Model-basedResourcd’redictionfor Multi-hop WirelessNetworks

YuanSun Xia Gao E

Departmentf ComputerScience
Universityof California, SantaBarbara
sury, ebelding @cs.ucskedu

Abstract

Ad hoc networks have beenproposedfor a variety of applications
wheresupportfor real time, multimediaservicesmay be necessary
Thisrequireghatthenetwork is ableto offer quality of service(QoS)
appropriatdor thelatengy andthroughpuboundsneededo meetthe
realtime constraint. An importantcomponentor QoS provisioning
is resourceestimationandquality prediction. This paperdescribesa
model-basedesourceprediction(MBRP) mechanisnio supportreal
time communicationin multi-hop wirelessnetworks. Speci cally,
we develop an analyticalmodel for differentiatedVIAC scheduling
protocols.Themodelcanpredictper o w andsystem-widehrough-
put and delivery lateng, therebyenablingadmissioncontrol of the
o ws andproviding an ef cient network managementtility. After
describingthe basicmodel,we proposeEnhancedMBRP (EMBRP)
for realisticnetwork ervironments.Our proposedjuality prediction
methods bene cialin thedeploymentof arealadhocnetwork where
knowledgeof resourceallocationandconsumptioris neededo meet
theservicerequirementsAnalytical andsimulationresultsshaw that
EMBRP providesaccurateo w quality prediction. The resultsalso
demonstrat¢he effectivenesof EMBRP asanadmissiorcontrolso-
lution in multi-hopadhocnetworks.

1 Intr oduction

Wirelessnetworking and multimediacontentare two rapidly
emeging technologicakrends. Among typesof wirelessnet-
works, multi-hop ad hoc networks provide a exible means
of communicatiorwhenthereis little or no infrastructure or
the existing infrastructurds inconvenientor expensve to use.
They arealsousefulin conjunctionwith infrastructuredvire-
less networks to extend the coverageareaof accesspoints.
With the developmentof ad hoc networks, we can antici-
patethatmultimediaapplicationswill be popularin scenarios
wherethesenetworksareused.

Onechallengeof providing multimediaservicesn wireless
networksis thatcertainquality of service(QoS)metricsshould
besatis®ed.Therehasbeensigni®cantresearcton QoSprovi-
sioningin wired networks. For instance|ntserv[21] andDiff-
serv[10, 17] aretwo well-known approacheslin ad hoc net-
works,however, severaluniquecharacteristicenake QoSpro-
visioning morechallenging.Thesecharacteristicincludethe
sharedwirelessmedium, mobility, andthe distributed multi-
hopcommunication.

MostQoSsolutionsfor wired networksrely ontheavailabil-
ity of preciseresourceautilization informationfor wired links.
However, in adhocnetworks, all traf®c within amobilenodes
transmissiorrangecontendsor mediaaccessthe sharedha-
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ture of wireless communicationchannelshence makes re-
sourceestimationmore challenging. Multi-hop interference
introducesfurther challengego the problem,makingit dif®-
cult to accuratelydeterminethe availableresourcesWithout
suf®ciently accurateestimationof channelutilization andpre-
diction of “ow quality, i.e., throughputor transmissiordelay
it is dif®cult to provide multimediaserviceswith satishctory
quality.

Servicequality predictionis thereforean importantbuild-
ing block for providing QoSin multi-hop wirelessnetworks.
It alsoenablesffective admissioncontrol. The latteris im-
portantfor ad hoc networks becauséhesenetworksgenerally
havelimited resourcesin termsof bothdevice capabilitiesand
availablenetwork bandwidth.If a ow hasrigid QoSrequire-
ments,a predictionof the achievable quality will preventthe
wasteof resourcest both the sourcenodeandin the whole
network if the network cannotsupportthe ow.

In this paper we proposea model-basedesourcepredic-
tion (MBRP) schemeo provide ow quality predictionfor ad
hocnetworks. Ourtargetednetwork ervironmentis multi-hop
wirelessnetworkswheresupportof multimediaserviceds de-
sired. To helpmeettherealtime constraintspriority schedul-
ing mechanismat the MAC layer canbe utilized in this en-
vironment[1, 13, 22]. For instance,a Voice over IP (VolP)
traf®c sessiorhasstringentrealtime constraintandtherefore
could be labeledhigh priority while otherdelay-tolerantraf-
®c canbe givenlower priority. Underthis context, our model
supportsvarious differentiatedMAC schemeswith multiple
priorities andprovidesestimationof bothper ow andaggre-
gatednetwork-widethroughputanddelayanalysis.We further
applythebasicMBRP analysisto a realisticnetwork erviron-
ment,i.e., unsaturatechodesandhiddenterminalinterference
exist, andproposeEnhancediBRP (EMBRP)to improve the
estimatioraccurag.

Model-basedoredictionhastwo importantbene®ts. First,
it improves channelef®ciengy by avoiding the wasteof the
network resourceglueto unprovisionedtraf®c. By usingthe
MBRP analysis,a ow cancheckwhetherthe network can
supportthe real time requirementsheforeit starts. Conse-
guently serviced ows will meetthe desiredquality, thereby
improving the channelef®cieng. Secondly MBRP enables
“exible admissioncontrol with a wide rangeof quality poli-
cies. Thisis especiallyimportantwhenservicedifferentiation
is supportedn the network. The network quality policy can
thenbe, for instancefo maximizethe network-wide through-



put, or to admit the maximumnumberof high quality ows

that canbe supported.However, no matterwhat policy is re-
quired,theadmissiorof a new “ow will affect ongoingtraf®c
becauseof the sharedwirelesschannel. Becauseour model
predictstheimpactof the new “ow on both new andexisting

traf®c, exible admissiorcontrolcanbe achieved.

