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Abstract— Addr essingthe tradeoff betweenthe QoS and con-
sumedpower is a critical issuefor wir elessad-hocnetworks. The
loss observed in such networks is often temporally correlated.
This paper examinesan optimal schemeto maximize the aggre-
gate data rate of wir elessad-hoc networks under the power and
lossconstraints. In order to properly model temporally correlated
lossobserved in a fading wir elesschannel, we proposethe useof
�nite-state Mark ov chains.Details of fading statisticsof signal-to-
interfer enceratio (SIR), an important indicator of transmission
quality, are presented.We also analyzethe impacts of enforcing
power, block-lossprobabilities, and data ratesconstraints.

Index Terms— Wir elessAd-Hoc Networks, Rayleigh Fading
Channel,Thr oughput Maximization, QoS,Mark ov Chain Model,
Reed-SolomonChannelCoder, Adaptive Modulation.

I . INTRODUCTION

Recentproliferation of wirelessdevices hasgreatly facili-
tatedaccessandexchangeof information.Ad-hocnetworksare
aspecialclassof wirelessnetworkswherethereis nosuch�x ed
infrastructureasbasestationsfor allocatingchannels,control-
ling usage,or provisioning of services. Rather, they needto
beadaptively self-organizing.Any nodein anad-hocnetwork
cantransmit,receive,or relaysignals.Optimalallocationof re-
sourcesunderthepowerconstraintis critical bothfor increased
utilization of the limited wirelessspectrumandfor longerbat-
terylife of themobiledevices.Suchanoptimalallocationintro-
ducesanintelligentwayof providing thedesiredlevelof quality
of service(QoS)underthepower constraintsin wirelessenvi-
ronments.

Due to the opennessof transmissionmedia, communica-
tion over a wirelesslink is proneto interferencesfrom other
links in additionto noise.Oftentimes,theformer factorhasa
muchgreatereffect thanthe latter. While increasingthetrans-
missionpower of a userin an ad-hocnetwork will make the
outgoing link more reliable, it also shortensbattery life and
causesinterferenceto otherusers.Hence,theobservedsignal-
to-interferenceratio (SIR) at the receiver is introducedto cap-
turethetradeoff. Further, consideringthemobility of thenodes
in an ad-hocnetwork, links aresubjectto theDopplerspread.
Although temporalcorrelationbetweensignalscannotbe ne-
glected,to dateonly few articleshave utilized accuratemodels
of capturingtemporallycorrelatedlossof thewirelesschannel.

Among the commonmodelsproposedto characterizea �at
Rayleighfadingchannel,onecan�nd theGilbert-Elliot channel
modelof [4] followedby themodelof [9] extendingtheoriginal

modelto a�nite stateMarkov chainmodel.In [8], Tanetal. ex-
aminedthe validity of an amplitude-based�nite-state Markov
chainmodelundertheassumptionthattheuseof the�rst-order
andsecond-orderfadingstatisticscanpotentially improve the
systemperformance.Youse�'zadehet al. consideredthe two-
stateGilbert-Elliott lossmodelto capturetemporallycorrelated
loss when optimizing total power consumptionin end-to-end
transmissionof multimediacontentover wirelessfadingchan-
nels[10]. Hayajnehet al. [5] proposeda game-theoreticpower
controlalgorithmfor wirelesschannels.RelyingonGeometric
Programming,aspecialcaseof convex optimization,Chianget
al. [2] solvedasetof resourceallocationproblemsfor QoSpro-
visioningin wirelessad-hocnetworks. However, neitherpaper
took into accounttemporallycorrelatedlossandtime-varying
characteristicsof thewirelesschannel.

