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Abstract
Ad hoc networks have beenproposedfor a variety of applications
wheresupportfor real time, multimediaservicesmay be necessary.
Thisrequiresthatthenetwork is ableto offer qualityof service(QoS)
appropriatefor thelatency andthroughputboundsneededto meetthe
real time constraint.An importantcomponentfor QoSprovisioning
is resourceestimationandquality prediction.This paperdescribesa
model-basedresourceprediction(MBRP)mechanismto supportreal
time communicationin multi-hop wirelessnetworks. Speci�cally,
we develop an analyticalmodel for differentiatedMAC scheduling
protocols.Themodelcanpredictper-�o w andsystem-widethrough-
put anddelivery latency, therebyenablingadmissioncontrol of the
�o ws andproviding an ef�cient network managementutility. After
describingthebasicmodel,we proposeEnhancedMBRP (EMBRP)
for realisticnetwork environments.Our proposedquality prediction
methodis bene�cial in thedeploymentof arealadhocnetwork where
knowledgeof resourceallocationandconsumptionis neededto meet
theservicerequirements.Analyticalandsimulationresultsshow that
EMBRP providesaccurate�o w quality prediction. The resultsalso
demonstratetheeffectivenessof EMBRPasanadmissioncontrolso-
lution in multi-hopadhocnetworks.

1 Intr oduction
Wirelessnetworking andmultimediacontentaretwo rapidly
emerging technologicaltrends.Amongtypesof wirelessnet-
works, multi-hop ad hoc networks provide a ¯exible means
of communicationwhenthereis little or no infrastructure,or
theexisting infrastructureis inconvenientor expensive to use.
They arealsousefulin conjunctionwith infrastructuredwire-
lessnetworks to extend the coverageareaof accesspoints.
With the developmentof ad hoc networks, we can antici-
patethatmultimediaapplicationswill bepopularin scenarios
wherethesenetworksareused.

Onechallengeof providing multimediaservicesin wireless
networksis thatcertainqualityof service(QoS)metricsshould
besatis®ed.Therehasbeensigni®cantresearchonQoSprovi-
sioningin wirednetworks.For instance,Intserv[21] andDiff-
serv[10, 17] aretwo well-known approaches.In ad hocnet-
works,however, severaluniquecharacteristicsmakeQoSpro-
visioningmorechallenging.Thesecharacteristicsincludethe
sharedwirelessmedium,mobility, andthe distributedmulti-
hopcommunication.

MostQoSsolutionsfor wirednetworksrelyontheavailabil-
ity of preciseresourceutilization informationfor wired links.
However, in adhocnetworks,all traf®c within amobilenode's
transmissionrangecontendsfor mediaaccess;thesharedna-

ture of wireless communicationchannelshencemakes re-
sourceestimationmore challenging. Multi-hop interference
introducesfurther challengesto the problem,makingit dif®-
cult to accuratelydeterminetheavailableresources.Without
suf®ciently accurateestimationof channelutilizationandpre-
diction of ¯ow quality, i.e., throughputor transmissiondelay,
it is dif®cult to provide multimediaserviceswith satisfactory
quality.

Servicequality predictionis thereforean importantbuild-
ing block for providing QoSin multi-hop wirelessnetworks.
It alsoenableseffective admissioncontrol. The latter is im-
portantfor adhocnetworksbecausethesenetworksgenerally
havelimited resources,in termsof bothdevicecapabilitiesand
availablenetwork bandwidth.If a ¯ow hasrigid QoSrequire-
ments,a predictionof theachievablequality will prevent the
wasteof resourcesat both the sourcenodeandin the whole
network if thenetwork cannotsupportthe¯ow.

In this paper, we proposea model-basedresourcepredic-
tion (MBRP) schemeto provide ¯ow quality predictionfor ad
hocnetworks.Our targetednetwork environmentis multi-hop
wirelessnetworkswheresupportof multimediaservicesis de-
sired.To helpmeettherealtime constraints,priority schedul-
ing mechanismsat the MAC layer canbe utilized in this en-
vironment[1, 13, 22]. For instance,a Voice over IP (VoIP)
traf®c sessionhasstringentrealtime constraintsandtherefore
couldbe labeledhigh priority while otherdelay-toleranttraf-
®c canbegivenlower priority. Underthis context, our model
supportsvariousdifferentiatedMAC schemeswith multiple
prioritiesandprovidesestimationof bothper-¯ow andaggre-
gatednetwork-widethroughputanddelayanalysis.Wefurther
applythebasicMBRP analysisto a realisticnetwork environ-
ment,i.e.,unsaturatednodesandhiddenterminalinterference
exist, andproposeEnhancedMBRP(EMBRP)to improvethe
estimationaccuracy.

Model-basedpredictionhastwo importantbene®ts. First,
it improveschannelef®ciency by avoiding the wasteof the
network resourcesdueto unprovisionedtraf®c. By usingthe
MBRP analysis,a ¯ow can checkwhetherthe network can
supportthe real time requirementsbefore it starts. Conse-
quently, serviced̄ ows will meetthedesiredquality, thereby
improving the channelef®ciency. Secondly, MBRP enables
¯exible admissioncontrol with a wide rangeof quality poli-
cies.This is especiallyimportantwhenservicedifferentiation
is supportedin the network. The network quality policy can
thenbe,for instance,to maximizethenetwork-widethrough-



put, or to admit the maximumnumberof high quality ¯ows
that canbesupported.However, no matterwhatpolicy is re-
quired,theadmissionof a new ¯ow will affect ongoingtraf®c
becauseof the sharedwirelesschannel. Becauseour model
predictsthe impactof thenew ¯ow on bothnew andexisting
traf®c, ¯exible admissioncontrolcanbeachieved.