The remainderof this paperis organizedasfollows. Sec-
tion 2 describeselatedwork. Section3 present®ur proposed
basicMBRP analysisandits improvement EMBRP, for are-
alistic network environment. We then describehow an esti-
mation moduleusing MBRP can be integratedwith existing
routingschemegor multi-hopwirelessnetworksin section4.
Theperformancef ourproposedpproachs evaluatedn sec-
tion 5, and®nally section6 concludeghepaper

2 RelatedWork

Resourcestimatiorhasbeenstudiedextensiely in wired net-
works [7, 18, 20]. The bandwidthor lateny of a path can
be estimatedhroughend-to-endprobingtechniques.For in-
stancethe padket bunch techniqud7, 18] measureshe avail-
ablebandwidthbetweena nodepair by dividing therecever-
ACKedprobingpacletswith thetimeinterval betweerthe®rst
andlastrecevedpaclets.Lateny measurementsetweerntwo
nodescan be achiered throughping messagesr ary desig-
natedpaclets[20]. To dealwith high network variability, mul-
tiple measurement@reneededo achieve a betterestimation.

In ad hoc networks, resourceestimationin recently pro-
posedQoS-avare routing protocolsoften takes advantageof
statisticalinformation provided by MAC layer Thesesolu-
tionscanbecatayorizedinto thefollowing groups:actve mea-
surementpassve measuremenemulation-basedndmodel-
basedapproaches.

Active measuremeninethodsfrom wirelessnetworks in-
heritthebasictechniquegor wired networks; however, the pri-
mary differenceis thatthey aretypically conductedn a hop-
by-hopfashion,dueto the lack of informationaboutthe full
path. Hence,they areoften combinedwith the routeacquisi-
tion processFor instance SWAN [2] usesarequest/esponse
probeduringroutediscovery to estimatebandwidthavailabil-
ity alonga path. A ticket-basegrobingtechniqueo measure
link delayis proposedn [9]. Eachprobeaccumulateshede-
lay of the pathit hastraversed.Onedravbackof active mea-
surementss that they are susceptibleo network variability.
Extra effort is requiredto dampenshort-timevariationsand
maintainmeasuremerstability.

Passve measuremertechniquedeveragethe uniquechar
acteristicof wirelessnetworksthroughacollectionof channel
statisticsat the MAC layer For instance,Quiet Time Frac-
tion is oftensuggestedo predictthe availablebandwidthof a
wirelesschanneby listeningto thechannelandmeasuringhe
fractionof time duringwhichthechanneis notin use[8, 24].
Packet forwarding lateng is often measuredoy timestamps
on RTS/CTSor DATA/ACK paclets[2, 16]. Comparedo ac-
tive measuremenpassve methodshave the advantageof less
control overhead. However, they often do not fully consider
the contentiousatureof 802.11-baseMAC access.

An emulation-basedelayestimatiormethod Virtual MAC
(VMAQC) [3, 23], capturesnostof the aspectof areal MAC
andoperatesn parallelto therealMAC protocol. However, no
real pacletsare actuallytransmitted. Instead the VMA C al-
gorithmestimateshe probabilityof collisionif therealpaclet
weretransmitted.VMA C emulateseal MAC behaior with-
out introducingary communicatioroverhead.However, one
dravbackof VMAC is that when multiple nodessimultane-
ously utilize VMA C estimation,they cannotdetectthe colli-
sionsthatwill occurbecaus¢hepacletsarenotactuallytrans-
mitted.

Several analyticalmodelsfor IEEE 802.11have beenpro-
posed[2, 5, 15]. Bianchi[5] usesa discreteMarkov chain
modelto capturethe behaior of CSMA/CA channelmulti-
plexing in IEEE 802.11andderivesthe saturatedhroughput
basedon a constantand independenthannelcollision ratio

. However, it doesnot specifyhow to calculate in agiven
network topology It alsodoesnot supportpriority-baseddif-
ferentiationschemes.A delay modelfor IEEE 802.11is de-
rivedin [2] by assuminghat the channelcontentionof com-
peting ows arePoissordistributed. Themodelalsotakesinto
accountthe effect of different and values.
However, similarto [5], it doesnotspecifydetailedalgorithms
to estimatechannelutilization andcontentionwindow size of
each ow, which is the key parameterfor delay estimation.
Themodelalsodoesnotsupportotherdifferentiationschemes,
suchasdifferentbacloff ratio or bacloff policies.A morede-
tailed modelto estimatechannelutilization (basedon which
our modelis constructedpndnetwork throughputs provided
in [15]. Theadwantageof this modelis thatit includesgreater
detail of IEEE 802.11. Onelimitation of the modelis that it
doesnot provide “ow-basedestimation.|t alsodoesnot sup-
port priority-basedvIAC schemes.

To summarizethesemodelsdo not fully considerifferent
typesof differentiationschemeausedin IEEE 802.11. Be-
causeof their limitations, the schemegannotprovide a ow-
level QoS estimationat the level of accurag thatis needed
by admissioncontrol. Thesemodelsalso do not addresss-
suessuchasrandomchannelkorruption,non-saturatedodes,
or hiddenterminalswithin carriersensingange. In contrast,
MBRP providesper ow quality analysisaswell asconsider
ationof theabove issues.

