.Oneway to

controlreassignmentsis by employing guardchannels.Reservingafew channelsfor hand-

offs obviatesthe needfor frequentreassignments.On the otherhand,reassignmentscan

be thoughtof asa feedbackmechanismto determinethe right numberof guardchannels

to eliminatehandoff failures.Thenumberof guardchannelscanbedynamicallyadjusted

basedon theextentof congestionasindicatedby thereassignmentfrequency. This allows

thesystemto respondjust in timeadaptingto theexistingtraffic conditionsratherthancon-

servatively allocatingmoreguardchannels.Thus,it is possibleto usebothreassignments

andguardchannelssynergistically. Reassignmentsmitigate the negative effect of guard

channelsonbandwidthutilizationwhile guardchannelspreventexcessive reassignments.

We shallnow seetwo suchadaptive schemesLOREL andMXREV thatutilize theknowl-

edgeof reassignmentsin the neighborhooddifferently. LOREL attemptsto containthe

numberof reassignmentsundera specifiedlimit while MXREV triesto maximizetherev-

enueby balancingthepenaltyfor reassignmentswith thereward for servicedcalls. From

a quality of servicepoint of view it is desirableto placean upperbound onthe number

of timesa mobile is forcedto switch channels.From a serviceprovider’s point of view

it is desirableto maximizethe revenuegeneratedby the service. LOREL andMXREV

respectively addressthesetwo perspectives.

In boththeseschemesacell usesits localneighborhoodinformationin decidingthenumber

of guardchannels.It is assumedthateachcell is awareof thenumberof reassignments,the

numberof admittedcallsandthenumberof blockedcalls in theneighborhood.Basedon

this informationeachcell periodicallyadjustsits numberof guardchannels.It is assumed

that this periodis big enoughto capturesteadystatebehavior but muchsmallerthanthe
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time betweenchangesin traffic conditions.Note that theseschemesarecharacterizedby

distributeddecisionmakingusinglocal information. While eachcell actsindependently,

collectively they have theeffect of achieving a commonobjective. Following subsections

describetheseschemesin detail.

13.4.1 Bounding Reassignments

The boundedreassignmentschemeLOREL attemptsto containreassignmentfrequency

below a specifiedlimit r∗ asfollows. Eachcell periodicallyadjuststhe numberof guard

channelsg∗, basedon reassignmentfrequency in the neighborhood.It keepstrack of the

numberof callsadmitted,c, andthenumberof reassignments,r, in theneighborhoodsince

thelastadjustmentto its g∗. If eitherthenumberof new call requestsin thatcell reachesa

thresholdvaluen′ or r reachesa thresholdvaluer′, theng∗ is recomputedasfollows.

g∗ ←



















g∗ + 1, r/c > r∗,

max(g∗ − 1, 0), r/c < r∗ − δ,

g∗, otherwise.

(13.1)

In eachperiod the numberof guardchannelsis increasedif the reassignmentfrequency

is above the given limit r∗ and it is decreasedif the frequency is below r∗ − δ. When

thereassignmentfrequency is within therange(r∗ − δ, r∗) thenumberof guardchannels

remainsunchanged.Theparameterδ is usedto insureagainstunder-utilization by not al-

lowing the numberof reassignmentsto fall too far below the specifiedlimit. By making

cellsrecomputetheir g∗ valueswhenever thenumberof reassignmentsreachesthethresh-

old value,LOREL ensuresthatcorrectiveactionis takenwhenevercongestionis seenin the

neighborhood.On theotherhand,by recomputingg∗ periodicallybasedon thenumberof

new call arrivals,it ensuresthatthebandwidthdoesnotgounderutilizedbecauseof excess

guardchannels.

Figure 13.4 comparesthe performanceof LOREL with GUARD and HOREL. For the

purposeof this experiment,we chose,r∗ = 0.02, δ = 0.005, n′ = 25, andr′ = 20. Thus,

the numberof guardchannelsg∗ in a cell is adjustedafter every 25 new call arrivals in

that cell or after 20 reassignmentsin its neighborhood.If the reassignmentfrequency is

above 0.02,g∗ is incrementedandit is decrementedif reassignmentfrequency falls below

0.015.g∗ staysunchangedif thereassignmentfrequency is between0.015and0.02.From

the figure, it canbe seenthat reassignmentfrequency is containedunderthe given limit
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Figure13.5:Revenueasa functionof loadandmobility

of 0.02at all loads. Comparingthe blocking probabilitiesandreassignmentfrequencies

of LOREL with thatof HOREL, it canbesaidthatLOREL achievessubstantialreduction

in the reassignmentfrequency for a relatively small increasein the blocking probability.

Comparedto GUARD, the blocking probability of LOREL is significantly lower at low

loadsandthedifferencenarrowsathighloads.Further, it shouldbenotedthattherewereno

droppedcallsunderLOREL. To sumup, thecombinationof controlledreassignmentsand

dynamicallydeterminedguardchannelsperformswell by adaptingto thetraffic conditions.