The remainderof this paperis organizedasfollows. Sec-
tion 2 describesrelatedwork. Section3 presentsourproposed
basicMBRP analysisandits improvement,EMBRP, for a re-
alistic network environment. We thendescribehow an esti-
mationmoduleusingMBRP canbe integratedwith existing
routingschemesfor multi-hopwirelessnetworksin section4.
Theperformanceof ourproposedapproachis evaluatedin sec-
tion 5, and®nally section6 concludesthepaper.

2 RelatedWork
Resourceestimationhasbeenstudiedextensively in wirednet-
works [7, 18, 20]. The bandwidthor latency of a path can
be estimatedthroughend-to-endprobingtechniques.For in-
stance,thepacket bunch technique[7, 18] measurestheavail-
ablebandwidthbetweena nodepair by dividing thereceiver-
ACKedprobingpacketswith thetimeintervalbetweenthe®rst
andlastreceivedpackets.Latency measurementsbetweentwo
nodescanbe achieved throughping messagesor any desig-
natedpackets[20]. To dealwith highnetwork variability, mul-
tiple measurementsareneededto achievea betterestimation.

In ad hoc networks, resourceestimationin recently pro-
posedQoS-awarerouting protocolsoften takesadvantageof
statisticalinformation provided by MAC layer. Thesesolu-
tionscanbecategorizedinto thefollowinggroups:activemea-
surement,passive measurement,emulation-basedandmodel-
basedapproaches.

Active measurementmethodsfrom wirelessnetworks in-
heritthebasictechniquesfor wirednetworks;however, thepri-
marydifferenceis that they aretypically conductedin a hop-
by-hopfashion,dueto the lack of informationaboutthe full
path. Hence,they areoftencombinedwith therouteacquisi-
tion process.For instance,SWAN [2] usesa request/response
probeduringroutediscovery to estimatebandwidthavailabil-
ity alonga path.A ticket-basedprobingtechniqueto measure
link delayis proposedin [9]. Eachprobeaccumulatesthede-
lay of thepathit hastraversed.Onedrawbackof active mea-
surementsis that they aresusceptibleto network variability.
Extra effort is requiredto dampenshort-timevariationsand
maintainmeasurementstability.

Passive measurementtechniquesleveragethe uniquechar-
acteristicsof wirelessnetworksthroughacollectionof channel
statisticsat the MAC layer. For instance,Quiet Time Frac-
tion is oftensuggestedto predicttheavailablebandwidthof a
wirelesschannelby listeningto thechannelandmeasuringthe
fractionof timeduringwhich thechannelis not in use[8, 24].
Packet forwarding latency is often measuredby timestamps
onRTS/CTSor DATA/ACK packets[2, 16]. Comparedto ac-
tivemeasurement,passivemethodshave theadvantageof less
control overhead.However, they often do not fully consider
thecontentiousnatureof 802.11-basedMAC access.

An emulation-baseddelayestimationmethod,Virtual MAC
(VMAC) [3, 23], capturesmostof theaspectsof a realMAC
andoperatesin parallelto therealMACprotocol.However, no
real packetsareactuallytransmitted.Instead,the VMAC al-
gorithmestimatestheprobabilityof collision if therealpacket
weretransmitted.VMAC emulatesrealMAC behavior with-
out introducingany communicationoverhead.However, one
drawbackof VMAC is that whenmultiple nodessimultane-
ously utilize VMAC estimation,they cannotdetectthe colli-
sionsthatwill occurbecausethepacketsarenotactuallytrans-
mitted.

Several analyticalmodelsfor IEEE 802.11have beenpro-
posed[2, 5, 15]. Bianchi [5] usesa discreteMarkov chain
model to capturethe behavior of CSMA/CA channelmulti-
plexing in IEEE 802.11andderivesthe saturatedthroughput
basedon a constantand independentchannelcollision ratio

� . However, it doesnot specifyhow to calculate� in a given
network topology. It alsodoesnot supportpriority-baseddif-
ferentiationschemes.A delaymodel for IEEE 802.11is de-
rived in [2] by assumingthat thechannelcontentionof com-
peting¯owsarePoissondistributed.Themodelalsotakesinto
accountthe effect of different �������	� and ���
����
 values.
However, similar to [5], it doesnotspecifydetailedalgorithms
to estimatechannelutilization andcontentionwindow sizeof
each¯ow, which is the key parameterfor delay estimation.
Themodelalsodoesnotsupportotherdifferentiationschemes,
suchasdifferentbackoff ratioor backoff policies.A morede-
tailed model to estimatechannelutilization (basedon which
ourmodelis constructed)andnetwork throughputis provided
in [15]. Theadvantageof this modelis thatit includesgreater
detail of IEEE 802.11. Onelimitation of the model is that it
doesnot provide ¯ow-basedestimation.It alsodoesnot sup-
portpriority-basedMAC schemes.

To summarize,thesemodelsdo not fully considerdifferent
typesof differentiationschemesusedin IEEE 802.11. Be-
causeof their limitations,theschemescannotprovide a ¯ow-
level QoS estimationat the level of accuracy that is needed
by admissioncontrol. Thesemodelsalso do not addressis-
suessuchasrandomchannelcorruption,non-saturatednodes,
or hiddenterminalswithin carrier-sensingrange. In contrast,
MBRP providesper-¯ow quality analysisaswell asconsider-
ationof theabove issues.

3 Model-based Resource Prediction
(MBRP)

In this section,we proposea model-basedresourceprediction
mechanismfor multi-hop ad hoc networks. The primary ob-
jective of our mechanismis to provide accurateresourcepre-
diction for bothnew andexisting traf®c. We ®rst describethe
basicMBRP model in section3.1. Then in section3.2, we
explainhow MBRPcanbeappliedto a realisticnetwork envi-
ronmentandproposeEnhancedMBRP (EMBRP).

