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ABSTRACT OFTHE DISSERTATION

ImageandVideoTransmissionoverNoisyChannels

by

XiaodongTian

Doctorof Philosophy in ElectricalEngineering

(CommunicationsTheoryandSystems)

Universityof California,SanDiego,2005

ProfessorKennethZeger, Chair

This thesisstudieshow to effectively transmitimages,video or generictypes

of sourcesover noisychannels.Source-channelcodingmethodssuchasrateallocation

betweensourceandchannelcodes,unequalerrorprotection,anderror-resilientsource

coding,areexplored.

First,weconsidertheproblemof progressiveimagecodingovernoisychannels.

Motivatedby turbocodingmethodswhereperformanceimproveswith blocklength,we

investigatetechniquesof optimally selectingboththechannelcodeblocklengthandthe

coderateto balancethetradeoff amongerrorprotection,sourcecodingrate,anddelay.

Next, we investigatetheproblemof imagecodingover packet losschannels.In

orderto improve error resiliency, our proposedschemecombinesmultiple description

quantization,entropy coding,anddatapartitioning.

Next, we considera cascademodelof a multiple descriptioncoderfollowedby

xiii



block channelfor transmissionover noisy channels. A high-rateanalysisshows the

optimizedcascademultiple descriptionschememayoutperformtheoptimizedcascade

singledescriptionschemeonly undercertainconditionssuchastime-varyingchannels

with channelstatesunknown to theencoder.

Next, wegeneralizeacombinedTrellis CodedQuantization/Modulation

(TCQ/TCM) schemeby puncturingthe componentTCQ and TCM coders,and then

optimizethe tradeoff betweensourcecodingandchannelcodingfor the given trellis.

Simulationresultsshow thatsignificantperformanceimprovementcanbeobtainedfor

theproposedschemeover thefixed-rateTCQ/TCM scheme.

Lastly, we considerthe problem of transmissionpower allocation for video

transmissionover a wirelesschannel.Assumingfixed-lengthpacketizationandadap-

tiveFEC,we proposesimpleoptimizationalgorithmsto allocatetransmissionpower to

videopacketsunderaveragetransmissionpower constraints,with or without thechan-

nel stateinformation(CSI)availableto thetransmitter. Simulationsresultsdemonstrate

theperformanceimprovementof theproposedschemesover theconventionalschemes.
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Chapter 1

Intr oduction

In this dissertation,we study the transmissionof images,video andgenerictypesof

sourcesover noisychannels,suchaswirelesscommunicationchannels.Channelcod-

ing is crucial for suchsystemsto achieve adequateperformance.Jointly designingthe

sourcecoderandthechannelcoder/transmitterhasbeenprovedto bebeneficialin many

cases.

1.1 Overview of Source-ChannelCoding

A typical communicationsystemconsistsof a systemencoder, a channel,anda system

decoder. As shown in Figure1.1,thesystemencodercanbebrokendown to asourceen-

coder, achannelencoder, anda modulator. Thesourceencoderreducestheredundancy

in thesourceto save transmissionbandwidthwhile convertingthesourceinto stringsof

codewordsasinput to thechannelencoder, thechannelencoderaddsusefulredundancy

to combatchannelerrors,and the modulatorconverts the codedbits into waveforms

suitablefor transmission.Thesystemdecodercanbebrokendown similarly.

A well-known theoremdueto Shannonstatesthatwith limitlesssourcecoding

1
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Encoder
Modulator

Demodulator
Source

Source

Channel

Decoder

Channel
Encoder

Channel

Decoder

Figure1.1: Diagramof aCommunicationSystem

dimensionandchannelcodingblocklength,optimalsourcecodingandchannelcoding

canbe consideredseparatelywithout lossof optimality. Theoptimal channelcoderis

designedto achieveapracticallyerror-freeperformanceat thechannelcapacity, andthe

optimalsourcecoderis designedto approachthesourcerate-distortionfunctionat the

givenbit-rate.

However, with practicalconstraintsondelayandcomplexity, theseparationthe-

oremno longerholds.In many practicalcommunicationsystemssuchaswirelessvideo

communicationsystems,jointly designingthesourcecoderandchannelcodercanim-

prove the systemperformancesignificantly. This approachis termed“joint source-

channelcoding”,or simply “source-channelcoding”.

Below we briefly discusssomesource-channelcodingmethodsandtheir appli-

cationsin imageandvideotransmission.

$ RateAllocation BetweenSourceCodingandChannelCoding

Considera tandemsystemwith a sourcecoderanda channelcoder, which may

be designedseparately. Given the transmissionrateconstraint,it is easyto see

that thereexists a tradeoff betweensourcecodingandchannelcoding in terms

of theend-to-enddistortion. If too muchrateis allocatedto channelcoding,the

errorprobabilityof channeldecodingmaybe low, but becausetheavailablerate

for sourcecodingis small, thedistortiondueto sourcecodingwill be large. On
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theotherhand,if too muchrateis allocatedto sourcecoding,thedistortiondue

to sourcecodingmaybesmall,but becausethereis no adequateerrorprotection,

thedistortiondueto channelerrorswill belarge.

This tradeoff betweensourceandchannelcodingis analyzedtheoreticallyin [38],

wheretheasymptotic(highrate)upperandlowerboundsonthechannelcoderate

thatminimizestheaveragedistortionof a vectorquantizerof fixedfinite dimen-

sionareestablished.It is shown thatgivena total transmissionrateconstraint,the

optimalchannelcoderateis lessthanthechannelcapacity.

As statedin [27], the optimal rateallocationbetweensourcecodesandchannel

codesis oneof themostimportantaspectsof any source-channelcodingdesigns.

Examplesof rateallocationbetweensourcecodesandchannelscodesin image

andvideocodingcanbefoundin [56, 9]. Ourwork in Chapter5 onageneralized

Trellis CodedQuantization/Modulationschemecan also be classifiedinto this

category.

$ Source-OptimizedChannelCoding

In source-optimizedchannelcoding,the sourcecodeis designedfor a noiseless

channel. A channelcodeis thendesignedfor this sourcecodeto minimize the

end-to-enddistortionfor thegivennoisychannel.While thereexist sourcecodes

suchasfixed-lengthcodesthatarerobustto channelerrors,variable-lengthcodes

(VLCs) are extremely sensitive to channelerrors. Careful packetizationor in-

sertionof synchronizationcodewordsmayimprove therobustnessof thesource-

channelcoder.

For example,theso-calledSet-Partitioning-In-Hierarchical-Trees(SPIHT)coder

is anefficientprogressiveimagecoder, i.e.,theimageis decodableat intermediate

bit-ratesandthedecodingqualityimprovesasmorebitsarereceived[66]. In [71],
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SPIHT-encodedimagesare protectedwith Forward-Error-Control (FEC) codes

over Binary SymmetricChannels(BSCs).TheSPIHTcodewaspartitionedinto

fixed-lengthblocks,followedbyachannelcoderconsistingof aconcatenationof a

Cyclic Redundancy Check(CRC)coderfor errordetectionandaRateCompatible

PuncturedConvolutional (RCPC)coderfor error correction. The channelcode

ratewasselectedempiricallybasedon thechannelconditionsuchthatpractically

nodistortiondueto channelnoisecouldbedetected.

Sincein practicesomesource-codedbitsareoftenmoresensitiveto channelerrors

thanothers,theerrorprotectioncanbeappliedin anunequalfashionbasedonthe

importanceof the informationto provide improvedefficiency andsomegraceful

degradation.Examplesof unequalerror protection(UEP) for imagecodingcan

be found in [54, 61]. Our work in Chapter2 on progressive imagecodingalso

falls into this category, wherestrongerFECwasusedat earlierpartof thecoded

imagesincethesourcebitstreamis only decodableup to thefirst error.

For videocoding,UEPcanbeappliedto thelayersof a scalablevideobitstream.

The breakupof a frame into subsetsof varying quality lendsitself naturally to

employing a UEP scheme,in which the baselayer is betterprotectedthan the

enhancedlayers.Examplesof thisapproachcanbefoundin [45,46]. Ourwork in

Chapter6,wheretransmissionpoweris allocatedto asinglelayerof videopackets

accordingto their errorsensitivity, canalsobeclassifiedinto this category.

$ Channel-OptimizedSourceCoding

In channel-optimizedsourcecoding,redundancy in sourcecoding is utilized to

make sourcecodedsymbolsrobust to channelerrors.For example,vectorquan-

tizers(VQs)canbemaderobustto channelerrorsby carefullydesigningtheindex

assignmentthat mapssourcecodewords to binary indices[86]. Without modi-
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fying the VQ codewords,properindex assignmentmakessurethat likely chan-

nel errorscauserelatively small increasein distortion. Anotherexampleis the

channel-optimizedvectorquantizer(COVQ), wheretheencodingregions(source

encoder)andthecodewords(sourcedecoder)areiteratively optimizedfor agiven

channelcrossover probability [21]. SinceVQs arefixed-lengthcodes,they are

morerobustto channelerrorsthanVLCs.

Channel-optimizedsourcecodeshave alsobeendevelopedfor VLCs. For exam-

ple,in [63] anerror-resiliententropy codeis designedfor transmittingvideosover

noisy channels.A classof reversiblevariablelengthcodesis describedin [81].

The basicideahereis that after a lossof synchronizationdueto a channelde-

codingerror, thedecoderwill determineanappropriatecodeword boundaryand

decodein thereversedirectionto recover thebits in between.

Multiple DescriptionCoding(MDC) canbeconsideredasaspecialcaseof channel-

optimizedsourcecodingthatmatchesthesourcecoderto a packet (description)

losschannel. Multiple descriptionsare generatedfor a sourcewith correlation

betweenthedescriptions.Thegoalof MDC is to achievesomeacceptablequality

if only a subsetof the descriptionis received, andan improved quality if more

descriptionsarereceived.An exampleof MDC basedimagecodingcanbefound

in [68]. In Chapter3, we will alsoemploy a similar approachfor robust image

codingoverpacket losschannels.

$ Jointly-OptimizedSource-ChannelCoding

Jointlyoptimizingasourcecodeandachannelcodeis oftendifficult. In practice,

source-optimizedchannelcodingcanoftenbecombinedwith channel-optimized

sourcecoding using an iterative design,which is a locally optimal technique.

An exampleof this approachis [27], whereCOVQ andRCPCcodeswereitera-
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tivelyoptimized,with theadditionof optimalbit allocation.An iterativedecoding

schemeof VLCs andchannelcodeswasgivenin [31].

Our work in Chapter4, wherethe channelcoderate � andmultiple description

redundancy parameter� are jointly optimizedin a cascademodelof a multiple

descriptioncoderfollowedby blockchannelcoders,alsofalls into this category.

Sofar we have assumedthattheencoderhasaccurateknowledgeof thecurrent

channelstateinformation (CSI) so that the source-channelcodercan usethis infor-

mationto improve the end-to-endperformance.For a fixed channel,the channelgain

informationcanbe consideredasa specialcaseof theCSI. However, in practicalsys-

tems,thechannelmaybeunknown to theencoderor theCSIknown to theencodermay

be inaccuratedueto the time-varyingnatureof thechannelor inaccuratechannelesti-

mation. Somediscussionson thesource-channelcodingstrategiesin this scenariocan

befoundin [19, 24,39].

It is worthy of mentioningthatmethodsthat improve thechannelperformance,

suchasdiversityreception,channelequalization,andspace-timecoding,canbedirectly

usedwith source-channelcoding;they changethechanneltransitionprobabilitiesused

by thesource-channelcoder.

1.2 Outline of This Dissertation

Thisdissertationpresentsourwork in severalaspectsof source-channelcoding/transmission

overnoisychannels,includingthatof images,videoandgenericsources.

In Chapter2, we study the problemof progressive imagecoding over noisy

channels.If decodingat multiple ratesis not important,thenusing long blocklength

channelcodesprovides the bestperformancein many cases,asshown in the caseof

turbo codingwhereperformanceimproveswith blocklength. Onepenaltyassociated
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with long blocklengthcodesis increaseddecodingcomplexity. For progressivecoding,

thereis theadditionalpenaltyof decodingdelay. In orderto balancethetradeoff among

errorprotection,sourcecodingrate,anddelay, we investigatetechniquesof optimally

selectingboththechannelcodeblocklengthandcoderate.Weproposeageneralperfor-

mancemeasurefor evaluatingprogressive transmissionandusedynamicprogramming

to determinethechannelcodeparametersbasedon the progressive performance.Per-

formanceresultsareprovided for packet erasurechannelsandbit error channels,and

areshown to outperformconventionalmethodswherefixednumberof informationbits

areusedin eachcodeword.

In Chapter3, wedesignamultipledescriptionbasedimagecodingschemeover

packet losschannels.In order to improve the error resiliency of imagesover varying

packet loss channels,multiple descriptioncoding is combinedwith datapartitioning

andentropy codingin ourscheme,andamultidimensionalextensionof thetwo-channel

multiple descriptionscalarquantizer(MDSQ) is proposed.In addition,theSPIHTim-

agecoderis employedfor efficient entropy codingof multiple descriptionimages.The

performanceof ourproposedschemedegradesgracefullyaschannelconditionsworsen.

Experimentally, with % descriptions,thenew coderoutperformspreviousreportsat any

lossrate.

In Chapter4, we investigatea cascademodelof a multiple descriptioncoder

followedby block channelcodersfor source-channelcodingof Gaussiansourcesover

noisychannels.Traditionallymultipledescriptioncoding(MDC) is designedfor packet

losschannels.Our motivationhereis to applyMDC to noisychannelssuchaswireless

channelswhereFECcodesneedto beusedto achieve adequateperformance.We con-

duct a high-resolutionanalysisto minimize a distortionupperboundover the channel

coderate � andmultiple description(MD) redundancy parameter� . Analytic results

show thatfor time-invariantchannels,in mostchannelconditions,theoptimizedsingle



8

description(SD)schemeoutperformstheoptimizedMD scheme;whenthechannelsare

time-varyingandthechannelstatesareunknown to theencoder, theMD schememay

outperformthe SD scheme.This result is useful for determiningwhethera multiple

descriptioncoderasopposedto asingledescriptioncodershouldbeusedin conjunction

with channelcoding.

In Chapter5, we study a joint source-channelcoding/modulationmethod. In

particular, we develop a generalizedTrellis-CodedQuantization/Modulationscheme,

which is alow-complexity source-channelcodingschemethattakesmodulationinto ac-

count.Oneof ourmotivationsis to enforceproperrateallocationin theschemeto match

it with thegivenchannel,which, asdiscussedearlierin this chapter, is very important

for achieving low end-to-enddistortionby source-channelcoders.Anothermotivation

is to make useof the duality betweensourcecodingandchannelcoding,which is an

under-utilized conceptin obtainingsourcecodingmethods.By combiningtheseideas

andusingtheflexibility of rateallocationofferedby a puncturingmechanism,we de-

signa new source-channelcodingmethodachieving largeperformancegainsat modest

increaseof complexity.

In Chapter6,weconsidertheproblemof transmissionpowerallocationfor video

transmissionover a wirelesschannel.Reducingthetransmissionpower will reducethe

interferencebetweenuserssharinga wirelesschannel,andmayextendbatterylife in a

mobiledevice. Previouswork in this areaassumedsourcecodingonly without theuse

of channelcoding,or assumedpowerallocationontheframelevel insteadof thepacket

level,or requiredfutureCSIfor powerallocation.Undertheassumptionsof usingfixed-

lengthpacketizationandadaptiveforwarderrorcontrol(FEC),weproposesimplepower

allocationalgorithmsto allocatingtransmissionpowerto videopackets,with thegoalof

minimizing theamountof distortionin the reconstructedvideosequencegivencertain

channelbandwidthandaveragetransmissionpowerconstraints.Dependingon whether
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the CSI is known at the transmitteror not, two scenariosareconsidered.In addition

to numericalalgorithms,closed-formexpressionsarealsopresentedto characterizethe

roles of the sourceerror sensitivity and the CSI in optimally allocatingtransmission

power. Simulationsareconductedfor a time-correlatedRayleighfadingchannel,and

resultsdemonstratetheperformanceimprovementof theproposedalgorithmsover the

conventionalalgorithms.

