
1

PowerOptimizationof WirelessMediaSystems
with Space-TimeBlock Codes

HomayounYouse�'zadeh HamidJafarkhani MehranMoshfeghi

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 consumptionof wir elessmedia systems
subject to a given level of QoS and an available bit rate. Our
formulation takes into consideration the power consumption re-
lated to source coding, channel coding, and transmission of mul-
tiple transmit antennas.In our study, we considerGauss-Markov
and videosourcemodels,Rayleigh fading channelsalong with the
Bernoulli/Gilbert-Elliott lossmodels,and space-timeblock codes.

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

I . INTRODUCTION

W IRELESSdevices are proliferating at a rapid rate.
Broadbandwirelesscoverageis extensive in many ar-

easandtherehasbeenanexponentialgrowth in theprocessing
power of embeddedprocessors.The emergenceof new wire-
lessstandardsis expectedto expeditethe delivery of the next
generationportablemultimediaservicessuchasdisasterrelief,
surveillance,andvideoconferencing.More frequentandlonger
useof portablemultimediaservicesis naturallyequivalent to
higher power consumptionof mobile devices. Added to this
thefactthatthebatterylife is growing farmoreslowly thanthe
processingpower in handhelddevices,thepower consumption
of suchdevices is requiredto be kept to a minimum level in
order to extend the lifetime of their limited power resources.
On the contrary, providing the desiredlevel of quality of ser-
vice (QoS) in the presenceof the fading effectsof multipath
wirelesschannelsnecessitateshigherconsumptionof power in
mobiledevices. Power optimizationis, therefore,very impor-
tantbecauseit extendsthelifetime of batteries.

Multiple antennasystemssubstantiallyreducethe effect of
multipathfading in the wirelesschannelsthroughantennadi-
versity. Antennadiversity hasbeenadoptedin WCDMA and
CDMA2000standards.It is alsobeingconsideredin many cur-
rentwirelessstandardefforts. A largepercentageof next gener-
ationmobiledevicessuchascellularphones,globalpositioning
systems(GPS),personaldigital assistants(PDA), andlaptops
will, therefore,employ multiple antennas.Hence,it is essen-
tial to considersystemsusingmultiple antennasin thestudyof
wirelessmediasystems.In what follows we provide a review
of theliteraturework.

In an early work, Lan et al. [12] solved an energy opti-
mization problemsubjectto QoS constraintsfor transmitting
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imagesacrossthe wirelessbackbone.However, they did not
considerthe time-varyingcharacteristicsof the wirelesschan-
nel in the analysisof channelcodingand transmission.Goel
et al. [7] solved anotherimagetransmissionenergy optimiza-
tion problemsubjectto distortionandrateconstraints.While
they appropriatelyconsideredhardwarespeci�c impactsin their
work, their analysislacked a considerationof channelcoding
andtransmissionwith respectto the time-varying characteris-
tics of the wirelesschannel. Havinga [8] consideredenergy
ef�ciency in channelcoding techniquesfor wirelesssystems
without consideringtheenergy of sourcecodingandtransmis-
sion. Stuhlmulleret al. [16] derived a rate-distortionmodel
for anH.263compliantcoderbasedon simulationdata.Their
modelcouldalsobe usedfor othercodecsthat rely on hybrid
motioncompensation.Appadwedulaet al. [4] formulatedand
solvedanenergyoptimizationproblemsubjectto statisticaldis-
tortion andrateconstraintsfor transmittingimagesover wire-
lesschannels.Theauthorsconsideredtransmission,source,and
channelcodingcomponentsin theformulationof theproblem.
Ji et al. [11] proposeda genericmotion estimationtechnique
that couldwell �t into H.263or MPEG-2sourcecodingstan-
dards.They usedanUnequalErrorProtection(UEP)technique
basedontheBernoulli lossmodelin conjunctionwith theReed-
Solomon(RS)channelcoding. Focusingon anuplink mobile-
to-basescenario,Lu etal. [13] solvedasimilarpoweroptimiza-
tion problemsubjectto theend-to-enddistortionof [16] relying
on H.263sourcecodingandRSchannelcodingin conjunction
with the Gilbert lossmodel. Preliminaryversionof this work
[10] analyticallysolveda similar problemundertheBernoulli
lossmodelwith an additionalrateconstraintwhile deploying
space-timeblock codes.We point out thatalthoughtheuseof
multipleantennascannotbeignoredastheresultof adoptionin
thenew wirelessstandards,noneof the literaturearticlescited
abovehaveconsidereddeploying multiple antennasin wireless
systems.Further, neitheroneof the literaturearticleshaspro-
videdananalysisof complexity whensolvingtheir formulated
optimizationproblem. Consideringthe real-timenatureof the
problem,we arguethatproviding a low complexity solutionto
apoweroptimizationproblemis important.

An outline of the remainingpartsof the paperfollows. In
SectionII, we expressour motivation and contributions. In
SectionIII, we provide ananalysisof thetransmissionandthe
channelcodingcomponentsof theunderlyingwirelesssystem.
In this section,we expressthe symbolerror rateasa function
of theaveragereceivedsignalto noiseratioandthelossmodel.
In SectionIV, we provideananalysisof thesourcecodingand
distortionfor the underlyingwirelesssystem.Startingfrom a
simpleGauss-Markov sourcemodel,we generalizeour analy-
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sis to a video sourceandobtainassociatedoverall distortions
for eachcase.In SectionV, we formulateandsolve our power
optimizationproblemsubjectto distortionandrateconstraints.
In SectionVI, wenumericallyvalidateourresults.Finally, Sec-
tion VII includesadiscussionof concludingremarksandfuture
work.