The main contribution of our work is integrating a �nite-
stateMarkov chainmodelinto resourceallocationproblemsin
wirelessad-hocnetworks without incurring prohibitive over-
head. Relying on more accuratecharacterizationof wireless
channelsspeci�cally aRayleighfadingchannelmodel,wepro-
posethe useof temporallycorrelatedblock-lossprobabilities
in measuringQoS.Our approachis straightforward to extend
to otherchannelmodelssuchasRiceanandNakagamifading
channels.Therestof thispaperis organizedasfollows. In Sec-
tion II, we assessthe underlyingsystemmodel. More specif-
ically, �rst we analyze�rst-order and second-orderstatistics
of SIR. Second,we expressthe symbolerror rateasa func-
tion of theaveragereceivedSIR. We alsoexaminetheblock-
loss probability basedon symbol error rate and a �nite-state
Markov chain lossmodel. In SectionIII, we formulatea re-
sourceallocationproblemaimedatmaximizingtheoverallsys-
temthroughputsubjectto power andlossconstraints.Detailed
problemformulation and solution are presented.SectionIV
providessimulationresults. Finally, SectionV concludesthis
work anddiscussesfuturework.

I I . SYSTEM MODEL ASSESSMENT

In this section,we assessthe systemmodelutilized for our
problem. From the perspective of a system,we seekto max-
imize the overall throughputunder the constraintsrelatedto
powers,minimumlink datarates,andperlink block-lossprob-
abilities.
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A. Analysisof ReceivedSignal-to-InterferenceRatio

Consider � wireless links, labeled
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transmissionpowersare 
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, respectively. Link � is as-
sociatedwith the � -th transmitter/receiver pair. At the endof
link � , thepowerat receiver � is givenby
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Similarly, interfering signals from all of the other links on
which 
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Thenonnegativenumber
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representsthepathgainin the
absenceof fadingfrom thetransmitterof link $ to thereceiver
of link � at time
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capturessuchfactorsaspath loss,
shadowing, antennagain, andso on.
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is the fadingfac-
tor betweenthe transmitterof link $ andthereceiver of link � .
Theinstantaneoussignal-to-interferenceratio at time
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for link
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where
6
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representsthewhite Gaussiannoiseon link � . We
notethatwhile thework of [2] assumesidenticalandindepen-
dent distribution of all of the fading factors,this assumption
is not necessarilytrue in wirelesschannels.Instead,thechan-
nel is temporally-correlated,i.e. thereis a correlationbetween
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is a given time shift. In
order to capturethe correlationof the channel,we make few
realistic assumptionsas follows. First, comparedwith inter-
ferencesfrom otherusers,noiseis negligible andthusmaybe
accuratelyignored.Second,it is reasonableto assumethat the
fading factorsin interferingsignals
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� 's where �<!

#=$ , have
identicalandindependentdistributions. We notethat thelatter
assumptionmay be relaxed relying on a similar discussionto
the onefurnishednext for the fadingcomponents
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. Third,
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� 's haveunit meanssolong as
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� 's areappropriatelyscaled
to re�ect variationsfrom this assumption. Fourth, when the
wirelesschannelvariesslowly with respectto symbolinterval,
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domvariablewithin thesymbolduration. Basedon theabove
assumptions,we de�ne theaveragesignal-to-interferenceratio
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where
ADC

�

E

denotesthe expectationoperatorand
AHC
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. Hence,it suf�ces to examinethedistribution of
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in
order to obtain fadingstatisticsof
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. We rely on the so-
called Rayleighmodel with the fading factor I to relate the
outputof awirelessnoisychannelto its input. Theoutputsignal
of suchachannel
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andits input
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canberelatedby
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whereN representsthe white Gaussiannoise. It is well es-
tablishedthat K

# L

I

L hasa marginal Rayleighdistribution

functionin theform of
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whereV

T equalsto half of theaveragepowerof all of themulti-
pathcomponents.In orderto properlycharacterizethetempo-
rally correlatedlossbehavior of thechannel,we alsoneedthe
associatedbivariatejoint probabilitydistributionfunctiongiven
below.
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where