1.3 Contrib utions of This Dissertation

Thecontributionsof this dissertationare:

1. A new generalperformancemeasurefor evaluatingprogressive imagetransmis-

sion systemsoperatingover noisy channels,anda dynamicprogrammingopti-

mizationalgorithmto optimizeboth block lengthandrateof channelcodesfor

progressive imagetransmission.

2. A new imagecodingschemethatcombinesmultipledescriptionquantization,en-

tropy coding,anddatapartitioningto improve theerrorresiliency of imagesover

varying packet losschannels,anda new methodof entropy codingof multiple

descriptionimages,usingtheSPIHTalgorithm.

3. An asymptoticanalysisof a cascademodelof a multiple descriptioncoderand

channelcodersshowing thatonly undercertainconditions,suchastime-varying

channelswith channelstatesunknown to theencoder, maytheoptimizedcascade

multipledescriptionschemeoutperformtheoptimizedcascadesingledescription

scheme.

4. A new sourcecodingscheme(PuncturedTrellisCodedQuantization)thatachieves

fractionalbit-ratesat low complexity, andanew source-channelcodingandmod-



10

ulationscheme(PuncturedTrellis CodedQuantization/Modulation)thatachieves

flexible rateallocationandsignificantperformancegainsat modestincreaseof

complexity.

5. A new powerallocationschemefor wirelessvideotransmissionthatincorporates

fixed-lengthpacketizationandadaptive channelcodingandallocatesthe trans-

missionpowerto videopackets,andnew closed-formformulascharacterizingthe

rolesof the sourceerror sensitivity and the CSI in optimal transmissionpower

allocation.



Chapter 2

ChannelCodeBlocklength and Rate

Optimization for Progressive Image

Transmission

2.1 Intr oduction

Systemscomposedof embeddedwavelet-basedimagecodersfollowedby channelcod-

ing result in someof the bestsystemscurrently known for transmittingimagesover

certainnoisy channels[71, 69, 11, 54]. Selectingthe properchannelcoderateis im-

portantso thatbits arenot wastedon unnecessaryredundancy, while keepingtheerror

probabilitysufficiently low. Adjusting theblocklengthcanfurther improve theperfor-

manceof certainchannelcodes.

It is known from information theory that long blocklengthscanachieve good

performanceat ratescloseto capacity, andmany known codesexhibit improved per-

formanceasthe blocklengthis increased.Examplesincludeturbo codes,low-density

parity check(LDPC) codes,andReed-Solomoncodeson erasurechannels.Theresults

11
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presentedin [54] for imagetransmissionon a packet erasurechanneldemonstratethat

excellentperformanceat a target transmissionratecanbe achievedby usingthemax-

imum possiblechannelcodeword blocklength.For anerasurerate � andchannelcode

rate �'& ��( � , a usefulupperboundon theblockerrorprobabilityis [26, p.531]

)+* �,��-.�/-102 3&4��576 �98�:<; 5�=1>?> @BA
where0 is theblocklengthand

	DC ���FEGE?HI J�K�MLGNPO C ���RQ!HI �ST� �9( �R �LGN!O C �U� �9( �R UQV� �9( HI U is

theinformationdivergence.Thisupperboundshowstheadvantageof longblocklengths

(i.e., large 0 ) for ratesbelow capacity.

If decodingatmultiple ratesis not important,thenusinglongblocklengthchan-

nel codesprovidesthe bestperformancein many cases.Onepenaltyassociatedwith

longblocklengthcodesis increaseddecodingcomplexity. For progressivecoding,there

is theadditionalpenaltyof decodingdelay. Sincethedecodertypically mustwait until

theentireblockhasbeenreceivedanddecodedbeforereliablesourcebits areavailable,

thedistortionvs. ratecurveflattensoutoverthedurationof ablocklengthanddecreases

only at theendof theblock. Theresultis that thecurve is staircaseshaped,wherethe

sizeof the stepsdependson the channelcodeblocklengthasillustratedin Figure2.1.

The tradeoff is that long blocklengthsimprove error protectionbut they alsodecrease

progressivity.

Previouswork [11, 49,3] hasconsideredmethodsof selectingthebestchannel

coderatefor imagetransmissionon noisy channels.A gradient-basedtechniquewas

usedin [3] to determinethebestrateallocationbetweensourceandchannelcodesfor

a giventransmissionrate. In [49], Lagrangianmethodswereusedto selectthechannel

coderateschedulefor fixed lengthinformationblocksto minimizedistortionat a final

targetrate.Althoughprogressivesourcecoderswereused,progressiveperformancewas
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not consideredin [49, 3].

In [11], optimizationwas alsoperformedfor a specifictransmissionrate, but

theoptimizationcriterionandrate-compatiblepropertiesof thechannelcodesallowed

optimaltransmissionat many lower rates.A dynamicprogrammingapproachwaspre-

sentedfor determiningchannelcoderateschedulesfor fixed-lengthinformationblocks

usingoptimizationcriteriabasedon MSE,PSNR,andnumberof availablesourcebits.

The optimizationbasedon numberof availablesourcebits wassuggestedasthe best

approachsinceit reducescomplexity, eliminatestheneedto transmittherateschedule,

andallows a singleratescheduleto incorporatetheoptimizedrateschedulesfor many
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lowertransmissionratesasprefixesby usingtherate-compatiblepropertiesof thecodes

considered.

Weextendthework in [11] to considertheoptimizationof blocklengthandchan-

nel coderate,andwe usea moregeneralperformancefunctionto characterizeprogres-

siveperformance.Specifically, this chapterincludesthefollowing contributions:

$ A generalperformancemeasureis presentedfor evaluationof progressive perfor-

mance;

$ A dynamicprogrammingsolutionis presentedfor optimizingblocklengthandrate;

$ Resultsfor a numberof error ratescompareoptimizationsbasedon PSNRand

optimizationsbasedon availablesourcebits with andwithout fixed information

block sizes;

$ Resultsfor Reed-Solomoncodesonerasurechannelsandfor severalcodesinclud-

ing turbocodesandLDPCcodesonbit errorchannels,demonstratetheimportance

of optimizingblocklengths.

2.2 A Performance Measure for Progressive Transmis-

sion

In orderto optimizethechannelcodeparameters,it is necessaryto defineaperformance

measurefor progressive transmission.In imagecoding,typically theexpectedMSE or

PSNRatatargettransmissionrateisused.Forprogressivecoding,thedesireisgenerally

to maximizetheexpectedperformanceatall ratesup to thetargettransmissionrate.We
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proposea family of performancemeasuresgivenby

W � XZYR[
\ ] �,^_ a`b�,^_ �cP^ (2.1)

whered�e is theterminaltransmissionrate,̀f�B^_ is theexpectedperformancefor agiven

channelat transmissionrate ^ , and ] �B^_ is a non-negative, real-valued“weighting

function” which allowsunequalemphasisfor differentrates.Theperformancefunction

`b�,^_ is large for goodperformancesandsmall for poor performances,in contrastto

the moretypical useof a “distortion” function. The performancemeasureW includes,

asa specialcase,theconventionalapproachof measuringperformanceat a singlerate

(or possiblya small setof rates),by usingimpulsefunctionsaspart of the weighting

function (e.g., ] �B^_ T� g7�,^ ( ��;a hSig��B^ ( � C  hSj�/�#� where g��B^_ is the Dirac delta

function).

PossibleperformancemeasuresincludetheexpectedMSE, expectedPSNR,or

numberof available sourcebits as noted in [11]. The PSNR-basedperformanceis

closelytied to imagequalitybut doesnotemphasizethelargedistortionsat low ratesas

muchastheMSE-basedperformance.Performancebasedon availablesourcebits as-

sumesall bits asequallyimportantbut it allows simplificationsin theoptimizationand

eliminatesoverheadinformation.In bothof thesecases,thegoal(assuming] �,^_ k� �
)

is to maximizetheareaunder `f�B^_ . If we define `b�,^_ � 	 ���l ( 	 �,^_ , where
	 �B^_ 

is the expectedMSE at rate ^ , thenthe goal is alsoto maximize W . In the context of

dynamicprogrammingalgorithmsdiscussedin thenext section,W is thereward.Figure

2.2showsexamplesof theseperformancemeasureswheretheshadedregion represents

theareacomputedby theintegralwith ] �,^_ k� �
.
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2.3 Optimization UsingDynamic Programming

The optimal scheduleof channelcodeparameterscan be determinedusing dynamic

programmingwherethegoalis to maximizetherewardbasedontheprogressiveperfor-

mancemeasure(i.e., W in (2.1)).Thenotationis basedon thatin [8].

Givena transmissionrateconstraintd�e , thegoalof theoptimizationproblemis

to determinethecodeschedule, mZ�on���0D;I-1pq;a I-r��0 C -1p C  s-#�#�#�t-u��0 
v:xw A -1p 
v:yw A  rz , sub-

ject to { 
v:yw A|~} ; 0 | &�d�e thatmaximizesW . Eachcomponentof thecodeschedulecon-

tainsa blocklengthparameter, 0 | , andan informationsizeparameter, p | . For a given

systemconsistingof sourcecoder, channelcoder, andchannel,eachcodeschedule,m ,

determinesanexpectedperformance-ratefunctionasin (2.1),denoted̀�wV�,^_ . Sincethe

transmitteddataconsistsof a sequenceof codewords,theoverall rewardwill bebased

on theincrementalrewardassociatedwith eachcodeword. Theincrementalrewardof a

codewordwith parameters��0 | -1p |  undercodeschedulem is givenby

�/wV��0 | -1p |  k� X��YR�
�Y7�~�!� ] �B^_ /��`�w��B^_ ( `�w����d | 5 ;U a acP^�S���`�wV���d |  ( `�w����d | 5 ;� U 

X YR[
�Y7� ] �B^_ acP^

(2.2)

where �d | ��{ |�a} ; 0 � is thenumberof transmittedbits up to andincludingcodeword � ,
and �d \h� � . Thefirst termof (2.2) is theincrementalrewardduringtransmissionof the

codeword while the secondterm is the accumulatedincrementalreward from the end

of the codeword to the target rate. The integralstypically simplify to sumsdueto the

discretenatureof the problem,andfor certainperformancemeasuressuchasthe one

basedon availablesourcebits, the integrandsimplifiesdueto the constantreward for

eachbit.

The underlyingassumptionusedin combining the incrementalrewardsfrom

multiple codewords into the overall reward is the serial decodingrequirementof the
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sourcedecoder. A sourcedecoderis said to have a serial decodingrequirementif a

substantialportionof thebit streammustbedecodedin a sequentialanduninterrupted

fashionfor correctinterpretation.Many embeddedcoders,especiallythoseemploying

adaptiveentropy coding,havethisproperty. Theeffect is thatdecodingterminatesat the

first uncorrectable(anddetected)error so no reward is accumulatedfrom subsequent

correctlyreceivedcodewords.A “reward-to-go”functionassociatedwith codeword � is

definedas � | ��d�e+-Um� J�4�tw���0 | -1p |  �S�� ��( )+* ��0 | -1p |  U 
� |�� ;t��d�e�-Um� (2.3)

where
)+* ��0 | -.p |  is theprobabilityof block decodingerror for codeword � . The � ��()+* ��0 | -1p |  U termmultiplying

� |�� ; is theresultof theserialdecodingrequirement.The

goalof theoptimizationproblemis to find theoptimalcodeschedulem�� thatsatisfies

m � �����UOM�f���w
�
;t��d�e+-Um� (2.4)

with theconditionthat

� | ��d�e+-Um� ���� for somesufficiently large � underall admissible

policiesdueto thetransmissionrateconstraintd�e .

In the following sections,this generalframework is appliedto specificchannel

conditionsandperformanceresultsareprovidedfor theresultingrateschedules.

2.4 ProgressiveTransmissionover ErasureChannels

Thissectionconsiderstheproblemof transmittinganimageoverapacketerasurechan-

nel with erasurerate � . Thepacketsareassumedto be of fixed length,andthis length

is a parameterof theoptimization.The informationis protectedusingerasurecorrect-

ing codesacrossthepackets(similar to that found in [69, 54]), suchasReed-Solomon

codes,which allow for error-freetransmissionof p informationpacketsout of a block
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of length 0 aslongasany p packetsarereceived.

Thecodesaresystematicwith theinformationpacketstransmittedfirst sothese

packetsareavailableimmediatelyto thesourcedecoderuntil thefirst erasure.After the

first erasure,furthersourcedecodingis delayeduntil p packetsof thecurrentcodeword

havebeenreceivedat which point erasurecorrectionis possible.Assumingtheweight-

ing functionfrom (2.2) is unity (i.e., ] �,^_ h� �
) for simplicity, theincrementalreward

is derivedbelow for this case.

For thefirst p | packetsof thecodeword, theincrementalrewardis basedon the

expectednumberof packetsbeforethefirst erasure.Let ���,^_ betheperformanceof the

sourcecoderat transmissionrate ^ onanoiselesschannelwith no channelcoding(e.g.,

numberof availablesourcepacketsor bits (where ���,^_ k��^ ), PSNR,etc).Notethatthe

rateparameteris in unitsof packetsratherthanbits, for simplicity, andtheconversion

to bits involvesa constantmultiplicative factor due to the constantpacket size. The

expectedperformanceover this rangeof transmittedpacketsundercodeschedulem is

givenby

`�wV���jS �d | 5 ;U J�

 5 ;� �U} \ ��� �p | Sv�R t� � ( �1 � ��Sb��� �p | Sf�� t� � ( �1 
 � &�� &�p | (2.5)

where �p | �¡{ |�U} ; p | is the numberof cumulative information packets and � is the

packet erasurerate.

During the transmissionof the 0 | ( p | parity packets, the performanceonly

changesat thepoint wherea total of p | packetshave beenreceived for thatcodeword

(at which point erasurecorrectionis possible). The expectedperformanceover this
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rangeis givenby

`�wV��� S¢�d | 5 ;U J�K£ � 5 ;� �U} \ )�¤ �/��� ( � (¥� -s� ( p |  U���R�p | S¦�R t� ��( �1 � �+S
� ��( )+* ����-1p |  a U���R�p | S§p |  p | S � &4� &�0 | (2.6)

where
)�¤ �r�B^�-.¨� ©�ª{ ��U}�«3¬ ��t � �®( �1 � 5 � � � is the multiple erasureprobability (i.e., the

probabilityof at leasẗ erasuresin ^ packets)and
)�* ����-.p |  k� )�¤ �/���4-s� ( p | S �  

is theblockdecodingerrorprobabilityof acodewith parameters����-1p |  .
Optimizationbasedonnumberof availablesourcebits(packets)is attractivedue

to the reducedcomplexity andtheeliminationof the needto transmitthe codesched-

ule (i.e., thecodescheduleis imageindependentandcanbecomputedby thereceiver).

However, performancemeasuresbasedon MSE andPSNRarebetterindicatorsof im-

agequality, soexperimentswereperformedto comparetherelative performanceof the

optimizationmethods.Theoverheadrequiredfor transmissionof thecodeschedulein

thecaseof theMSEor PSNRperformancemeasuresis assumedto benegligible soit is

not includedin thetestresults.Thisassumptionis reasonablesincethecodescheduleis

typically fairly short(i.e., not many codewords)andcanbecompressed.Alternatively,

theoperationaldistortion-ratefunction is well modeledin practiceby a functionof the

form
	 ��d® '�¯{�°|�} ; � |B± 5R² �GY with asfew astwo or threeterms,asnotedin [3]. This

functionalapproximationcouldbeusedin determiningthecodeschedule,andthefunc-

tion parameterscouldbetransmittedinsteadof theactualschedulewhich would allow

thereceiver to computetheschedule.

