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Abstract— Addr essingthe tradeoff betweenthe QoS and con-
sumedpower is a critical issuefor wir elessad-hocnetworks. The
loss obsewed 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 modeltemporally correlated
lossobsewred in a fading wir elesschannel, we proposethe use of
nite-state Mark ov chains. Details of fading statistics of signal-to-
interfer enceratio (SIR), an important indicator of transmission
quality, are presented. We also analyzethe impacts of enforcing
power, block-lossprobabilities, and data rates constraints.

Index Terms— WirelessAd-Hoc Networks, Rayleigh Fading
Channel, Thr oughput Maximization, QoS, Mark ov Chain Model,
Reed-SolomonChannel Coder, Adaptive Modulation.

|. INTRODUCTION

Recentproliferation of wirelessdevices hasgreatly facili-
tatedaccessndexchangeof information. Ad-hocnetworksare
aspeciaklassof wirelessnetworkswherethereis nosuch x ed
infrastructureasbasestationsfor allocatingchannelscontrol-
ling usage,or provisioning of services. Rather they needto
be adaptvely self-oiganizing. Any nodein anad-hocnetwork
cantransmit,receize, or relaysignals.Optimalallocationof re-
sourcesinderthe power constrainis critical bothfor increased
utilization of the limited wirelessspectrumandfor longerbat-
terylife of themobiledevices.Suchanoptimalallocationintro-
ducesanintelligentway of providing thedesiredevel of quality
of service(QoS)underthe power constraintsn wirelesservi-
ronments.

Due to the opennessf transmissionmedia, communica-
tion over a wirelesslink is proneto interferencedrom other
links in additionto noise. Oftentimes,the formerfactorhasa
muchgreatereffect thanthe latter While increasinghetrans-
missionpower of a userin an ad-hocnetwork will make the
outgoinglink more reliable, it also shortensbatterylife and
causesnterferencdo otherusers.Hence the obsenedsignal-
to-interferenceatio (SIR) at the recever is introducedto cap-
turethetradeof. Further consideringhe mobility of thenodes
in anad-hocnetwork, links are subjectto the Dopplerspread.
Although temporalcorrelationbetweensignalscannotbe ne-
glected to dateonly few articleshave utilized accuratenodels
of capturingtemporallycorrelatedossof thewirelesschannel.

Among the commonmodelsproposedo characterizea at
Rayleighfadingchannelpnecan nd theGilbert-Elliot channel
modelof [4] followedby themodelof [9] extendingtheoriginal

i.,ed u

modeltoa nite stateMarkov chainmodel.In [8], Tanetal. ex-
aminedthe validity of an amplitude-basechite-state Markov
chainmodelundertheassumptiorthatthe useof the rst-order
and second-ordefading statisticscan potentiallyimprove the
systemperformance.Youse 'zadehet al. consideredhe two-
stateGilbert-Elliott lossmodelto captureemporallycorrelated
loss when optimizing total power consumptionin end-to-end
transmissiorof multimediacontentover wirelessfadingchan-
nels[10]. Hayajnehetal. [5] proposedhgame-theoretipower
controlalgorithmfor wirelesschannelsRelyingon Geometric
Programminga specialcaseof corvex optimization,Chianget
al. [2] solvedasetof resourcallocationproblemsfor QoSpro-
visioningin wirelessad-hocnetworks. However, neitherpaper
took into accounttemporallycorrelatedoss andtime-varying
characteristicef thewirelesschannel.

The main contribution of our work is integratinga nite-
stateMarkov chainmodelinto resourceallocationproblemsin
wirelessad-hocnetworks without incurring prohibitive over
head. Relying on more accuratecharacterizatiorof wireless
channelspeci cally a Rayleighfadingchanneimodel,we pro-
posethe useof temporallycorrelatedblock-lossprobabilities
in measuringQoS. Our approachis straightforvard to extend
to otherchannelmodelssuchas Riceanand Nakagamifading
channels.Therestof this papelis organizedasfollows. In Sec-
tion Il, we assesshe underlyingsystemmodel. More specif-
ically, rst we analyze rst-order and second-ordestatistics
of SIR. Secondwe expressthe symbolerror rate asa func-
tion of the averagereceved SIR. We alsoexaminethe block-
loss probability basedon symbol error rate and a nite-state
Markov chainlossmodel. In Sectionlll, we formulatea re-
sourceallocationproblemaimedat maximizingtheoverall sys-
temthroughputsubjectto power andlossconstraints Detailed
problemformulation and solution are presented. SectionlV
providessimulationresults. Finally, SectionV concludeshis
work anddiscusseuturework.

