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Abstract—We presentanalytical and numerical solutionsto the
problem of power control in wir elessmedia systemswith multi-
ple antennas.We formulate a setof optimization problemsaimed
at minimizing total power consumption of wir elessmedia systems
subject to a given level of QoS and an available bit rate. Our
formulation takesinto consideration the power consumptionre-
lated to source coding, channel coding, and transmission of mul-
tiple transmit antennas.In our study, we consider Gauss-Markov
and video source models,Rayleigh fading channelsalong with the
Bernoulli/Gilbert-Elliott lossmodels,and space-timeblock codes.

Index Terms— WirelessMedia Systems,Power Optimization,
Source/ChannelCoding, Multiple Antenna Systems,Space-Time
Block Codes,Bernoulli and Gilbert-Elliott LossModels, QoS.

|. INTRODUCTION

IRELESSdevices are proliferating at a rapid rate.

Broadbandwirelesscoverageis extensve in mary ar
easandtherehasbeenan exponentialgrowth in the processing
power of embeddegrocessors.The emegenceof new wire-
lessstandardss expectedto expeditethe delivery of the next
generatiorportablemultimediaservicesuchasdisasterrelief,
suneillance,andvideoconferencingMore frequentandlonger
useof portablemultimediaservicesis naturally equivalentto
higher power consumptionof mobile devices. Addedto this
thefactthatthebatterylife is growing far moreslowly thanthe
processingpower in handhelddevices,the power consumption
of suchdevicesis requiredto be keptto a minimum level in

orderto extendthe lifetime of their limited power resources.

On the contrary providing the desiredlevel of quality of ser
vice (QoS)in the presencef the fading effects of multipath
wirelesschannelsecessitatesigherconsumptiorof powerin
mobile devices. Paver optimizationis, therefore very impor-
tantbecausét extendsthelifetime of batteries.

Multiple antennasystemssubstantiallyreducethe effect of
multipathfadingin the wirelesschannelghroughantennadi-
versity. Antennadiversity hasbeenadoptedin WCDMA and
CDMA2000standardslt is alsobeingconsideredn mary cur-
rentwirelessstandardefforts. A largepercentagef next gener
ationmobiledevicessuchascellularphonesglobalpositioning
systemqGPS),personaldigital assistant¢PDA), andlaptops
will, therefore,employ multiple antennas.Hence,it is essen-
tial to considersystemsusingmultiple antennadn the studyof
wirelessmediasystems.In whatfollows we provide a review
of theliteraturework.

In an early work, Lan et al. [12] solved an enepgy opti-
mization problemsubjectto QoS constraintsfor transmitting
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imagesacrossthe wirelessbackbone. However, they did not
considerthe time-varying characteristicef the wirelesschan-
nel in the analysisof channelcoding and transmission.Goel
etal. [7] solved anotherimagetransmissiorenegy optimiza-
tion problemsubjectto distortionand rate constraints.While
they appropriatelyconsideredhardwarespeci cimpactsn their
work, their analysislacked a consideratiorof channelcoding
andtransmissiorwith respecto the time-varying characteris-
tics of the wirelesschannel. Havinga [8] consideredenegy
efciency in channelcoding techniquesfor wirelesssystems
without consideringhe enepgy of sourcecodingandtransmis-
sion. Stuhlmulleret al. [16] derived a rate-distortionmodel
for an H.263 compliantcoderbasedon simulationdata. Their
modelcould alsobe usedfor othercodecsthatrely on hybrid
motion compensationAppadweduleaet al. [4] formulatedand
solvedanenegy optimizationproblemsubjecto statisticaldis-
tortion andrate constraintsfor transmittingimagesover wire-
lesschannelsTheauthorsconsideredransmissionsourceand
channekodingcomponentsn the formulationof the problem.
Ji etal. [11] proposeda genericmotion estimationtechnique
thatcouldwell t into H.263 or MPEG-2 sourcecodingstan-
dards.They usedanUnequalError Protection(UEP)technique
basedntheBernoullilossmodelin conjunctionwith theReed-
Solomon(RS) channekoding. Focusingon anuplink mobile-
to-basescenariol-u etal. [13] solvedasimilar poweroptimiza-
tion problemsubjectto theend-to-endlistortionof [16] relying
on H.263sourcecodingandRS channelkodingin conjunction
with the Gilbert lossmodel. Preliminaryversionof this work
[10] analyticallysolved a similar problemunderthe Bernoulli
lossmodelwith an additionalrate constraintwhile deploying
space-timeblock codes.We point out that althoughthe useof
multiple antennasannotbeignoredastheresultof adoptionin
the new wirelessstandardsnoneof the literaturearticlescited
above have consideredieploying multiple antennagn wireless
systems.Further neitherone of the literaturearticleshaspro-
videdananalysisof compleity whensolvingtheir formulated
optimizationproblem. Consideringthe real-timenatureof the
problem,we arguethatproviding alow compleity solutionto
apower optimizationproblemis important.

An outline of the remainingpartsof the paperfollows. In
Sectionll, we expressour motivation and contrikutions. In
Sectionlll, we provide ananalysisof thetransmissiorandthe
channekodingcomponentsf the underlyingwirelesssystem.
In this section,we expressthe symbolerrorrate asa function
of theaveragerecevedsignalto noiseratio andthelossmodel.
In SectionlV, we provide ananalysisof the sourcecodingand
distortionfor the underlyingwirelesssystem. Startingfrom a
simple Gauss-Markv sourcemodel,we generalizeour analy-



sis to a video sourceand obtain associatedverall distortions
for eachcase.In SectionV, we formulateandsolve our power

optimizationproblemsubjectto distortionandrateconstraints.
In SectionVI, we numericallyvalidateour results.Finally, Sec-

tion VIl includesadiscussiorof concludingremarksandfuture

work.