3 Model-based Resource Prediction
(MBRP)

In this section,we proposea model-basedesourceprediction
mechanisnfor multi-hop ad hoc networks. The primary ob-
jective of our mechanisnis to provide accurateesourcepre-
diction for both new andexisting traf®c. We ®rst describethe
basicMBRP modelin section3.1. Thenin section3.2, we
explainhow MBRP canbeappliedto arealisticnetwork ervi-
ronmentandproposeEnhancedBRP (EMBRP).

3.1 BasicMBRP Mechanism

Thebasicpremiseof MBRP s to provide quality predictionfor
both ongoingtraf®c andnew “ows so thata correct ow ad-



missiondecisioncanbe madeaccordingto the quality of ser
vice policy of thenetwork. Ourmodelis basebnthemodelof
basiclEEE 802.11DCF describedn [2, 5, 15]. However, we
extendexisting work andmake thefollowing contributions:
Developmentof a differentiatedMAC schememodel
with multiple priorities.
Developmenbf modelsfor differentpriority-basedack-
off schemes.
Estimationof both per ow andaggreyatedsystem-wide
throughputanddelay
Hence,our modelis moregenericandhaswider applicability
thanthe previously proposednodels.It canbeusedby admis-
sion control schemedor both delay and bandwidthsensitve
applications. The admissiondecisioncan be modi®edto ei-
theradmitthe maximumnumberof supportabléigh-priority
“ows, or to achieve the maximumnetwork throughput.

3.1.1 Priority SchedulingModel
To provide throughputand delay estimation,we ®rst needto
modelthe nodebacloff behaior andanalyzethe channeluti-
lization. Similarto previouswork [2, 15], we assumehatthe
time interval betweentwo adjacenttransmissionattemptsis
exponentiallydistributed. As aresult,thechannelttemptrate
is assumedo follow a Poissondistribution with an average
rateof . We alsoassumehatthe channelcollisionrate, ,
is constantand only relatesto the currentcompetingtraf®c
load[2, 5,15

Let beasetof owswith differentpri-
orities, where denotesthe total numberof priority classes
supportedby the system,and , is the numberof
“ows of priority class . To maintainthe clarity of the deriva-
tion, we let “ows with the samepriority level have the same
averagepacletlength ! andthe sameaveragebacloff win-
dow size

The currentaveragechannelattemptrate, , which indi-
catesthe numberof transmissiorattemptsin a time slot, can
thenberepresentetly

(1)

where  denoteghebacloff window sizeof ow  with pri-
ority class and .

In contrasto previouswork [5, 15], ourintentionis to sup-
port multiple priority levels. To this end,the channelattempt
rate,collisionrate,andbaclkoff window sizeof differentprior-
ities mustto bedifferentiated.

The channelattemptrate  in Eq. (1) includesthe effect
of all the ows in the system. For eachindividual ow with
priority , theattemptrateof thecompeting owsis

(@)

The competing ows includeall other ows exceptthe given
“ow itself. The transmissiorof the ow is successfubnly

10ur derivation also hold for scenariosvhere ows of the samepriority
have differentpaclet sizes.Insteadof forming equationgor eachpriority, we
needto form equationdor each ow. However, the basicprinciplesarethe
sameandthe equationsarestill sohable.

whenall competing ows donottransmit.Hence thecollision
probabilityof a ow with priority , ,is

®3)

Beforecalculatingthe averagebacloff window size,we need
to ®rst decide what type of bacloff schemeto use. The
genericform of a priority-basedacloff schemes

. In the basicexponentialbacloff scheme
of DCF, . In ourpreviouswork[22], we
proposedserief priority-basedacloff schemeshatdiffer-
entiatetraf®c with variouspriorities. Oneschemas shovn be-
low asanexample.A moredetaileddescriptiorof theschemes
anda performanceomparisorcanbefoundin [22].

Let bethemaximumnumberof retransmissiond-or the
exponentiabacloff schemethe probabilitythatthe  colli-
sionoccursis

(4)
where , andwe alsohave
— (5)

Thenfor ary priority class , theaveragebacloff window size
duringcollisionsis

bacloff
(6)

Now considerthe following priority-basedacloff scheme
where isthecol-
lisionrateand is aconstantssociatedvith the ow's prior-
ity class to differentiatethe bacloff ratio of differentpriority
“ows. We have

bacloff

()

where is the minimum contentionwindow size. By
adjusting , we canadjustthe sensitvity of the differenceof
differentpriority classesvith respecto thecollisionrate
Continuingthe averagebacloff window size, , calcu-
lation, Eq.(7) givestheaveragebacloff window sizeunderthe
conditionthatthe channelis sensedusy. IEEE 802.11spec-
i®es that the nodetransmitsimmediatelywithout bacloff if
thechanneis senseddle for the DIFS period.Let de-
notetheprobabilityof afreechannelwhenthenodeattemptsa



transmissiorandall competing ows arein the bacloff stage,
andlet denotethe probability of a busy channelwhen
atleastonecompeting ow is transmitting.Let  betheaver
agepaclettransmissiorime:

(8)

Using the sameassumptiorthat the transmissiorattemptof
competing owsis of Poissordistributionwith rate  , andthe
inter-arrival time betweerntwo adjacentransmissiorattempts

is of exponentialdistribution with averageof , we have
)
Thenthe averagebacloff window size is
bacloff
bacloff (20)