Figure2.3 shows theresultsof experimentsusingtheSPIHT[66] imagecoder

with arithmeticcodingalongwith codeschedulescomputedfromperformancemeasures

basedon PSNRandavailablesourcebits or equivalently packets. The resultingcode

schedulesareevaluatedin termsof expectedPSNRfor two differenterasureratesin
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Figure2.3: PerformanceResultsfor the512x512LenaImageTransmittedoveranEra-
sureChannel.

Figures2.3(a) and 2.3(b). In addition, a methodsimilar to that in [11], referredto

aspacket optimizationwith “fix ed k,” is appliedto Reed-Solomoncodes.Resultsare

providedfor codescheduleswith ºb��» and ºD� � � informationpacketspercodeword.

In the “fix ed k” method,the information size of eachcodeword is fixed and

the blocklength(equivalently rate) is selected,the performancemeasureis available

sourcebits (packets),andtheoptimizationis for thefinal transmissionrateso ] �,^_ 3�
g7�,^ ( d�eF in (2.2). Theresultingcodeschedulesfrom theoptimizationaremonotonic
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non-increasingin blocklength(or non-decreasingin channelcoderate)dueto theserial

decodingrequirement.Initial informationpacketsareprotectedmoreheavily thanlater

packets,eventhougheverypacketcontainsoneunit of reward,sinceapacketcanonlybe

usedif all earlierinformationpacketsarecorrectlyreceived. Theorderof transmission

of the codeword packets can be alteredso that optimal (in termsof available source

bits) codeschedulesare achieved at certainlower transmissionratesas suggestedin

[11]. This progressive transmissionis achieved by transmittingpuncturedversionsof

the codewordsstartingwith the last codeword parametersin the schedule.Additional

paritypacketsaresentasneededduringtransmissionto achieveall theintermediatecode

ratesspecifiedin theschedulebetweenthelastcodewordandthecodeword in question.

Optimal schedulesin termsof availablesourcepacketsareachieved for transmission

rateswhichequalthecumulativesumof theblocklengthsstartingfromthelastcodeword

andproceedingto thefirst codeword in theschedule.Therearea few pointsto mention

regardingthereorderingfor progressive transmissionin [11]:

$ Theoptimality is for theparticularvalueof º andit correspondsto availablesource

packets,notexpectedPSNR;

$ Theoptimality is only guaranteedatcertaintransmissionrates(equalto thecumu-

lative sumof blocklengthsstartingfrom the lastcodeword), soothertransmission

ordersmaybebetterat otherintermediatetransmissionrates;

$ Thebestorderfor performanceat all intermediatetransmissionratesis dependent

on the erasurerate,andit is generallybetterto transmitaccordingto the natural

scheduleorder(i.e., all packetsof eachcodeword in sequence)underhigh erasure

conditions;

$ Thetransmissionratesof optimality arenot selectable,but areinsteaddetermined

by thecodeschedulecomputedfor thefinal transmissionrate.
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The resultsin Figures2.3(a)and 2.3(b) show that the optimizationbasedon

available sourcepackets and that basedon expectedPSNRachieve nearly the same

expectedPSNRat the final transmissionrate. The codeschedulesare also listed in

thefigures.Generally, thecodeschedulesfor thepacket-basedoptimizationconsistof

codewordswith non-increasingblocklengthsandnearlyidenticalrateswith the possi-

ble exceptionof thefinal codewordsdueto the transmissionrateconstraint.This is in

contrastwith the “fix ed k” method,wherethecoderateincreasesmonotonically. The

PSNR-basedoptimizationselectsashorterbut lower-rateinitial codeword to reducethe

delaywhilestill keepingtheerrorprobabilitylow, andthentheremainderof theschedule

is similar to thepacket-basedschedule,thoughthecoderatetendsto beslowly increas-

ing. As thefirst two figuresin Figure2.3 demonstrate,the relative performanceof the

differentmethodsdependson theerasurerate. Figure2.3(c)shows theperformancein

termsof theexpectedPSNRaveragedover all the intermediatetransmissionrates(es-

sentiallyanormalizedversionof theareaunderthecurve)overa rangeof erasurerates.

ThePSNR-basedoptimizationhasthebestperformanceat all ratesasexpected,while

theothercurvescrossat differenterasurerates.Also thespreadin relativeperformance

increaseswith erasurerate.

2.5 ProgressiveTransmissionover Bit-Err or Channels

Thesameoptimizationtechniquescanbeappliedfor turbocodingover bit errorchan-

nelsby simply changingthe incrementalreward function. For theerasurechannel,in-

formationbits canbe immediatelyusedby the sourcedecoderup to the first erasure

sinceany datathatarriveson this channelis known to begood. However, in this case,

theinformationbits cannotbeusedbeforetheentirecodeword hasbeenreceivedsince

they are likely to containerrorswhich cannotbe correcteduntil the remainderof the



23

codeword arrives.Theresultis that theincrementalrewardof a codeword only hasthe

secondtermfrom (2.2),andtheperformancecurveshavemoreof astaircaseshape.The

incrementalreward for a codeword with parameters��0 | -1p |  undercodeschedulem is

givenby

�/wV��0 | -1p |  k��� ��( )+* ��0 | -.p |  a /����� �p | S§p |  ( ��� �p |  a /��d�e ( �d |  I� (2.7)

It is importantthatdecodingerrorsaredetected,becausethesourcedecoderwill

losesynchronizationandcorrupt the imagewith high probability if its input contains

errors.Thereforeanoutercyclic redundancy code(CRC) is usedfor errordetectionif

theerror-correctingcodeitself doesnothavethiscapability. Threecodesareconsidered,

namelyturbocodes,LDPCcodesandrate-compatiblepuncturedconvolutional(RCPC)

codes.Among them,both turbocodesandRCPCcodesneedto beconcatenatedwith

CRCwhile LDPCcodesneednot.

Theturbocodesusedin theexperimentsconsistof a family of puncturedcodes

producedfrom a rate
� Q!¼ mothercode. Note that using puncturedcodesallows the

possibilityof optimizingonly therate(i.e., the“fix ed-k” methodmentionedin thepre-

vious section)andusingthe progressive transmissionorder, but recentresultssuggest

thatnon-puncturedcodesperformsignificantlybetterfor thesamecodeparameters[6].

This is one of the motivationsfor optimizing both coderate and blocklengthas the

“fix ed-k” methodis notapplicableto non-puncturedcodes.Also notethatit is theblock

error probability that is importanthereandnot the bit error probability, so choiceof

interleaversbecomesimportantfor largeblocklengths.For this reason,s-randominter-

leavers[17], which enforcea minimumspreadbetweenadjacentinformationbits after

interleaving, wereusedbecausethey resultin betterblock errorprobabilitiesthanran-

dominterleavers.
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Figure2.4: Comparisonof Dif ferentMetricsandChannelCodes

Beforestartingour experiments,we mustdecidewhich metric shouldbeused.

In Figure 2.4(a)a source-bitsbasedmetric and a hybrid metric are compared. The

hybridmetricis usedto reducethecomplexity but achievecodeschedulescloseto those

of PSNRmetric. From this graph,we seethat at the early stageof transmissionthe

source-bits-basedoptimizationresultsin longercodeblocklengththuslongerdelaythan

thePSNR-basedoptimization,but theaverageperformanceof thetwo metricsarevery

close.This contrastswith theresultsfor packet erasurechannelsasshown in Figure3,

wherewith a packet sizeof 1000,a longercodeword would causesignificantlylonger

delay. In thecaseof bit-errorchannels,becausepracticalmaximumcodeblocklengthis

ontheorderof athousandbits,thelongercodeblocklengthsselectedby thesource-bits-

basedoptimizationhave little effect on theoverall performancein termsof theaverage

expectedPSNRat practicalratesfor imagetransmission.Thereforefor thecomplexity

reason,thesource-bits-basedschemeis employedin thefollowing experiments.

TheperformanceresultscomparingTurboCodes,LDPC andRCPCareshown

in Figure2.4(b). It’ s clearthatTurboCodesandLDPC outperformRCPCby about0.5
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½ 1.0dB.

Figure2.5showstheoptimizedcodeschedulesfor differentchannelcodes.Even

thoughthe detailsof thesecurves dependon the available codeparameterssupplied

to the optimizationprogram,we canstill find somestructurein them: the coderate

is essentiallyconstantandthe blocklengthdecreasesmonotonically. This structureis

similar to thosecomputedfor theerasurechannelusingthepacket-basedmetric. If the

PSNR-basedmetricwereused,theresultingcodeschedulewould bevery differentfor

initial codewords: shorterbut lower ratecodewordswould be selected,as in the case

of erasurechannelsusingPSNR-basedmetric. Note that for turbo codesandLDPC

codestheblockerrorprobabilityhasastrongdependenceonblocklength,but for RCPC

codesthis dependenceis muchweaker. This partly explainswhy in Figure2.5 (b) the

blocklengthvariesmorefor turbocodesandLDPC codesthanfor RCPCcodes.
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2.6 Conclusion

We have proposeda generalperformancemeasurefor evaluatingprogressive image

transmissionsystemsoperatingover noisychannels.Using this performancemeasure,

adynamicprogrammingoptimizationalgorithmwaspresentedfor determiningthebest

codeschedulewherebothblocklengthandrateareoptimized.Performanceresultswere

presentedfor erasurechannelsandfor severalcodesoverbit-errorchannelsanddemon-

stratedtheimportanceof optimizingblocklengths.Wefoundthattheperformancemea-

surebasedon availablesourcebits providesthebesttradeoff in many cases.While the

performancegainsof the imagedependentPSNR-basedoptimizationmaynot warrant

the additionalcomplexity in every application,the methodis usefulfor evaluatingthe

relativeperformanceof simplercodingschemes.

Thischapter, in part,is a reprintof thematerialasit appearsin: P.G. Sherwood,

X. Tian,andK. Zeger. Channelcodeblocklengthandrateoptimizationfor progressive

imagetransmission.IEEE WirelessCommunicationsand NetworkingConference, pp

978-982,Vol.2,Sept.1999.Thedissertationauthorwasthesecondauthorof thispaper.



Chapter 3

Efficient Multiple Description Coding

of Imagesfor Packet LossChannels

3.1 Intr oduction

As multimediacommunicationsare usedfor harshenvironmentssuchas low power

wirelessdevices,error resilientsourcecodingbecomesmoreimportant. Wirelessde-

vices are especiallychallengingbecausethey operatein difficult environments(e.g.,

multiply fadingchannels).Thegoal is to performwell undernoisyconditionsandde-

gradegracefullyaschannelconditionsworsen.

Typically, multimediaapplicationsoperateat a level in the network protocol

stackthatis conceptuallydisjointfrom thephysicallayer. Thereforethechannelappears

asa packet erasurechannelto theapplication(i.e., packetsarrive error-freeor elseare

lost). This contrastsother scenarios,wherethe packet erasuremodel is handledby

addingcyclic redundancy check(CRC) codesat the applicationlayer. Thereforewe

focusonapacketerasurechannelwith possiblyunknown or varyingerasurerates.This

channelis an ¾ -channelgeneralizationof the � -channelmodel typically assumedin

27
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multiple description(MD) coding(e.g. [77]). Due to thesimilarity, previouswork on

bothmultipledescriptionsandcodingfor packet erasurechannelsis relevant.

Previous work on MD coding includesmethodswhich allow a wide rangeof

redundancy levels to be introducedacrossa small setof descriptions(usuallytwo de-

scriptions).TheMD scalarquantizerin [77] usesanindex assignmentto mapa regular

quantizerindex to a pair of indiceswith a selectableamountof redundantcodingbe-

tweenthem. Application of MD scalarquantizersto imagecodingwasconsideredin

[68], including discussionof extensionsto more than two descriptions. Correlating

transformsareusedto introduceredundancy betweenpairsof valuesin [80, 30]. In [29]

quantizedovercompleteframeexpansionsareusedto produceasmallsetof descriptions

with someredundancy.

Datapartitioning is anothertechniqueusedto adderror resiliency to a source

coder(e.g. [65, 70, 40, 52]). High performancecompressionalgorithms,suchasthe

SPIHT imagecoder[66], often requirethe sourcecoderbits to be decodedin a se-

quentialanduninterruptedfashionfor correctinterpretation.Carefullypartitioningthe

datainto separatestreamsprior to codingcanimprove the error resilience. The idea

is that the sourcedecodercanusemoreof the correctlyreceived informationbecause

independentpiecesof thetransmissioncanbecorrectlyinterpreteddespitelosingother

portions. Datapartitioningoften also facilitatesthe applicationof unequalerror pro-

tectionchannelcoding. This methodis anattractive techniquefor situationswherethe

decodercomplexity andgracefuldegradationundervaryingchannelconditionsareim-

portant.Thecostis alossof compressionperformancebecausethedependenciesamong

thepartitionelementscannotbefully exploited.

If the numberof packets is large, Forward Error Control (FEC) channelcodes

at theoutputof thesourcecoderwork well. Whenthecodes’block lengthsarelong, a

largenumberof ratesarepossibleandthusthecoderatecanbeaccuratelymatchedto
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thechannel.Also theFECcanbeappliedin anunequalfashionbasedontheimportance

of the informationto provide improvedefficiency andsomegracefuldegradation(e.g.

[54, 61]). Themajorcostsof this methodincludedecodingcomplexity, decodingdelay

(i.e., lossof progressivity), andsensitivity to channelmismatch.

The bestchoiceamongknown methodsdependson the numberof packets(or

descriptions)to be transmitted.Often thenetwork imposesconstraintsby limiting the

maximumpacketsize(i.e.,thepathmaximumtransmissionunit (MTU)) or by distribut-

ing the information into a set of naturally separatedescriptionsas in a multichannel

transmissionsystem.In this chapter, we assumethe numberof packetsis fairly small

(i.e., fewer than10),andinvestigateextensionsof thetwo-channelmultiple description

mappingsto createefficientanderrorresilientimagecoders.

3.2 ImageCoding Structur e

Many high performanceimagecoding algorithmsentropy codethe scalarquantized

coefficientsof a linear transform(e.g. wavelet). We considera similar structurewhere

thescalarquantizeris replacedby anMDSQ, andeachof the � descriptionsis coded

by anindependententropy coder. Eachdescriptionis codedseparatelyusingtheSPIHT

algorithmwith arithmeticcoding(seeFigure3.1). This method(calledMDSQ-SPIHT

hereinafter)workswell for MDSQ’swith highredundancy, sinceeachdescriptionimage

is roughlyacoarselyquantizedversionof theoriginal image.

As describedin [77], an MDSQ is a cascadeof a scalarquantizerfollowedby

an index assignmentwhich maps
�

index to � indices. We consideruniform quan-

tization for the centralquantizerswith a fixed image-widestepsize.If the amountof

redundancy is fixedfor all subbands,thenthestepsizesfor sidequantizersarethesame

for all waveletcoefficients.Theredundancy is tunedby selectingthenumberof central
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Figure3.1: Block Diagramof anImageCoderfor Packet LossChannels.

quantizercells relative to thenumberof bits in thedescriptionindices.An exampleof

two index assignmentsis shown in Figure3.2 for thetwo-descriptioncase.
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Figure3.2: ExampleMD Index AssignmentMappingsfor Two Descriptions.