* j

is thezero-ordermodi�ed Besselfunctionof the�rst
kind givenby
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with u

j

representingthezero-orderBesselfunctionof the �rst
kind de�ned as
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Finally,
x

y

and
z

representmaximumfrequency shift result-
ing from theDopplereffect andsymbolduration,respectively.
Reference[6] includesa detailedderivation of both distribu-
tion functions. Consideringthe fact that
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In orderto calculatethedistribution of L

I

L

T , we �rst notethat
Equation(9) implies V
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undertheassumptionthat
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's
haveunit means.Consequently, utilizing Equations(6) and(7),
we concludethat

�;���

hasa marginal probability densityfunc-
tion anda bivariatejoint probabilitydensityfunctionasshown
in Equation(12)andEquation(13), respectively.
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Having speci�edtheprobabilitydensityfunctions,we cannow
focus on capturing temporally correlatedloss of the fading
Rayleighchannel.We proposepartitioningandmodelingsuch
an analogchannelwith a digital Markov chainmodel. A re-
view of theliteraturerevealsthattherearenumerousarticleson
partitioningthe received SNR or SIR. References[9] and [8]
areof specialinterestto usamongthosearticles. In our work,
weapplythefundamentalideaof partitioningto theprobability
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densityfunction (pdf) of
�;�-�

in orderto modeltheunderlying
Rayleighfadingchannelwith a �nite-state Markov chain. As
illustratedby Fig. 1, supposethatpdf of
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is partitionedinto
S�nite intervalsstartingat zeroandendingat
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whereŽ , e.g. |

Y•OQ‘ , indicatestheprobabilityof notrepresenting
a valueof thepdf of

� �-�
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*,6’�
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“f“,• of thepdf valuesarecovered.In our work,

Fig. 1. An illustrationof �nite interval partitioningof anarbitrarypdf.

we proposetheuseof anequallyprobablepartitioning,i.e. we
wantto �nd asetof thresholds–�—
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As analternative to anequallyprobablepartitioningapproach,
the partitioning thresholdscan be measuredfrom the natural
burst lengthsof a wirelesschannel.Thethresholdsallow usto
�nd
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The temporaldynamicsof the Markov chain are determined
by a matrix of one-step-transitionprobabilities¦
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Sincewe areworking with slow-fadingchannels,it is reason-
ableto consideronly transitionsbetweenneighboringstatesor
stayingin thesamestate[9]. Accordingto Bayestheorem,the
probabilityof currentlybeingin stater givenhaving previously
beenin statescanbecomputedas
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. Due to the �nite
valueof the error introducedby the modelandthe transition-
ing assumption,wemustmodify thetransitionmatrixsuchthat
eachrow addsupto one. Thiscanbedoneby uniformly scaling
eachrow by its sumas
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B. Compensationof Temporally CorrelatedLoss

We start the discussionof this sectionby introducinga per
link perstateapproximationof ¯
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thenumberof signalpoint
constellationsin termsof perlink perstatebit errorrate°
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pandingadaptivemodulationresultsof Chunget al. [3] for M-
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. For a slow fadingchannel,per state
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Perlink datarate
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from the transitionprobabilitiesof a givenMarkov chain. We
notethat in the caseof equallyprobablepartitioning,
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In order to compensatefor the loss effect of the wireless

channel,we proposethe useof Reed-Solomon(RS) channel
coders.An RSchannelcoder
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TZËsymbolerrorsin a block. In the calculationof the block-loss
probability, we considerusing a 2-stateMarkov chainmodel
describedin Fig. 2, anda 3-stateMarkov chainmodelshown
in Fig. 3. Intuitively, the 3-statemodelis moreaccuratethan
its 2-statecounterpart,at thecostof highercomputationalcom-
plexity. Equations(12) through(15), (18), and(19) in Section
II-A havegivendetailsof deriving transitionprobabilities
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from marginalandjoint probabilitydensityfunctions.

Fig. 2. An illustrationof the2-stateMarkov chainmodel.
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Fig. 3. An illustrationof the3-stateMarkov chainmodel.