Hence we have derivedthe expressiorof the currentchannel
attemptrate  asa function of averagebacloff window size
in Eq. (1), contendingtraf®c rate for a nodewith
priority asafunctionof and in Eq. (2), theexpres-
sion of collision possibility asafunctionof in Eq. (3),
and®nally, the expressiorof the averagebacloff window size
asafunctionof thecollision possibility in Eq. (10).
Forary given ow set , We canobtainaderived
, and by usinga similar iterationalgorithmasin
[15]. Thedifferenceis thatwe needto calculatethe variables
for eachpriority separatelySpeci®cally asprovedin [12], the
expectednumberof collisionsin a binary bacloff algorithm
grows asymptoticallywith ,where isthenumber
of active stationsin the network. Hence,the initial bacloff

window size , in our schemejs boundedby the fol-
lowing:

(11)
where is somearbitrary constant. Given

of eachpriority, which representghe largest bacloff win-
dow size,we can®rst obtainthe channelattemptrate by

using Eq.(1 and basedon that, calculate and us-

ing Egq. (2) and (3), respectiely. Then, by applying Eq.

(10), we can calculate The iteration repeatsun-

til the differenceof two consecutre iteration values satis-
®es , where denotessomepre-

de®nedsmallvalue. Theiterative algorithmalwayscorverges
asprovedin Theoreml in [15].

3.1.2 Throughput Model
Giventhe currenttraf®c rate , the competingtraf®c ratefor
eachpriority , the collision possibility , andthe average
bacloff window size , wenow derivethethroughputal-
culationfor eachpriority “ow.

Let denotehecapacityof thewirelesdink (e.g.,2Mbps).
Becausghepaclettransmissiomttempis of Poissordistribu-
tion with rate , theinter-arrival time (the portion of wasted

bandwidth)betweenwo adjacentransmissiorattemptss of
exponentialdistribution with average . Consideringhat
the averagepaclet length (the portion of utilized bandwidth)
is , thetotal utilized bandwidth, , expressedastheratio
of link capacity is:

(12

Let  bethebandwidthutilized by a “ow of priority and
bethesumof channelusageof all ows. Then,

(13)

Dueto transmissiortollisionsamongcompeting ows,

. Notethatthe portion of collided bandwidthis calculated
multipletimesin . Morepreciselyif thereare “owstrans-
mitting atthesametime, this portionof thebandwidthis added

timesin the . Becausdhe probabilityof simultaneous
transmissionss , underthe conditionthatthereis
atransmission,

(14)

Noticethatthe®rstitemin Eq. (14)is theno-collisionportion
of ,whichis alsotheoverallthroughput, , of thewireless
link. canbegivenby

(15)

Now let's considerper ow throughput. For eachprior-
ity "ow , the channelutilization is proportionalto its aver
agepacletlength  andinverselyproportionalto its average
waitingtime betweenwo adjacentransmissionsTheaverage
waiting time is the sumof its own bacloff window size
andthetotal transmissioriime of othercompetingnodesdur-
ing . Hence theratio of channelutilization betweertwo
differentpriorities and canbepresenteds:

(16)

For atotal of priority ows, independenequations
of typeof Eq.(16)canbelisted. Togethemwith Eq.(13),thisset
of equationanbeusedto calculate  of eachpriority.

Finally, consideringthe collision loss of eachpriority, the
effective throughputof eachpriority traf®c is then

(17)

Figure 1 shavs a comparisonbetweenthe analyticaland
simulationresultsfor the throughput(both per ow and ag-
gregated)versusthe numberof “ows in a single broadcast
region. The lines are the numericalresultscalculatedusing
Eq.(15)and(17), whereaghe symbolsarethevaluesobtained
from simulation.We canseethatthe simulationresultsclosely
matchtheanalysistherebyverifying our model.
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Figurel: ThroughputModel Veri®cation. is setto 32, s setto
5, andthepaclet sizeis setto 1000bytes.The valuesfor differentpriorities
aresetto 1, 8 and16.

3.1.3 Delay Model

We now derive the delaymodelbasedon the competing ow
traf®c rate andthe collision possibility , ascalculatedn
section3.1.1.

Following the sameanalysisasin [23], let denote
the total deferredtime during the th bacloff for priority
Becauséhe bacloff timer only decreasewhenthe channels
idle, we have

(18)

where isthebacloff timeof the thcollision. isaPoisson
randomvariablewith average anddenoteshenumberof

pacletsthataresentduringthe th collision. istheaverage
pacletlengthof thetraf®c and istheresiduabpaclet

lengththatcausedhe collision onthe®rst try.

Hence,giventhe currentattemptrate  andthe collision
possibility  calculatedusing Eq. (2) and (3), the average
valueof thetotal accumulatedieferrectime for priority , de-
notedas , canbeestimateds

_bacloffs

_bacloffs

- _bacloffs
(19)

- _bacloffs

For the basic exponentialbacloff scheme where

— - high priority
8 — med priority
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Average Defer Time (ms)

—e

0.5
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Figure2: DelayModel Veri®cation(parameterarethesameasin ®gurel).

, we have

(20)
For our priority-basedacloff scheme,

(21)
Hence we have

(22)

Eq. (22) givesthe averageof the total accumulatedieferred
time for a paclettransmissionwvhenbacloff occurs.Whenthe
channels sensedreeandthe ow transmitswithout bacloff,
thedeferredtime is zeroif transmissiorsucceedsr
if acollision happensSimilarto Eq.(10),

(23)

Let
whoseaverages

denotethe transmissiortime of a paclet,
, thenthe averageservicedelayis

(24)

Eq. (24)is theresultfor head-of-linepaclkets. Whenqueuing
delayis consideredthetotal delaycanbeobtainedy utilizing
thedelayresultsof anM/M/1 queu€g4]. Speci®cally suppose
thetraf®c arrival rateis Poissondistributedwith averagerate

of , andthe servicerateis also Poissondistributed
with averagerate of . Thenthetotal
delayis

(25)

Eq. (25) canbe usedfor admissioncontrolto checkwhether
thedelayboundof the ow is satis®ed.