Il. MOTIVATION AND CONTRIBUTIONS

Thethemerepresentinghe goal of this paperis to studythe
end-to-engroblemof multimediatransmissiorover awireless
channelwith multiple transmit/recaie antennas.We address
thetradeof betweerthe power consumptiorandthe quality of
servicein wirelessmediasystems. Our goal is to minimize
the overall pawer consumptionfor a given quality of service
and a given bit rate. Fig. 1 illustratesthe generalmodel of
a communicatiorsystemusedto transmitmultimediacontent
acrossa wirelessbackbone.We notethat the model may use
oneor moretransmitand/orreceve antennas.
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Fig.1. An illustrationof themultiple antennacommunicatiorsystem.

Optimizing power for transmittingmultimediacontentfrom
a mobile host requiresaddressingthe consumptiontradeof
amongdifferentcomponent®f the underlyingcommunication
system. The power consumedn a transmittingmobile device
is for themostpartassociateavith sourcecoding,channektod-
ing, andtransmissionThe power of sourcecodingandchannel
codingis typically afunctionof theunderlyingalgorithms.The
transmissiompowerdepend®nthe overalltransmissiorbit rate
andthe symboltransmissiorenegy. Intuitively, a higherQoS
anda higherbit rateresultin morepower consumptionin this
paper the received signal distortion is usedas the metric of
measuringQosS. Signal distortion hastwo components. The

rst components thedistortioncausedy sourcecodingcom-
pressioranddecompressionlhe seconccomponents thedis-
tortion causedy having unrecaerablechannelcodingerrors.
The availablebit rateis divided betweerthe sourcecodingin-
formationandthechannetodingredundang assignedor error
recovery.

We independentlygescribesachof thetermsinvolvedin the
formulationof our poweroptimizationproblemfollowedby the
formulationof the problemitself. We will thenfocuson provid-
ing ef cient methodsof solving our problemand validateour
results.

At the end of this section,we point out speci ¢ contribu-
tions of ourwork. The main contritutionsof this paperarein
the following areas.First, we proposethe useof multiple an-
tennasystemsalongwith space-timevlock codesn additionto
traditional singleantennasystems.Secondwe considerthree

differentchannelloss models,namelyBernoulli, Gilbert, and
Gilbert-Elliott models,to properlycapturethe lossbehaior of
differenttransmissiorchannelsWhile we rely on closedform
expressionf the lossmodelin the rst two caseswe usea
recursve expressionto describethe behaior of the last loss
model. Third relying on the analysisof multiple antennasys-
temsalongwith variouschannelloss models,we formulatea
setof power optimization problemsaimedat minimizing the
combinedpower of sourcecoding,channelcoding,andtrans-
missionwhile consideringrate and distortion constraints.We
provide analyticalsolutionsto the optimizationproblemsuti-
lizing Bernoulliand Gilbert lossmodelsanda numericalsolu-
tion to the optimizationproblemusingthe Gilbert-Elliott loss
model.

I1l. TRANSMISSION AND CHANNEL CODING ANALYSIS

We startour discussiorby providing ananalysisof thetrans-
missionsystemandthewirelessfadingchannel.

A. TransmissiorandFading ChannelAnalysis

First,we focusontheanalysisof thewirelessfadingchannel.
We rely onthe so-calledRrayleighmodelwith afadingfactor
to describehewirelesschannel We notethatthe outputsignal
of suchachannel canberelatedto its inputsignal as

1)

where indicatesthe noisesignal. Further we recall thatfor
amultipathslow fadingRayleighwirelesschannel the per bit
averagerecevedsignalto noiseratio is expressedis

(2)

where denoteghe expectationoperatoy ~ hasa Rayleigh
distribution, is the transmissiorenegy per symbolin-
tenal, and is the one-sidedspectraldensity of the white
Gaussiamoise.We notethatwhile thetransmissiorenegy per
symbolintenal is the sameasthe transmissiorsymbolenegy
in the caseof a onetransmitantennasystemiit is split in half
betweerthetwo symbolstransmittecateachsymbolinterval in
thecaseof a doubletransmitantennasystem.Neverthelessywe
note that Equation(2) canbe properly appliedto the casesof
bothsingleanddoubletransmitantennaystemsin ourdiscus-
sionbelow, we considetthefactthattheasymptotidoehavior of
thesymbolerrorratefor largevaluesof canbedescribed

as where and  representoding
gain and diversity gain, respectiely. Next, assuminga slow
fadingRayleighchannelandutilization of the L-PSK modula-
tion schemewe calculateclosedform expressionglescribing
thesymbolerrorrateof amultiple transmitmultiple receve an-
tennasystem.Startingfrom Equation(9.15) of the work of Si-

monetal. [15] with the choiceof — and
, the
symbolerrorrateof asingletransmit  receveantennaystem

usingmaximumratio combining(MRC) canbe calculatedas

(3)



We notethat Equation(3) holdsunderthe assumptiorthatthe
fadingis identicallydistributedwith the samefadingparameter
andthesame  for all of the channelsassociatedvith
the transmitandindividual receive antennasFurther we note
thatdiversitygainis in the orderof the productof the transmit
andthereceive antennas Hence,a singletransmit  receve
antennasystemhasa diversity gain of order . The closed
form solutionto theintegral of (3) is expresseds