I I . MOTIVATION AND CONTRIBUTIONS

Thethemerepresentingthegoalof this paperis to studythe
end-to-endproblemof multimediatransmissionoverawireless
channelwith multiple transmit/receive antennas.We address
thetradeoff betweenthepower consumptionandthequality of
servicein wirelessmediasystems. Our goal is to minimize
the overall power consumptionfor a given quality of service
and a given bit rate. Fig. 1 illustratesthe generalmodel of
a communicationsystemusedto transmitmultimediacontent
acrossa wirelessbackbone.We notethat the modelmay use
oneor moretransmitand/orreceiveantennas.
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Fig. 1. An illustrationof themultipleantennacommunicationsystem.

Optimizingpower for transmittingmultimediacontentfrom
a mobile host requiresaddressingthe consumptiontradeoff
amongdifferentcomponentsof theunderlyingcommunication
system.The power consumedin a transmittingmobiledevice
is for themostpartassociatedwith sourcecoding,channelcod-
ing, andtransmission.Thepowerof sourcecodingandchannel
codingis typically afunctionof theunderlyingalgorithms.The
transmissionpowerdependsontheoverall transmissionbit rate
andthesymboltransmissionenergy. Intuitively, a higherQoS
anda higherbit rateresultin morepowerconsumption.In this
paper, the received signal distortion is usedas the metric of
measuringQoS. Signal distortion has two components.The
�rst componentis thedistortioncausedby sourcecodingcom-
pressionanddecompression.Thesecondcomponentis thedis-
tortion causedby having unrecoverablechannelcodingerrors.
Theavailablebit rateis dividedbetweenthesourcecodingin-
formationandthechannelcodingredundancy assignedfor error
recovery.

We independentlydescribeeachof thetermsinvolvedin the
formulationof ourpoweroptimizationproblemfollowedby the
formulationof theproblemitself. Wewill thenfocusonprovid-
ing ef�cient methodsof solving our problemandvalidateour
results.

At the end of this section,we point out speci�c contribu-
tionsof our work. Themaincontributionsof this paperarein
the following areas.First, we proposethe useof multiple an-
tennasystemsalongwith space-timeblockcodesin additionto
traditionalsingleantennasystems.Second,we considerthree

differentchannellossmodels,namelyBernoulli, Gilbert, and
Gilbert-Elliott models,to properlycapturethelossbehavior of
differenttransmissionchannels.While we rely on closedform
expressionsof the lossmodel in the �rst two cases,we usea
recursive expressionto describethe behavior of the last loss
model. Third relying on the analysisof multiple antennasys-
temsalongwith variouschannellossmodels,we formulatea
set of power optimizationproblemsaimedat minimizing the
combinedpower of sourcecoding,channelcoding,andtrans-
missionwhile consideringrateanddistortionconstraints.We
provide analyticalsolutionsto the optimizationproblemsuti-
lizing Bernoulli andGilbert lossmodelsanda numericalsolu-
tion to the optimizationproblemusingthe Gilbert-Elliott loss
model.

I I I . TRANSMISSION AND CHANNEL CODING ANALYSIS

Westartourdiscussionby providing ananalysisof thetrans-
missionsystemandthewirelessfadingchannel.

A. TransmissionandFadingChannelAnalysis
First,wefocusontheanalysisof thewirelessfadingchannel.

Werely on theso-calledRayleighmodelwith a fadingfactor �

to describethewirelesschannel.We notethattheoutputsignal
of suchachannel

���

canberelatedto its inputsignal
���

as
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���
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where



indicatesthenoisesignal. Further, we recall that for
a multipathslow fadingRayleighwirelesschannel,theperbit
averagereceivedsignalto noiseratio
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is expressedas
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where
�

denotesthe expectationoperator,
�

�

�

hasa Rayleigh
distribution, �

���"� is the transmissionenergy per symbol in-
terval, and


	 

is the one-sidedspectraldensityof the white
Gaussiannoise.Wenotethatwhile thetransmissionenergy per
symbolinterval is thesameasthetransmissionsymbolenergy
in thecaseof a onetransmitantennasystem,it is split in half
betweenthetwo symbolstransmittedateachsymbolinterval in
thecaseof a doubletransmitantennasystem.Nevertheless,we
notethat Equation(2) canbe properlyappliedto the casesof
bothsingleanddoubletransmitantennasystems.In ourdiscus-
sionbelow, weconsiderthefactthattheasymptoticbehavior of
thesymbolerrorratefor largevaluesof

�

��

canbedescribed
as #

���"�%$%&!'
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where &	' and &!- representcoding
gain and diversity gain, respectively. Next, assuminga slow
fadingRayleighchannelandutilization of theL-PSK modula-
tion scheme,we calculateclosedform expressionsdescribing
thesymbolerrorrateof amultiple transmitmultiple receivean-
tennasystem.Startingfrom Equation(9.15)of thework of Si-
monet al. [15] with thechoiceof .0/�102
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We notethatEquation(3) holdsundertheassumptionthat the
fadingis identicallydistributedwith thesamefadingparameter
and the same

� 

�

for all of the g channelsassociatedwith
the transmitandindividual receive antennas.Further, we note
thatdiversitygain is in theorderof theproductof thetransmit
andthe receive antennas.Hence,a singletransmit

?

receive
antennasystemhasa diversity gain of order

?