Figure 2 shavs the comparisonbetweenthe analytical
modelandthesimulationresultsfor theaveragepaclketservice
lateng (excludingqueuingdelay)asthetraf®c loadincreases.
Thelinesrepresenthe numericalresultscalculatedusingthe
model,while the symbolsindicatethe simulationresults. We
canseethat the simulationand analyticalresultsare closeto
eachother, therebyverifying our analysis.
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3.2 MBRP in Real-world Environments

3.2.1 Impact of Under-Saturated Nodes

ThebasicMBRP mechanisntdescribedn section3.1assumes
nodesaresaturatedi.e., all nodesin the network have paclets
in their queuefor transmissionWhennodesarenot saturated,
our analysismay overestimatehe actualnumberof collisions
in the network. Figure3 shows theimpactof undersaturated
nodes.Theline representshe collision possibility calculated
throughtheanalysidn section3.1.1versughenumberof com-
peting ows, assumingall nodesare saturated.The symbols
that matchthe line are the simulationresultswith all nodes
saturatedThelower symbolsarethe measuremenesultsfor
simulationswith a certainpercentagel ) of unsaturated
nodes,while the remainingnodesare operatedin saturated
conditions. The differenceindicatesthat whennodesare not
saturatedthebasicMBRP analysisoverestimatethecollision
ratein the network. Thisleadsto lowerthroughputandhigher
calculateddelay

3.2.2 Impact of Hidden Terminals

Another assumptiorusedby MBRP is ideal channelcondi-
tions, i.e., no paclet corruption,and no hiddenterminals. It
doesnot considerthe factthata nodes carriersensingneigh-
borscanalsointerferewith its transmissioneven thoughthe
nodecannotcorrectlydecodeheinterferingpaclkets. Theim-
pactof interferingnodesis thusnot re ectedin the ow set.

Hence,the modelinganalysismay underestimatehe actual
collisionsin the network. This is especiallytrue in a multi-
hop network wherethe hiddenterminal problemand carrier
sensingnterferencéoecomemoresigni®cant.

Considera simple topology as shovn in ®gure 4, where
node3's transmissiorinterfereswith node?2's paclet recep-
tion becausehe nodesarewith carriersensingangeof each
other Flows and thenconict. Becausenodes2 and
3 cannotdecodeeachother's pacletscorrectly nodel is un-
aware of the existenceof node3. Consequenthnodel will
notinclude ow  in its ‘ow set.? Theuppersymbolsin ®g-
ure 3 shawv the impact of the interferencefrom the nodesin
the carriersensingrangebut out of the transmissiorrangeof
anode. With theinterferencdrom carriersensingneighbors,
the basicMBRP analysisunderestimatethe collisionsin the
network.

2If nodes2 and3 aredirect neighborsnode2 will include ow
“ow set.Nodel will therebylearnof theinterference.

inits

O=0r - - -O=0

Figure4: Scenariowith “hiddenterminals”.

3.2.3 Adjustment using MeasurementFeedback

In additionto the above describedassumptionsunexpected
collisions, suchas thosecausedby control paclet transmis-
sionsandrandominterferencege.g.,microvave or otherwire-

lesstransmissions)will alsoaffect the results. As shavn in

®gure 3, the presenceof unsaturateschodesmakesour model
overestimateéhe channelusagewhile unexpectedpacletloss
due to hiddenterminal, collision or interferencemakes our
modelunderestimatthechannelisage Dependingnthereal
network topologyandtraf®c distribution, theseissueswill re-
sultin adiscrepang betweerthe model-basedutputandthe
actualmeasuremenesults.

To mitigatetheseeffects,weimprove MBRP by utilizing the
differencebetweenthe measuredralueandthe modeloutput
asrun-time feedbackto improve the accurag of our model.
Theimprovedanalysidss calledEnhancedBRP (EMBRP).

Supposeat the time when the n-th "ow is admitted, the
channelcollision ratio estimatedby nev EMBRP modelis

. Whenthe (n+1)-th ow is requestedtherealchannel
collision ratio measuremenis . The difference
betweerthe modelresultandactualvalueis thencalculated:

(26)

Hence thedifference duringthe n-th ow requestan
then be usedby the EMBRP model as feedbackto make a
betterdecisionfor the (n+1)-threquest.

First, the basic MBRP model predictsthe collision ratio

basedbn current ow informationusingthe pro-

cessin section3.1. ThenEMBRP combinesthe outputfrom
MBRP and to producethe ®nal estimation
asthefollowing:

(27)
where istheproportionalitycoef®cientthatcontrolsthere-
sponsdo changesf collisionrate. A larger  improvesthe

responseate, but it may leadto systematicerror or oscilla-
tion. is the integration coefdcient that decreaseshe re-
sponserate but diminishessystemerror. The adjustmentof
thevaluesfor and is importantfor the accurag of our
prediction.Becauseave do notexpectthe network stateto dra-
matically change previous measurementare weightedmore
heaiily,and isgenerallysmallerthan . Wewill explainin
detailthe parameteselectionin the experimentsn section5.
Section5 discussegstimationof the parametersn morede-
tail.