(4)

where -, — and

. Noting thatthe numberof bits per symbol

is relatedto the numberof signalpointsin the constellation

as , theresultof Equation(4) for a singletrans-
mit single receve antennasystemwhere and QPSK
modulationwhere and is expresseds

5)
Similarly, theresultof Equation(4) for a singletransmitdouble
receivve antennaystenwhere andQPSKmodulationis
expresse@s

(6)

where . We obsenrethatthesym-
bol errorrateof asingletransmitdoublereceive antennaystem
is improvedcomparedo thatof asingletransmitsinglereceve
antennasystemdueto the receve diversity gain. Next, we in-
vestigatethe symbol error rate for multiple transmitantenna
systems. We considerthe space-timeblock codes(STBCs)
of [1] and[19] asthey have beenadoptedby WCDMA and
CDMA2000 wirelessstandards We notethat STBCsachiese
themaximumdiversitygain. Recallingthatthediversitygainis
in theorderof theproductof thetransmitandthereceve anten-
nas,we pay attentionthata doubletransmitsinglereceve an-
tennasystemachiezesthe samediversitygainasasingletrans-
mit doublereceve antennasystem. Underthe assumptiorof
a x ed total amountof power available at the transmittey in
eachsymbolinterval thepoweris split equallybetweerthetwo
antennador a doubletransmitsingle receve antennasystem.
Onthecontrary in the caseof a singletransmitdoublereceve
antennasystemonly onesymbolis transmittedn eachsymbol
interval andthe total enegy is allocatedto it. Therefore tak-
ing into consideratiorthe resultsof [18], the ef ciency of the
formerschemesuffersa 3 dB losswith respecto thatof thelat-
ter schemerom the standpointof the codinggain. Hence,by
replacing ~ with —— in Equation(6), onecanobtainthe
symbol error rate of a doubletransmitsingle receize antenna
systemutilizing QPSKmodulationas

(7)

where Under the sameline
of reasoningpnecanobtainthe symbolerrorrate of a double
transmitdoublereceve antennaysterrby replacing  with
—— in QPSKresultsof asingletransmitquadreceive antenna
systemas

(8)
where and is the element
locatedatrow andcolumn of matrix de nedbelow.

We also note that variousBPSK resultscan be obtainedsim-
ilarly by setting in Equation(4). We nish this sec-
tion by noting that the per symbolaveragesignalto noisera-

tio is relatedto the per bit averagesignalto noise
ratio as Consequentlyfor the
choiceof normalizationfactors ——, therelationship

holds.

B. LossandChannelCoderAnalysis

Having speci ed the symbol error rate basedon the chan-
nel characteristicsye proposeautilizing a Reed-Solomorhan-
nel coder that corverts  information symbolsinto
an -symbolblock asthe resultof appending parity
symbols.Assuming and respectrely denotesourceand
channelcodingbit rates,we notethat utilizing sucha channel
codingschemeéntroducesachannektoderate -

Theschemaalsoallows for correcting —— symboler
rors. In orderto calculatethe error rate of a block utilizing
an coder we considerthe single-stateBernoulli, the
two-stateGilbert [6], andthe two-stateGilbert-Elliott [3] error
models.We notethatwhile the rst modelrepresentsa memo-
rylesschannelthe othertwo representhannelsvith memory
It is alsoimportantto notethat the secondmodelis a special
caseof thethird model.

The single stateBernoulli modelis the simplestmodelde-
scribingsymbollossin amemorylesshannel.ln theBernoulli
model, one assumeghat the probabilitiesof loss amongdif-
ferentsymbolsaretemporallyindependentNoting thefactthat
losingmorethan symbolsfrom transmittedsymbolsresults
in ablockloss,the probability of block loss,alsoknown asthe
residualsymbolerrorrate,for the Bernoullimodelis givenby

(9)

where is thesymbolerrorrate.

As pointedout in mary researcharticles, a multipath fad-
ing wirelesschannetypically undegoesburstlossrepresenting
temporally correlatedloss. The two-stateGilbert loss model
provides an elegant mathematicaimodel to capturethe loss
behaior of ever-changingchannelconditions. In the Gilbert



model, symbollossis describedby a two-stateMarkov chain
asdescribedn Fig. 2. The rst state known asthe GOOD
staterepresentthelossof a symbolwith probability or
no symbollossatall while theotherstate known asthe BAD
staterepresentshe lossof a symbolwith probability
The GOOD statealsointroducesa probability of stay-
ing in the GOOD stateanda probability of transition-
ing to the BAD statewhile the BAD stateintroducesa proba-
bility of stayingin the BAD stateand a probability
of transitioningto the GOOD state. The parameters
and canbetypically measuredrom the obsenedlossrate
andburstlength. In [20], we studytemporallycorrelatedoss

Fig.2. Thetwo-stateGilbertlossmodelwith the statetransitionprobabilities
and for and . Thesymbollossprobabilities
arespeci edby and

behaior of IP pacletnetworksemploying thetwo-stateGilbert
lossmodel. In that article, we show that for the Gilbert loss
model,theclosedform expressiorfor the probability of recev-
ing exactly symbolsfrom transmittedsymbolsis givenby

(10)
The probability of receving exactly symbolsfrom trans-
mitted symbolsandwinding upin the GOOD state
is givenby

(11)

for , Steadystateprobability of the GOOD state

, andsteadystateprobability of the BAD state
. Similarly, the probability of receving exactly

symbolsfrom transmittedsymbolsandwinding up in the
BAD state is givenby

(12)
Theinitial conditionsfor Equation(11) and Equation(12) are

expressedelow.
(13)