Il. SYSTEM MODEL ASSESSMENT

In this section,we assesshe systemmodelutilized for our
problem. From the perspectie of a system,we seekto max-
imize the overall throughputunderthe constraintsrelatedto
powers,minimumlink datarates,andperlink block-lossprob-
abilities.



A. Analysisof Receivedignal-to-InterfeenceRatio

Consider wirelesslinks, labeled , on which
transmissiorpowersare , respectiely. Link is as-
sociatedwith the -th transmitter/receier pair. At the end of
link ,thepoweratrecever isgivenby

1)

Similarly, interfering signalsfrom all of the other links on
which  's( ) aretransmittecaregivenby

(2)

The nonngative number representshe pathgainin the
absencef fadingfrom the transmitterof link  to therecever
of link attime . capturessuchfactorsas pathloss,
shadwving, antennagain, and so on. is the fadingfac-
tor betweenthe transmitterof link andtherecever of link .
Theinstantaneousignal-to-interferenceatio attime for link

determineshe quality of therecevedsignalandis de ned as

3)

where representshewhite Gaussiamoiseonlink . We
notethatwhile thework of [2] assume&denticalandindepen-
dentdistribution of all of the fading factors,this assumption
is not necessarilftrue in wirelesschannels.Instead the chan-
nelis temporally-correlated,e. thereis a correlationbetween
and where is a given time shift. In
orderto capturethe correlationof the channel,we make few
realistic assumptionss follows. First, comparedwith inter-
ferencedrom otherusers,noiseis negligible andthusmay be
accuratelyignored. Secondit is reasonabléo assumehatthe
fading factorsin interferingsignals 's where , have
identicalandindependentlistributions. We notethatthe latter
assumptiormay be relaxed relying on a similar discussiorto
the onefurnishednext for the fadingcomponents . Third,
'shave unitmeanssolongas 'sareappropriatelyscaled
to re ect variationsfrom this assumption. Fourth, when the
wirelesschannelvariesslownly with respecto symbolinterval,
and canbeviewedasconstanteind asaran-
dom variablewithin the symbolduration. Basedon the above
assumptionsye de ne the averagesignal-to-interferenceatio
as

(4)

where denoteshe expectationoperatorand

. Hence,it sufces to examinethe distribution of in
orderto obtainfading statisticsof . We rely on the so-
called Rayleigh model with the fading factor to relatethe
outputof awirelessnoisychanneto its input. Theoutputsignal
of suchachannel anditsinput canberelatedby

N (5)

where N representghe white Gaussiamoise. It is well es-
tablishedthat hasa mamginal Rayleighdistribution

functionin theform of

(6)

where equaldo half of theaveragepowerof all of the multi-
pathcomponentsin orderto properlycharacterizeéhe tempo-
rally correlatedossbehaior of the channelwe alsoneedthe
associatethivariatejoint probabilitydistribution functiongiven
below.

(7
where isthezero-ordemodi ed Bessefunctionof the rst
kind givenby

— (8
Further
E E
— — ©)
and
(10)
with  representinghe zero-ordeBesselfunction of the rst

kind de ned as
(11)

Finally, and represenmaximumfrequeny shift result-
ing from the Dopplereffect andsymbolduration,respectiely.
Referencd6] includesa detailedderivation of both distribu-
tion functions. Consideringthe fact that is de ned as
, We areinterestedn the distribution of
In orderto calculatethe distribution of , we rst notethat
Equation(9) implies — undertheassumptionthat 's
have unit means Consequentlyutilizing Equationg6) and(7),
we concludethat  hasa maginal probability densityfunc-
tion anda bivariatejoint probability densityfunctionasshovn
in Equation(12) andEquation(13), respectiely.