Eachof thenumberedcellsin themappingsrepresentsacell of thecentralquan-

tizer, andeachquantizedcoefficient is mappedinto a pair of coordinateswhich specify

its positionin thegrid. In theseexamples,thecentralquantizerindicesareplacedalong

diagonalsof the grid, andthe redundancy is controlledby selectingthe numberof di-

agonals.Whenonly oneof the two descriptionsis received,all thecentralcellsalong
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Figure3.3: Exampleof aThree-DimensionalMD Mapping.

thegivenrow or columnarepossible,soit is importantto minimizethespread(i.e., the

differencebetweentheminimumandmaximumindicesin therow or column)for good

errorresilience.

Thesameconceptcanbeextendedto morethantwo descriptionsby usinghigher

dimensionalmappings.Cellsfrom thecentralquantizerareplacedalongdiagonalsof an

� -dimensionalhypercube.Figure3.3 illustratestheconceptwith a three-dimensional

mappingwhich includesonly themaindiagonalresultingin a (3,1,3)repetitioncodeof

thecentralquantizerindices.Addingotherdiagonalsaroundthemaindiagonalreduces

theredundancy andallows thechannelcodingrateto beadjusted.Thealgorithmused

to generatethe multi-dimensionalmappingsaddselementssuccessively alongeachof

thediagonalsbeginningat theuppercornerandproceedingto thelowercorner. At each

step,the diagonalsaresortedaccordingto the minimum valuealongeachdimension

andthecentralquantizerscellsareassignedin thatorderto reducethespread.

The redundancy of themappingis directly relatedto the thenumberof hyper-

cubecells not assigneda centralquantizerindex. With ¿ centralquantizercells, À
indicesfor eachdescription,and � descriptions,thechannelcoderateof themapping
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is

�#"J� LGNPO C ��¿© �ÁLÂNPO C ��ÀM � (3.1)

Thus it is difficult to createmapswhich provide high channelcoderateswith

few centralquantizercellsandmany descriptions.Thesesituationsoccurin thecontext

of imagecoding when coding the coefficients in the higher frequency subbands.In

suchsituations,datapartitioning can be appliedso that information abouta specific

high frequency coefficient is only sentin asubsetof thepackets.A similar typeof data

partitioningwasusedin thecontext of imagecodingfor packet erasuresin [40, 52].

Thechoiceof mappingalsohasanimpacton the individual entropy codersfor

eachdescription.Low redundancy mappingsresultin high-entropy descriptions,reduc-

ing the effectivenessof the entropy coders.Also, the individual descriptionsmay not

bematchedvery well in termsof rateanderror resilience.It is importantto matchthe

descriptionssothe lossof any descriptionis approximatelyequivalent,thusimproving

errorresilience.

Even thoughtheMD mappingis designedto have approximatelyequalspread

amongall descriptions,it may not result in well-matcheddescriptionratessincethey

will not be equallycompressible.Onemethodof balancingthe descriptionsis to use

differentpermutationsof the index � -tuple throughoutthe image. Thereforethe MD

mappingusedfor a particularcoefficient is a compositionof a multi-dimensionalMD

mappingandacoefficient-dependentpermutation(e.g.,thepermutationmaydependon

the locationor signof thecoefficient). For two descriptions,thesignof thecoefficient

canbeusedto selectthepermutation.For example,if thecentralquantizerindex
�

is

mappedinto indices � � -.�l for sidequantizers,then the centralquantizerindex
(Ã�

is

mappedinto ���7- (v�  .
We proposetwo permutationschemesfor an arbitrarynumberof descriptions
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in orderto balancethebit-ratesamongdescriptions.Thefirst one,a local permutation

schemeapplicableto any coders,rotatesthe � -tuplecomponentorderfor a coefficient

positionedat �,^�-.¨� accordingto the valueof �,^ÄS�¨V mod � . The secondschemeis

suitablefor zero-treetype wavelet coders. It usesthe first schemeonly on the root

coefficients (lowest subband),and all the descendantsof a root coefficient will have

thesameindex orderastheir ancestor. Both schemescanequalizethebit-ratesamong

descriptions,but experimentsshow that the secondschemeis slightly betterthan the

first schemewhentheSPIHTcoderis used.

3.3 Experiment Results

The 9/7 Daubechieswavelet and a 5-level wavelet decompositionwas usedfor the

512x512Lenaimage,anda 4-level decompositionwasusedfor the256x256Lenaim-

age.Thetotalbit ratein theexperimentsrangesfrom 1.0bppto 1.25bpp.An MDSQis

usedto generatetheM descriptions,andthey aresuppliedto theSPIHTentropy coder.

Thestepsizefor thecentralquantizeris determinedby a bisectionsearchalgorithmto

meetthetotal bit budget.

First we comparedifferentindex permutationschemeswhenSPIHT is usedas

the entropy coderfor eachdescription.For the 512x512Lenaimagecodedat a total

rateof
�

bppin � descriptions,thezero-treebasedpermutationschemeis about ���Å� dB

betterthanthe local permutationschemein termsof reconstructionPSNRfor boththe

centralquantizerandthesidequantizers,andis about ���y¼ dB betterthanthesign-based

permutationscheme.Thereforethezero-treebasedpermutationschemeis usedfor the

remainingresultsin this section.

Figure3.4 comparesthe proposedmethodandthat of Miguel et al. [52] and

Servettoetal. [68] for thecaseof 2 descriptions.Theresultsarecomparableto thoseof
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Figure3.4: PSNRResultsfor MDSQ-SPIHT, theMD-SPIHT of Miguel et al. [52] and
theMDSQof Servettoet al. [68].

[52] in thehighredundancy region(i.e., low centralPSNRregion)but areslightly worse

in thelow redundancy region wherethedatapartitioningusedin [52] is ableto achieve

very low redundancy. The improvementover [68] canbe attributed to the improved

entropy coderprovidedby theSPIHTalgorithmaswell asthebetterindex permutation

schemebasedon zero-treesover thatbasedonsigns.

Figure3.5 shows someexamplesof decodedimagesfor a 4-descriptioncoder

basedon MDSQ-SPIHTwith Æ diagonalsat a total of ÇPÈxÉPÉ bppwith variousnumbers

of received descriptions.Figure3.6 shows the averagePSNRperformanceresultsof

the same4-descriptioncoderfor a numberof different redundancy levels. As more

diagonalsareaddedto the mapping(reducingthe redundancy), the performancewith

no descriptionlossimprovesbut theperformancewith heavy descriptionlossdegrades.

Comparedto themethodof Mohr et al. basedon unequallossprotection(ULP) [53],

theproposedmethodwith 5 diagonalsoutperformsULP by ÇPÈyÊvË�Æ7ÈxÌ dB dependingthe
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numberof descriptionsreceived.

In Figure3.7, thenumberof descriptionsis Í , andwe compareMDSQ-SPIHT

with theschemeof Miguel et al. [52], andwith theULP schemeof Mohr et al. [54].

Using5 diagonals,our coderperformscloseto their schemeswhenthereis no descrip-

tion loss,but is about Æ to Î dB worsethanthat of [54] whenthereis a lossof Ç to É
descriptions;ontheotherhand,MDSQ-SPIHTperformsbetterthan[54] whenat least4

descriptionsarelost,andthegainis ashighas Ç#Ì dB whenonly Ç descriptionis received.

In orderto improve the performanceat low lossrates,we apply thedataparti-

tioning techniqueto our coder. In this case,while thelower frequency bandsarecoded

with Í descriptions,high frequency bandsareonly codedwith Ï descriptions,whichare

alternatedinto oneof thetwo groups– eachhaving Ï descriptions– in a predetermined

order. This reducesthetotalbit rategiventhestepsize,thusachieving finerquantization

giventhetotalbit budget.In Figure3.7,thePSNRfor thecaseswith nodescriptionloss

or just1 descriptionlossimprovesby about Ç dB, but thePSNRwith only 1 description

receiveddropsby aboutÏ dB.

3.4 Conclusion

In this chapter, a novel schemefor robust imagecodingover wirelesspacket networks

is proposed.We investigatetheuseof acombinationof techniquesincludingMD scalar

quantization,efficient entropy coding of MDSQ output, and datapartitioning to im-

prove theerror resiliency of imageswhentransmittedover packet erasurechannels.A

multi-dimensionalextensionof thetwo-channelmultiple descriptionscalarquantizeris

proposed.A novel wavelet imagecoderbasedon a SPIHT losslessencodingandin-

dex alternationschemeis proposedfor MDSQ, andshows betterperformancethana

wavelet basedimagecoderpreviously designedfor two-descriptionscalarquantizers.
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Performanceresultsobtainedfor Ï descriptionsshows that for a small numberof de-

scriptions,theproposedmethodoutperformsthestate-of-the-artULP method[54] by a

significantmargin. It is alsodemonstratedthatwith thenumberof diagonalsin theindex

mappingasaparameter, thetradeoff betweentheperformanceof high lossrateandthat

of low lossratecanbeachieved. Thecodershows gracefuldegradationasdescriptions

arelost,andis very robustunderhigh lossrate.

Thischapter, in part,is a reprintof thematerialasit appearsin: P.G. Sherwood,

X. Tian,andK. Zeger. Efficient imageandchannelcodingfor wirelesspacketnetworks.

InternationalConferenceon Image Processing, pp 132-135,Vol. 2, Sept. 2000. The

dissertationauthorwasoneof the primary investigatorsandthe secondauthorof this

paper.
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(a) Ð descriptionreceived (b) Ñ descriptionsreceived

(c) Ò descriptionsreceived (d) Ó descriptionsreceived

Figure3.5: DecodedImagesfor 256x256LenaandMDSQ-SPIHT
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Chapter 4

Asymptotic Analysis of Multiple

Description CodesOver Noisy

Channels

4.1 Intr oduction

Multiple DescriptionCoding(MDC) is asource-channelcodingtechniqueusedto gen-

eratemultiple descriptions(mostlytwo descriptions)of a source.Both descriptionsare

transmittedover independentchannelsto the receiver. Thegoalof MDC is to achieve

someacceptablequality if only onedescriptionis received,andanimprovedquality if

bothdescriptionsarereceived.

Extensivework onMDC hasbeendoneonfinding theachievablerate-distortion

boundsfor MDC, andon developingpracticalcodersto approachthosebounds. For

example,Ozarow constructedthe rate-distortionregion for the caseof a memoryless

Gaussiansourceandasquared-errordistortioncriterion[58]. Vaishampayandeveloped

theMultiple DescriptionScalarQuantizer(MDSQ) [75], usinganindex assignmentto

39
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mapa regularquantizerindex to a pair of indiceswith selectableamountof redundant

codingbetweenthem.Its asymptoticperformancewaslaterstudiedin [76].

So far mostwork on MDC assumesideal multiple description(MD) channels,

i.e,descriptionsarriveerror-freeor elsearecompletelylost. Examplesof suchchannels

arefoundin lossypacketnetworkssuchasInternet,wherecongestionanddelaysleadto

packet loss,andsignificantperformanceimprovementcanbeachievedby usingMDC

[2]. However, in wirelesscommunicationsystems,dueto channelfading,interference

andnoise,bitswithin eachdescriptionaresubjectto errors,soadditionalchannelcoding

beyondMDC is necessaryto maintaina low errorprobability. In [72], MDC wascon-

sideredovernoisychannels.An MDSQencoderwasusedto generatetwo descriptions,

eachof which wasthencodedusinga rate ÇuÔPÉ convolutionalcodefor anAWGN chan-

nel. With aniterativedecodingalgorithmto decodemultipledescriptions,it wasshown

that thereis an optimalMD redundancy for a givenchannelcondition. In [64], MDC

wasappliedto noisy channelsincluding Binary SymmetricChannels(BSCs). It was

assumedthat theMDC boundsfor Gaussiansourcesareachievedby thesourcecoder,

and that someRate-CompatiblePuncturedConvolutional (RCPC)codesand Cyclic-

Redundancy-Check(CRC) codesareusedfor channelcoding. It wasshown through

numericaloptimizationthat comparedwith a two-layersourcecoderwith unequaler-

ror protection,theMD codingschemeis moreeffectiveonly at veryhigh channelerror

probabilities.In [15], anMDC systemwith MDSQ followedby errorcorrectingblock

codeswasconsidered,andtheperformanceof theMD systemandthatof its correspond-

ing singledescription(SD) systemwerecomparedover BSCs. It wasshown through

numericaloptimizationthat in mostchannelconditionsan optimizedSD systemper-

formsbetterthananoptimizedMD system.

In thispaper, weconsideraproblemsimilarto thatof [15], but throughananalyt-

ical approach.In particular, weanalyzetheasymptoticperformanceof acascademodel
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of a MD coderandchannelcodersover BSCs.Underthis model,diversity is achieved

throughtheuseof two independentchannelsto transmitsourceinformation.Thesetwo

channelscanbein theform of frequency, time or codedivision multi-access.Error de-

tectioncodessuchasCRCsareusedto allow descriptionsto bediscardedif they contain

any residualerrorsafterchanneldecoding.Givena per-channeltransmissionrate Õ , in

orderto minimizetheaveragedistortion,thereis atradeoff amongsourcecodingresolu-

tion, MD redundancy andchannelcodingredundancy. We follow theapproachusedin

[38], wherebothexponentialformulagivenby high-resolutionquantizationtheoryand

exponentialboundsto channelcodingerrorprobabilitywereusedto derivetight bounds

on the tradeoff betweensourceandchannelcoding. Assuminglarge Õ , we derive the

MD redundancy parameterandthechannelcoderatethatminimize a distortionupper

bound.Thenwe comparetheperformanceof theMD systemandits correspondingSD

systemfor bothtime-invariantandtime-varyingchannels.

4.2 MD Rate-Distortion Bound

BeforeapplyingMDC to noisychannels,wefirst consideranMD quantizerfor anoise-

lesschannel[58] [76]. Assumethattwo descriptionsaregeneratedfor thesource.When

bothdescriptionsarereceived,thequantizeris calledcentral quantizer, andthedistor-

tion is calledcentral distortion(denotedÖ�× ); whenonly onedescriptionis received,the

quantizeris calledsidequantizer, andthedistortionis calledsidedistortion(denotedÖ�Ø
and ÖlÙ for thetwo descriptions,respectively). In [58], it wasshown thatfor a memory-

lessunit-varianceGaussiansource,givena rateper sourcecomponentÕÃØ and Õ�Ù , the
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setof squareddistortion( Öl×#Ú.ÖVØ1Ú1ÖlÙ ) canbeachievedif andonly if

Ö�ØÜÛ É 5 ÙÞÝ�ß
ÖlÙ Û É 5 ÙÞÝ7à
Öl× Û É 5 ÙUáÅÝ ß�â�Ý7àäã ÇÇ�å4æäç è¥å§ç éfê Ù

where è4ëìæÞÇhå�Ö�Øaê/æÞÇ�å�ÖlÙsê and éíë�ÖVØÞÖ�ÙkåîÉ 5 ÙUáÅÝ ß�â�Ý7àïã .
For simplicity, we considerthebalancedcaseandlarge rates,i.e., ÕÃØ�ëðÕ�ÙñëòÕ�ó Ç and Ö�ØJë�ÖlÙ . Furthermore,assumethat Ö�ØkëKôVÉ 5 Ù�õÝ whereôbö�÷IÉ Ù�õÝ�ø , Ì'ù�úfùûÇ

and ÷�ü¥Ì . It will becomeclearthat ú is aparameterto balancethetradeoff betweenthe

sidedistortionandcentraldistortion.