While our modelis of specialinterestfrom the standpointof
providing an analyticallower-complexity solutionto a power
optimizationproblemsuchastheoneproposedn [13], wetake
a stepfurtherin this studyby utilizing the Gilbert-Elliott loss
modelto bestdescribethelossbehavior of awirelesschannel.
We notethatthe two-stateGilbert-Elliott lossmodelis a gen-
eralizationof the two-stateGilbert lossmodelwith non-trivial
symbollosserror probabilities and  where .
In [9], we provide effective waysof measuringhe parameters
of the Gilbert-Elliott lossmodel. Further thework of [17] de-
scribeshow differentmethodsof capturingmemoryin analog
communicationchannelssuchas Doppler's shift in Rayleigh
fadingor Jale's fadingmodelcanberelatedto capturingmem-
ory in digital communicationchannelssuch as the Gilbert-
Elliott model.For theGilbert-Elliott lossmodel,the probability
of receving exactly symbolsfrom transmittedsymbolsis
still describedy Equation(10). However, therecursve proba-
bilities of receving exactly symbolsfrom transmittedsym-
bolsandwinding up in the GOOD stateandthe BAD stateare
respectiely givenby

(14)
and
(15)
for andtheinitial conditions
- (16)

Utilizing Equation(10) alongwith Equation(14) andEquation
(15)for theGilbert-Elliott model,the probabilityof ablockloss
is givenby

17

It is alsoimportantto note that using the two-stateGilbert-
Elliott model calls for changingEquation(2) in orderto dis-
tinguishbetweerthe symbolerrorratesof the GOOD stateand
the BAD state. Assuming denoteghe expectationof
the squareof the envelopein the GOOD state the averagere-
ceivedsignalto noiseratio of the GOOD stateis expressedis

(18)



Similarly, theaveragerecevedsignalto noiseratio of the BAD
stateis expresseds

(19)

where
sameasin Equation(2).

andthe otherparametersirethe

IV. SOURCE CODING AND DISTORTION ANALYSIS

In this sectionwe focuson the sourcecodingandthe distor
tion analysis.In orderto validateour model,we rst providean
analysisof distortion utilizing a Gauss-Markv sourcemodel
andthencontinuewith anexperimentalideo sourcemodel.

A. Analysisof Distortion basedon the Gauss-Markv Souce
Model

In this subsectionwe provide an analysisof the distortion
utilizing the so-calledGauss-Markv model. We notethatthe
analysisof this sectionis providedasa proof of concept.In the
next section,we provide ananalysisfor amorerealisticmodel
usinganexperimentaH.263videosourcecodingmodel.

For the sourcecodinganalysisof this section,we usea rst
orderGauss-Markv sourcewith avariance andacorrela-
tion coefcient . As describedn [5], utilizing sucha model
for a transformcoderintroducesan operationaldistortion-rate
functionin theform of

(20)

where is the block lengthof the transformcoder is a con-
stantdependingon the quantizerusedfor the transformcoef-
cients,and is de ned in the previous section.We notethat
the Gauss-Markv modelof Equation(20) is reducedo a pure
Gaussiarsourcemodel by setting . Hence,the follow-
ing discussiornis alsoappliedto a pure Gaussiarsource. For
a Gauss-Markv sourcearny symbolassociatedvith an unre-
coveredblock at the channelcoderis bestrepresentedby the
Gaussianmean.Sucharepresentatioresultsin anaveragedis-
tortion of . Consequentlythe overall distortionat the de-
coderis calculatedby takingthe averageof block recovery and
block lossdistortionsmultiplied by their associateghrobabili-
ties. Assuminga block lossprobability of , the overall
distortion is calculatechs

(21)

Again, we notethatthe probability of a block losscanbe cal-
culatedfrom Equation(9) and(17) in the caseof utilizing the
Bernoullilossmodelandthe Gilbert (or the Gilbert-Elliott) loss
model,respectiely.

B. Analysisof Distortion basedon An ExperimentalH.263
Video SouceModel

In this subsectionwe provide an analysisof distortion uti-
lizing a morerealisticH.263 compliantsourcecoder For the

sourcecoding analysisof this section,we rely on the exper
imentalresultsof Stuhimulleretal. [16]. The experimental
distortion model of [16] consistsof two components and
respectiely imposedy thesourceencodeandthechannel
noise.ThemodelreliesonanINTRA updateschemdorcing a
macroblock(MB) to be codedin the INTRA-modeafterevery
MBs andresultingin a sourceencodeistortionof

(22)
where — istheINTRA rate, istheencodingbit ratein
,and isthedistortionin termsof themeansquareerror

persourcesample. The measurementsf [16] alsosuggesthat
thedistortion-rateparameters, ,and dependinearlyon
the percentag®f INTRA codedmacroblocks asshavn by
thefollowing equations.

(23)

Themodelparameters , , , ,and
characterizehe coding of the input video sequencewith the
givenmotioncompensateti.263encodelin baselinemode.lt
is importantto note that the parametersighly dependon the
spatialdetailandthe amountof motionin the sequence.