Let Ì
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denotethe probability of receiving exactly k
symbolsfrom b symbolsandwindingup in state
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. Theproba-
bility of receiving exactly k symbolsfrom a b-symbolblock is
givenby
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If auserreceivesat least
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symbolscorrectlyfrom
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trans-
mitted symbols,the whole block is recoverable. Hence,the
block-lossprobabilityis expressedas
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Next, we apply theblock lossprobability resultsto the2-state
and3-stateMarkov chains. First, we considerusinga 2-state
Markov chain model. Ì
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In accordancewith the underlying Markov chain model,
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Similarly, if a3-stateMarkov chainmodelis used,wehave
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At theendof thissection,adiscussionof channelstateinfor-

mation(CSI) is in order. Weconsidertwo scenarios.In the�rst
scenario,weassumethatCSIis knownattheencoderandhence
thetransmitter. Therefore,thecalculationsof optimalperstate
per channel °

A

+
��¢ £

in Equation(20) can be carriedout. In
thesecondscenario,we assumethatCSI is unknown at theen-
coder/transmitter. We notethat in thelatterscenario,thesetof
perlink perstateparameters̄

��¢ £

arereducedto asetof perlink
parameters̄

�

. Although we considerthe effectsof per state
perchannel°

A

+
��¢ £

in the lattercase,we usetheexpectations
of theperstatequantitiesin thecalculationof °

A

+Õ��¢ £

, namely
°

A

+Õ�

#

/

™

£

2

�

Á

£

°

A

+>��¢ £

and
)(*@+>�

#

/

™

£

2

�

Á

£3)(*,+{��¢ £

.

I I I . RESOURCE ALLOCATION PROBLEM

In this section,we formulateour problemandprovide a so-
lution to it. Our goal is to examineoptimalwaysof allocating
powersin orderto achievemaximumaggregatedataratesubject
to block-lossprobabilityrequirementsamongotherconstraints.
Speci�cally in a network with � links, we aim at maximizing
thesystemthroughput.ØÚÙ

³µÛ
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(34)
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We notethat in the formulationabove, 


�

's and ¯

��¢ £

's arethe
decisionvariables.Further, wenotethattheSERparametersof
theMarkov chaindiscussionof SectionII-B appearin theform
of asetof perlink perstateparameters.Wealsonotethatwhile
our formulationis a throughputmaximizationsubjectto power
constraints,it canbeconvertedto apowerminimizationsubject
to throughputconstraintsby interchangingtheroleof theobjec-
tive function(34)andtheconstraintfunction(37). Expressions
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(4), (20),and(22)show thatthedatarates
+��

's arerelatedwith
perlink perstateconstellationsizes̄

��¢ £

. Therefore,theobjec-
tivefunction(34)is to beoptimizedoverall feasiblepowersand
constellationsizes.The�rst setof constraints(35) is themaxi-
mumallowableblock-lossprobabilityon eachlink. Constraint
set(36) is enforcedsothattheapproximationof Equation(20)
underEquation(22)holds.Sameastheobjective function,this
setis relatedwith ¯

��¢ £

's. The lastsetof constraints(37) indi-
catesregulatoryor systemlimitationson transmissionpowers.
As shown by Equations(20) through(33) in SectionII-B,

Í

�

's
areessentiallyfunctionsof per link per state

)

A

+ ��¢ £

's, hence
of 


�

's aswell as ¯

��¢ £

's.
Next, we provide a discussionof solving the optimization

problemformulatedby (34)alongwith theconstraintsets(35),
(36), and(37). Relying on the Lagrangiantheory, we convert
the problemin its standardform to an optimizationproblem
without constraints.We de�ne theLagrangianfunctionof the
originalproblemas
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wheretheparameters
t

�

, V

��¢ £

, and ä

�

aretheLagrangemultipli-
ersin theLagrangianEquation(38). Theunconstrainedmini-
mizationproblemis de�ned as
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Conditions of Optimality: Constraint Quali�cations