(12)

13)
Having speci edtheprobabilitydensityfunctions,we cannow
focus on capturingtemporally correlatedloss of the fading
Rayleighchannel.We proposepartitioningandmodelingsuch
an analogchannelwith a digital Markov chainmodel. A re-
view of theliteraturerevealsthattherearenumerousarticleson
partitioningthe received SNR or SIR. Reference$9] and[8]
areof specialinterestto usamongthoseatrticles. In our work,
we applythefundamentaldeaof partitioningto the probability



densityfunction (pdf) of in orderto modelthe underlying
Rayleighfadingchannelwith a nite-state Markov chain. As
illustratedby Fig. 1, supposehat pdf of is partitionedinto
S nite intervalsstartingat zeroandendingat isa
largerealnumbersatisfying

(14)

where , e.g. , indicategheprobability of notrepresenting
avalueof thepdfof by ary state.Setting guar
anteeghat of the pdf valuesarecovered.In our work,

Fig.1. Anillustrationof nite intenal partitioningof anarbitrarypdf.

we proposethe useof anequallyprobablepartitioning,i.e. we
wantto nd asetof thresholds , suchthat

(15)

As analternatie to an equallyprobablepartitioningapproach,
the partitioning thresholdscan be measuredrom the natural
burstlengthsof a wirelesschannel. Thethresholdsallow usto

nd , the representatie value of the pdf of in state ,
by

(16)
Therefore,the correspondingepresentatie valuesof 's
aregivenby

17)

The temporaldynamicsof the Markov chain are determined
by a matrix of one-step-transitioprobabilities

Sincewe areworking with slow-fadingchannelsijt is reason-
ableto consideronly transitionsbetweemeighboringstatesor

stayingin the samestate[9]. Accordingto Bayestheoremthe

probabilityof currentlybeingin stater givenhaving previously

beenin states canbe computedas

(18)

where andfor . Dueto the nite
value of the errorintroducedby the modelandthe transition-
ing assumptionywe mustmodify thetransitionmatrix suchthat
eachrow addsupto one. Thiscanbedoneby uniformly scaling
eachrow by its sumas

(19)

B. Compensationf Tempoelly CorrelatedLoss

We startthe discussiomof this sectionby introducinga per
link perstateapproximatiorof thenumberof signalpoint
constellationgn termsof perlink perstatebit errorrate
andperlink perstatesymbolto interferenceatio . Ex-
pandingadaptve modulationresultsof Chungetal. [3] for M-
QAM modulationto our nite stateMarkov chainmodel,we
notethat canbecloselyapproximateds

(20)

assuming . For a slow fadingchannel per state
symbolerrorratescanbeaccuratelyapproximateds

(21)

Perlink datarate  canfurtherbeexpresseas

(22)

where— isthebasebanthandwidthand  with

the steadystateprobability of beingin state canbecalculated
from the transitionprobabilitiesof a given Markov chain. We
notethatin the caseof equally probablepartitioning, -

forall .

In orderto compensatdor the loss effect of the wireless
channel,we proposethe use of Reed-Solomor(RS) channel
coders. An RSchannekoder convertsk symbolsinto
a b-symbolblock by appending parity symbols. Such
a channelcoderis able to correctas mary as
symbolerrorsin a block. In the calculationof the block-loss
probability, we considerusing a 2-stateMarkov chain model
describedn Fig. 2, anda 3-stateMarkov chainmodelshovn
in Fig. 3. Intuitively, the 3-statemodelis moreaccuratehan
its 2-statecounterpartatthecostof highercomputationatom-
plexity. Equationg12) through(15), (18), and(19) in Section
II-A have givendetailsof deriving transitionprobabilities  's
from mamginal andjoint probability densityfunctions.

Fig.2. Anillustrationof the 2-stateMarkov chainmodel.



Fig. 3. Anillustrationof the 3-stateMarkov chainmodel.

Let denotethe probability of receving exactly k
symbolsfrom b symbolsandwindingup in state . Theproba-
bility of receving exactly k symbolsfrom a b-symbolblock is
givenby

(23)

If auserrecevesatleast symbolscorrectlyfrom trans-
mitted symbols,the whole block is recoverable. Hence,the
block-lossprobabilityis expresseds

(24)

Next, we applythe block lossprobability resultsto the 2-state
and 3-stateMarkov chains. First, we considerusinga 2-state
Markov chain model. and indicate the
probabilitiesof recevving exactly k symbolsfrom b symbolsand
winding upin statel andstate2, respectiely. Thus,

(25)
In accordancewith the underlying Markov chain model,

and canbe computedrecursvely. Theex-
pressionsaregivenbelow.