In [76], the asymptoticrate-distortionboundsfor ú¦ëýÌ and Ìÿþ¢úîþªÇ were

obtained.By includingthecaseof ú'ë Ç , onecanshow that

Öl×1Ö�ØJë�É 5 ÙUáxÙ�õÝVã<â � á<Ø�ã<â��aá/õÝ�ã È
Similar resultswere also derived in [76] for MDSQ. The performanceof the

optimumlevel-constrainedMDSQ is givenby

Öl×1Ö�ØJë Æ�� ÙÇrÊ É 5 ÙUáÅÙVõÝ�ãÂâ��aátõÝ�ã
andof theoptimumentropy-constrainedMDSQ by

Ö�×.ÖVØJë � Ù��#ÙÇ#ÏPÏ É�5 ÙUáÅÙ õÝ�ãÂâ��aá õÝVã È
For agoodMD coderwith blocklength

�
, its performancecannotbeworsethan

that of MDSQ, which hasblocklength Ç , but cannot be betterthanthe rate-distortion
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bound,which canbeachievedwith largeblocklength.Thereforewe concludethat for

memorylessGaussiansource	�
��� ,
Ö�×.ÖVØJëKÉ 5 ÙUáÅÙVõÝ�ã<â � áÂØ�ã<â��aá/õÝ�ã

where

Ö�Økë�É 5 Ù�õÝ�á<Ø 5 øUã<â � áÂØ�ã<â��aá#õÝ�ã (4.1)

Ö�×�ë�É 5 ÙRõÝ�áÂØ�âVøaã<â � á<Ø�ã<â��aárõÝ ã È (4.2)

4.3 SystemModel

We considera memorylessGaussiansource	 
�� � . An MD quantizeris usedto

encodethesourceandgeneratetwo bitstreams(eachat � bits/sourcevector).Theneach

of thetwo bitstreamsis suppliedto achannelencoder(with CRCfor errordetection)of

blocklength� bits, andthenpassedto a BSC.The two BSCsareassumedto have the

samecrossoverprobability � , unlessspecifiedotherwise.

From the block diagramshown in Figure 4.1, one can seethat this model is

similarto thatof [64] and[15]. By usingerrordetection,thechannelshereareequivalent

to packet erasurechannels,wherethepacket erasuresarenot pureerasuresbut instead

arecausedby the inability of FECto correctbit errorsin a block. It is assumedin this

modelthatthechannelerrorsin thesetwo channelsareindependent.

For eachchannel,atalargechanneltransmissionratepersourcecomponentÕ�ë
��Ô � , theeffectof errordetectioncodeson thechannelcoderate �®ë��¶Ô�� is negligible.

We addressthequestion:For a given Õ , whatMD sourceredundancy parameterú and

channelcoderate � minimize an upperboundof the averagemean-squareddistortion

from senderto receiver?
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Figure4.1: CascadedMD QuantizerandChannelCoderSystem

For MD quantizer� , weconsiderthebalancedcaseasdescribedin Section4.2,

with thesourcecodingratepersourcecomponent
òÕ�ë�Õ�� . Wealsoassumethatfor each

channelcoder, the quantizercodevectors�RØsÚ������9Ú���� aremappedto � ëýÉ �ìëýÉ � Ý"!
��å bit channelcodewordsthroughanindex assignment� .

Now wearereadyto analyzetheabovecascadedsystem,following theapproach

usedin [38]. As in [38], weconsideronly � below thechannelcapacity#�ë Ç%$&�('*)�+,� $
æ�Ç�å-�.ê.'*)�+ æÞÇ�å/�1ê . Assuming��þ ØÙ , wehave #ìüZÌ .

4.4 Analysisof Tradeoff BetweenMD CodingandChan-

nel Coding

In this section,we derive theMD redundancy parameterú andchannelcoderate � that

minimizeadistortionupperbound.

Let 021 betheprobabilityof incorrectdecodingof eitherchanneldecoderfor the
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index assignment� . Thentheaveragedistortion 3 Ý�æ4�DÚ5�/Ú6��ê satisfies

3DÝ�æ7� Ú5�tÚ6��ê ë æ�Ç�å/021aê Ù Ö�×2$§É8021/æ�Çhå/091.ê�ÖVØ:$;0 Ù1�< æ�Çuê
ù Öl×=$§É8021aÖ�Ø:$>0 Ù1 < æÞÇuêIÈ (4.3)

TheseÆ termscorrespondto thecaseswherethereis nochanneldecodererror, only one

channeldecoderis in error, andbothchanneldecodersarein error, respectively.

Shannon’s channelcodingtheoremguaranteesthat,for channelcoderates� be-

low capacity, channelcodesexist for which

0213ù�É 5?� Ý?@%A*BIáC!ÞãÂâ���á~Ý7ã as ÕED F (4.4)

where GH14I�æ7�!ê is the“expurgatederrorexponent”for theBSC,givenby

GH14IRæJ�PêJë KJLNMO ßQP ØSR æ7T�Ø.Ú��!ê (4.5)

with

R æJT�ØsÚ��!êJöUT�ØWV�Ç�å-��åX'*)�+ æÞÇY$>Z Ø4[ O ß ê]\ (4.6)

and ZÄë É(^ �ræ�Ç�å/�1ê [25] [38]. Herethe logarithmis basetwo, which is alsotrue for

therestof thepaper.

Substituting(4.1),(4.2)and(4.4) into (4.3)yields

_a`:b*ced4f6d7g?hji Ñ�k�l `nmporq7s?t]uvs?w(orq7uvs?xyoC`nunz Ñ={.Ñ�k8l `nmporq k t]uvs"w|orq7uvs?xyoC`nu {UÑ�k�} `n~��*��o�m4uvs%x]oC`nuz�� b Ð h {aÑ�k8lQ} `n~n���5oCm4u�s?x]o�`nuQ� (4.7)

Let 3�14Ilæ�ú�Ú��!ê denotethe right-handside of (4.7), which is a distortion upper



46

boundto beminimized.Thenwehave thefollowing lemma.

Lemma 4.1 As ÕED F , thepair æ�ú�Ú��!ê thatminimizes3�17IRæ�ú�Ú��!ê obeysthefollowing:

æ�ú�Ú��!êoë øp!�� KJLpMø���� ß��� Ø�� � !6��áÅ× � Ø�� æÞÇ�$ úRêp� (4.8)

subjectto G�17IRæ7�!êJë Ïlú���uÈ (4.9)

Proof:: SeeAppendixA.

Define �
14Ilæ7�!êJë � GH14IRæJ�PêÏ�� È (4.10)

Thenfor æ�ú�Ú��!ê thatsatisfies(4.9),wehave thatgiven � , ú canbedeterminedby

ú©ë
�
14I�æ7�!êIÈ (4.11)

Conversely, given ú , � canbedeterminedby

�®ë
�
5 Ø17I æ�úRê (4.12)

where

�
5 Ø14I æp�~ê is theinversefunctionof

�
17IRæp�Åê .

Define �
17I�æ�úRêkëìæÞÇa$îúRê=�

�
5 Ø14I æ�úRêsÈ (4.13)

Thenit canbeshown thatas Õ�D F , �����! 3�14IRæ�ú Ú6�Pê�ëíÉ 5 ÙÞÝ|� � A�B áxøUã<â � áÂØ�ã . Thegoal is to

find ú 
/V Ø¡ Ú#Ç¢\ sothat

�
14Ilæ�úRê is maximized.

Considering(4.5),wedefine

T�æJ�Pêkë øp!Q� KJLNMO ß P Ø R æJT�ØsÚ��!êIÈ (4.14)
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For a given � , T�æ7�!ê is eithergreaterthanor equalto Ç . We examinethesetwo cases

separately.

£ T�æJ�Pê�ü�Ç
In this case,T�æ7�!ê mustbeastationarypoint for R æ7T�Ú��!ê . Letting ¤ �1á O � !Þã¤ O ë�Ì yields

�VæJTRêJë Ç�å¥'*)8+ æ�ÇY$>Z Ø4[ O ê�å Z Ø4[ O '*)8+ æ�ÇuÔ�Z!êT�æÞÇe$;Z Ø4[ O ê È (4.15)

Substituting(4.15)into (4.5),wehave

G�17I æ7��æ7TRêaêMë Z Ø4[ OÇY$>Z Ø4[ O '*)8+ æ�ÇuÔ�Z!êsÈ (4.16)

Lemma 4.2 For æ�ú�Ú��!ê that satisfies(4.9)and T�æ7�!ê3üKÇ ,
1. ú is an increasingfunctionof T .

2. Thestationarypoint T"¦14I for

�
17I�æy�~ê is givenby

T ¦14I ë Ï� È (4.17)

3. Thestationarypoint ú ¦17I for

�
17IRæp�Åê satisfies�|§
14I æ�úRê3þZÌ�Ú if úbþ¥ú ¦14I�¨� §
14I æ�úRê3üZÌ�Ú if úbü¥ú ¦14I È (4.18)

Proof:: SeeAppendixB.

Combining(4.17) with (4.11), (4.10), (4.16) and (4.15), we can determinethe
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correspondingstationarypoint ú"¦14I for

�
17IRæp�Åê asfollows:

ú ¦17I ë Z � [�© '�)�+ æÞÇuÔ8Z�ê©� æÞÇa$;Z � [�© ê¢V~Ç�å-'*)�+ æÞÇY$>Z � [�© êy\Vå/Z � [�© '�)�+ æ�ÇrÔ8Z!ê È (4.19)

£ T�æJ�PêJë Ç
In this case,(4.5)becomes

GH14IRæJ�PêJëiÇ�å-��å¥'*)8+ æ�ÇY$>Z�êIÈ (4.20)

Substituting(4.9) into (4.20)yields

�Ãë Ç�å-'�)�+ æ�ÇY$;Z!êÇY$îÏlúRÔ � È (4.21)

Replacing(4.12)and(4.21) into (4.13),andcalculatingthederivative of

�
14IRæ�úRê ,

wehave � §
14I æ�úRêkë Çhå-'*)�+�æ�ÇY$>Z�êæ�ÇY$îÏPú7Ô � ê Ù æÞÇ�å Ï� êIÈ (4.22)

Having examinedthetwo casesfor T�æ7�!ê , now wearereadyto derive theparam-

eter ú thatminimizes 3�14I .
Theorem 4.3 As Õ�D F , theparameterú that minimizesthedistortionupperbound
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3�14I is

ún14I ë

ª«««««««««««¬ «««««««««««

Ø¡ Ú if
� þZÏVÚ�ú ¦17I ÛûÇ

ÇPÚ if
� þ ÏVÚ�ú ¦17I ù Ø¡Ø¡ Ú if

� þZÏVÚ Ø¡ þ¥ú ¦14I þ�Ç and

�
17IÃæ Ø¡ ê3ü

�
14IRæÞÇuê

ÇPÚ if
� þ ÏVÚ Ø¡ þ¥ú ¦17I þKÇ and

�
17I�æ Ø¡ ê�ù

�
14IRæÞÇuê

ÇPÚ if
� Û¥ÏVÈ

(4.23)

Proof:: SeeAppendixC.

Intuitively, whenthe sourcedimension
�

is large, ratebeingspenton channel

coding would be more efficient than being spenton MD redundancy, becausegiven

the total transmissionrate, large block length would make the block decodingerror

probability 021 sosmallthatlargesidedistortion Ö�Ø becomeslesssignificant.

4.5 PerformanceComparisonBetweenMD andSDBased

Schemes

In this section,we comparethe performanceof the MD-basedschemeandSD-based

schemeoverBSCs.Asshown in Figure4.2,achannelerrorcorrectingcodewith anerror

detectingcodeis usedin theSDscheme,asin theMD scheme.For fair comparison,we

assumethattherateconstraintfor theSDschemeis thesameasthetotal rateconstraint

for the MD scheme. Furthermore,we assumethat the SD coderand the MD coder

have thesamesourcedimension
�
, unlessnotedotherwise.In otherwords,theSD rate

constraintis É!Õ bits/sourcesample,andthe channelcodeblocklength �:® ¯Kë É � Õ ë
É��°�±¯ .

Consideradistortionupperboundbasedon the“expurgatederrorexponent”for
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theSDscheme[38]. As ÕUD F ,

3�® ¯3æJ��®�¯�êhù4É 5 ©�Ý|� !�²´³�â � á<Ø�ã $§É 5 Ù � Ý|� @?A�BtáC!�²´³�ã<â��aáÅÝ�ã (4.24)

4.5.1 Time-Invariant Channels

AssumethateachBSC in the MD andSD schemeis time-invariant,andhasthesame

crossoverprobability � . Also assumethatthis informationis known to theencoder. Then

wecanminimizethedistortionupperboundsof bothschemesfor thegiven � .
For theSD scheme,in orderto minimize the distortionupperboundof (4.24),

��® ¯ is determinedby solving G�17IRæ7��® ¯�êkë Ù� ��® ¯ , yielding

3�®�¯�ù4É 5 ÙÞÝ|� ��²´³�â � á<Ø�ã Ú as ÕED F (4.25)

with theoptimizeddistortionexponent�
® ¯ ë�É���® ¯ È (4.26)

For theMD scheme,asshown in Section4.4, for large Õ , thedistortionupper

bound 3�14I canbewrittenas

3�14I ë�É 5 ÙÞÝ(� �Qµ ³ â � á<Ø�ã (4.27)
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where

�
�±¯ ë�æ�ÇY$§ún14Iuê=�����±¯ , with ���±¯ satisfying(4.9). Sincefrom Theorem4.3,the

valueof ún14I thatminimizes 3�14I is either Ç or Ø¡ , weexaminethesetwo casesseparately.

£ ún14I ë Ç
In thiscase,from (4.9)wehave G�17IRæ7���±¯JêJë ©� ���±¯ . SinceGH14IRæJ�Pê is non-negative

anda decreasingfunctionof � (asillustratedin Figure4.7 in AppendixA), it can

beshown that ��® ¯ ü¶���±¯ , yielding

�
® ¯ ü

�
�±¯ .

£ ún14I ë Ø¡
In thiscase,from (4.9)wehave GH14IRæJ���±¯Jêkë ©p[ ¡� ���±¯ . Similarly asin theprevious

case,it canbe shown that GH14I�æ7��® ¯Jê ü·GH14IRæJ���±¯�ê , yielding É���®�¯ìü¯æ�ÏlÔ!Ælêp���±¯ ,

thus

�
® ¯ ü

�
�±¯ .

Theseresultsindicatethatunderourassumptions,theoptimizedSDschememay

outperformtheoptimizedMD schemein termsof theaveragedistortion.Oneassump-

tion usedis that when comparingthe SD schemewith the MD scheme,the channel

blocklengthfor SD is twice that for MD, so that the sourceblocklength(thussource

delay) is the samefor SD and MD coders. Sincechannelcodeswith longer block-

lengthtendto have smallerdecodingerrorprobability, this assumptionenablestheSD

schemeto performbetterthan the MD scheme.However, if the channelblocklength

mustbekeptthesamedueto constraintsoncomplexity, thenaswill beillustratedin the

next section,giventhesametotal rate,theMD schememayperformbetterthantheSD

schemewhen
�

is smalland � is large.

4.5.2 Time-Varying Channels

Previouslyweassumedthatthechannelsin theMD andSDschemesaretime-invariant.

Now we considerthe caseof time-varying channels.Assumethat thereexist a good
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state(with thecrossover probability � � ) anda badstate(with thecrossover probability

�6¸ , and � � þ¹�N¸ ) for eachchannel,but theencoderhasnoknowledgeof theinstantaneous

channelstateinformation except that of its statistics. As a result, balancedratesfor

both descriptions( ÕªëªÕ®Ø©ëýÕ�Ù , and �2ëº��Ø©ë»�#Ù ) shouldstill be usedfor the MD

scheme.Sincein practicetheprobabilityof a channelbeingin thebadstateis usually

muchsmallerthanthat in thegoodstate,thesituationthatbothchannelsarein thebad

statecanbeomitted.Thereforeweconsiderasituationwhenonechannelis in thegood

stateandanotheris in the badstate,andminimize the distortionupperboundfor the

MD scheme.