We now investigatetheexistenceof necessaryandsuf�cient
optimality conditionsalso known asconstraintquali�cations.
For our unconstrainedminimizationproblemof (39), thecon-
straintquali�cationsareexpressedin termsof Lagrangemulti-
plier theory[1]. They revolve aroundconditionsunderwhich
Lagrangemultiplier vectorssatisfyingthefollowing conditions
areguaranteedto exist for a local optimum é{ê
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where
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.
Althoughtheconstraints(35)cannotbeexpressedin aclosed

form, we arestill ableto solve the problemby deploying Se-
quentialQuadraticProgramming(SQP)and line searchtech-
niques. In SQP, the necessaryconditionsfor optimality are
representedby theKarush-Kuhn-Tucker(KKT) conditionsde-
scribedasthecollectionof Equation(40) andthefollowing re-
lationships.
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where
t

�

ê , V

��¢ £

ê , and ä

�

ê are Lagrangemultipliers at the lo-
caloptimum.Positivemultipliersindicateactiveconstraints.A

variantof thequasi-Newton methodcanthenbe usedto itera-
tively �nd thesolutionto theoptimizationproblem[7]. This is
equivalentto solving a quadraticestimationof the problemin
every iteration.

We endthis sectionby presentingananalysisof thecompu-
tationalcomplexity for theapproachdescribedabove.Thetime
complexity of solvingtheproblemof (40)is ï

�G*†•

·�¸@¹

•,�

where
*

indicatesthenumberof iterationsand
•

indicatesthedegree
of thequadraticestimation.For moderatevaluesof

*

, thecom-
plexity resultsarehencequitegoodcomparedto otherrecursive
optimizationapproachessuchasdynamicprogrammingintro-
ducinga timecomplexity in theorderof ï

��•

T

�

.

IV. SIMULATION RESULTS

In this section,we presentanexampleto show how to max-
imize systemthroughputunderpower constraints.Let uscon-
sider a simple four nodenetwork. As shown in Fig. 4, the
network consistsof 4 nodesð

�

°

�

Ç

and ñ , and 4 links
� �

,
�

T

,
�

×

, and
�

• . Eachlink indicatesa transmitter/receiverpair.
Notethatanodecanbeatransmitterand/orreceiveronmultiple
links. We notethat in thecaseof simultaneouslytransmitting
on multiple links, thepower of a nodeis split on theoutgoing
links proportionally. Originally, nodesð and ñ areseparated
by a distanceof 20m, andso are ° and

Ç

. By geometrythe
distanceof eachsinglehopis |

Y

…

p

m. In our experiments,we
allow node ð to moveacrossthehorizontalaxis a bothtoward
andaway from node ñ . We indicatethe positionof node ð

from areferencepointby a . We selectthereferencepoint to be
themiddleof diagonalline connectingnodes° and

Ç

. Hence,
the original position of node ð is indicatedby a

#

|

Y . As
explainedearlier, we considertwo scenariosin which CSI is
known andnot known, respectively. In our simulations,each
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Fig. 4. An illustrationof thenetwork topologyusedin thesimulationtask.

link hasa maximumtransmissionpower of 1W. All nodesare
usingadaptiveM-QAM modulationrepresentingasymbolwith

·�¸@¹

T

¯

��¢ £

bits per link per state. The basebandbandwidthfor
eachlink is |

Y

Æµò

l

andthe minimum datarate for eachlink
is

p

Y

Æ

Å

M

¡

undertheconditionsof Equation(20) andEquation
(22). We seta maximumallowableblock-lossprobability of

Y

�

| on eachlink. With theexceptionof
�

�

T

�

�

×

• , thegainsfor
eachlink arecomputedas

�'�-�
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ó
ô

[‚[

and
�'�

�

#öõ

ó
ô

[÷\

for �Õ!