. The closed
form solutionto theintegralof (3) is expressedas
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g as ‘

�“’‚‡0”

�

g , theresultof Equation(4) for a singletrans-
mit single receive antennasystemwhere
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Similarly, theresultof Equation(4) for asingletransmitdouble
receiveantennasystemwhere
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. Weobservethatthesym-
bol errorrateof asingletransmitdoublereceiveantennasystem
is improvedcomparedto thatof asingletransmitsinglereceive
antennasystemdueto thereceive diversitygain. Next, we in-
vestigatethe symbol error rate for multiple transmitantenna
systems. We considerthe space-timeblock codes(STBCs)
of [1] and [19] as they have beenadoptedby WCDMA and
CDMA2000 wirelessstandards.We notethat STBCsachieve
themaximumdiversitygain.Recallingthatthediversitygainis
in theorderof theproductof thetransmitandthereceiveanten-
nas,we payattentionthata doubletransmitsinglereceive an-
tennasystemachievesthesamediversitygainasasingletrans-
mit doublereceive antennasystem. Under the assumptionof
a �x ed total amountof power available at the transmitter, in
eachsymbolinterval thepoweris split equallybetweenthetwo
antennasfor a doubletransmitsingle receive antennasystem.
On thecontrary, in thecaseof a singletransmitdoublereceive
antennasystemonly onesymbolis transmittedin eachsymbol
interval andthe total energy is allocatedto it. Therefore,tak-
ing into considerationthe resultsof [18], the ef�ciency of the
formerschemesuffersa3 dB losswith respectto thatof thelat-
ter schemefrom thestandpointof thecodinggain. Hence,by
replacing

�
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with 1SR›T

�

in Equation(6), onecanobtainthe
symbolerror rateof a doubletransmitsingle receive antenna
systemutilizing QPSKmodulationas
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of reasoning,onecanobtainthesymbolerror rateof a double
transmitdoublereceiveantennasystemby replacing
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with
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in QPSKresultsof asingletransmitquadreceiveantenna
systemas
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We alsonote that variousBPSK resultscanbe obtainedsim-
ilarly by setting g

� •

in Equation(4). We �nish this sec-
tion by noting that the per symbolaveragesignal to noisera-
tio
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�I�"� is relatedto the per bit averagesignal to noise
ratio
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B. LossandChannelCoderAnalysis

Having speci�ed the symbol error rate basedon the chan-
nelcharacteristics,weproposeutilizing aReed-Solomonchan-
nel coder
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symboler-
rors. In order to calculatethe error rate of a block utilizing
an
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8YÀÁCˆÂ

= coder, we considerthesingle-stateBernoulli, the
two-stateGilbert [6], andthetwo-stateGilbert-Elliott [3] error
models.We notethatwhile the�rst modelrepresentsa memo-
rylesschannel,theothertwo representchannelswith memory.
It is alsoimportantto notethat the secondmodel is a special
caseof thethird model.

The singlestateBernoulli model is the simplestmodelde-
scribingsymbollossin amemorylesschannel.In theBernoulli
model, one assumesthat the probabilitiesof loss amongdif-
ferentsymbolsaretemporallyindependent.Notingthefactthat
losingmorethanÊ

' symbolsfrom
À

transmittedsymbolsresults
in a block loss,theprobabilityof block loss,alsoknown asthe
residualsymbolerrorrate,for theBernoulli modelis givenby
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where#

���"� is thesymbolerrorrate.
As pointedout in many researcharticles,a multipath fad-

ing wirelesschanneltypically undergoesburstlossrepresenting
temporallycorrelatedloss. The two-stateGilbert loss model
provides an elegant mathematicalmodel to capturethe loss
behavior of ever-changingchannelconditions. In the Gilbert
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model,symbol loss is describedby a two-stateMarkov chain
asdescribedin Fig. 2. The �rst state & known astheGOOD
staterepresentsthelossof asymbolwith probability #

*

�

°

or
nosymbollossatall while theotherstateÓ known astheBAD
staterepresentsthe lossof a symbolwith probability #‰Ô

� H

.
TheGOODstatealsointroducesa probability Õ
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�×Ö

of stay-
ing in theGOODstateanda probability

H�J
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of transition-
ing to theBAD statewhile theBAD stateintroducesa proba-
bility Õ,Ô

�ÅØ

of stayingin the BAD stateanda probability
HÙJ

Õ�Ô of transitioningto the GOOD state. The parameters
Ö

and
Ø

canbetypically measuredfrom theobservedlossrate
andburst length. In [20], we studytemporallycorrelatedloss
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Fig. 2. Thetwo-stateGilbert lossmodelwith thestatetransitionprobabilities
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behavior of IP packetnetworksemploying thetwo-stateGilbert
lossmodel. In that article, we show that for the Gilbert loss
model,theclosedform expressionfor theprobabilityof receiv-
ing exactly
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The probability of receiving exactly
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for
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The initial conditionsfor Equation(11) andEquation(12) are

expressedbelow.
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While our model is of specialinterestfrom the standpointof
providing an analyticallower-complexity solution to a power
optimizationproblemsuchastheoneproposedin [13], wetake
a stepfurther in this studyby utilizing the Gilbert-Elliott loss
modelto bestdescribethe lossbehavior of a wirelesschannel.
We notethat the two-stateGilbert-Elliott lossmodelis a gen-
eralizationof the two-stateGilbert lossmodelwith non-trivial
symbol losserror probabilities #

*

and # Ô where #

*Eìíì

# Ô .
In [9], we provide effective waysof measuringtheparameters
of theGilbert-Elliott lossmodel. Further, thework of [17] de-
scribeshow differentmethodsof capturingmemoryin analog
communicationchannelssuchas Doppler's shift in Rayleigh
fadingor Jake's fadingmodelcanberelatedto capturingmem-
ory in digital communicationchannelssuch as the Gilbert-
Elliott model.For theGilbert-Elliott lossmodel,theprobability
of receiving exactly