Referencd16] alsoproposeghatthe video coderdistortion
causedy transmissiorerrorsis expresseas

(24)

whereleakage describegheefciency of loop Itering to re-
move the error and describeghe sensitvity of the video
decodetto anincreasen errorrate. In addition,the the proba-
bility of ablockloss canbe calculatedasdescribedn
the previous section. The overall distortion atthevideo
decodeis thencalculatedas

(25)

V. POWER OPTIMIZATION

In this section,we focuson power optimizationof a mobile
device usedin a wirelessmediasystemwith space-timeblock
codes.Recallingthatthe overall power consumedn a mobile
device is associatedvith sourcecoding, channelcoding, and
transmissionwe rst introduceindividualtermsexpressinghe
consumedpower of differentcomponents. We then proceed
with the formulation of the power optimization problemand
thesolutionto it.

A. PowerOptimizationFormulation

The rst power consumptioncomponentof the underlying
wirelesssystemis the sourceencoder We considerthe power
consumptiorof the sourceencodeiin the caseof utilizing both
the Gauss-Markv sourceof SectionlV.A andthevideosource
of SectionlV.B.



We startby consideringhe powerconsumptiorof the Gauss-
Markov sourceencoderof SectionlV.A. Consideringthe fact
thatthe encoderateis the dominantfactorof the power con-
sumptionof a Gauss-Markv sourceencoderwe expressthe
power consumptiorof sucha sourceencoderasa linear func-
tion of theencoderrate,i.e.,

(26)

where and arethelinearmodelconstants.

Next, we considerthe power consumptionof the video
sourceencoderof SectionlV.B. Referencg13] proposeshe
following average power consumptionmodel for an H.263
coder

(27)

where is the weighting factor introducedto allow for the
scalingof the modelbasedon the actualpower consumption
of a particularimplementation, is the framerate, is

the numberof macroblocksn a frame,and is describedn

SectionlV.B. Further , , and respectiely de-
notethe enegy consumedy DCT, quantizationncluding the
enegy consumedby variablelengthcoding(VLC), andmotion
estimation Assuming

(28)

Equation(27) canbeexpresseds
(29)

where , , aredescribedn termsof theenegy consump-
tions of different sourcecoding components, is againthe
sourcecoderINTRA rate,and  againindicatesthe source
coding bit rate. The authorsof [13] con rm that the mea-
suredpower consumptiondor encodingthe sequence€on-
tainership.gcifForeman.qcifMotherDaughteqcif, News.qcif,
and Silent\bice.qcifwith an H.263 encodert the modelpa-
rametersof Equation(29) quite accurately We note that the
consisteng of themodelsof Equation(29) andEquation(26)is
veri ed by notingthatwhenthereis no motionestimationj.e.,
all of themacroblock arecodedin INTRA-modewith ,
Equation(29) is reducedo Equation(26).
Thesecondpowerconsumptiorcomponenbf theunderlying
wirelesssystemis the channekoder Referencg4] modelsper

bit enegy consumptiorof a Reed-Solomon encoder
as

(30)
where is a scalingfactorand is the numberof bits per
symbol.

Finally, the third power consumptiorcomponenbof the un-
derlyingwirelesssystemis the transmitter The total transmis-
sionpoweris givenby

(1)

where is a scalingfactorthat mapsthe radiatedenegy into

the actualtransmissiorpower of a wirelessdevice. We note
thattherelative choiceof theparameters , ,and with re-

spectto eachothercanidentify whetherthe underlyingcoding
techniquegely on hardwareor softwareimplementation.Us-

ing the existing technologies, is abouttwo ordersof magni-
tudesgreatethan for bothhardwareandsoftwareimplemen-
tations.However, and arein thesameorderof magnitude
for a hardwareimplementatiortechniquewhereasthe former

is an order of magnitudelarger thanthe latter for a software
implementatiortechniqug13]. While we focuson a hardware
implementationtechniquen ourwork, investigatinga software
implementatiortechniqués alsostraightforvard.

Having expressedll of the power consumptiorcomponents
aswell asthe distortionterms,we now formulate our power
optimizationproblemsubjectto distortionandrateconstraints
as

(32

SubjectTo: (33)

(34)

In the rest of this section,we use the generalvideo source
modelof SectionlV.B, makingnoteof the factthatthe model
of Equation(29) can be reducedto that of Equation(26) by
setting and considering and .
We obsenre thatfor a single/multipletransmit/receie antenn
wirelesssystemutilizing the L-PSK modulationscheme the
objective function and inequality constraintsof the above op-
timization problemcanbe expressedn termsof optimization
variables , , ,and aswell assomeconstantsThe
following equationsllustratethe matterin the caseof adouble
transmitsinglereceve wirelesssystem the QPSKmodulation
schemethe H.263 sourceencodemodelof SectionlV.B, and
theBernoullichannel First, thetotal power is expresseds

(39)
Next, thedistortiontermsareexpresse@s
B (36)
Finally, thesymbolerrorratetermis expresseas
- - (37)
where . Thederivationof theequa-

tionsis similar for the L-PSK modulationrelying on Equations
(29),(30),(31) alongwith (22),(23),(2), (4), (9), and(24).

B. PowerOptimizationSolutions

In this section, we provide a discussiorof solvingthe opti-
mization problemformulatedby Equation(32) alongwith the



constrainset(33)and(34). Againconsideringhegeneraform
of Equation(29),we usethevideosourcanodelof SectionlV.B
in the discussiorof this section.Further we considertwo sce-
narios.