3.1 BasicMBRP Mechanism

Thebasicpremiseof MBRPis to providequalitypredictionfor
both ongoingtraf®c andnew ¯ows so that a correct¯ow ad-
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missiondecisioncanbemadeaccordingto thequality of ser-
vicepolicy of thenetwork. Ourmodelis basedonthemodelof
basicIEEE 802.11DCF describedin [2, 5, 15]. However, we
extendexistingwork andmake thefollowing contributions:

� Developmentof a differentiatedMAC schememodel
with multiple priorities.

� Developmentof modelsfor differentpriority-basedback-
off schemes.

� Estimationof bothper-¯ow andaggregatedsystem-wide
throughputanddelay.

Hence,our modelis moregenericandhaswider applicability
thanthepreviouslyproposedmodels.It canbeusedby admis-
sion control schemesfor both delayandbandwidthsensitive
applications.The admissiondecisioncanbe modi®edto ei-
theradmit themaximumnumberof supportablehigh-priority
¯ows,or to achievethemaximumnetwork throughput.

3.1.1 Priority SchedulingModel
To provide throughputanddelayestimation,we ®rst needto
modelthenodebackoff behavior andanalyzethechanneluti-
lization. Similar to previouswork [2, 15], we assumethatthe
time interval betweentwo adjacenttransmissionattemptsis
exponentiallydistributed.As aresult,thechannelattemptrate
is assumedto follow a Poissondistribution with an average
rateof

���

. We alsoassumethat thechannelcollision rate, � ,
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 maintaintheclarity of thederiva-
tion, we let ¯ows with the samepriority level have the same
averagepacket length  �

1 andthesameaveragebackoff win-
dow size !#"$	

�&% .
The currentaveragechannelattemptrate,

�
�

, which indi-
catesthe numberof transmissionattemptsin a time slot, can
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where
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�1.

+ denotesthebackoff window sizeof ¯ow 2 with pri-
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In contrastto previouswork [5, 15], our intentionis to sup-
port multiple priority levels. To this end,thechannelattempt
rate,collision rate,andbackoff window sizeof differentprior-
itiesmustto bedifferentiated.

The channelattemptrate
���

in Eq. (1) includesthe effect
of all the ¯ows in the system.For eachindividual ¯ow with
priority � , theattemptrateof thecompetinḡ ows is

�

�
�

�:�<;

,>=

!9"/	
�/% (2)

Thecompetinḡ ows includeall other¯ows exceptthegiven
¯ow itself. The transmissionof the ¯ow is successfulonly

1Our derivation alsohold for scenarioswhere¯ows of the samepriority
have differentpacket sizes.Insteadof forming equationsfor eachpriority, we
needto form equationsfor each¯ow. However, the basicprinciplesarethe
sameandtheequationsarestill solvable.

whenall competinḡ owsdonottransmit.Hence,thecollision
probabilityof a ¯ow with priority � , �

� , is

�
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,
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) (3)

Beforecalculatingtheaveragebackoff window size,we need
to ®rst decide what type of backoff schemeto use. The
genericform of apriority-basedbackoff schemeis ��� �5C 
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. In ourpreviouswork [22], we
proposedaseriesof priority-basedbackoff schemesthatdiffer-
entiatetraf®c with variouspriorities.Oneschemeis shown be-
low asanexample.A moredetaileddescriptionof theschemes
anda performancecomparisoncanbefoundin [22].
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Thenfor any priority class� , theaveragebackoff window size
duringcollisionsis
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Now considerthe following priority-basedbackoff scheme
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where ���
���	� is the minimum contentionwindow size. By
adjusting‘ � , we canadjustthesensitivity of thedifferenceof
differentpriority classeswith respectto thecollision rate�

� .
Continuingtheaveragebackoff window size, !#"/	

�$% , calcu-
lation,Eq.(7) givestheaveragebackoff window sizeunderthe
conditionthat thechannelis sensedbusy. IEEE 802.11spec-
i®es that the nodetransmitsimmediatelywithout backoff if
thechannelis sensedidle for theDIFSperiod.Let šF›

J

CsCœ. � de-
notetheprobabilityof afreechannelwhenthenodeattemptsa
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transmissionandall competinḡ ows arein thebackoff stage,
andlet š��

H

��� . � denotetheprobabilityof a busychannelwhen
at leastonecompetinḡ ow is transmitting.Let

0

 betheaver-
agepacket transmissiontime:
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Using the sameassumptionthat the transmissionattemptof
competinḡ owsis of Poissondistributionwith rate
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� , andthe
inter-arrival time betweentwo adjacenttransmissionattempts
is of exponentialdistributionwith averageof
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Thentheaveragebackoff window size !#"/	 �&% is
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Hence,we havederivedtheexpressionof thecurrentchannel
attemptrate

���

asa functionof averagebackoff window size
!#"$	

�$% in Eq. (1), contendingtraf®c rate
�

� for a nodewith
priority � asa functionof

� �

and !9"/	
�&% in Eq. (2), theexpres-

sion of collision possibility �

� asa function of
�

� in Eq. (3),
and®nally, theexpressionof theaveragebackoff window size

!#"$	 �
% asa functionof thecollisionpossibility �

� in Eq. (10).
For any given¯ow set 	 �
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E������
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by usinga similar iterationalgorithmasin
[15]. Thedifferenceis thatwe needto calculatethevariables
for eachpriority separately. Speci®cally, asprovedin [12], the
expectednumberof collisions in a binary backoff algorithm
growsasymptoticallywith $ "&%('*),+

% , where+ is thenumber
of active stationsin the network. Hence,the initial backoff
window size !#"$	

�&%.-

y./ , in our scheme,is boundedby the fol-
lowing:
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of eachpriority, which representsthe largest backoff win-
dow size,we can®rst obtain the channelattemptrate
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by
using Eq.(1 and basedon that, calculate
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us-
ing Eq. (2) and (3), respectively. Then, by applying Eq.
(10), we can calculate !#"/	
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til the differenceof two consecutive iteration valuessatis-
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E

1HG , where G denotessomepre-
de®nedsmallvalue.Theiterative algorithmalwaysconverges
asprovedin Theorem1 in [15].