Â

symbolsfrom
À

transmittedsymbolsis
still describedby Equation(10). However, therecursiveproba-
bilities of receiving exactly

Â

symbolsfrom
À

transmittedsym-
bolsandwinding up in theGOODstateandtheBAD stateare
respectively givenby
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and
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for
À4ç�Âcñ

°

andtheinitial conditions
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Utilizing Equation(10)alongwith Equation(14)andEquation
(15)for theGilbert-Elliott model,theprobabilityof ablockloss
is givenby
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Æ
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Ä

w

Æ

(

Ð

É

Õ

8YÀÁCˆÂ

= (17)

It is also important to note that using the two-stateGilbert-
Elliott model calls for changingEquation(2) in order to dis-
tinguishbetweenthesymbolerrorratesof theGOODstateand
theBAD state.Assuming

�>�•�

�

*

�

�

�

denotestheexpectationof
thesquareof theenvelopein theGOODstate,theaveragere-
ceivedsignalto noiseratioof theGOODstateis expressedas

�

��

*

�—�����

�

*

�
�

���
�I�"�


! (18)



5

Similarly, theaveragereceivedsignalto noiseratioof theBAD
stateis expressedas

� 

�

Ô

�—�>�•�

�

Ô

� �"� � �����


! (19)

where
�>�•�

�

*

�

�

� ñíñ �����

�

Ô

�

�

�

andtheotherparametersarethe
sameasin Equation(2).

IV. SOURCE CODING AND DISTORTION ANALYSIS

In this section,we focuson thesourcecodingandthedistor-
tion analysis.In orderto validateourmodel,we�rst providean
analysisof distortionutilizing a Gauss-Markov sourcemodel
andthencontinuewith anexperimentalvideosourcemodel.

A. Analysisof Distortion basedon the Gauss-Markov Source
Model

In this subsection,we provide an analysisof the distortion
utilizing theso-calledGauss-Markov model. We notethat the
analysisof thissectionis providedasaproofof concept.In the
next section,we provideananalysisfor a morerealisticmodel
usinganexperimentalH.263videosourcecodingmodel.

For thesourcecodinganalysisof this section,we usea �rst
orderGauss-Markov sourcewith a varianceó

�

ô

�

anda correla-
tion coef�cient õ . As describedin [5], utilizing sucha model
for a transformcoderintroducesan operationaldistortion-rate
functionin theform of

ö
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8
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T
Ç (20)

where ù is theblock lengthof the transformcoder,
p

is a con-
stantdependingon thequantizerusedfor thetransformcoef�-
cients,and

�

� is de�ned in theprevioussection.We notethat
theGauss-Markov modelof Equation(20) is reducedto a pure
Gaussiansourcemodelby setting õ

�

°

. Hence,the follow-
ing discussionis alsoappliedto a pureGaussiansource. For
a Gauss-Markov sourceany symbol associatedwith an unre-
coveredblock at the channelcoderis bestrepresentedby the
Gaussianmean.Sucharepresentationresultsin anaveragedis-
tortion of ó

�

ô

�

. Consequently, theoverall distortionat thede-
coderis calculatedby takingtheaverageof block recoveryand
block lossdistortionsmultiplied by their associatedprobabili-
ties. Assuminga block lossprobabilityof

Î

8YÀÁC
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'

= , theoverall
distortion
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Ð
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ÐBú]û is calculatedas
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(21)

Again, we notethat theprobabilityof a block losscanbe cal-
culatedfrom Equation(9) and(17) in thecaseof utilizing the
Bernoulli lossmodelandtheGilbert(or theGilbert-Elliott) loss
model,respectively.

B. Analysisof Distortion basedon An ExperimentalH.263
VideoSourceModel

In this subsection,we provide an analysisof distortionuti-
lizing a morerealisticH.263compliantsourcecoder. For the

sourcecoding analysisof this section,we rely on the exper-
imental resultsof Stuhlmulleret al. [16]. The experimental
distortion model of [16] consistsof two components

ö

� and
öýü

respectively imposedby thesourceencoderandthechannel
noise.ThemodelreliesonanINTRA updateschemeforcinga
macroblock(MB) to becodedin theINTRA-modeafterevery

þ

JîH

MBs andresultingin a sourceencoderdistortionof
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where
ÿ �

@

� is theINTRA rate,
�

� is theencodingbit ratein
Â æ����

, and
ö

� is thedistortionin termsof themeansquareerror
persourcesample.Themeasurementsof [16] alsosuggestthat
thedistortion-rateparameters

�

,
�  

, and
ö

 

dependlinearlyon
the percentageof INTRA codedmacroblocks

ÿ

asshown by
thefollowing equations.
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Themodelparameters
�

/ ,
	

�

/ ,
���

/ ,
	ý���

/ ,
ö

�

/ , and
	

ö

�

/

characterizethe coding of the input video sequencewith the
givenmotioncompensatedH.263encoderin baselinemode.It
is importantto notethat the parametershighly dependon the
spatialdetailandtheamountof motionin thesequence.

Reference[16] alsoproposesthat thevideocoderdistortion
causedby transmissionerrorsis expressedas
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(24)

whereleakage



describestheef�ciency of loop �ltering to re-
move the error and ó

�

�

 

describesthe sensitivity of the video
decoderto anincreasein errorrate. In addition,thetheproba-
bility of a block loss

Î

8BÀÁC

Ê

'

= canbecalculatedasdescribedin
theprevioussection.Theoverall distortion

ö

Ð

�

ÐBúˆû at thevideo
decoderis thencalculatedas
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(25)

V. POWER OPTIMIZATION

In this section,we focuson power optimizationof a mobile
device usedin a wirelessmediasystemwith space-timeblock
codes.Recallingthat theoverall power consumedin a mobile
device is associatedwith sourcecoding, channelcoding,and
transmission,we �rst introduceindividual termsexpressingthe
consumedpower of different components.We then proceed
with the formulation of the power optimizationproblemand
thesolutionto it.