In the rst scenariowe assumehatthecostfunctionandthe
constraintf the optimizationproblemcanall be expressedn
closedform. Underthe assumptiorof continuousdifferentia-
bility, this resultsin introducinganalyticalsolutions. Clearly,
the caseof the Bernoullilossmodelandthe Gilbert modelare
coveredunderthis scenario. Relying on the Lagrangianthe-
ory, we corvertthe problemto an optimizationproblemwith-
outconstraintsWe de ne the Lagrangiarfunctionof Equation
(32)as

(38)

wheretheparameters and arethelLagrangemultipliersin
theLagrangiarEquation(38). Theunconstrainedhinimization
problemfor isde nedas

(39)
Conditions of Optimality: Constraint Quali cations

We now investigatethe existenceof necessanand sufcient
optimality conditionsalso known as constraintquali cations.
For ourunconstrainedninimizationproblem

(40)

theconstrainguali cationsareexpressedn termsof Lagrange

multiplier theory [2]. They revolve around conditions un-

der which Lagrangemultiplier vectorssatisfyingthe follow-

ing conditionsare guaranteedo exist for a local minimum
. Thelocal minimumsatis es

(41)
where .
Further for if associatedvith an active in-
equalityat ,i.e.,

(42)
and

(43)

Constraintguali cations guarante¢he existenceof uniqueLa-
grangemultipliers for a givenlocal minimum  if the active
inequalityconstraintgradientsof (33) and(34) arelinearly in-
dependenf2].

We notethatthe objective function (32) de ned overacom-
pactsubsetof is continuouslydifferentiableand the con-
straintgradientf (33)and(34) arelinearlyindependentFind-
ing thesolutionto theoptimizationproblemis, thereforeequiv-
alentto nding the solutionto the equationset(41) specifying
optimizationvariables , , ,and

Further it is importantto obsene that the formulatedprob-
lem of (32) is subjectto discreteconstraintsappliedto the
sourcecodingvariable — andthe channelcodingvariable

- ———. Solvingthe problemof (32) is, hence cate-
gorizedunderdiscreteconstraintoptimizationproblemswhich
can be solved with the following approach. The approachis
to add extra discreteconstraintseffectively changingthe for-
mulation of the optimizationproblemfrom a NonLinearPro-
gramming(NLP) to a Mixed Integer NonLinearProgramming
(MINLP) in which the variables and  canonly take on
discretevalues. In this approachpneselectsthe bestsolution
amonghesetof solutiongto theproblemsobtainedor different
discretevaluesof the optimizationparameter§2].

In the secondscenariowe considerthe casesn which the
costfunction and/orsomeof the optimizationconstraintsan-
notbeexpressedn closedform. Thisis clearlyseenin thecase
of the Gilbert-Elliott lossmodelin which the video coderdis-
tortion constrainof (24) cannotbe expressedn a closedform.
Consideringhe factthat constraintg33) and(34) are corvex*
, we proposealeploying the SequentiaQuadraticProgramming
(SQP)techniqueln SQPthe necessargonditionsfor optimal-
ity arerepresentetyy the Karush-Kuhn-Tucker (KKT) condi-
tions describedasthe collectionof Equation(41) andthe fol-
lowing relationships.

(44)

A variantof the quasi-N&vton methodcanthenbe usedto iter-
atively nd thesolutionto the optimizationproblem[14]. This
is equivalentto solvinga quadraticestimationof theproblemin
everyiteration.

We end this sectionby providing an analysisof the com-
plexity for the two scenarioslescribedabove. Takingthe dis-
creteconstraintsnto consideratiorandassuming represents
thenumberof parametecombinationsthetime compleity of
solvingthe problemof (41)for the rst scenarids
where indicatesthe degreeof (41). The compleity deter
minesthe overall compleity of the solution consideringthe
factthattherestof thecalculationsarein alowertime complex-
ity order Similarly, thetime complexity of solvingthe problem
of (41) for the secondscenariais where indi-
catesthenumberof iterationsand indicatesthe degreeof the
guadraticestimation.We have obsenedthatan averageof ten
andnomorethantwentyiterationsarerequiredfor corvergence
in the caseof the secondscenario.The compleity resultsare,
therefore guite goodcomparedo otherrecursve optimization
approachesuchas dynamicprogrammingintroducinga time
compleity in the orderof

VI. NUMERICAL ANALYSIS

In this section,we numericallyvalidateour results. Before
proceedingwith the explanationof our numericalresults,we
note that we are solving the power optimization problemfor

de ned over the convex set is called

theinequality

Thefunction
convex if and

holds.



both single and doubletransmitantennawirelesssystems.In
the caseof a doubletransmitantennasystem,we assumehat
two signalsaretransmittedsimultaneouslhfrom the two trans-
mit antennasat eachtime slot using STBCsof [1] and[19].
In addition, we assumethat the slow fading wirelesschannel
characterizedby a Rayleighdistribution is quasi-statiand at
implying thatthe pathgainsareconstanbver a framebut vary
independentlfrom oneframeto another

Our experimentssimulatea wirelesservironmentin which
differentuplink, downlink, and mobile-to-mobiletransmission
scenariosare possible. However consideringthe power lim-
itation of mobile nodes,the scenariosof interestare uplink
(mobile-to-basepndmobile-to-mobiletransmissionsAssum-
ing a mobile nodemay containoneor two transmit/receie an-
tennas,we investigatedifferent combinationsof one or two
transmit antennaswith one or two receve antennas. More
speci cally, we considerfour transmissiorscenarios(1) asin-
gletransmitsinglereceve (ST/SR)antennaystem(2) asingle
transmitdoublereceve (ST/DR) antennasystem,(3) a double
transmitsinglereceve (DT/SR)antennaystemand(4) adou-
ble transmitdoublereceve (DT/DR) antennasystem.