3.1.2 Thr oughput Model
Giventhecurrenttraf®c rate

�K�

, thecompetingtraf®c ratefor
eachpriority

�

� , the collision possibility �

� , andthe average
backoff window size !9"/	

�$% , wenow derivethethroughputcal-
culationfor eachpriority ¯ow.

Let I denotethecapacityof thewirelesslink (e.g.,2Mbps).
Becausethepackettransmissionattemptis of Poissondistribu-
tion with rate

�
�

, the inter-arrival time (theportionof wasted

bandwidth)betweentwo adjacenttransmissionattemptsis of
exponentialdistribution with average

,>=

���

. Consideringthat
the averagepacket length(the portion of utilized bandwidth)
is

0

 , the total utilized bandwidth,I

H

, expressedasthe ratio
of link capacityI is:
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Dueto transmissioncollisionsamongcompetinḡ ows,
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Noticethatthe®rst itemin Eq. (14) is theno-collisionportion
of I

H

, which is alsotheoverall throughput,X , of thewireless
link. X canbegivenby

X8�
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Now let's considerper-¯ow throughput. For eachprior-
ity ¯ow � , the channelutilization is proportionalto its aver-
agepacket length

0

 � andinverselyproportionalto its average
waitingtimebetweentwo adjacenttransmissions.Theaverage
waiting time is thesumof its own backoff window size !#"$	 �

%

andthetotal transmissiontime of othercompetingnodesdur-
ing !9"/	 �

% . Hence,theratioof channelutilizationbetweentwo
differentpriorities � and 2 canbepresentedas:
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For a total of � priority ¯ows, "&�

;

,

% independentequations
of typeof Eq.(16)canbelisted.Togetherwith Eq.(13),thisset
of equationscanbeusedto calculateI

� of eachpriority.
Finally, consideringthe collision lossof eachpriority, the

effectivethroughputof eachpriority traf®c is then
0

I
�

� "

,

;

�

�&% |
I

�
�

?5A B

)

|
I

� (17)

Figure 1 shows 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),whereasthesymbolsarethevaluesobtained
from simulation.Wecanseethatthesimulationresultsclosely
matchtheanalysis,therebyverifying ourmodel.
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is setto 32, � is setto
5, andthepacket sizeis setto 1000bytes.The � valuesfor differentpriorities
aresetto 1, 8 and16.

3.1.3 DelayModel

We now derive thedelaymodelbasedon thecompetinḡ ow
traf®c rate

�

� andthecollision possibility �

� , ascalculatedin
section3.1.1.

Following the sameanalysisas in [23], let �

+

"/	
�&% denote

the total deferredtime during the 2 th backoff for priority � .
Becausethebackoff timer only decreaseswhenthechannelis
idle, we have
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where
-

+ is thebackoff timeof the 2 th collision.
	

+ is aPoisson
randomvariablewith average

�

��|

-

+ anddenotesthenumberof
packetsthataresentduringthe 2 th collision.

0

 is theaverage
packetlengthof thetraf®c and

0

 �� �  

=

L is theresidualpacket
lengththatcausedthecollisionon the®rst try.

Hence,given the currentattemptrate
�

� andthe collision
possibility �

� calculatedusing Eq. (2) and (3), the average
valueof thetotal accumulateddeferredtime for priority � , de-
notedas ��� , canbeestimatedas
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For the basicexponentialbackoff scheme,where 3

4

-

+
6

�

0 0.25 0.5 0.75 1
0

2

4

6

8

10

Channel Utilization

A
ve

ra
ge

 D
ef

er
 T

im
e 

(m
s)

high  priority
med  priority
low   priority

Figure2: DelayModelVeri®cation(parametersarethesameasin ®gure1).
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For our priority-basedbackoff scheme,
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Hence,wehave
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Eq. (22) givesthe averageof the total accumulateddeferred
timefor apackettransmissionwhenbackoff occurs.Whenthe
channelis sensedfreeandthe¯ow transmitswithout backoff,
thedeferredtime is zeroif transmissionsucceedsor "

0

 

~

���
%

if a collisionhappens.Similar to Eq.(10),
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Let �
D

J

���
�

� �
�s�

��� ��. � denotethe transmissiontime of a packet,
whoseaverageis  

� , thentheaverageservicedelayis
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Eq. (24) is theresultfor head-of-linepackets.Whenqueuing
delayis considered,thetotaldelaycanbeobtainedby utilizing
thedelayresultsof anM/M/1 queue[4]. Speci®cally, suppose
the traf®c arrival rateis Poissondistributedwith averagerate
of $

�

J�J

�

 

���…. � , and the servicerate is alsoPoissondistributed
with averagerateof $

�
C
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,>=
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J% 
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Cœ. � . Thenthetotal
delayis
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JœJ
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���…. �
% (25)

Eq. (25) canbe usedfor admissioncontrol to checkwhether
thedelayboundof the¯ow is satis®ed.