A. PowerOptimizationFormulation

The �rst power consumptioncomponentof the underlying
wirelesssystemis thesourceencoder. We considerthepower
consumptionof thesourceencoderin thecaseof utilizing both
theGauss-Markov sourceof SectionIV.A andthevideosource
of SectionIV.B.
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Westartby consideringthepowerconsumptionof theGauss-
Markov sourceencoderof SectionIV.A. Consideringthe fact
that the encoderrateis the dominantfactorof the power con-
sumptionof a Gauss-Markov sourceencoder, we expressthe
power consumptionof sucha sourceencoderasa linear func-
tion of theencoderrate,i.e.,
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= (26)

where
�

û

� and
�

û

� arethelinearmodelconstants.
Next, we consider the power consumptionof the video

sourceencoderof SectionIV.B. Reference[13] proposesthe
following averagepower consumptionmodel for an H.263
coder
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where
�

� is the weighting factor introducedto allow for the
scalingof the modelbasedon the actualpower consumption
of a particularimplementation,&(' is the frame rate,




t

Ô is
the numberof macroblocksin a frame,and

þ

is describedin
SectionIV.B. Further �

�! 

� , �
" , and �

t%$

respectively de-
notetheenergy consumedby DCT, quantizationincluding the
energy consumedby variablelengthcoding(VLC), andmotion
estimation.Assuming
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(28)

Equation(27) canbeexpressedas
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where
�

� ,
æ

� ,
�

� aredescribedin termsof theenergy consump-
tions of different sourcecoding components,

ÿ

is again the
sourcecoderINTRA rate, and

�

� againindicatesthe source
coding bit rate. The authorsof [13] con�rm that the mea-
suredpower consumptionsfor encodingthe sequencesCon-
tainership.qcif,Foreman.qcif,MotherDaughter.qcif,News.qcif,
andSilentVoice.qcif with an H.263 encoder�t the modelpa-
rametersof Equation(29) quite accurately. We note that the
consistency of themodelsof Equation(29)andEquation(26) is
veri�ed by notingthatwhenthereis nomotionestimation,i.e.,
all of themacroblock arecodedin INTRA-modewith

ÿ
�

H

,
Equation(29) is reducedto Equation(26).

Thesecondpowerconsumptioncomponentof theunderlying
wirelesssystemis thechannelcoder. Reference[4] modelsper
bit energy consumptionof a Reed-Solomon

�
�

8YÀÁCˆÂ

= encoder
as
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where
�

' is a scalingfactor and ‘ is the numberof bits per
symbol.

Finally, the third power consumptioncomponentof the un-
derlyingwirelesssystemis thetransmitter. Thetotal transmis-
sionpower is givenby
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where
�

Ð is a scalingfactorthatmapsthe radiatedenergy into
the actualtransmissionpower of a wirelessdevice. We note
thattherelative choiceof theparameters

�

� ,
�

' , and
�

Ð with re-
spectto eachothercanidentify whethertheunderlyingcoding
techniquesrely on hardwareor softwareimplementation.Us-
ing theexisting technologies,

�

� is abouttwo ordersof magni-
tudesgreaterthan

�

' for bothhardwareandsoftwareimplemen-
tations.However,

�

� and
�

Ð arein thesameorderof magnitude
for a hardwareimplementationtechniquewhereasthe former
is an order of magnitudelarger than the latter for a software
implementationtechnique[13]. While we focuson a hardware
implementationtechniquein ourwork, investigatingasoftware
implementationtechniqueis alsostraightforward.

Having expressedall of thepowerconsumptioncomponents
as well as the distortion terms,we now formulateour power
optimizationproblemsubjectto distortionandrateconstraints
as

,
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In the rest of this section,we use the generalvideo source
modelof SectionIV.B, makingnoteof the fact that themodel
of Equation(29) can be reducedto that of Equation(26) by
setting

ÿ
�

H

andconsidering
�

û

�

�
�

�

J
æ

� and
�

û
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�4�

� .
We observe that for a single/multipletransmit/receive antenna
wirelesssystemutilizing the L-PSK modulationscheme,the
objective function andinequalityconstraintsof the above op-
timization problemcanbe expressedin termsof optimization
variables

ÿ

,
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� ,
�

' , and �
�I�"� aswell assomeconstants.The

following equationsillustratethematterin thecaseof a double
transmitsinglereceive wirelesssystem,theQPSKmodulation
scheme,theH.263sourceencodermodelof SectionIV.B, and
theBernoulli channel.First, thetotalpower is expressedas
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Next, thedistortiontermsareexpressedas
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Finally, thesymbolerrorratetermis expressedas
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where
¢

�“�

���I�"�

¤
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P

�

. Thederivationof theequa-
tionsis similar for theL-PSK modulationrelyingonEquations
(29), (30),(31)alongwith (22), (23), (2), (4), (9), and(24).

B. PowerOptimizationSolutions

In this section, we provide a discussionof solvingtheopti-
mizationproblemformulatedby Equation(32) alongwith the
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constraintset(33)and(34). Againconsideringthegeneralform
of Equation(29),weusethevideosourcemodelof SectionIV.B
in thediscussionof this section.Further, we considertwo sce-
narios.