Basedon this adjustedcollision rate,an adjusted canbe
calculated Speci®cally from Eq.(3),we have

(28)



Consequentlyadjusted canbecalculatedusingEq.(10).
Adjustedthroughputand delay predictioncan further be ob-
tained.

The collision rate that a node experienceds measureds
theprobabilitythata paclettransmissiorby thenodein ques-
tion fails usinga standaloneneasuremergrocesatthe MAC
layer. Givenameasuremerihterval, the procesgontinuously
measurethecollisionratewithout beingtriggeredby theana-
lytical model.Whenthelatterneedshemeasuremenesultto
adjustthe calculation,it obtainsthe resultsfrom the measure-
mentunit.

The collision rateis calculatedasfollowing: we countthe
numberof failedtransmissiong,e., numberof packetsthatdo
notreceve ACK paclets,anddivide it by the total numberof
datatransmission$n a given measuremenduration. Hence,
we have

(29)

We further use an ARMA (Auto Regressie Moving Aver-
age)[14] ®lter to provide run-timeestimationgconsideringhe
previousresultsto smooththe measurement. is the smooth-
ing factor

(30)

Note that the collision rate measuremenis passve and it
doesnot incur extra communicatioroverheadj.e., no paclet
transmissions needed.Additionally, the modelingand mea-
surementesultsareonly calculatedatthe sourceandinterme-
diate nodesalonga “ow path,i.e., the destinationis not in-
volved. This is becausehe interferenceat the receptionnode
is includedin theunacknavledgedpaclet measuremenrdf the
nodes upstreameighbor

4 Integration with Routing Protocols

Our resourcepredictionmodelcanbe integratedwith ad hoc
routingprotocolsasa modulesitting in betweerthelP routing
layerandthe MAC layer, asshavn in ®gure5.

Figure5: Integrationwith routing protocolsatthe IP andMAC layers.

MBRP provideschannektatisticoof anodeslocal contend-
ing area. However, becausepaclet delivery often occursin
a multi-hop fashion,a local decisionis not suf®cient for the
setupof anentiretransmissiorpath. The interferenceamong
neighboringhodesmalkestheestimationof channelutilization

the path to reachthe destination. If the
bandwidthconsumptiorof the ow is , thenthe bandwidth
consumptionis actually for nodesA andC, and
atnodeB. Thisis becausaodeswithin transmissiomangeof
eachothercontendfor the sharedmedium. Therefore,a new
“ow will consumeheresourcesn theneighborhoodf all the
nodesalongthetransmissiompath.

Figure6: An exampletopology

Therouting processanbe augmentedo analyzetheinter-
ferencerelationshipamongthe nodeson the potentialtrans-
missionpath, aswell asto disseminatehe “ow information
alongthe path. Then,basedn the potential ow setinforma-
tion, theestimatedhroughpubr delaycanbe calculatedusing
theanalyticalmodeldescribedn theprevioussection.Finally,
the sourcecanchoosehe paththatbestmeetsthe ow's QoS
requirement.

We brie'y describehow the modelis integratedwith reac-
tive routing protocols,usingAODV [19] asanexample. The
basic ow setupprocesscan be divided into a Requestand
a Reply phase. In the requestphase the sourcenode sends
RREQmessagefor thenew “ow, including QoSinformation
suchasthetraf®c classof the ow, therequiredquality, andthe
minimum throughputor accumulatedielaythroughprevious
hops. Upon receptionof the RREQ paclet, eachintermedi-
atenodeaddsa pendingrecordfor this ow andrebroadcasts
the RREQIf the ow is locally admissible This indicateshat
the predictedquality of the new “ow is within an acceptable
rangej.e.,theminimumavailablebandwidthalongthe pathis
largerthanthe ow's throughputrequirementpr the accumu-
lateddelayis smallerthanthelateng requirementlf the ow
is not locally admissible the RREQ paclet is dropped. Af-
ter the propagatiorof RREQ paclets,intermediatenodesuse
NeighborReply message$NREP)to notify neighborsabout
the potentialload, including the new “ow information. The
updated ow setinformation,disseminatedy NREPpaclets,
senesastheinputof theanalyticalmodelasdescribedn sec-
tion 3.1.1. The RREQpacletreacheghe destinationf a path
with satis®edquality exists.

If aRREQmessagés recevved,the destinatiomodesends
a RouteReply messag€RREP)alongthe reversepathto the
sourcenodeduringthereply phaseIntermediatenodesobtain
updatecheighboroadinformationthroughthe NREPpaclets
in the Requesphase.They now recomputehe quality of ser
vice that canbe provided to the ow andforward the RREP
if thenew “ow is locally admissible.The sourcenodeselects
anoptimalpathbasedn the availablelevels of service.Once
datapaclet transmissiorbegins, the nodesalong the propa-

more dif®cult. For example,in ®gure 6, the circlesindicate gationpathalsosendNREP pacletsto notify their neighbors

the transmissiommangeof eachnode. NodeA's neighborhood
includesB, B's neighbordncludeA andC, andbothB andD
areC's neighbors.SupposaodeA requestanew ow using

thatthe ow hasbeenadmitted. Thereforeall nodesthatare
affectedby thenew "ow obtainupdatedchannelitilization in-
formation.



When path breaksdue to node movement,route mainte-
nanceis performedso that the sourcenode can re-discaer
a new valid route. In this case, ow informationis updated
throughthe new setupprocess.In a highly mobile environ-
ment,frequentbroken pathsandneighbomodeschangewwill
resultin stale ow informationand, consequentlyinaccurate
“ow quality estimation.However, it is likely thata valid and
stablerouterarely exists with the high mobility. We foresee
that the integration of MBRP with routing protocolswill be
most effective in ervironmentswith low or controlled mo-
bility. For instance,backhaulnetworks consistingof wire-
lessroutersthat provide multi-hop communicatiorfor mobile
nodesarewell-suitedfor our model.