Figure 2 shows the comparisonbetweenthe analytical
modelandthesimulationresultsfor theaveragepacketservice
latency (excludingqueuingdelay)asthetraf®c loadincreases.
The linesrepresentthenumericalresultscalculatedusingthe
model,while thesymbolsindicatethesimulationresults.We
canseethat the simulationandanalyticalresultsarecloseto
eachother, therebyverifying ouranalysis.
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3.2 MBRP in Real-world Envir onments

3.2.1 Impact of Under-SaturatedNodes
ThebasicMBRPmechanismdescribedin section3.1assumes
nodesaresaturated,i.e.,all nodesin thenetwork havepackets
in theirqueuefor transmission.Whennodesarenotsaturated,
our analysismayoverestimatetheactualnumberof collisions
in thenetwork. Figure3 shows the impactof under-saturated
nodes.The line representsthecollision possibilitycalculated
throughtheanalysisin section3.1.1versusthenumberof com-
peting¯ows, assumingall nodesaresaturated.The symbols
that matchthe line are the simulationresultswith all nodes
saturated.Thelower symbolsarethemeasurementresultsfor
simulationswith a certain percentage( �

’�� ) of unsaturated
nodes,while the remainingnodesare operatedin saturated
conditions. The differenceindicatesthat whennodesarenot
saturated,thebasicMBRPanalysisoverestimatesthecollision
ratein thenetwork. This leadsto lower throughputandhigher
calculateddelay.

3.2.2 Impact of Hidden Terminals
Another assumptionusedby MBRP is ideal channelcondi-
tions, i.e., no packet corruption,andno hiddenterminals. It
doesnot considerthefact thata node's carrier-sensingneigh-
borscanalsointerferewith its transmission,even thoughthe
nodecannotcorrectlydecodetheinterferingpackets.Theim-
pactof interferingnodesis thusnot re¯ectedin the ¯ow set.
Hence,the modelinganalysismay underestimatethe actual
collisions in the network. This is especiallytrue in a multi-
hop network wherethe hiddenterminalproblemandcarrier
sensinginterferencebecomemoresigni®cant.

Considera simple topology as shown in ®gure 4, where
node3's transmissioninterfereswith node2's packet recep-
tion becausethenodesarewith carrier-sensingrangeof each
other. Flows

G

� and
G

� thencon¯ict. Becausenodes2 and
3 cannotdecodeeachother's packetscorrectly, node1 is un-
awareof the existenceof node3. Consequentlynode1 will
not include¯ow

G

� in its ¯ow set.2 Theuppersymbolsin ®g-
ure 3 show the impactof the interferencefrom the nodesin
thecarriersensingrangebut out of the transmissionrangeof
a node.With the interferencefrom carrier-sensingneighbors,
thebasicMBRP analysisunderestimatesthecollisionsin the
network.

2If nodes2 and3 aredirect neighbors,node2 will include¯ow �

S in its
¯ow set.Node1 will therebylearnof theinterference.

� ���
� � � �

� � � � 	
 � �� 
 
 � 	
 �
� � 
 � 


Figure4: Scenariowith “hiddenterminals”.

3.2.3 Adjustment usingMeasurementFeedback
In addition to the above describedassumptions,unexpected
collisions, suchas thosecausedby control packet transmis-
sionsandrandominterference(e.g.,microwaveor otherwire-
lesstransmissions),will alsoaffect the results. As shown in
®gure3, thepresenceof unsaturatednodesmakesour model
overestimatethechannelusage,while unexpectedpacket loss
due to hidden terminal, collision or interferencemakes our
modelunderestimatethechannelusage.Dependingonthereal
network topologyandtraf®c distribution, theseissueswill re-
sult in a discrepancy betweenthemodel-basedoutputandthe
actualmeasurementresults.

Tomitigatetheseeffects,weimproveMBRPbyutilizing the
differencebetweenthemeasuredvalueandthemodeloutput
as run-timefeedbackto improve the accuracy of our model.
Theimprovedanalysisis calledEnhancedMBRP (EMBRP).

Supposeat the time when the n-th ¯ow is admitted, the
channelcollision ratio estimatedby new EMBRP model is

�

�

���
"��

% . Whenthe(n+1)-th¯ow is requested,therealchannel
collision ratio measurementis �

�`C �
�

H�J

C
"��

% . The difference
betweenthemodelresultandactualvalueis thencalculated:

�

�

"��
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H�J

C
"��

%

;

�

�

���
"��

% (26)

Hence,thedifference
�

�

"��
% duringthen-th ¯ow requestcan

then be usedby the EMBRP model as feedbackto make a
betterdecisionfor the(n+1)-threquest.

First, the basic MBRP model predictsthe collision ratio
�

�

���T"��

~�,

%
� basedon current¯ow informationusingthepro-

cessin section3.1. ThenEMBRP combinestheoutputfrom
MBRPand

�

�

"��
% to producethe®nal estimation�
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���s"��
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asthefollowing:
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(27)
where

	

� is theproportionalitycoef®cientthatcontrolsthere-
sponseto changesof collision rate. A larger

	

� improvesthe
responserate,but it may lead to systematicerror or oscilla-
tion.

	

� is the integration coef®cient that decreasesthe re-
sponserate but diminishessystemerror. The adjustmentof
the valuesfor

	

� and
	

� is importantfor the accuracy of our
prediction.Becausewedonotexpectthenetwork stateto dra-
matically change,previousmeasurementsareweightedmore
heavily, and

	

� is generallysmallerthan
	

� . Wewill explainin
detail theparameterselectionin theexperimentsin section5.
Section5 discussesestimationof the parametersin morede-
tail.

Basedon this adjustedcollision rate,an adjusted
�

canbe
calculated.Speci®cally, from Eq.(3),we have

�

�{�

;

%('*):"

,

;

�

�
% (28)
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Consequently, adjusted!#"$	 �I% canbecalculatedusingEq.(10).
Adjustedthroughputanddelaypredictioncanfurther be ob-
tained.

The collision rate that a nodeexperiencesis measuredas
theprobabilitythatapacket transmissionby thenodein ques-
tion failsusingastandalonemeasurementprocessat theMAC
layer. Givenameasurementinterval, theprocesscontinuously
measuresthecollisionratewithoutbeingtriggeredby theana-
lytical model.Whenthelatterneedsthemeasurementresultto
adjustthecalculation,it obtainstheresultsfrom themeasure-
mentunit.