In the�rst scenario,weassumethatthecostfunctionandthe
constraintsof theoptimizationproblemcanall beexpressedin
closedform. Underthe assumptionof continuousdifferentia-
bility, this resultsin introducinganalyticalsolutions. Clearly,
thecaseof theBernoulli lossmodelandtheGilbert modelare
coveredunderthis scenario. Relying on the Lagrangianthe-
ory, we convert theproblemto an optimizationproblemwith-
outconstraints.We de�ne theLagrangianfunctionof Equation
(32)as
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wheretheparameters>
@

and >

� aretheLagrangemultipliersin
theLagrangianEquation(38). Theunconstrainedminimization
problemfor ?
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Conditions of Optimality: Constraint Quali�cations

We now investigatethe existenceof necessaryand suf�cient
optimality conditionsalso known asconstraintquali�cations.
For ourunconstrainedminimizationproblem
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theconstraintquali�cationsareexpressedin termsof Lagrange
multiplier theory [2]. They revolve around conditions un-
der which Lagrangemultiplier vectorssatisfyingthe follow-
ing conditionsare guaranteedto exist for a local minimum
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Constraintquali�cationsguaranteetheexistenceof uniqueLa-
grangemultipliers for a given local minimum ?

C

if the active
inequalityconstraintgradientsof (33) and(34) arelinearly in-
dependent[2].

We notethattheobjective function(32) de�ned overa com-
pactsubsetof O

}

is continuouslydifferentiableand the con-
straintgradientsof (33)and(34)arelinearlyindependent.Find-
ing thesolutionto theoptimizationproblemis, therefore,equiv-
alentto �nding thesolutionto theequationset(41) specifying
optimizationvariables

ÿ

,
�

� ,
�

' , and ������� .

Further, it is importantto observe that the formulatedprob-
lem of (32) is subject to discreteconstraintsapplied to the
sourcecodingvariable

ÿ �

@

� andthechannelcodingvariable
Ã
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f

TÈÉ

. Solvingtheproblemof (32) is, hence,cate-
gorizedunderdiscreteconstraintoptimizationproblemswhich
canbe solved with the following approach.The approachis
to add extra discreteconstraintseffectively changingthe for-
mulationof the optimizationproblemfrom a NonLinearPro-
gramming(NLP) to a MixedIntegerNonLinearProgramming
(MINLP) in which the variables

ÿ

and
�

' can only take on
discretevalues. In this approach,oneselectsthebestsolution
amongthesetof solutionsto theproblemsobtainedfor different
discretevaluesof theoptimizationparameters[2].

In the secondscenario,we considerthe casesin which the
costfunctionand/orsomeof theoptimizationconstraintscan-
notbeexpressedin closedform. This is clearlyseenin thecase
of theGilbert-Elliott lossmodelin which thevideocoderdis-
tortion constraintof (24) cannotbeexpressedin a closedform.
Consideringthefact thatconstraints(33) and(34) areconvex1

, we proposedeploying theSequentialQuadraticProgramming
(SQP)technique.In SQPthenecessaryconditionsfor optimal-
ity arerepresentedby the Karush-Kuhn-Tucker (KKT) condi-
tions describedasthe collectionof Equation(41) andthe fol-
lowing relationships.
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A variantof thequasi-Newtonmethodcanthenbeusedto iter-
atively �nd thesolutionto theoptimizationproblem[14]. This
is equivalentto solvingaquadraticestimationof theproblemin
every iteration.

We end this sectionby providing an analysisof the com-
plexity for the two scenariosdescribedabove. Taking thedis-
creteconstraintsinto considerationandassuming

�

represents
thenumberof parametercombinations,thetime complexity of
solvingtheproblemof (41) for the�rst scenariois P

8
�

b

’�‡9”

b

=

where
b

indicatesthe degreeof (41). The complexity deter-
minesthe overall complexity of the solution consideringthe
factthattherestof thecalculationsarein alowertimecomplex-
ity order. Similarly, thetimecomplexity of solvingtheproblem
of (41) for thesecondscenariois P

8�Q
�

b

’�‡9”

b

= where
Q

indi-
catesthenumberof iterationsand

b

indicatesthedegreeof the
quadraticestimation.We have observedthatanaverageof ten
andnomorethantwentyiterationsarerequiredfor convergence
in thecaseof thesecondscenario.Thecomplexity resultsare,
therefore,quitegoodcomparedto otherrecursiveoptimization
approachessuchasdynamicprogrammingintroducinga time
complexity in theorderof P

8
�

b

�

= .

VI . NUMERICAL ANALYSIS

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

R
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both singleanddoubletransmitantennawirelesssystems.In
the caseof a doubletransmitantennasystem,we assumethat
two signalsaretransmittedsimultaneouslyfrom thetwo trans-
mit antennasat eachtime slot using STBCsof [1] and [19].
In addition,we assumethat the slow fadingwirelesschannel
characterizedby a Rayleighdistribution is quasi-staticand�at
implying thatthepathgainsareconstantovera framebut vary
independentlyfrom oneframeto another.

Our experimentssimulatea wirelessenvironmentin which
differentuplink, downlink, andmobile-to-mobiletransmission
scenariosare possible. However consideringthe power lim-
itation of mobile nodes,the scenariosof interestare uplink
(mobile-to-base)andmobile-to-mobiletransmissions.Assum-
ing a mobilenodemaycontainoneor two transmit/receivean-
tennas,we investigatedifferent combinationsof one or two
transmit antennaswith one or two receive antennas. More
speci�cally, we considerfour transmissionscenarios:(1) a sin-
gle transmitsinglereceive(ST/SR)antennasystem,(2) asingle
transmitdoublereceive (ST/DR)antennasystem,(3) a double
transmitsinglereceive (DT/SR)antennasystem,and(4) a dou-
ble transmitdoublereceive(DT/DR) antennasystem.