Similarly asin (4.7),wecanobtainthedistortionupperboundas

_½¼y¾¿aÀ b�Á�d4Â�hÃi Ñ�k8l `nmyoÄqJs?tyuvs"w(oÄqJuvs%x]oC`nunz Ñ�k8l `nmporq k t]uvs"w|orq7uvs?xyoC`nu {.Ñ�kn} `n~%Å��� oCm4u�s?x]o�`nuz�� b Ð h {UÑ�k�} `n~%Æ�*� o�m4u kn} `n~%Å��� oCm�uvs?xyoC`nu
where G ¸14I æJ�Pê and G �14I æJ�Pê are GH14IRæJ�Pê definedin (4.5) with �©ë·� ¸ and �ñë�� � , respec-

tively.

Define

Ç � ¸14I æ�ú�Ú��!êJë�ÈÊÉ*Ë|ÌÍ�VæÞÇ�$§úRêIÚ�VyÉ���æ�Ç�å úRêÎ$ � G ¸17I æ7�!êy\ ÔPÉ7ÚÍV � G �14I æ7�!ê�$ � G ¸14I æ7�!êy\ ÔPÉ?Ï�È (4.28)

Thenit canbeshown thatas ÕUD F ,

3 � ¸�±¯ æ�ú�Ú��!ê�ù4É 5 ÙÞÝ|� Ð�Ñ4ÒA*B áÅø � !Þã<â � áÂØ�ã È
Define

�
¸14I æ7�!êJë � @ ÒA�B áC!Þã©]! , andits inversefunction � ¸ æ�úRêkë�æ

�
¸14I ê 5 Ø æ�ú7ê .

Assumethat the Æ argumentsof the ÈÊÉ*Ë9æp�Åê function in (4.28)areequalto each
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otherat ú'ëKú � ¸Ø�Ù ¡ , whichcanbedeterminedby solving

G �14I æJ� ¸ æ�ú � ¸Ø�Ù ¡ êUêkë É ��¸sæ�ú � ¸Ø�Ù ¡ ê� æ�Ç�å ú � ¸Ø�Ù ¡ êIÈ (4.29)

Define

� � ¸�±¯ ë K7LpMáÅø � !Þã Ç � ¸14I æ�ú Ú6�Pê , and

�
æ�ú�Ú��!êJëÓ��æ�Ç°$ úRê , thenwehavethefollowing

lemma:

Lemma 4.4 Thedistortionexponent

� � ¸�±¯ canbedeterminedby� � ¸�±¯ ë K7LpMø5��� ø Ñ4ÒßÂà � � Ø��
�
æ�ú Ú6� ¸ æ�úRêUê

ë È&Ô ÕSÌ
�
æ�ú � ¸Ø�Ù ¡ Ú6� ¸ æ�ú � ¸Ø�Ù ¡ êUêsÚ

�
æ�Ç!Ú�� ¸ æ�Çuêaê�Ï�È

This lemmacanbeprovedusingasimilarapproachto thatof Section4.4.

Now we considerthe SD scheme,and assumethat the channelis also time-

varyingandsubjectto thegoodstateandthebadstate.SincetheSDschemeoptimized

for the goodstatewould performpoorly whenthe channelis in the badstate,we op-

timize the SD schemefor the badstateinstead,whoseperformancein the goodstate

cannotbe worse. In otherwords,we minimize the SD distortionupperboundfor the

channelin the badstate,anddetermine

�
¸®�¯ similarly asin (4.26)with �DëÖ� ¸ . If the

resultant

�
¸® ¯ is greaterthan

� � ¸�±¯ , thentheSDschemeperformsbetterin bothgoodand

badstatesthanthe MD scheme.Otherwise,the MD schememay outperformthe SD

scheme.

4.6 Results

In thissection,weevaluatetheanalyticresultsin Section4.4andSection4.5with plots.

In Figure4.3, function

�
17IRæ�úRê is obtainedthroughnumericalevaluations. For
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each ú considered,we evaluate ��17I asdeterminedby (4.9) 1 , andevaluate

�
14I�æ�úRê ac-

cordingto

�
17IRæ�úRêkë�æÞÇ×$ÿúRê9�´��17I . Then

�
14IRæ�ú7ê is plottedfor threecases:

� ë�Ç , ��ëKÌ7ÈÂÇ ;� ëªÇrÌ , �ñë Ì�È<Ç ; � ë É , �©ë¯ÇrÌ 5?Ø . Rememberthat the larger

�
14Ilæ�úRê , thesmallerthe

distortionupperbound 3�17I . Onecanseethat in the first case,ún14I , i.e. the valueof

parameterú thatminimizes 3�17I , is clearly ÇrÔ!Æ , andin thesecondcasethe ún14I is clearly

Ç , while in thethird caseúñë Ç is slightly betterthan úñë�ÇuÔ!Æ .
In Figure4.4, theparameterún14I thatminimizesthedistortionupperbound 3�17I

asdeterminedby Theorem4.3is plottedasafunctionof
�

and � . Numericalevaluations

of thebest ú (like thosein Figure4.3) thatminimizes 3�14I would give theexactly same

results.
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Figure4.3: TheDistortionExponent

�
14I asaFunctionof MD Redundancy Parameterú

In Figure4.5, thedistortionexponents

�
�±¯ and

�
®�¯ correspondingto themin-

imizeddistortionupperboundsfor theMD andSD schemesarecomparedfor �ë�Ì�È<Ç
1The stepsto numericallyevaluate

Â�Ù�Ú
are: (i) Given

f
and Û , obtainfunction

Â�b�Ü�h
from (4.15); (ii)

Numericallysolvefor
Ü

thatsatisfies(4.9)whereÝ Ù�Ú b�Â5h is givenby (4.6);(iii) If theresultant
Ü

is greater
thanor equalto 1, determine

Â6ÙJÚ
from (4.15),otherwisesubstitute

ÜaÞ Ð into (4.6)andsolve (4.6) for
Â
.
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Figure4.4: MD Redundancy Parameterú thatMinimizes theDistortionUpperBound3�14I
usingnumericalevaluations. In Figure4.5 (a), it is assumedthat the samesourcedi-

mensionis usedfor the MD coderandSD coder, making the channelblocklengthin

theSD schemedoublethat in theMD scheme.Thenumericalresultsdemonstratethat

underthis model, the optimizedMD schemeperformsworsethan the optimizedSD

schemein termsof thedistortionupperbound,asexpectedfrom theanalyticalresultsin

Section4.5.

However, asdiscussedin Section4.5, if we allow the sourcedimensionof the

MD coder to be twice that of the SD coderso that the channelblocklengthis kept

the samefor both schemes,then asshown in Figure 4.5(b), the optimizeddistortion

exponentfor theMD schemeis smallerthanthatfor theSD schemeat very low source

dimensions,while they areidenticalathighersourcedimensions.

In Figure4.6, thedistortionupperboundsof theMD andSD schemesarecom-

paredfor time-varyingchannelsthataresubjectto the goodstatewith �'ëß� � andthe

badstatewith �3ëU�N¸ . Thesamesourcedimension
�

is usedfor bothschemes.TheMD

distortionexponent

� � ¸�±¯ is determinedbasedonLemma4.4. In Figure4.6(a),whenthe
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Figure4.5: Comparisonof DistortionExponent

�
�±¯ and

�
® ¯ for Time-InvariantChan-

nelsat ��ëKÌ7ÈÂÇ
SDdistortionexponentis optimizedfor � ¸ ë4Ì�È<Ç , it leadsto smallerdistortionexponent

thanthatof theMD schemeoptimizedfor � ¸ ëKÌ�È<Ç and � � ë�Ì�ÈyÌ�Ç , meaningthattheMD

schememayhave betterperformancein this case.This canalsobeshown by selecting

theSD channelcoderate ��® ¯ satisfying ÈÊÉ*ËFæ�É���®�¯MÚ � G �14I æJ��®�¯�êUê�ë
� � ¸�±¯ sothat theSD

schemein the goodstatehasthe samedistortionexponentwith the MD scheme,and

thenevaluatingthedistortionexponentof theSD schemein thebadstateaccordingto

ÈÊÉ*Ë�æ�É���® ¯ Ú � Gà¸17I æ7��®�¯Jêaê . Fromtheresultantcurve in Figure4.6 (a), whereit is labelled

as“SD Scheme2”, onecanseethatin thiscasethedistortionexponent

�
in thebadstate

for theSDschemeis muchsmallerthanthatof theMD scheme,suggestingthattheMD

schememayoutperformtheSDscheme.

In Figure4.6(b),weconsider� ¸ ëKÌ7ÈxÌ�Ç and � � ë�Ì�ÈyÌPÌ�Ç . WhentheSDdistortion

exponent

�
is optimizedfor � ¸ , it yields larger distortion exponentthan that for the

optimizedMD scheme,suggestingthatin this casetheSD schememayoutperformthe

MD scheme.
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In general,when � ¸ is largeand � �Há � ¸ , theMD schememayhavebetterdistor-

tion performancethantheSD schemein thetime-varyingchannel.

1 2 3 4 5 6 7 8 9 10
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

k

f

MD
SD Optimized for εb

SD Scheme 2

(a) â ¸9ã¥ä�åvæ�ç â � ãXä�åèänæ
1 2 3 4 5 6 7 8 9 10

0.4

0.5

0.6

0.7

0.8

0.9

1

1.1

1.2

1.3

k

f

MD
SD Optimized for εb

(b) â ¸Îã¥ä�åèänæ�ç â � ã¥ä�åèä�änæ
Figure4.6: Comparisonof DistortionExponent

� � ¸�±¯ and

�
® ¯ for Time-VaryingChan-

nels

4.7 Conclusion

In this paperwe have investigatedtheasymptoticperformanceof cascadedMD source

codesandblock channelcodesfor BSCs.In this modelthereexistsa tradeoff between

sourcecoding resolution,MD redundancy andchannelcoding rate. Analytic results

show thatwhenthechannelsaretime-invariant,allocatingredundancy to channelcod-

ing in theSDschememaybemoreeffective thanallocatingredundancy to MD coding;

on theotherhand,whenthechannelsaretime-varyingandthechannelstateis unknown

to theencoderandthechannelbit errorprobability is large, theMD schememayout-

performtheSD scheme.

Eventhoughwehave focusedon thedistortionupperboundfor theMD scheme
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in this paper, an analysison a distortion lower boundbasedon the “sphere-packing

exponent”of theBSC[38] canalsobeconductedfor theMD scheme,andsimilar con-

clusionsasabovecanbedrawn.

Appendix A: Proof of Lemma 4.1

Define

Ç 17IRæ�ú�Ú��!êJë�ÈÊÉ*Ë®æJ�VæÞÇ�$ úRêIÚÍV É���æ�Çhå úRêÎ$ � G�17IRæ7�!êy\ ÔPÉ7Ú � G�17IlæJ�Pêaê_È (4.30)

Denotetheabove Æ argumentsof the È&É�ËFæy�~ê function in (4.30)by é.Ø/æ�ú Ú6�Pê , éÞÙuæ�ú�Ú��!ê and

é ¡ æ7�!ê , respectively. If onetermis thesmallesttermamongtheseÆ terms,thenas ÕêD
F , thedistortiondueto this termdominates3�14IRæ�ú�Ú��Pê , with

3�14I�æ�ú�Ú��PêJëKÉ 5 ÙÞÝ|� Ð A�B áÅø � !Þã<â � á<Ø�ã È
Assumethatoneterm in (4.30) is smallerthantheothertwo terms,thenit can

be shown that by adjusting ú or � , 3�17IRæ�ú�Ú��!ê canbe decreaseduntil this term equals

to anotherterm. For example,if é.Ø/æ�ú�Ú��!ê is smallerthanthe other two terms,thenby

fixing ú andincreasing� , apointcanbereachedsuchthat é.ØIæ�ú�Ú��!êJëÓé ¡ æ7�!ê (or é.Ø/æ�ú Ú6�PêJë
éÞÙ�æ�ú�Ú��!ê ), becauseé.Øtæ�ú�Ú��!êkëÓ��æ�Ç"$'úRê increasesas � increases,é ¡ æJ�PêJë � G�17IRæ7�!ê decreases

as � increases,and é ¡ æ4#vê ë¡Ì . If éÞÙuæ�ú�Ú��Pê is smallerthan the other two terms,then

by fixing � anddecreasingú , a point canbe reachedsuchthat éÞÙuæ�ú�Ú��PêDëÖé.Ø/æ�ú�Ú��Pê (or

éÞÙ�æ�ú�Ú��!êMë�é ¡ æ7�!ê ), becauseéÞÙ�æ�ú�Ú��!êMëêVyÉ���æ�Ç�å�úRê9$ � GH14IRæJ�Pê]\BÔ!É increasesas ú decreases,

and éÞÙuæ�Ì�Ú��!ê�Û¶é.Ø/æ�Ì�Ú6�Pê .
Therefore,in orderto minimize 3�14I for large Õ , we only needto considerthe

following Ï cases,whereat leasttwo termsin (4.30)areequalto eachother.
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£ Case1: Assumethat é.Ø/æ�ú�Ú��!êJëëéÞÙ�æ�ú Ú6�PêJëÓé ¡ æ7�!ê . Then

ú ë ÇÆ Ú
GH14IRæJ�PêÁë ÏlÔ!Æ� �uÚ

3�14I�æ�ú�Ú��PêÁë É 5 ÙÞÝ?!6� ©p[ ¡ â � á<Ø�ã ëKÉ 5 Ù � Ý?@ A*B á�!ïãÂâ � á<Ø�ã Ú as ÕUD FKÈ
£ Case2: Assumeé.Øtæ�ú�Ú��!êkëëéÞÙ�æ�ú�Ú��!ê�þ>é ¡ æJ�Pê . Then

ú ü ÇÆ ÚGH14IRæJ�Pêoë Ïlú�ì��Ú
3�14IRæ�ú�Ú��Pêoë É 5 ÙÞÝ?!6�?á<Ø�âVøaãÂâ � á<Ø�ã Ú as ÕUD FKÈ

Intuitively, in this casesufficient channelcoding is usedso that the probability

thatbothchannelsfail at thesametime is small.
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Figure4.7: Function G�17IRæ7�!ê for Case3
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£ Case3: Assumethat é.Ø/æ�ú�Ú��!êJëëé ¡ æJ�Pê�þíéÞÙ�æ�ú�Ú��Pê . Then

ú þ ÇÆ ÚGH14I�æ7�!ê ë Ç�$§ú� ��Ú
3�14Ilæ�ú�Ú��!ê ë É 5 Ù � Ý%@ A�B áC!Þã<â � áÂØ�ã Ú as ÕUD FKÈ

Let úVØë Ø¡ , ú ¡ þíú�Ø , andlet �¢î and únî satisfy(4.31) for ï�ëªÇ!Ú1Æ . As illustrated

in Figure4.7, since G�17IRæ7�!ê is a decreasingfunction of � , we have that � ¡ üß��Ø
and GH14I�æ7� ¡ êñþðG�17IRæ7��Ø�ê , meaningthat 3�14I in this caseis alwayslarger thanthat

in Case1. Intuitively, this is becausein this casetoo muchrate is allocatedto

MD redundancy to achieve smallsidedistortion,but too little rateis allocatedto

sourcecoding(for thecentralquantizer)andchannelcoding.

£ Case4: Assumethat éÞÙ�æ�ú�Ú��!êJëëé ¡ æJ�Pê�þíé.Ø/æ�ú�Ú��Pê . Then

ú ü ÇÆ Ú
G�17IRæ7�!êÁë ÉVæÞÇhå�ú7ê� �uÚ

3�17I�æ�ú�Ú��!êÁë É 5 ÙÞÝ"!6� ÙUáÂØ 5 øaã<â � á<Ø�ã Ú as Õ�D FKÈ
By anargumentsimilar to thatin Case3, it canbeshown thatthiscasealwayshas

a larger 3�14I thanCase1. Intuitively, this is becausein this case,too muchrateis

allocatedto sourcecodingresolution(for thecentralquantizer),but too little rate

is allocatedto MD redundancy andchannelcoding.