The collision rateis calculatedasfollowing: we countthe
numberof failedtransmissions,i.e.,numberof packetsthatdo
not receive ACK packets,anddivide it by thetotal numberof
datatransmissionsin a given measurementduration. Hence,
we have

0

�

���

H

� �

�

x

C �

=

� D

J

��� � ����D…D/C � (29)

We further use an ARMA (Auto Regressive Moving Aver-
age)[14] ®lter to providerun-timeestimation,consideringthe
previousresults,to smooththemeasurement.� is thesmooth-
ing factor.

0
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�

~ "
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�
%

�

�

A

�

'

��(�y

0

�

� (30)

Note that the collision rate measurementis passive and it
doesnot incur extra communicationoverhead,i.e., no packet
transmissionis needed.Additionally, themodelingandmea-
surementresultsareonly calculatedat thesourceandinterme-
diatenodesalong a ¯ow path, i.e., the destinationis not in-
volved. This is becausetheinterferenceat thereceptionnode
is includedin theunacknowledgedpacketmeasurementof the
node'supstreamneighbor.

4 Integration with Routing Protocols
Our resourcepredictionmodelcanbe integratedwith ad hoc
routingprotocolsasamodulesitting in betweentheIP routing
layerandtheMAC layer, asshown in ®gure5.
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Figure5: Integrationwith routingprotocolsat theIP andMAC layers.

MBRPprovideschannelstatisticsof anode'slocalcontend-
ing area. However, becausepacket delivery often occursin
a multi-hop fashion,a local decisionis not suf®cient for the
setupof anentiretransmissionpath. The interferenceamong
neighboringnodesmakestheestimationof channelutilization
moredif®cult. For example,in ®gure 6, the circles indicate
thetransmissionrangeof eachnode.NodeA's neighborhood
includesB, B's neighborsincludeA andC, andbothB andD
areC's neighbors.SupposenodeA requestsa new ¯ow using

the path ��� I�� ���	� to reachthe destination. If the
bandwidthconsumptionof the ¯ow is 
 , thenthe bandwidth
consumptionis actually L��

 for nodesA andC, and ����


at nodeB. This is becausenodeswithin transmissionrangeof
eachothercontendfor thesharedmedium. Therefore,a new
¯ow will consumetheresourcesin theneighborhoodof all the
nodesalongthetransmissionpath.

� ��� �� � �

Figure6: An exampletopology.

Theroutingprocesscanbeaugmentedto analyzetheinter-
ferencerelationshipamongthe nodeson the potentialtrans-
missionpath,aswell as to disseminatethe ¯ow information
alongthepath.Then,basedon thepotential¯ow setinforma-
tion, theestimatedthroughputor delaycanbecalculatedusing
theanalyticalmodeldescribedin theprevioussection.Finally,
thesourcecanchoosethepaththatbestmeetsthe¯ow's QoS
requirement.

We brie¯y describehow themodelis integratedwith reac-
tive routingprotocols,usingAODV [19] asanexample. The
basic¯ow setupprocesscan be divided into a Requestand
a Reply phase. In the requestphase,the sourcenodesends
RREQmessagesfor thenew ¯ow, includingQoSinformation
suchasthetraf®c classof the¯ow, therequiredquality, andthe
minimum throughputor accumulateddelaythroughprevious
hops. Upon receptionof the RREQpacket, eachintermedi-
atenodeaddsa pendingrecordfor this ¯ow andrebroadcasts
theRREQif the¯ow is locally admissible.This indicatesthat
the predictedquality of the new ¯ow is within an acceptable
range,i.e., theminimumavailablebandwidthalongthepathis
largerthanthe¯ow's throughputrequirement,or theaccumu-
lateddelayis smallerthanthelatency requirement.If the¯ow
is not locally admissible,the RREQpacket is dropped. Af-
ter thepropagationof RREQpackets,intermediatenodesuse
NeighborReply messages(NREP)to notify neighborsabout
the potentialload, including the new ¯ow information. The
updated̄ow setinformation,disseminatedby NREPpackets,
servesastheinputof theanalyticalmodelasdescribedin sec-
tion 3.1.1.TheRREQpacket reachesthedestinationif a path
with satis®edqualityexists.

If a RREQmessageis received,thedestinationnodesends
a RouteReplymessage(RREP)alongthe reversepathto the
sourcenodeduringthereplyphase.Intermediatenodesobtain
updatedneighborloadinformationthroughtheNREPpackets
in theRequestphase.They now recomputethequality of ser-
vice that canbe provided to the ¯ow andforward the RREP
if thenew ¯ow is locally admissible.Thesourcenodeselects
anoptimalpathbasedon theavailablelevelsof service.Once
datapacket transmissionbegins, the nodesalong the propa-
gationpathalsosendNREPpacketsto notify their neighbors
that the ¯ow hasbeenadmitted.Therefore,all nodesthatare
affectedby thenew ¯ow obtainupdatedchannelutilization in-
formation.
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When path breaksdue to nodemovement,route mainte-
nanceis performedso that the sourcenodecan re-discover
a new valid route. In this case,¯ow information is updated
throughthe new setupprocess. In a highly mobile environ-
ment,frequentbrokenpathsandneighbornodeschangeswill
result in stale¯ow informationand,consequently, inaccurate
¯ow quality estimation.However, it is likely thata valid and
stablerouterarely exists with the high mobility. We foresee
that the integrationof MBRP with routing protocolswill be
most effective in environmentswith low or controlled mo-
bility. For instance,backhaulnetworks consistingof wire-
lessroutersthatprovidemulti-hopcommunicationfor mobile
nodesarewell-suitedfor ourmodel.