When utilizing the Gauss-Markv sourceof SectionlV.A,
we reportour resultsfor indicatinga highly correlated
sourcewith a behaior closeto a videosourceand/ora speech
source. Our experimentsfor the H.263 video sourceencoder
of SectionlV.B spanover sourcecodingparametesettingsas-
sociatedwith the sequence€ontainership.qcifForeman.qcif,
MotherDaughtenqcif, News.qcif, and Silent\bice.qcif. How-
ever, we only reporttheresultsfor Containership.qciindFore-
man.qcif.In addition,we selecthe scalingfactors as

representingransmissionsystemsusing hardware
codingimplementation.

Despitethe fact that our experimentationset up is fairly
closeto that of [13], we do not directly compareour results
of utilizing the video sourceencoderof SectionlV.B with the
resultsreportedthere. This is becauseour model relies on
the more generalGilbert-Elliott model ratherthanthe Gilbert
model of [16] and [13]. Furthermore,our model relatesthe
averagereceied signal to noise ratio to a Rayleigh distri-
bution rather than the distance. We believe that our model
is more suitablefor wirelesschannelsdue to the considera-
tions of the fading effects. Instead,we comparethe results
of utilizing ST/SR,DT/SR, ST/DR, and DT/DR antennasys-
temsin a Rayleighfading channelunderboth Bernoulli and
Gilbert-Elliot loss models. We also note that when the loss
behavior of the channelis characterizedby the Gilbert-Elliott
model, we set to distinguishbetween
the GOOD stateand the BAD state. In the latter case,the
parameter®f the model are setto in-
dicating an averageburst length Set-
ting a block length of symbolsfor the RS coder
with BPSKandQPSKmodulationswe allow theH.263video
sourcecoding variable  and channelcoding variable to
assumevaluesfrom the discretesets
and

, respectiely. For agivenbit rate  of up
to indicatingthe achievablebit rate of the 3G wire-
lessstandardwe plot the optimal power valuesobtainedfor

maximumacceptablalistortionmeasuresWe mapthe distor
tion measure to peaksignalto noiseratio measure
as —— whencomparingdifferentcombina-
tionsof transmitandreceve antennasogether
Utilizing the Gauss-Markv sourceof SectionIV.A., Fig.
3 plots the optimal valuesof , the total power for the
BPSK modulationschemeversusthe peaksignalto noisera-
tio . We notethat metricis usedinsteadof the
more meaningfuldistortionmetricin orderto provide consis-
tengy with the plotsof the videosequenceprovidednext. The
resultshave beenobtainedfor normalizedvaluesof ,
., andachannellosscharacterizedby the Bernoulli
model. Fig. 4 plots similar curvesfor normalizedvaluesof

i Channel: Gauss-Markov Sequence: RO=64kbps
T T T

Optimal Pow
~
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PSNR (dB)

Fig. 3. BPSK plot of optimal pover versuspeaksignalto noiseratio for

single/doubldransmit/receile antennasystems.A Gauss-Mar&v sourcewith
parameter andthe Bernoullilossmodelhave beenconsidered.

, , , , andachannellosscharacterizedby the
Gilbert-Elliott model.

Gilbert-Elliott Channel: Gauss-Markov Sequence: R0=64kbps
T T T

Optimal Power (log)

1 1
18 20 22 24
PSNR (dB)

Fig. 4. BPSK plot of optimal power versuspeaksignalto noiseratio for
single/doubldgransmit/receie antennasystems A Gauss-Markv sourcewith
parameter andthe Gilbert-Elliott lossmodelhave beenconsidered.

Utilizing Containershind Foremanvideo sequencesrig.
5 andFig. 6 respectiely plot the optimal valuesof the total
powerfor the QPSKmodulationschemeversushe peaksignal
to noiseratio. Theresultshave beenobtainedfor normalized
valuesof , anda channelosscharacterizedby the
Bernoulli model. Fig. 7 andFig. 8 plot similar curves for

normalizedvaluesof , , , anda channellosschar
acterizedby the Gilbert-Elliott model.




Bernoulli Channel: Conatiner: smp Video Sequence: RO=128kbps
235 : T
—&- ST/SR Antenna QPSK
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Fig.5. QPSKpilot of optimal power versuspeaksignalto noiseratio for sin-
gle/doubletransmit/receie antennasystems.Containership.qcif/ideo source
andthe Bernoullilossmodelhave beenconsidered.

Bernoulli Channel: Foreman Video sequence RO=256kbps

o ST/SR Antenna QPSK
— DT/SR Antenna QPSK
—E- ST/DR Antenna QPSK
-~ DT/DR Antenna QPSK
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Fig. 6. QPSKplot of optimal power versuspeaksignal to noiseratio for
single/doubldransmit/receie antennasystemsForeman.qcif/ideosourceand
theBernoullilossmodelhave beenconsidered.

The most striking obsenation when comparingthe results
of the gures is the fact that the optimal power of a DT/DR
antennasystemis consistentlyyjowerthanthatof therest.In ad-
dition, the optimalpower of an ST/SRantennasystenis higher
thanthatof therest. Comparingheoptimalpowerof anST/DR
antennasystemwith thatof a DT/SR antennasystem,we ob-
sene thatthe formerintroducesa lower optimal power. Con-
sideringthe fact that the diversity gain is in the order of the
productof thetransmitandthereceie antennashoth schemes
achieveadiversitygainof ordertwo. Howeverrecallingthedis-
cussionof Sectionlll.A, we notethatfrom the signalto noise
ratiostandpointhepoweref ciency of thelatterschemesuffers
a3 dBlosscomparedo thatof theformerschemédor thesame
transmissiorpower. This justi es the lower optimal power of
anST/DRantennaystencomparedo thatof aDT/SRantenna
system.