The above discussiondescribeshow MBRP can be com-
bined with reactive routing protocols. For proactive routing
protocols, ow set information can be exchangedbetween
neighboringnodesthroughHello messagesr ary other pe-
riodic neighborlink updatemessagesHowever, an extra call
setupprocesds neededo accomplishthe quality prediction.
Thisis becaus¢heinterferencehatwill becausedy thenew
“ow cannotbe determinedy neighborexchangeslone. The
proposedViBRP mechanisntanalsobe integratedwith QoS
routing protocolsin a similar manner

5 Experimental Results

We implementedurapproachn theNS-2[11] simulatorwith
the Monarchmobility extensiong6]. A modi®edMAC pro-
tocolis usedto provide differentiatedschedulingasdescribed
in [22]. is setto 32and is 5. Thelink bandwidth
is setto 2 Mbps. Thevalueof in the collision measure-
ment(Eq.(30))is setto 0.8to placegreatenweighton recent
measurementsThe AODV routing protocol, modi®edasde-
scribedin section4, is utilized for multi-hop communication
in the secondandthird setsof simulations.

5.1 SingleBroadcastRegion
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Figure7: Throughpupredictionwith undersaturatedodes.

The ®rst setof simulationsexploresMBRP performancen
asingle-hopscenariowhereagroupof sourceanddestination
pairs are all within the samebroadcastegion. No interfer
encefrom the carriersensingrangeneighborsor hiddenter
minals occursin this scenario. All the “ows have the same
priority wherethe priority adjustmentparameter equalsO.
The paclet sizeis 1000 bytes. 1/3 of all ows are operated
at non-saturateatondition, with a paclet sendingrate of 10
pkt/s, while the remaining ows all have sendingrate of 100
pkt/s. MBRP is not usedfor admissioncontrolin this setof

experimentsso that resultswith a large numberof ows can
beshown.

Figure7 shavstheresultsof bandwidthpredictionfor each
“ow. The symbolrepresentshe simulationresultsfor the av-
erageper ow throughput. The dottedline is the numerical
resultcalculatedusingthe basicMBRP model. Themodelre-
sultsarelower thantheactualthroughputbecaus®f theover
estimationof collision possibilityasshavn in ®gure3. By us-
ing themeasuredollision rateto adjustthemodelcalculation,
EMBRP obtainsresultscloseto the simulationvalues.

Theparameter in Eq.(27)issetto0.2,and issetto0.8.
As explainedin section3.2, is becausenoreweightis
givento previousresultsto achiese stability. As theresultsbe-
comemorestable theimpactof approachegero,while
theimpactof becomesmallerbecause . As
more ows areadmitted,nodesexperiencdongerservicede-
lay, andconsequentlyongerqueuinglateng. Hence,theim-
pactof the understauratedonditionis reduced.

5.2 Grid Topology
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Figure8: Grid topology

This set of simulationsexaminesthe effectivenessof ap-
plying MBRP to admissioncontrol in a multi-hop network.
Speci®callythenodesform a grid with internodespac-
ing of 200m,asshown in ®gure8. Theparametersf the ows
areindicatedin table 1. For high priority VoIP “ows, we re-
quiredeliverydelaylessthan100msasindicatedby .
The minimum bandwidthrequiremenfor high andlow prior-
ity traf®c is 64 kbpsand 100 kbps, respectiely, asindicated
by . This traf®c patternrepresents network environ-
mentwherebackgroundraf®c is delay-tolerantwhile higher
priority is givento traf®c with stringentrealtime constraints.
In this setof experimentsye usethefollowing admissiorpol-
icy: admitthe maximumnumberof “ows while ensuringthat
their receved quality of the servicemeetstheir serviceneeds.
All the ows in ®gure 8 are startedsequentiallyat 10 second
intervals. Amongthem, ows 2, 4, 6 and8 arehigh priority,
while therestarelow priority.

Tablel: Priority trafec parameters.

Priority Paclet Size
Class (bytes) (Kbps) (Kbps) (ms)
High (G.711VoIP) 160 64 64 100
Low (CBR) 500 200 100 -

Whenthereis no admissioncontrol, all “ows startat their
scheduledime. When MBRP is applied,i.e., no measure-
ment feedbackis utilized, the ®rst 7 “ows are all admitted,
while the 8th “ow is rejected. WhenEMBRP is utilized, the



Table2: Throughputfor “ows without admissiorcontrol (Kbps).
Starttime

200
200
190

64
64
64

132
112
98

57
56
51

198
197
114

64
54
50

200
198

64

Table3: Throughpufor MBRP admitted ows (Kbps).
Starttime

200
194
194

64
64
64

132
112
112

200
194
193

64
54
54

197
197

6th ow is rejectedwhile therestareall admitted. Tables2-
4 shawv the throughputof the admitted ows with eachof the
differentschemesTheunderlinedvaluesindicatethatthe ow
doesnotreceveits requiredquality. Whenthereis no admis-
sion control (asshawvn in table 2), the throughputafter time

decreasesigni®cantlyfor “ows thatexperiencemore
contentionj.e., through . Whenadmissiorcontrolis uti-
lized, seven ows areadmitted;however, the owsreceie dif-
ferentquality, asindicatedn tables3 and4. Flows admittecby
EMBRPIn generahave higherthroughputhanthatof MBRP.
In particular when  is admittedusing MBRP, the through-
putof fallsbelow 64 kbps,resultingin poorquality. When
themeasuredaollision rateis fed backinto themodelcalcula-
tion, EMBRP achieresbetterperformancérecaus¢heimpact
of hiddenterminalandcarriersensingneighborsareincluded
in the calculation.