When utilizing the Gauss-Markov sourceof SectionIV.A,
we reportour resultsfor õ

�

°s² t

indicatinga highly correlated
sourcewith a behavior closeto a videosourceand/ora speech
source. Our experimentsfor the H.263 video sourceencoder
of SectionIV.B spanoversourcecodingparametersettingsas-
sociatedwith the sequencesContainership.qcif,Foreman.qcif,
MotherDaughter.qcif, News.qcif, and SilentVoice.qcif. How-
ever, weonly reporttheresultsfor Containership.qcifandFore-
man.qcif.In addition,weselectthescalingfactors

� �

�

C
�

'

C
�

Ð

�

as
�

H9C

°´² °

H9CFH
�

representingtransmissionsystemsusing hardware
codingimplementation.

Despite the fact that our experimentationset up is fairly
closeto that of [13], we do not directly compareour results
of utilizing thevideo sourceencoderof SectionIV.B with the
resultsreportedthere. This is becauseour model relies on
the moregeneralGilbert-Elliott model ratherthanthe Gilbert
model of [16] and [13]. Furthermore,our model relatesthe
averagereceived 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, andDT/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

�>�•�
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to distinguishbetween
the GOOD stateand the BAD state. In the latter case,the
parametersof the model
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dicating an averageburst length gUÔ
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ting a block length of
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symbolsfor the RS coder
with BPSKandQPSKmodulations,we allow theH.263video
sourcecoding variable

þ

and channelcoding variable
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, respectively. For a givenbit rate
�  

of up
to

•

³

µuw
æ��p�

indicatingthe achievablebit rateof the 3G wire-
lessstandard,we plot the optimal power valuesobtainedfor

maximumacceptabledistortionmeasures.We mapthedistor-
tion measure

ö

 

to peaksignalto noiseratio Õ

� 

�

measure
as Õ

� 

� � H

°!x�K

.

@

 �zy8y

[

�

»

whencomparingdifferentcombina-
tionsof transmitandreceiveantennastogether.

Utilizing the Gauss-Markov sourceof SectionIV.A., Fig.
3 plots the optimal valuesof Õ

Ð

�

ÐBúˆû , the total power for the
BPSK modulationschemeversusthe peaksignal to noisera-
tio Õ

� 

�

. We notethat Õ

� 

�

metric is usedinsteadof the
moremeaningfuldistortionmetric in orderto provide consis-
tency with theplotsof thevideosequencesprovidednext. The
resultshave beenobtainedfor normalizedvaluesof
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,
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, anda channellosscharacterizedby theBernoulli
model. Fig. 4 plots similar curves for normalizedvaluesof
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Bernoulli Channel: Gauss-Markov Sequence: R0=64kbps

ST/SR Antenna BPSK
DT/SR Antenna BPSK
ST/DR Antenna BPSK
DT/DR Antenna BPSK

Fig. 3. BPSK plot of optimal power versuspeaksignal to noiseratio for
single/doubletransmit/receive antennasystems.A Gauss-Markov sourcewith
parameter{

ß±ãH| }

andtheBernoulli lossmodelhave beenconsidered.
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Gilbert-Elliott Channel: Gauss-Markov Sequence: R0=64kbps

ST/SR Antenna BPSK
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DT/DR Antenna BPSK

Fig. 4. BPSK plot of optimal power versuspeaksignal to noiseratio for
single/doubletransmit/receive antennasystems.A Gauss-Markov sourcewith
parameter{

ß±ãH| }

andtheGilbert-Elliott lossmodelhavebeenconsidered.

Utilizing ContainershipandForemanvideo sequences,Fig.
5 andFig. 6 respectively plot the optimal valuesof the total
powerfor theQPSKmodulationschemeversusthepeaksignal
to noiseratio. The resultshave beenobtainedfor normalized
valuesof ó
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acterizedby theGilbert-Elliott model.
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Bernoulli Channel: Conatinership Video Sequence: R0=128kbps

ST/SR Antenna QPSK
DT/SR Antenna QPSK
ST/DR Antenna QPSK
DT/DR Antenna QPSK

Fig. 5. QPSKplot of optimalpower versuspeaksignalto noiseratio for sin-
gle/doubletransmit/receive antennasystems.Containership.qcifvideo source
andtheBernoulli lossmodelhave beenconsidered.
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Bernoulli Channel: Foreman Video Sequence: R0=256kbps

ST/SR Antenna QPSK
DT/SR Antenna QPSK
ST/DR Antenna QPSK
DT/DR Antenna QPSK

Fig. 6. QPSK plot of optimal power versuspeaksignal to noiseratio for
single/doubletransmit/receive antennasystems.Foreman.qcifvideosourceand
theBernoulli lossmodelhavebeenconsidered.

The most striking observation when comparingthe results
of the �gures is the fact that the optimal power of a DT/DR
antennasystemis consistentlylowerthanthatof therest.In ad-
dition, theoptimalpowerof anST/SRantennasystemis higher
thanthatof therest.Comparingtheoptimalpowerof anST/DR
antennasystemwith that of a DT/SR antennasystem,we ob-
serve that the former introducesa lower optimal power. Con-
sideringthe fact that the diversity gain is in the order of the
productof thetransmitandthereceive antennas,bothschemes
achieveadiversitygainof ordertwo. Howeverrecallingthedis-
cussionof SectionIII.A, we notethat from thesignalto noise
ratiostandpointthepoweref�ciency of thelatterschemesuffers
a3 dB losscomparedto thatof theformerschemefor thesame
transmissionpower. This justi�es the lower optimal power of
anST/DRantennasystemcomparedto thatof aDT/SRantenna
system.