#¬$ ,

where
•,�

� representspropagationpathlengthfrom thetransmit-
terof link $ to thereceiverof link � . Thefactor ø canbeviewed
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asthepower falloff with frequency in anFDMA system,or the
spreadinggain in a CDMA system. It is setas ø

#

Y
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Y@Y@ù in
our simulations.Thegainsfor
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• aresetto Y sinceit is
assumedthata nodedoesnot transmitto itself. This givesthe
following gainmatrix in termsof a .
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codersareusedby all of thetransmitters.Working
with the2-stateMarkov chainfadingmodel,we �rst calculate
thethresholdvectorandthecorrespondingtransitionprobabil-
ity matrix as
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respectively. The 3-stateMarkov chainmodelhasa threshold
vectorof

C

Y Y

�

�@Y,ù��

|

�

Y

“

�

Ö

“

E

anda transitionprobability
matrixof

¦

#

ú

ý

Y

�

�

¶

��� Y

�

ù

Ö

|

p

Y

Y

�

ù

Ö

|

p

Y

�

p

ù���� Y

� Ö

�

�fp

Y Y

� Öf¶

“

p

Y

� ¶@Ö

Y��

�

� (44)

Fig. 5 shows thecurvesof optimaltotal throughputversusa

the positionof mobile node ð . It includestwo setsof curves
associatedwith thetwo scenariosof known andunknown CSI.
Eachsetof curvesincludestwo curvesassociatedwith 2-state
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Fig. 5. Optimal curves of total throughputversus� the positionof mobile
node � .

and3-stateMarkov chainmodels.Themoststriking observa-
tion is the fact that all four curvesarein the form of concave
curves. While for the small valuesof a the interferencefrom
othernodesreducesthe overall throughput,for the large val-
uesof a the throughputis decreaseddueto the lossof signal
strength. The curvesshow that the throughputis at its maxi-
mumlevel whenthevalueof a representstheoriginal position
of nodeð at a

#

|

Y . It is alsoobservedfrom Fig. 5 thattheto-
tal throughputof the3-stateMarkov chainmodelis betterthan

of the 2-stateMarkov chainmodel in both sets. This is justi-
�ed consideringthefactthatthe3-stateMarkov chainmodelis
a moreprecisemodelof theRayleighchannelthanthe2-state
model. Further, it is observed from Fig. 5 that having access
to CSI providesbetterresultsin termsof throughputthannot
having accessto CSI for similar 2- and3-statemodels.

We have observed that an averageof twenty and no more
than thirty iterationsare requiredfor convergence. Finally,
it is worth mentioningthat while utilizing a 4-stateMarkov
chain doesnot introducea signi�cant gain comparedto a 3-
stateMarkov chain,it introducessigni�cantly higheroverhead
of calculation.The resultsof the 4-stateMarkov chainmodel
arecloseto thoseof the3-statemodelandarenotreportedhere.

V. CONCLUSION

In thispaper, weexaminedtheproblemof resourceallocation
in Rayleighfadingwirelessad-hocnetworks with temporally
correlatedloss. Speci�cally, we soughtto optimizetheaggre-
gatedatarateof suchnetworkssubjectto power andlosscon-
straints.We analyzedfadingstatisticsof signal-to-interference
ratio (SIR), an importantmetric of transmissionquality. Re-
lying on our analysis,we modeledtemporallycorrelatedloss
behavior of the Rayleighfading wirelesschannelwith �nite-
stateMarkov chains. We alsonotedthat it would be straight-
forwardto extendour approachto Riceanor Nakagamifading
channels.We appliedourMarkov chainmodelstowardsolving
our formulatedthroughputoptimizationproblems.We alsonu-
mericallyvalidatedour resultsby investigatingour throughput
maximizationresultsundernodemobility.

We arecurrentlyworking on the integrationof multiple an-
tennasystemsinto our problemandanalyzingtheir effectson
our optimizationproblem. We are also investigatingthe im-
plicationsof applyingour resultsto thecontext of multimedia
applications.
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