Figure9 shaws the averagepaclet lateng of the high pri-
ority “ows after all "ows started. Whenthereis no admis-
sion control,both  and fail to meettheir delayrequire-
ment. Whenadmissioncontrol with MBRP is used, does
not receve requiredquality. WhenEMBRPis utilized, all ad-
mitted “ows have averagelateng belov 100 ms. Figure 10
furtherillustratesthe paclet delivery lateng for the admitted
high priority owsusingEMBRP All theadmitted ows have
averagelateng of lessthan100 ms. The occasionabkuige of
lateng for the ows is causedby the temporary ooding of
routingcontrolpaclkets.Becausave placemoreweightonthe
previouscollision ratethanthe currentrate, this occurrences
short-lived. Speci®cally the feedbackparameter is setto
0.2asin the®rst setof experimentsand  is setto 1.1. The
intuition of choosingthis valueis thatas more ows are ad-
mitted in the network, moreinterferencedrom carriersensing
neighborsaandhiddenterminalsoccur Thedifferencebetween
themeasuremerandanalyticalresultsthereforancreasesWe
alsoexaminethevalueof  with differenttopologyandtraf-

Il No admission control
[ Admission control with MBRP
[ Admission control with EMBRP

S)
=
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o
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Figure9: Averagepaclet delivery lateng.

Table4:

Starttime

Throughputfor EMBRP admitted ows (Kbps).

198
194
190

64
64
64

186
174
166

64
64
64

198
196
186

200
200

64

®c scenariosfor positve
fairly accurateandstableprediction.

in generakcanachieve

5.3 RandomTopology

To betterunderstandhe performanceof MBRP, we now ex-
aminerandomtopologies.In this setof simulationswe gen-
eratea randomtopologyin a areawith 50
nodes Flowsarerandomlychoserbetweemodepairsandthe
traf®c parameterare the sameas describedn tablel. Ten
low priority “ows are startedat the beginning of the simula-
tionsandareusedasbackgroundraf®c. We thenincreasahe
numberof high priority owsat10secondntervals. Theaver
agepathlengthis 2.7. Because¢heimpactof hiddenterminals
andcarriersensingnterferencas moresigni®cantthanin the
undersaturateaonditionsin amulti-hopervironment, and

aresetto 0.2and1.1,respectiely.

Table5: Admissionresultswith high priority “ows.
[Fowbd [ I [ 2 [ 3[4 ]5[6] 7809 [10]
( [ [ 1 1 [ T [ 1

Table5 shavsthe ow admissiorresultsusingEMBRP The
8thhigh priority “ow is rejectedbecausdts delayrequirement
cannotbe satis®ed. The 10th "ow is rejectedbecauseif it
wasadmitted,the quality of serviceof the other ows would
degradeunacceptably

Figurellshonstheaveragepacletdeliverylateng (in log-
arithmic scale)for the high priority “ows with and without
admissioncontrol. The datapointsrepresenthe averagede-
lay of all the ows, while theerrorbarsindicatethe maximum
andminimumdelayamongthe ows. For instanceat 80 sec-
onds,theaveragedelayof the 7 admitted ows( s rejected)
is 41.2ms,while the maximumdelayof one ow () is 55.2
ms, andthe lowestof a ow () is 30 ms. Whenno admis-
sion control is performed,at time 80s the averagedelay of
the 8 "ows is 82.7 ms. However, the serviceneedsof one of
the ows () cannotbe met; its delayis 127.7ms. Similar
eventsoccurattime 100s,where  isrejectedvhenEMBRP
is used.This indicatesthat by predictingthe per ow quality,
EMBRP assistshe ow admissiondecisionso asto meetthe
neededservicequality constraints. Note that we shifted the
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=
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Figure10: Pacletdelivery lateng for admittedhigh priority “ows.
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dottedlines for the resultswithout admissioncontrol so that

theerrorbarsdo notoverlap.
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Figure12: pPaclet delivery lateny for admittedhigh priority “ows.

Figurel2 furthershavsthepacletdeliverylateng for each
admittedhigh priority ow whenadmissiorcontrolis applied.
The datapointsarethe averagedelay of each ow aftertime
100s;no new ow is admittedafter thattime. The errorbars
indicatethe95%con®dencénterval of thedelayfor eachindi-

(3]

(4]

(5]

(6]

(7]

(8]
El

[10]

[11]

[12]

(23]
[14]

[15]

[16]

vidual ow. Theresultsshow thatthe quality of serviceneeds

of each ow is met,therebyverifying the effectivenes®of EM-
BRP asanadmissiorcontrolsolution.

6 Conclusion

This papemproposes model-basedesourcepredictionmech-

[17]

anism that supportsreal time communicationin multi-hop
wireless networks. An analytical model for differentiated

MAC schedulingprotocolis given, with adjustmentdor the
multi-hop ervironment. The model can predictper ow and

(18]

[19]

system-widghroughputinddeliverylateng, therebyenabling

admissioncontrol of the “ows andproviding an ef®cient net-

[20]

work managementtility. Thisis bene®cialn thedeployment

of a real ad hoc network whereknowledgeof resourceallo-
cationandconsumptions neededo meetthe servicerequire-

ments.
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