In addition,the following commentsarein order. First, we
observe thatplotting theoptimalvaluesof power Õ

Ð

�

ÐBúˆû versus
the valuesof available bit rate

�  

for a �x ed quality of ser-
vice Õ

�


�

or
ö

 

yieldssimilarqualitativeresultsastheones
shown in the above �gures, i.e., the optimal power curvesare
non-decreasingfunctionsof the availablebit rates

�  

. How-
ever, we have observedthat the impactof increasingthevalue
of

�
 

for a given Õ

�


�

on the overall optimal power is not
assigni�cant asthe impactof increasingthe valueof Õ

�

��
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Gilbert-Elliott Channel: Conatinership Video Sequence: R0=128kbps

ST/SR Antenna QPSK
DT/SR Antenna QPSK
ST/DR Antenna QPSK
DT/DR Antenna QPSK

Fig. 7. QPSKplot of optimalpower versuspeaksignalto noiseratio for sin-
gle/doubletransmit/receive antennasystems.Containership.qcifvideo source
andtheGilbert-Elliott lossmodelhavebeenconsidered.
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Gilbert-Elliott Channel: Foreman Video Sequence: R0=256kbps

ST/SR Antenna QPSK
DT/SR Antenna QPSK
ST/DR Antenna QPSK
DT/DR Antenna QPSK

Fig. 8. QPSK plot of optimal power versuspeaksignal to noiseratio for
single/doubletransmit/receive antennasystems.Foreman.qcifvideosourceand
theGilbert-Elliott lossmodelhave beenconsidered.

for a given
�K 

. In otherwords, the four curvesillustratedin
different �gures arecloserto eachother. Second,comparing
theresultsof Containership.qcifwith thoseof Foreman.qcif,we
observesimilarqualitativebehaviorswith higheroptimalpower
valuesin thecaseof thesecondsequence.The resultsareex-
pectedconsideringthe highermotion of the secondsequence
comparedto the �rst. Third, we have conductedanotherset
of experimentsfor a channellosscharacterizedby theGilbert-
Elliott modelandanaverageburst lengthof g

Ô

�

@

@

(sé

�

·

•

.
Althoughnotshown in the�gures, our�ndings exhibit asimilar
qualitativebehavior andareconsistentwith thereportedresults
of this section. Fourth, we observe a similar qualitative be-
havior regardlessof utilizing BPSKor QPSK.Finally, we note
that the choiceof scalingfactorsin our reportedexperiments
indicatesascenarioin whichsourceandchannelcodersareim-
plementedin hardware.Theresultsof softwareimplementation
aresimilarandarenot reportedhere.

At the endof this section,we study the distribution of the
power components.Fig. 9 shows a sampleplot of theoptimal
powercomponentsof sourcecoding Õ

� , channelcoding Õ

' , and
transmissionÕ

Ð alongwith the total optimal power Õ

Ð

�

ÐBúˆû for
an ST/SRantennasystem. We provide a set of observations
thatarebasedon Fig. 9 andsimilar �gures not shown herefor
DT/SR,ST/DR,andDT/DR antennasystems.The�rst impor-
tantobservation is that the allocationof power is qualitatively
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Fig. 9. Total optimal power andits allocationamongsourcecoding,chan-
nel coding,andtransmission.An ST/SRantennasystem,QPSKmodulation,
Foreman.qcifvideosource,andtheBernoulli lossmodelhavebeenconsidered.

thesamefor differentchoicesof videosources,channelmod-
els,andnumberof transmit/receiveantennas.Theallocationof
sourcecodingpower increasesvery little while the allocation
of channelcodingandtransmissionpowersincreasewith much
higher ratesfor higher QoS metrics. We have also observed
that the distancebetweenthe curvesof Õ

Ð and Õ

' remainthe
samefor differentchoicesof systemparameters.The second
observationis thatby increasingthenumberof transmitand/or
receiveantennastheintersectionpoint of theplotsof transmis-
sion andsourcecodingshifts to the right. This indicatesthat
lesspowerhasto beassignedto thetransmissioncomponentas
the resultof improving transmissionef�ciency. The intersec-
tion point movesfrom theleft to theright for thecombinations
ST/SR,DT/SR,ST/DR,andDT/DR antennasystems.

VI I . CONCLUSIONS

In this paper, we presentedsomesolutionsto the general
problemof powercontrol in wirelessmediasystemswith mul-
tiple antennas.Weprovidedananalysisof theunderlyingwire-
lesssystemconsistingof transmitting,channel,andreceiving
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,andtransmissionof doubletransmitantennas.
While our sourcecodinganalysisusedboth a Gauss-Markov
sourceanda video source,our channelcodinganalysisrelied
ona Rayleighfadingchannelalongwith theBernoulli/Gilbert-
Elliott loss models. Finally, our transmissionanalysisused
space-timeblock codes. We evaluatedthe performanceof
our power optimized solution for both single/doubletrans-
mit/receive antennasystemsandobservedthatutilizing a dou-
bletransmitdoublereceiveantennasystemprovidedlowestop-
timal powervalues.Theoptimalpowervaluesof asingletrans-
mit doublereceiveantennasystemwerethenext bestfollowed
by thoseof adoubletransmitsinglereceiveantennasystemand
a singletransmitsinglereceiveantennasystem.

Wearecurrentlyworkingontheexpansionof ourresultsinto
the layeredandreplicatedmediascenariosasa generalcom-
binedframework for distributing multimediacontentover the

wirelessbackbone.We are focusingon both codingandnet-
workingaspectsof theproblem.In addition,wearedeveloping
novel contentprocessingalgorithmscapableof providingvideo
summaries,therebyfurtherreducingthepowerconsumptionof
awirelesssystem.
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