Summarizingall cases,for large Õ , thepair æ�ú Ú6�Pê thatminimizes 3�14Ilæ�ú�Ú��!ê sat-

isfies(4.8)and(4.9). ñ
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Appendix B: Proof of Lemma 4.2

From(4.16),calculatingthederivativeof G�17I yields

Ö"GH14IÖ"T ë Z Ø4[ O æ7'�)�+,Z!ê ÙæÞÇa$;Z Ø4[ O ê Ù T Ù '*)�+ � È
From(4.15),wehave

Ön�ÖnT ë å Z Ø4[ O æJ'*)�+�Z�ê ÙæÞÇY$>Z Ø4[ O ê Ù T ¡ '*)�+ � þ¥Ì�È (4.31)

Therefore

G
§
14I æ7�!êJë Ö"G�17IuÔ!ÖnTÖ"��Ô!ÖnT ëiåòT�æJ�Pê (4.32)

whereT�æJ�Pê satisfies(4.15).

(4.13)canberewrittenas�
14I�æ7�!êJëóV�ÇY$

�
14IRæJ�Pê]\����uÈ

Thus � §
14I æJ�PêJë

� §
14I æJ�Pêy�½$�Ça$

�
14I�æ7�!êJë � G

§
14I æJ�PêÏ $�ÇPÈ (4.33)

Since

G
§ §
14I æJ�PêJë Ö?G

§
14I æ7�!êÖn� ë Ö"G

§
17I æJ�PêaÔ!ÖnTÖ"�!Ô!ÖnT ë æÞÇY$>Z Ø4[ O ê Ù T ¡ '*)�+ �Z Ø4[ O æ7'*)8+YZ�ê Ù üZÌ�Ú

wehave � § §
17I æJ�PêJë � G

§ §
17I æ7�!êÏ ü¥Ì�È (4.34)
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From(4.11),(4.10),(4.32)and(4.5),wehave

Ö�úÖ"� ë å � T ô,Ç�å¥'�)�+ æÞÇa$;Z Ø4[ O ê]õÏ�� Ù þZÌ�È (4.35)

From(4.35)and(4.31),it follows thatthat ú is anincreasingfunctionof T .

Assumingthat thereexistsa stationarypoint ú?¦17I suchthat

� §
14I æ�ú?¦17I ê�ëjÌ , �8¦14I ö

��æ�ú"¦14I ê mustalsobeastationarypoint suchthat

� §
14I æ7��¦17I êkë�Ì . Since

� § §
14I æ7�!ê3ü¥Ì , ú

§
æJ�Pê�þ

Ì and

� §
14I æ�úRê'ë

� §
14I æJ�PêaÔ!ú

§
æJ�Pê , we concludethat for ú§þðú"¦14I ,

� §
æ�úRêfþðÌ ; for ú§üðú?¦17I ,� §

æ�úRê3üZÌ .
Considering(4.33)and(4.32),thestationarypoint T"¦14I for

�
14IRæy�~ê is

T ¦14I ë Ï� È ñ

Appendix C: Proof of Theorem4.3

As definedby (4.14), T is largerthanor equalto Ç . FromLemma4.2, ú is anincreasing

functionof T for TfüKÇ . It followsthatif T�æ�úRê is everequalto Ç , thentheremustexist úl× ,
suchthatfor all úÄü4úl× , T�æ�úRê�üiÇ , andfor all ú¶ùKúl× , T�æ�úRê3ëìÇ . Two specialcasesare:

(i) úl× þ�Ì , which meansthat T�æ�úRê is not equalto Ç for any ú�
>V Ì7Ú�$öF¥ê ; (ii) úl×�ë÷$öF ,

whichmeansthat T�æ�úRêkë Ç for all ú 
/V Ì�Ú�$öF¥ê .
Now weconsiderÆ casesseparately:

� þ§Ï , � ë�Ï , and
� üZÏ .

£ � þ Ï
In this case,(4.17)indicatesthatthestationarypoint T"¦14I for

�
14IRæy�~ê satisfiesT"¦17I ü

Ç . Furthermore,ú"¦17I canbecomputedfrom (4.19). Basedon thedefinitionof úl× ,
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úl×2þýú"¦14I . For ú¥ùªúl× , T�æ�úRêbë Ç , thus from (4.22), we have

� §
17I æ�úRêqþýÌ . For

ú ü�úl× , T�æ�ú7êÃüðÇ , thusfrom (4.18),we have

� §
14I æ�úRêvþ Ì for úl×'þ�ú þ�ú ¦17I , and� §

14I æ�ú7êÃü�Ì for ú ü�ú"¦17I . Therefore,

�
14I�æ�úRê is a decreasingfunction for ú þ ú?¦17I ,

andanincreasingfunctionfor úfü ú"¦14I .
Using this resulton

� §
14I æ�úRê , sincethe permissibleú¹
ßV Ø¡ Ú#ÇW\ , it follows that the

parameterú that maximizes

�
14IRæ�ú7ê is either Ø¡ or Ç . If the stationarypoint ú?¦17I

is outsidethe permissibleinterval of ú , then the far end of the interval is the

parameterú thatmaximizes

�
14I . That is, ú"17Ibë Ø¡ Ú if

� þ�Ï and ú"¦17I ÛðÇ ; ún14Ibë
ÇPÚ if

� þ§Ï and ú"¦14I ù Ø¡ . However, if ú"¦14I lieswithin thepermissibleinterval, then

oneneedcomparethe functionvaluesat the two endsof the interval andchoose

thevalueof ú thathasa larger

�
14IRæ�ú7ê .

£ � ë4Ï
In this case,(4.17) indicatesthat thestationarypoint T"¦14I ëýÇ . Furthermore,ú?¦17I
canbecomputedfrom (4.19). Basedon thedefinitionof úl× , úl×�ëiú?¦17I . It follows

thatfor úfù�ú ¦17I , T�æ�ú7êkëiÇ , andthusfrom (4.22),wehave

� §
14I æ�úRêMë�Ì ; for úfü ú ¦17I ,

T�æ�ú7ê3ü�Ç , andfrom (4.18),wehave

� §
17I æ�ú7ê3ü¥Ì .

Using this result on

� §
14I æ�úRê , sincethe permissibleúø
ÃV Ø¡ Ú#ÇW\ , it follows that if

ú ¦14I ù�Ç , thentheparameterú thatmaximizes

�
14IRæ�úRê is Ç ; if ú ¦17I ü�Ç , then

�
14IRæ�úRê

is constantfor any úù
�V Ø¡ Ú/Ç¢\ . In the lattercase,for simplicity, we maychooseÇ
for ú . Therefore,theparameterú thatmaximizes

�
17I is ú"17IëiÇ , if

� ë�Ï .
£ � ü Ï

In this case,(4.17)indicatesthat thestationarypoint for

�
14I�æy�~ê satisfiesT"¦14I þíÇ .

But thiscontradictsto thecondition TfÛûÇ . Thereforewemusthave ú"¦14I þ¥úl× . For

úÄüKúl× , T�æ�úRê�ü�Ç and

� §
14I æ�úRê ü4Ì ; on theotherhand,for úÄùûúl× , (4.22)indicates
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that

� §
17I æ�úRê�ü�Ì . In bothsituations,

� §
14I æ�úRêüKÌ . Sincethepermissibleú
ëV Ø¡ Ú#Ç¢\ ,

theparameterú thatmaximizes

�
17I is ú"17I ë Ç , if

� ü Ï . ñ

Thischpater, in full, hasbeensubmittedfor publicationas:X. Tian. Asymptotic

Analysisof Multiple DescriptionCodesOver Noisy Channels,IEEE Transactionson

Information Theory, 2004. The dissertationauthorwas the primary investigatorand

singleauthorof this paper.



Chapter 5

PuncturedTrellis CodedQuantization

and Modulation

5.1 Intr oduction

Trellis codedmodulation(TCM) is a combinedcodingandmodulationtechniquefor

digital transmissionover band-limitedchannels.It canachieve significantcodinggain

withoutbandwidthexpansionor reductionof informationrate[74]. Trellis codedquan-

tization (TCQ) wasintroducedasa naturaldual to TCM [51]. By combininga trellis

structurewith aquantizerwith anexpandedsetof quantizationlevels,TCQoutperforms

many othersourcecodingtechniquesof comparablecomplexity in encodingbothmem-

orylesssourcesandsourceswith memory.

TCQ and TCM were combinedby Fischerand Marcellin [22] to producean

effective joint sourceandchannelcoding/modulationsystem.By usingthesametrellis

codefor TCQ andTCM, andby usinga consistentlabelingbetweenTCQ levels and

TCM symbols,symbol errorsat the TCM decoderare unlikely to causelarge mean

squarederrorsat the TCQ decoder. As a result, the combinedTCQ/TCM schemeis

65
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moreerrorresilientthantheschemewhereTCQandTCM areseparatelydesigned.

In [79], WangandFischerdesigneda combinedTCQ/TCM schemethat uses

a channel-optimizedTCQ andthat optimizesTCM constellationpointswith a quasi-

Newton method. Comparedwith [22], the performanceat low channelSNRsis im-

proved, but the training algorithm is fairly complex. In [35] and [36], a symbol-by-

symbolMaximuma Posteriori (MAP) algorithmwasmodifiedasasoft-decoderfor the

combinedTCQ/TCM, andthe TCQ encoderandthe soft-decoderweredesignediter-

atively to reducethe distortion. Significantimprovementwasobtainedfor very noisy

channels,againat thecostof largecomplexity.

While it is known that jointly designingthe sourcecoder, channelcoder, and

modulatormay improve theoverall performance,a lower complexity effective method

is onethatoptimally allocatesratesbetweenthesourcecoderandchannelcoder. There

is considerableamountof work in theliteraturethatutilizesthetradeoff betweensource

coding and channelcoding. For example, in [5], a trellis-codedvector quantization

(TCVQ) sourcecoderanda convolutional channelcoderwerejointly designed;while

in [12], a TCQ coderwas followed by a Rate-CompatiblePuncturedConvolutional

(RCPC)coder. In bothcasestherateallocationbetweensourcecodesandchannelcodes

wasconsidered.

In this chapter, we explore suchtradeoffs betweensourcecodingandchannel

codingin thecontext of TCQ/TCMschemesfor anAWGN channel,undertheconstraint

thateachsourcesampleis codedinto onechannelsymbol. Inspiredby the successof

TCQderivedfrom TCM usingaduality betweenquantizationandmodulation,andthat

of the PuncturedTCM scheme(PTCM) of Wolf andZehavi [84], we proposea new

sourcecodingschemePTCQasthedualof PTCM,providing efficient sourcecodingat

fractionalbit-rateswith low complexity. Thenwe generalizethecombinedTCQ/TCM

schemeto aPTCQ/PTCMscheme,providing theflexibility of adjustingthetradeoff be-
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tweensourcecodingandchannelcodingwith asingleunderlyingtrellis, thusimproving

theperformancewith anoisychannel.

An exampleto illustrate the proposedPTCQ/PTCMschemeis shown in Fig-

ure5.1,whereevery É sourcesamplesarecodedinto Î informationbits,whicharethen

expandedto Ê bits, forming two 8-PSKsymbols.In contrast,in theTCQ/TCM scheme

of [22] with 8-PSK,eachsourcesampleis codedinto É information bits, which are

expandedto Æ bits, formingone8-PSKsymbol.
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Figure5.1: An Exampleof PTCQ/PTCMfor 8-PSK

Therestof thepaperis organizedasfollows. In Section5.2,anoverview of the

PTCM schemebasedon [84] is presented.In Section5.3, thePTCQ/PTCMschemeis

proposed.Simulationresultsarepresentedin Section5.4. Section5.5summarizesthis

chapter.

5.2 Overview of PTCM

In [84], a puncturingtechniquewidely usedfor binaryconvolutionalcodeswasapplied

to TCM. By not transmittingcertainoutputbitsof thetrellis codes,aclassof higher-rate
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trellis codesis formed,calledPTCM.

5.2.1 Encoding

ConsiderthePTCM schemefor M-PSK with anunderlyingconvolutionalcodeof rate

ÇuÔPÉ . The convolutionalcoderin TCM is replacedby a puncturedconvolutional coder

with rate ��
>V ØÙ Ú#Çrê . For 8-PSK,this achievesanoverall transmissionrateof Õø
¶V É7Ú1Ælê
bits/symbol.At time

�
, PTCM producesÆ bits æJú Ù� ú Ø� ú ×� ê , where ú Ø� and ú ×� arecoded

bits, and ú Ù� is an uncodedbit. The following mapping(denotedû°ü Ý�æy�~ê ) is assumed

betweenthebinarydigits æJú Ù� ú Ø� ú ×� ê andPSKconstellationpoints: æ�ÌPÌPÌlêJë4Ì � ÚMæ�ÌPÌ�ÇuêJë
Ï�Î � Úqæ�Ì�ÇPÇuê ë ýPÌ � Úqæ�Ì�ÇrÌlê ë ÇrÆlÎ � ÚuæÞÇrÌPÌlê ë Ç#ÍPÌ � Ú æ�ÇrÌ7Çuê ë ÉPÉPÎ � ÚqæÞÇPÇPÇuê ë É�þ!Ì � ,
and æ�ÇPÇ#Ìlê'ëªÆ7ÇuÎ � , wherethe signalphasesareusedto specifythe PSK constellation

points. This schemewas termedpragmatic codesin [84] becauseit allows existing

rate ÇrÔPÉ convolutional encodersanddecodersto be usedfor 8-PSKTCM after slight

modifications.For QPSK,PTCMachievesatransmissionrateof Õÿ
/V~ÇPÚsÉ!ê bits/symbol.

A Gray mapping û���Ý�æy�~ê is usedto mapbinary digits æJú Ø� ú ×� ê to QPSKconstellation

points: æ�ÌPÌlêJë�Ì � , æ�Ì�ÇuêJë�ý!Ì � , æÞÇPÇuêJë ÇrÍ!Ì � , and æ�ÇrÌlêJë�É�þ!Ì � .
For an underlyingconvolutional codeof rate ÇuÔ!É , if the numberof symbols

that are transmittedper punctureperiod 0 is denotedby û , then for every 0 input

(information)bits, thepuncturedencodergeneratesÉ�û outputbits, yielding a coderate

of �©ë÷0�Ô�æ�É�ûkê . For QPSK,theseÉ�û outputbits aregroupedinto û QPSKsymbols,so

theoverall bit-rateof thePTCM coderis 0�Ô�û bits/symbol.For 8-PSK,anadditional û
uncodedbits canbecombinedwith thoseÉ�û codedbits into û 8-PSKsymbols,so the

overall bit-rateof thePTCM is æ70ë$¹ûMêaÔ�û bits/symbol.Someexamplesof puncturing

tablesandtheir correspondingparametersaregivenin Table5.1,
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Punc.Table

�
1
1 � �

11x1
1x11 � �

11x
1x1 � �

11x1x
1x1x1 ��

1 4 3 5�
1 3 2 3

Code-rate
Â Ð��IÑ Ñ��1Ò Ò	�.Ó 
����

Bit-ratefor 8-PSK(bit/sym.) Ñ Ñ q Ñ ql Ñ l
Bit-ratefor QPSK(bit/sym.) Ð Ð q Ð ql Ð l

Table5.1: PTCMparameters

5.2.2 Decoding

Due to puncturing,oneTCM symbolmay containcodedbits from two trellis transi-

tions. In orderto useaconventionalViterbi algorithmfor decoding,sub-optimalbranch

metricsneedto beusedto approximatetheoptimalbranchmetrics.In this chapter, we

adoptthesub-optimalbranchmetricsfrom [83].