The above discussiondescribeshow MBRP can be com-
bined with reactive routing protocols. For proactive routing
protocols, ¯ow set information can be exchangedbetween
neighboringnodesthroughHello messagesor any otherpe-
riodic neighborlink updatemessages.However, anextra call
setupprocessis neededto accomplishthe quality prediction.
This is becausetheinterferencethatwill becausedby thenew
¯ow cannotbedeterminedby neighborexchangesalone.The
proposedMBRP mechanismcanalsobe integratedwith QoS
routingprotocolsin asimilar manner.

5 Experimental Results
Weimplementedourapproachin theNS-2[11] simulatorwith
the Monarchmobility extensions[6]. A modi®edMAC pro-
tocol is usedto providedifferentiatedschedulingasdescribed
in [22]. ��� Ob� � is setto 32 and O is 5. Thelink bandwidth
is set to 2 Mbps. The value of � in the collision measure-
ment(Eq.(30))is setto 0.8 to placegreaterweight on recent
measurements.TheAODV routingprotocol,modi®edasde-
scribedin section4, is utilized for multi-hop communication
in thesecondandthird setsof simulations.
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Figure7: Throughputpredictionwith under-saturatednodes.

The®rst setof simulationsexploresMBRP performancein
asingle-hopscenario,whereagroupof sourceanddestination
pairs are all within the samebroadcastregion. No interfer-
encefrom the carrier-sensingrangeneighborsor hiddenter-
minals occursin this scenario. All the ¯ows have the same
priority wherethe priority adjustmentparameter‘ equals0.
The packet size is 1000bytes. 1/3 of all ¯ows areoperated
at non-saturatedcondition,with a packet sendingrate of 10
pkt/s,while the remaining¯ows all have sendingrateof 100
pkt/s. MBRP is not usedfor admissioncontrol in this setof

experimentsso that resultswith a large numberof ¯ows can
beshown.

Figure7 showstheresultsof bandwidthpredictionfor each
¯ow. Thesymbolrepresentsthesimulationresultsfor theav-
erageper-¯ow throughput. The dottedline is the numerical
resultcalculatedusingthebasicMBRP model.Themodelre-
sultsarelower thantheactualthroughputbecauseof theover-
estimationof collisionpossibilityasshown in ®gure3. By us-
ing themeasuredcollisionrateto adjustthemodelcalculation,
EMBRPobtainsresultscloseto thesimulationvalues.

Theparameter
	

� in Eq.(27)is setto 0.2,and
	

� is setto 0.8.
As explainedin section3.2,

	

� C

	

� is becausemoreweightis
givento previousresultsto achievestability. As theresultsbe-
comemorestable,theimpactof

�

"

�

% approacheszero,while
the impactof w

�

"

�

% becomessmallerbecause
	

�

1

,

. As
more¯ows areadmitted,nodesexperiencelongerservicede-
lay, andconsequentlylongerqueuinglatency. Hence,the im-
pactof theunderstauratedconditionis 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®cally, thenodesform a � ��� grid with inter-nodespac-
ing of 200m,asshown in ®gure8. Theparametersof the¯ows
areindicatedin table1. For high priority VoIP ¯ows, we re-
quiredeliverydelaylessthan100msasindicatedby �

?��

	��

J

C�� .
Theminimumbandwidthrequirementfor high andlow prior-
ity traf®c is 64 kbpsand100 kbps,respectively, asindicated
by

-
	
J

C�� . This traf®c patternrepresentsa network environ-
mentwherebackgroundtraf®c is delay-tolerantwhile higher
priority is givento traf®c with stringentreal time constraints.
In thissetof experiments,weusethefollowing admissionpol-
icy: admit themaximumnumberof ¯ows while ensuringthat
their receivedquality of theservicemeetstheir serviceneeds.
All the ¯ows in ®gure8 arestartedsequentiallyat 10 second
intervals. Among them,¯ows 2, 4, 6 and8 arehigh priority,
while therestarelow priority.

Table1: Priority traf®c parameters.
Priority Packet Size �

�YD/C
��
������ �

C �	�
�
�����

Class (bytes) (Kbps) (Kbps) (ms)
High (G.711VoIP) 160 64 64 100

Low (CBR) 500 200 100 -

Whenthereis no admissioncontrol, all ¯ows startat their
scheduledtime. When MBRP is applied, i.e., no measure-
ment feedbackis utilized, the ®rst 7 ¯ows are all admitted,
while the8th ¯ow is rejected.WhenEMBRP is utilized, the
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Table2: Throughputfor ¯ows withoutadmissioncontrol(Kbps).
Starttime › ? ›�� ›�� ›�� ›�� ›�� ›�� ›
	

D

q

F��

y 200 64 132 57 198 64 - -
D

q

F�


y 200 64 112 56 197 64 200 -
D

q

F��

y 190 64 98 51 114 50 198 64

Table3: Throughputfor MBRPadmitted̄ ows (Kbps).
Starttime › ? ›�� ›�� ›�� ›�� ›�� ›
� ›�	

D

q

F��

y 200 64 132 57 200 64 - -
D

q

F�


y 194 64 112 55.7 194 64 197 -
D

q

F��

y 194 64 112 55.7 193 64 197 -

6th ¯ow is rejected,while the restareall admitted.Tables2-
4 show thethroughputof theadmitted¯ows with eachof the
differentschemes.Theunderlinedvaluesindicatethatthe¯ow
doesnot receive its requiredquality. Whenthereis no admis-
sion control (asshown in table2), the throughputafter time

P y

~��

’ decreasessigni®cantlyfor ¯ows thatexperiencemore
contention,i.e.,

G��

through
G


 . Whenadmissioncontrolis uti-
lized,seven¯owsareadmitted;however, the¯owsreceivedif-
ferentquality, asindicatedin tables3and4. Flowsadmittedby
EMBRPin generalhavehigherthroughputthanthatof MBRP.
In particular, when

G


 is admittedusingMBRP, the through-
put of

G��

falls below 64 kbps,resultingin poorquality. When
themeasuredcollision rateis fedbackinto themodelcalcula-
tion, EMBRPachievesbetterperformancebecausetheimpact
of hiddenterminalandcarrier-sensingneighborsareincluded
in thecalculation.