(26)
and

(27)
for , denotingthe symbolerrorratein state ,

andtheinitial conditions

(28)
Similarly, if a 3-stateMarkov chainmodelis usedwe have

(29)

where

(30)

(31)
and

(32)

for andtheinitial conditions

(33)
At theendof this section adiscussiorof channektateinfor-
mation(CSl)is in order We consideitwo scenarioslin the rst
scenarioye assumehatCSlis known attheencodeandhence
thetransmitter Therefore the calculationsof optimal per state
per channel in Equation(20) canbe carriedout. In
thesecondscenariowe assumehat CSlis unknovn attheen-
coder/transmittenVe notethatin the latter scenariothe setof
perlink perstateparameters  arereducedo asetof perlink

parameters . Althoughwe considerthe effectsof per state
perchannel in the latter case we usethe expectations
of theperstatequantitiesin the calculationof , hamely

and

I1l. RESOURCE ALLOCATION PROBLEM

In this section,we formulateour problemandprovide a so-
lution to it. Our goalis to examineoptimal waysof allocating
powersin orderto achieze maximumaggrejatedataratesubject
to block-lossprobabilityrequirementeamongotherconstraints.
Speci cally in a network with  links, we aim at maximizing

the systenthroughput.
(34)
(35)
(36)
(37)
We notethatin the formulationabove, 'sand 'sarethe

decisionvariables.Further we notethatthe SERparametersf
theMarkov chaindiscussiorof Sectionll-B appeain theform
of asetof perlink perstateparametersWe alsonotethatwhile
our formulationis a throughputmaximizationsubjectto power
constraintsit canbecorvertedto apower minimizationsubject
to throughputonstraintdy interchangindherole of theobjec-
tive function(34) andthe constrainfunction(37). Expressions



(4), (20),and(22) show thatthedatarates 'sarerelatedwith

perlink perstateconstellatiorsizes . Thereforetheobjec-
tivefunction(34)is to beoptimizedoverall feasiblepoversand
constellatiorsizes.The rst setof constraintg35)is the maxi-

mum allowableblock-lossprobability on eachlink. Constraint
set(36) is enforcedsothatthe approximatiorof Equation(20)

underEquation(22) holds. Sameasthe objective function, this

setis relatedwith 's. Thelastsetof constraintg37) indi-

catesregulatoryor systemlimitations on transmissiorpowers.
As showvn by Equationg20) through(33) in Sectionll-B, 's
areessentiallyfunctionsof perlink per state 's, hence
of ‘'saswell as 's.

Next, we provide a discussionof solving the optimization
problemformulatedby (34) alongwith the constrainsets(35),
(36), and(37). Relying on the Lagrangiantheory we cornvert
the problemin its standardform to an optimizationproblem
without constraints.We de ne the Lagrangiarfunction of the
original problemas

(38)

wheretheparameters , ,and aretheLagrangemultipli-
ersin the LagrangianEquation(38). The unconstraineanini-
mizationproblemis de ned as

(39)

Conditions of Optimality: Constraint Quali cations

We now investigatethe existenceof necessarandsufcient
optimality conditionsalso known as constraintquali cations.
For our unconstraineaninimization problemof (39), the con-
straintquali cations areexpressedn termsof Lagrangemulti-
plier theory[1]. They revolve aroundconditionsunderwhich
Lagrangamultiplier vectorssatisfyingthe following conditions
areguaranteedo exist for alocal optimum
thatsatis es

(40)

where .

Althoughtheconstraintg35) cannotbeexpressedn aclosed
form, we are still ableto solve the problemby deploying Se-
quential QuadraticProgramming(SQP)and line searchtech-
nigues. In SQR the necessaryconditionsfor optimality are
representedy the Karush-Kuhn-Tucker (KKT) conditionsde-
scribedasthe collectionof Equation(40) andthefollowing re-
lationships.

(41)

where , and are Lagrangemultipliers at the lo-
cal optimum.Positve multipliersindicateactive constraints A

variantof the quasi-Nevton methodcanthenbe usedto itera-
tively nd thesolutionto the optimizationproblem[7]. Thisis
equialentto solving a quadraticestimationof the problemin
everyiteration.

We endthis sectionby presentingan analysisof the compu-
tationalcompleity for theapproachlescribedbove. Thetime
compleity of solvingtheproblemof (40)is where

indicatesthe numberof iterationsand indicatesthe degree
of thequadraticestimation.For moderatevaluesof , thecom-
plexity resultsarehenceguitegoodcomparedo otherrecursve
optimizationapproachesuchasdynamicprogrammingntro-
ducingatime compleity in the orderof

IV. SIMULATION RESULTS

In this section,we presentan exampleto shov how to max-
imize systemthroughputunderpower constraints.Let us con-
sider a simple four nodenetwork. As shown in Fig. 4, the
network consistsof 4 nodes and , and4links