In addition, the following commentsarein order First, we
obsene thatplotting the optimal valuesof power versus
the valuesof available bit rate  for a x ed quality of ser
vice or yieldssimilarqualitatve resultsasthe ones
shavn in the abore gures, i.e., the optimal power curvesare
non-decreasindunctionsof the available bit rates How-
ever, we have obsenedthatthe impactof increasinghe value
of  for agiven on the overall optimal pawer is not
assigni cant asthe impactof increasingthe value of

Gilbert-Elliott Channel: Conatinership Video Sequence: R0=128kbps
T
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Fig. 7. QPSKpilot of optimal power versuspeaksignalto noiseratio for sin-
gle/doubletransmit/receie antennasystems.Containership.qcif/ideo source
andthe Gilbert-Elliott lossmodelhave beenconsidered.

Gilbert-Elliott Channel: Foreman Video Sequence: R0=256kbps.
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Fig. 8. QPSKplot of optimal power versuspeaksignalto noiseratio for
single/doubldransmit/receie antennaystemsForeman.qcif/ideosourceand
the Gilbert-Elliott lossmodelhave beenconsidered.

for a given In otherwords, the four curvesillustratedin
different gures are closerto eachother Second,comparing
theresultsof Containership.qgcifvith thoseof Foreman.qcifyve
obsenresimilar qualitatve behaiorswith higheroptimalpower
valuesin the caseof the secondsequenceTheresultsare ex-
pectedconsideringthe higher motion of the secondsequence
comparedo the rst. Third, we have conductedanotherset
of experimentdor a channellosscharacterizedby the Gilbert-
Elliott modelandan averageburstlengthof
Althoughnotshavnin the gures, our ndings exh|b|ta5|m|Iar
qualitatve behaior andareconsistentvith thereportedresults
of this section. Fourth, we obsene a similar qualitatve be-
havior regardlesf utilizing BPSKor QPSK.Finally, we note
that the choiceof scalingfactorsin our reportedexperiments
indicatesascenarian which sourceandchannektodersareim-
plementedn hardware.Theresultsof softwareimplementation
aresimilarandarenotreportechere.

At the end of this section,we studythe distribution of the
power componentsFig. 9 shavs a sampleplot of the optimal
powercomponentsf sourcecoding , channetoding ,and
transmission alongwith the total optimal power for
an ST/SRantennasystem. We provide a setof obsenations
thatarebasedon Fig. 9 andsimilar gures not shovn herefor
DT/SR,ST/DR,andDT/DR antennasystems.The rst impor-
tantobsenationis thatthe allocationof power is qualitatively



ST/SR: Bernoulli Channel: Foreman Video Sequence: R0=256kbps
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Fig. 9. Total optimal power andits allocationamongsourcecoding, chan-
nel coding,andtransmission.An ST/SRantennasystem,QPSKmodulation,
Foreman.qcitiideosource andthe Bernoullilossmodelhave beenconsidered.

the samefor differentchoicesof video sourceschannelmod-
els,andnumberof transmit/receie antennasTheallocationof
sourcecoding power increaseery little while the allocation
of channekodingandtransmissiompowersincreasevith much
higher ratesfor higher QoS metrics. We have also obsered
that the distancebetweenthe curvesof and  remainthe
samefor differentchoicesof systemparameters.The second
obsenationis thatby increasinghe numberof transmitand/or
receize antennasheintersectiorpoint of the plotsof transmis-
sion and sourcecoding shifts to the right. This indicatesthat
lesspawer hasto beassignedo thetransmissiortomponentas
the resultof improving transmissioref ciency. The intersec-
tion point movesfrom theleft to theright for the combinations
ST/SR,DT/SR,ST/DR,andDT/DR antennasystems.

VIlI. CONCLUSIONS

In this paper we presentedsomesolutionsto the general
problemof power controlin wirelessmediasystemswith mul-
tiple antennasWe providedananalysisof theunderlyingwire-
lesssystemconsistingof transmitting,channel,andreceving
sides. Relying on our analysisresults,we formulatedan op-
timization problemaimedat minimizing the total power con-
sumptionof wirelessmediasystemssubjectto a given qual-
ity of servicelevel andan availablebit rate. Our formulation
consideredthe power consumptionrelatedto sourcecoding,

channelcoding,andtransmissiorof doubletransmitantennas.

While our sourcecoding analysisusedboth a Gauss-Markv
sourceand a video source,our channelcodinganalysisrelied
on aRayleighfadingchannellongwith the Bernoulli/Gilbert-
Elliott loss models. Finally, our transmissionanalysisused
space-timeblock codes. We evaluatedthe performanceof
our power optimized solution for both single/doubletrans-
mit/receve antennasystemsandobsenedthat utilizing a dou-
ble transmitdoublereceire antennaystemprovidedlowestop-
timal powervalues.Theoptimalpowervaluesof asingletrans-
mit doublereceie antennasystemwerethe next bestfollowed
by thoseof adoubletransmitsinglereceve antennaystemand
asingletransmitsinglereceve antennaystem.

We arecurrentlyworking ontheexpansiorof ourresultsinto
the layeredand replicatedmediascenariosas a generalcom-
bined framawork for distributing multimediacontentover the

10

wirelessbackbone.We are focusingon both codingand net-
working aspect®f theproblem.In addition,we aredeveloping
novel contentprocessinglgorithmscapableof providing video
summariestherebyfurtherreducingthe power consumptiorof
awirelesssystem.
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