Figure9 shows theaveragepacket latency of the high pri-
ority ¯ows after all ¯ows started. When thereis no admis-
sion control, both

G
�

and
G


 fail to meettheir delayrequire-
ment. Whenadmissioncontrol with MBRP is used,

G��

does
not receiverequiredquality. WhenEMBRPis utilized,all ad-
mitted ¯ows have averagelatency below 100 ms. Figure10
further illustratesthepacket delivery latency for theadmitted
highpriority ¯owsusingEMBRP. All theadmitted̄ owshave
averagelatency of lessthan100ms. Theoccasionalsurgeof
latency for the ¯ows is causedby the temporary¯oodingof
routingcontrolpackets.Becauseweplacemoreweighton the
previouscollision ratethanthecurrentrate,this occurrenceis
short-lived. Speci®cally, the feedbackparameter

	

� is set to
0.2asin the®rst setof experiments,and

	

� is setto 1.1. The
intuition of choosingthis valueis that asmore¯ows aread-
mitted in thenetwork, moreinterferencefrom carrier-sensing
neighborsandhiddenterminalsoccur. Thedifferencebetween
themeasurementandanalyticalresultsthereforeincreases.We
alsoexaminethevalueof

	

� with differenttopologyandtraf-
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Figure9: Averagepacket delivery latency.

Table4: Throughputfor EMBRPadmitted̄ ows (Kbps).
Starttime › ? ›�� ›�� ›�� ›
� ›
� ›�� ›�	

D

q

F��

y 198 64 186 64 198 - - -
D

q

F�


y 194 64 174 64 196 - 200 -
D

q

F��

y 190 64 166 64 186 - 200 64

®c scenarios,for positive
�

� ,
	

� �

,

�

,

in generalcanachieve
fairly accurateandstableprediction.

5.3 RandomTopology
To betterunderstandthe performanceof MBRP, we now ex-
aminerandomtopologies.In this setof simulations,we gen-
eratea randomtopologyin a

,

’5’•’

O	�

,

’•’•’

O areawith 50
nodes.Flowsarerandomlychosenbetweennodepairsandthe
traf®c parametersare the sameas describedin table1. Ten
low priority ¯ows arestartedat the beginning of the simula-
tionsandareusedasbackgroundtraf®c. We thenincreasethe
numberof highpriority ¯owsat10secondintervals.Theaver-
agepathlengthis 2.7.Becausetheimpactof hiddenterminals
andcarrier-sensinginterferenceis moresigni®cantthanin the
under-saturatedconditionsin amulti-hopenvironment,

	

� and
	

� aresetto 0.2and1.1,respectively.

Table5: Admissionresultswith high priority ¯ows.
Flow ID 1 2 3 4 5 6 7 8 9 10
�

�T�

C��7D � � � � � � � � � �

Table5showsthe¯ow admissionresultsusingEMBRP. The
8thhighpriority ¯ow is rejectedbecauseits delayrequirement
cannotbe satis®ed. The 10th ¯ow is rejectedbecause,if it
wasadmitted,thequality of serviceof theother¯ows would
degradeunacceptably.

Figure11showstheaveragepacketdeliverylatency (in log-
arithmic scale)for the high priority ¯ows with and without
admissioncontrol. The datapointsrepresentthe averagede-
lay of all the¯ows,while theerrorbarsindicatethemaximum
andminimumdelayamongthe¯ows. For instance,at 80 sec-
onds,theaveragedelayof the7 admitted̄ ows(

G��

is rejected)
is 41.2ms,while themaximumdelayof one¯ow (

G��

) is 55.2
ms,andthe lowestof a ¯ow (

G

� ) is 30 ms. Whenno admis-
sion control is performed,at time 80s the averagedelay of
the8 ¯ows is 82.7ms. However, theserviceneedsof oneof
the ¯ows (

G
�

) cannotbe met; its delay is 127.7ms. Similar
eventsoccurat time100s,where

G

�
y is rejectedwhenEMBRP

is used.This indicatesthatby predictingtheper-¯ow quality,
EMBRPassiststhe¯ow admissiondecisionsoasto meetthe
neededservicequality constraints.Note that we shifted the
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Figure10: Packet delivery latency for admittedhighpriority ¯ows.
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dottedlines for the resultswithout admissioncontrol so that
theerrorbarsdonotoverlap.
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Figure12: Packet delivery latency for admittedhigh priority ¯ows.

Figure12furthershowsthepacketdelivery latency for each
admittedhighpriority ¯ow whenadmissioncontrolis applied.
The datapointsaretheaveragedelayof each¯ow after time
100s;no new ¯ow is admittedafter that time. The errorbars
indicatethe95%con®denceintervalof thedelayfor eachindi-
vidual ¯ow. Theresultsshow thatthequality of serviceneeds
of each̄ ow is met,therebyverifying theeffectivenessof EM-
BRPasanadmissioncontrolsolution.

6 Conclusion
Thispaperproposesa model-basedresourcepredictionmech-
anism that supportsreal time communicationin multi-hop
wireless networks. An analytical model for differentiated
MAC schedulingprotocol is given, with adjustmentsfor the
multi-hop environment. The modelcanpredictper-¯ow and
system-widethroughputanddeliverylatency, therebyenabling
admissioncontrolof the ¯ows andproviding anef®cientnet-
work managementutility. This is bene®cialin thedeployment
of a real ad hoc network whereknowledgeof resourceallo-
cationandconsumptionis neededto meettheservicerequire-
ments.
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