, ,and . Eachlink indicatesa transmitter/receier pair.
Notethatanodecanbeatransmitterand/oreceveronmultiple
links. We notethatin the caseof simultaneouslyransmitting
on multiple links, the power of a nodeis split on the outgoing
links proportionally Originally, nodes and areseparated
by a distanceof 20m,andsoare and . By geometrythe
distanceof eachsinglehopis ~m. In our experimentsyve
allow node to moveacrosghehorizontalaxis bothtoward
andaway from node . We indicatethe position of node
from areferencepointby . We selectthereferencepointto be
themiddle of diagonalline connectinghodes and . Hence,
the original position of node is indicatedby . As
explainedearlier we considertwo scenariosn which CSl is
known and not known, respectiely. In our simulations,each

Fig. 4. Anillustrationof the network topologyusedin the simulationtask.
link hasa maximumtransmissiorpower of 1W. All nodesare
usingadaptve M-QAM modulationrepresenting.symbolwith
bits per link per state. The basebandbandwidthfor
eachlink is and the minimum datarate for eachlink
is underthe conditionsof Equation(20) andEquation
(22). We seta maximumallowable block-lossprobability of
on eachlink. With the exceptionof , the gainsfor
eachlink arecomputedas — and — for ,

where representpropagatiorpathlengthfrom thetransmit-
teroflink tothereceveroflink . Thefactor canbeviewed



asthe powerfalloff with frequeng in anFDMA systemor the
spreadinggainin a CDMA system. It is setas in
our simulations.The gainsfor aresetto sinceit is
assumedhata nodedoesnot transmitto itself. This givesthe
following gainmatrixin termsof

(42)

codersareusedby all of thetransmittersWorking

with the 2-stateMarkov chainfadingmodel,we rst calculate

thethresholdvectorandthe correspondingransitionprobabil-
ity matrixas and

(43)

respectiely. The 3-stateMarkov chainmodelhasa threshold
vectorof anda transitionprobability
matrix of

(44)

Fig. 5 shavs the curvesof optimaltotal throughputversus
the position of mobile node . It includestwo setsof curves
associateavith thetwo scenario®f known andunknown CSI.
Eachsetof curvesincludestwo curvesassociateavith 2-state
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and 3-stateMarkov chainmodels. The moststriking obsena-
tion is the factthatall four curvesarein the form of concae
curves. While for the small valuesof the interferencefrom
othernodesreduceshe overall throughput,for the large val-
uesof thethroughputis decreasediueto the lossof signal
strength. The curvesshaw that the throughputis at its maxi-
mumlevel whenthevalueof representshe original position
of node at . It is alsoobsenedfrom Fig. 5 thattheto-
tal throughputof the 3-stateMarkov chainmodelis betterthan

of the 2-stateMarkov chainmodelin both sets. This is justi-
ed consideringhefactthatthe 3-stateMarkov chainmodelis
amoreprecisemodelof the Rayleighchannelthanthe 2-state
model. Further it is obsenedfrom Fig. 5 thathaving access
to CSI providesbetterresultsin termsof throughputthan not
having accesgo CSl for similar 2- and3-statemodels.

We have obsened that an averageof twenty and no more
than thirty iterationsare requiredfor corvergence. Finally,
it is worth mentioningthat while utilizing a 4-stateMarkov
chaindoesnot introducea signi cant gain comparedo a 3-
stateMarkov chain, it introducessigni cantly higheroverhead
of calculation. The resultsof the 4-stateMarkov chainmodel
arecloseto thoseof the 3-statemodelandarenotreportechere.

V. CONCLUSION

In thispaperwe examinedtheproblemof resourcallocation
in Rayleighfadingwirelessad-hocnetworks with temporally
correlatedoss. Speci cally, we soughtto optimizethe aggre-
gatedatarate of suchnetworks subjectto power andlosscon-
straints.We analyzedadingstatisticsof signal-to-interference
ratio (SIR), an importantmetric of transmissiomuality. Re-
lying on our analysis,we modeledtemporallycorrelatedioss
behavior of the Rayleighfading wirelesschannelwith nite-
stateMarkov chains. We alsonotedthatit would be straight-
forwardto extendour approacho Riceanor Nakagamifading
channelsWe appliedour Markov chainmodelstowardsolving
our formulatedthroughputbptimizationproblems . We alsonu-
merically validatedour resultsby investigatingour throughput
maximizationresultsundernodemobility.

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