13.4.2 Maximizing Revenue

Reassignmentseffectively eliminatehandoff failuresandalsomake it possiblefor thesys-

temto belessconservative in reservingguardchannelsresultingin higherutilization. But

reassignmentsmay inconvenienceusersand incur communicationand processingover-

heads.A serviceproviderwould like to usereassignmentsonly if they areprofitable.From

this point of view, an ideal schemeis onethat maximizesthe revenueV , given that each

call servicedbringsin rewardR andeachreassignmentincurspenaltyP . Wenow describe

a scheme,calledMXREV, thatattemptsto maximizethe revenuegivenR andP . We do

notconsiderthepenaltyfor call droppingsincereassignmentsalmostcompletelyeliminate

them.

Eachcell keepstrackof thenumberof new callsblockedb andthenumberof reassignments

r in its neighborhood.To maximizetherevenue,MXREV triesto minimizeL, thesumof

thepenaltydueto reassignmentsandthelossin revenuedueto blockedcalls,b×R+r×P ,
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by dynamicallyadjustingthe numberof guardchannels,g∗. Note that changingg∗ has

opposingeffectson b andr. As in the caseof LOREL, the guardchannelsareadjusted

whenever the r reachesa thresholdr′ or the numberof new call requestsn reachesa

thresholdn′.

g∗i+1 ←







2× g∗i − g
∗
i−1, Li < Li−1,

g∗i−1, otherwise.
(13.2)

Thecellsrememberthevaluesof L andg∗ for thelasttwo periodsi andi− 1. If thelossin

revenuedecreasedfromLi−1 toLi, thenumberof guardchannels,g∗ will bemovedin the

samedirectionfor thenext periodi+ 1 aswasdonein transitioningfrom periodi− 1 to i.

Otherwise,g∗ will bemovedin theoppositedirection. In any case,g∗ is alwaysmovedin

stepsof 1.

Intuitively, this schemeperformsa blind hill-climbing. For a given load and mobility,

the revenuepeaksat a specificnumberof guardchannels. But due to changingtraffic

conditionsthis is a moving peak.In general,it is not possibleto determineif thepeakhas

beenreached.The schemereversesdirectionwhenever it sensesthat it is moving down

the hill (whenlossin revenueincreases)andmovesin the samedirectionaslong asit is

climbing the hill (when loss in revenuedecreases).Thus the numberof guardchannels

hoversaroundtheoptimalvaluefor thecurrenttraffic conditions.

Figure13.5(a)comparesthe revenuegeneratedby MXREV with the bestobserved rev-

enueswith andwithout reassignmentsundervarying loadwhenbothP andR are1. The

bestrevenuewith reassignmentswas obtainedfor eachload by selectingthe maximum

revenuefrom theexperimentswith differentguardchannels.Thebestrevenuewithout re-

assignmentswascomputedby consideringthe casethat achieved a droppingprobability

lessthan1/10000 with the minimum numberof guardchannels.This limit on dropping

probabilitywaschosenfor fair comparisonsincethedroppingprobability for MXREV is

almostzero. Figure13.5(b)shows a similar comparisonundervarying mobility. In both

thesefigures,thedifferencein revenuebetweenthetwo bestcasesshowsthepotentialben-

efit from usingreassignments.The figuresshow that MXREV closelyapproximatesthe

performanceof thebestcasewith reassignments.Fixedguardchannelschemesandeven

adaptive schemesthat do not usereassignmentsareunlikely to achieve the performance

of the bestcasewithout reassignments(the bottomcurve). The useof reassignmentsal-

lows theluxury of reactingto thetraffic conditionsjust in time. This explainsthesuperior

performanceof MXREV.
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Note that the revenueincreaseswith increasingload and graduallyflattensout. As the

offered load increasesthe amountof calls servicedalso increases.But the capacityto

admitmorecallsdecreasesgraduallyandhencetheincrementalgainstendto grow smaller.

On the contrary, the revenuedecreaseswith increasingmobility. Due to increasein the

numberof handoffs moreguardchannelsarerequiredthusincreasingblockingprobability.

Thenumberof reassignmentsalsoincreases.Eachcontributesto thedeclinein revenue.

13.5 Conclusions

We showedthatreassignmentswhenusedin a controlledmannerincreasethechanneluti-

lizationwithoutsacrificingthequalityof service.Wealsoshowedhow guardchannelscan

be usedto control reassignments.We presentedtwo schemesthat arebasedon reassign-

mentswhich dynamicallyadjustguardchannelsin eachcell adaptingto the local traffic

conditions. Simulationresultsshowed that theseschemesperformwell in balancingthe

numberof reassignmentsandthenumberof admittedcallswhile ensuringthatalmostno

droppingprobabilityof admittedcalls. Issuesinvolvedin employing theseschemesin real

cellularsystemsneedto beaddressed.An importantaspectof theseschemesis their local

decisionmakingin fixing thenumberof guardchannels.Its effect on fairnessin resource

distributionamongdifferentcellsneedto beanalyzed.
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