DenotetheEuclideandistancebetweenthereceivedsignal� � andthetransmitted

8-PSKsymbolcorrespondingto bits æJú Ù� ú Ø� ú ×� ê as

Ö I à� I ß� I��� ë���� � � å;û°ü Ý�æ�ú Ù� ú Ø� ú ×� ê����ÅÈ (5.1)

If thereis nopuncturingat time
�
, thendefinethefollowing sub-optimalbranch

metric[83]:

é&���.ükæ�ú Ø� ú ×� êJëÓÈ&É�Ë�æ�Ö Ù×QI ß� × Ú1Ö Ù×QI ß� Ø Ú.Ö Ù ØJI ß� × Ú1Ö Ù ØJI ß� Ø ê
$ ÈÊÉ*Ë9æ�Ö Ù×ï×QI � � Ú.Ö Ù×UØJI � � Ú1Ö Ù Ø�×QI � � Ú1Ö Ù ØïØJI � � ê (5.2)

where“ ��0 ” refersto theapproximateor sub-optimalnatureof this metric.

If thereis puncturingat time
�

sothatcodedbits ú Ø� and ú ×� aregeneratedby two

trellis transitions,thendefinethe sub-optimalmetricsof the branchscorrespondingto

ú Ø� and ú ×� asthefirst andsecondtermof theright-handsideof (5.2),respectively.
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By usingtheabovebranchmetricsandtheViterbi algorithm,thePTCMdecoder

candeterminethesequenceof codedbits ú Ø� and ú ×� . Theuncodedbit ú Ù� canbechosen

suchthat Ö ÙI à� I ß� I � � ëëÈ&É�Ë�æ�Ö Ù ØJI ß� I � � Ú.Ö Ù×QI ß� I � � ê .
For QPSK,thesymbolsaremappedfrom codedbits ( ú Ø� ú ×� ) andnouncodedbits

ú Ù� areused,so theabove definitionsof Euclideandistanceandbranchmetricsneedto

beadjustedaccordingly. For example,(5.1) is replacedby Ö I ß� I � � ë���� � � å;û���Ý�æ�ú Ø� ú ×� ê���� ,
and(5.2) is replacedby éÊ���%ükæJú Ø� ú ×� êkëÓÈÊÉ*ËFæ�Ö ÙI ß� × Ú1Ö ÙI ß� Ø êÎ$/È&É�ËFæ�Ö Ù×QI � � Ú1Ö Ù ØJI � � ê .
5.3 ProposedPTCQ/PTCM Scheme

5.3.1 PTCQ

We proposea source-optimizedPTCQschemeasthedualof PTCM, usingthemecha-

nismby whichTCQis derivedfrom TCM. In thisscheme,thePTCQencoderis similar

to the PTCM decoder, and the PTCQdecoderis similar to the PTCM encoder. The

encodingtrellis of PTCQis definedby a puncturedconvolutionalencoder. Theoutput

of thePTCQencoderis a sequenceof binarycodewords,which areconvertedto a se-

quenceof quantizationlevelsat thedecoder. By combiningapuncturedtrellis structure

with a quantizer, PTCQcanachieve quantizationat fractionalbit-ratesthataregreater

than Ç bit/sourcesample.In its simplestform, with anunderlyingconvolutionalcodeof

rate ÇuÔPÉ , PTCQcodedat Õ bits/sourcesamplerequiresÉ�� Ý���â_Ø quantizationlevels(code-

words),partitionedinto Ï subsets,eachof É�� Ý�� 5 Ø codewords. Thesub-optimalbranch

metricsfor PTCQaresimilar to thosedescribedin Section5.2 for PTCM, exceptthat

now û°ü Ý�æp�~ê and û���Ý+æp�~ê mapbinarydigitsto quantizationlevelsinsteadof PSKsymbols.

TheViterbi algorithmis usedto encodethesourcesequence.ThePTCQquantization

levelscanbetrainedusingtheLloyd algorithmanda trainingsequence.
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Assumethata doubledsignalconstellationis usedfor theunderlyingtrellis. If

� is the numberof inputs to the convolutional coder, thenthe rateof the underlying

convolutional codeis �ZÔVæ4� $�Çuê . For the rate ÇuÔPÉ codeconsideredin this chapter,

� ëÜÇ . The numberof statesof the trellis is denoted� K . It canbe shown that the

encodingcomplexity of PTCQconsistsof:

É � Ý���â_Ø multiplies,

É � Ý���â_Ø $ É �â_Ø $ � K É � 0�Ô�û additions,

V<æ�É � Ý�� å¥Çuê/æ4� $�ÇuêUÉ �â_Ø $!� K æ�É � åZÇrêN0�Ô�û
$Dæ�É � Ý�� 5 � å¥Çuê]\ two-waycomparisons

per sourcesample.The fractionalbit-ratequantizaitonrealizedby PTCQcanalsobe

realizedby TCVQ [23]. Thefull searchencodingcomplexity per(scalar)sourcesample

of "hå dimensionalTCVQ is ((3) of [23]):

É Ý$#!â_Ø multiplies,

É Ý$#!â_Ø $�æ%� K É � Ô&"Mê additions,

Ì ô É �â_Ø æ�É Ý'# 5 � å¥Çuê�$!� K æ�É � åZÇuê õ Ô&"eÏ
two-waycomparisonsÈ

It is easyto seethat the encodingcomplexity of PTCQis only slightly higher

than that of TCQ (TCVQ with " ë Ç ), but is much smaller than that of TCVQ at

fractionalbit-rates( " ü�Ç ), andthedifferencebecomesgreaterfor larger " .
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5.3.2 PTCQ/PTCM

We proposePTCQ/PTCMasa combinationof PTCQandPTCM with properrateallo-

cation.Thiscombinationis donein thesamewayashow TCQ andTCM arecombined

into theTCQ/TCM scheme.In particular, a samepuncturedtrellis structureis usedfor

PTCQandPTCM,andconsistentlabelingbetweenPTCQlevelsandPTCMsymbolsis

employed.

A key componentof this schemeis to exploit the flexibility of rateallocation

offeredby thepuncturingmechanism.Assumingthattheencoderhastheknowledgeof

thechannelSNR(via a feedbackchannel),it canselectappropriatepuncturingpatterns

basedon this knowledge,and thusallocateratesbetweensourcecodingandchannel

codingto matchthegivenchannelSNR.

Theoverall performanceof thePTCQ/PTCMcanalsobeimprovedby adaptive

modulation.Whenthechannelis favorable,a higher-ordermodulationschemecanbe

usedto increasethe system’s bits per symbolcapacity, andconversely, a morerobust

lower ordermodulationschemecanbe usedwhenthe channelbecomesinferior. For

example,athighchannelSNRs,8-PSKmaybeusedto transmit Õø
-VyÉ7Ú.Ælê bits/symbol;

while at low channelSNRs,QPSKmaybeusedto transmit Õÿ
/V~ÇPÚsÉPê bits/symbol.

5.4 Results

In this section,we presentnumericalresultsof theproposedPTCQandPTCQ/PTCM

schemes.

The combinedPTCQ/PTCMis designedfor transmittingcertainmemoryless

sourcesthroughanAWGN channelaccordingto thealgorithmdescribedpreviously. A

sequenceof 100blocks,eachof 1000samples,is usedfor training;aseparatesequence

of dataof the sameblock length is usedfor testing. A 4-staterate1/2 convolutional



73

GaussianSource Uniform Source
Encodingrate(bit/sample) R= Ð � 
 R=Ñ � 
 R= Ð � 
 R=Ñ � 


SQNRfor PTCQ(dB) ( � Ó	) ÐUÑ � (+* * � Ð,
 Ð�
 � Ó�*
SQNRfor TCVQ (dB) ( � �	
 ÐaÒ � Ñ�( * � Ò-) Ð�
 � (+.

Table5.2: QuantizationPerformanceof PTCQandTCVQ

encoderspecifiedby /V×¶ë Î10 and /9Ø ë þ10 is used. The modulationconstellationis

8-PSKor QPSK,dependingon the bit-rate. The performanceresultsaregiven in the

form of SQNRvs. channelSNR.SQNRis definedas 2436587jë @:9%; à=<@>9�á?; 5A@;1ã à < , where � is

thesignalto bequantized,and B� is thereconstructedsignal.ThechannelSNRis defined

as 2C5D7ûë @'EÙ=F àG , where G K is theenergy of thePSKsignal,and H ÙI is thevarianceof the

Gaussiannoisealongeachdimension.

Beforepresentingthesimulationresultsof thecombinedPTCQ/PTCMscheme,

let usexaminethequantizationperformanceof PTCQ.Thesimulationresultsat É frac-

tional bit-ratesfor memorylessGaussiananduniform sourcesareshown in Table5.2.

Also shown in this tablearethe codingperformanceresultsof TCVQ, which areob-

tainedbasedon our implementationof the TCVQ coder(Structure1) of [23]. One

canseethat the performanceof PTCQis closeto thatof TCVQ. But asnotedin Sec-

tion 5.3.1,PTCQis lesscomplex thanTCVQ.

In Figure5.2, theperformanceresultsof PTCQ/PTCMfor a memorylessGaus-

siansourceat 6 bit-rates( Õ¯ë ÇPÚ/Ç Ø¡ Ú#Ç Ù¡ , É7ÚsÉ Ø¡ , and É Ù ¡ bits/symbol)areshown. Also

shown in the grapharethe performanceresultsof the referencesystem– the source-

optimizedTCQ/TCM schemeat É bits/symbol[22]. Theseresultsshow that perfor-

manceimprovementis possibleat low andhigh SNRsif the bit-ratecanbe optimally

selectedfor the given channelSNRs. Similar performanceimprovementcanalsoob-

tainedfor memorylessuniformandLaplaciansources.

In Figure5.3,theoptimalrateallocationfor PTCQ/PTCMis shownasafunction
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Figure5.2: PTCQ/PTCMfor GaussianSource

of the channelSNR for Gaussian,uniform, andLaplaciansources.Theseresultsare

obtainedby measuringtheend-to-enddistortionsvia simulationsandselecting,among

the Ê rates,the ratethatgivesthe leastdistortion. Similar resultscanalsobeobtained

by analyzingthe distortiondueto quantizationandthat dueto channelnoisewith the

puncturedtrellis code,but theanalysisis omittedhere.A rule-of-thumbobservedfrom

theseresultsis thatamongthe Ê availablerates,thebestratecorrespondsto thelargest

possiblebit-ratewith thesymbolerrorrateof PTCMdecodingbeinglessthan Ç�J .

In Figure 5.4, the performanceresultsof the PTCQ/PTCMusing the optimal

ratesasdescribedabove arecomparedwith thoseof othermethodsfor a memoryless

Gaussiansource.Comparedwith a referencesystem(TCQ/TCM at É bits/symbol)[22]

in which theViterbi algorithm(VA) wasused,by choosingfrom Ê rates,PTCQ/PTCM

canachieveaboutÆ dB gainin SQNRatbothlow channelSNRsandhighchannelSNRs,

while thegainis smallerat intermediateSNRs.Figure5.4alsoshows theperformance
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Figure5.3: RateAllocationsResultsfor PTCQ/PTCMBasedonSimulations

of the iterative MAP decodingalgorithmof [35], wherean 8-statetrellis wasusedfor

a TCQ/TCM 8-PSKsystem. It canbe seenthat the performanceof the algorithmof

[35] is similar to thatof the PTCQ/PTCMschemeat low andmediumchannelSNRs,

but its performanceis worsethanPTCQ/PTCMat high channelSNRs. Its decoding

complexity is muchhigherthanthatof PTCQ/PTCM1.

So far we have assumedthat bit-wise puncturingis usedin the PTCQ/PTCM

scheme;however, symbol-wisepuncturing[82] can also be usedto form a symbol-

wisePTCQ/PTCMscheme.Bit-wise puncturingrefersto thepuncturingmechanismin

which someor all transmittedsymbolscontaincodedbits from more thanonetrellis

1It canbe shown that for the ÓLK statepuncturedtrellis codesusedin this section,the total decoding
complexity of PTCQ/PTCMis no greaterthan ÐM� multiplies, ÒsÓ additions,and ÒIÒ two-way comparisons
persourcesample.For comparison,a conservativeestimateof thecomplexity of thedecodingalgorithm
in [35] [36] is Ò-NPO lQ multipliesand Ñ�NPO lQ additionspersourcesample,whereN is thenumberof parallel
branchesbetweenstates.Since N Þ Ñ and O Q Þ ) wereused,this amountsto Ò-)IÓ multipliesand Ñ-
-�
additionspersourcesample.
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transition,while symbol-wisepuncturingrefersto thecasewheneachtransmittedsym-

bol correspondsto onetrellis transition.Accordingto our experimentalresults(which

arenotshown here),bit-wiseandsymbol-wisePTCQ/PTCMschemeshavesimilarper-

formanceresults,but thesymbol-wiseschemeis simpler.

5.5 Conclusion

In this chapter, we have proposeda PuncturedTCQ schemeasthe dual of the Punc-

tured TCM scheme,providing a variety of fractionalbit-ratesthat are greaterthan Ç
bit/sample. PTCQis shown to be able to achieve performancecloseto TCVQ but at

lesscomplexity. We have alsoproposeda combinedPTCQ/PTCMschemeso that by

usingpropermodulationorderandpuncturingpattern,ratescanbeoptimally allocated

betweensourcecodingandchannelcodingto matchthegivenchannelSNR.Simulation
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resultsshow thatsignificantperformanceimprovementcanbeachievedby theproposed

schemeoverthereferenceTCQ/TCMschemeatbothlow andhighchannelSNRs,while

its complexity is muchlowerthanthatof aschemewith competitiveperformanceat low

channelSNRs.

This chpater, in part, hasbeensubmittedfor publicationas: X. Tian. Punc-

tured trellis codedquantizationandmodulation. IEEE Transactionson Communica-

tions, 2004. The dissertationauthorwasthe primary investigatorandsingleauthorof

this paper.

This chpater, in part, hasbeensubmittedfor publicationas: X. Tian. Punc-

tured trellis codedquantizationandmodulation. IEEE Transactionson Communica-

tions, 2004. The dissertationauthorwasthe primary investigatorandsingleauthorof

this paper.



Chapter 6

Efficient TransmissionPower

Allocation for Wir elessVideo

CommunicationsUnder Average

Power Constraints

6.1 Intr oduction

Next-generationwirelesscommunicationsystemsmustaccommodatemultimediaser-

vices. Transmittingvideosover wirelesssystemsis a challengingtaskdueto thetime-

varyingnatureof wirelesschannelsandthe limited resourcesof wirelesssystemssuch

asbandwidthandpower. Thusresourceallocationconstitutesakey problemin wireless

videocommunications.

A commontypeof resourceallocationis theoptimalallocationof ratesbetween

sourcecodingandchannelcoding. Sincemostvideocodecsusemotion compensated

prediction,decodingerrorsof forward error control (FEC) will propagateinto future

78
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framesandmay causesevereperformancedegradation. To make video decodersre-

silient to channeldecodingerrors,propersourcesynchronizationanderrorconcealment

strategiesmustbe employed. While video is inter-codedin most framesto maintain

codingefficiency, intra-macroblock(MB) or intra-framerefreshingis oftenusedto stop

errorpropagation.All thesefactorsmake thetheoreticalanalysisof rateallocationbe-

tweensourcecodingandchannelcodingextremelydifficult.

In [88], a robust sourcecoding algorithm is proposedfor transmittingvideos

over packet networks. The expecteddecoderdistortionis analyzedat pixel-level pre-

cision for a given packet loss rate, and the intra/inter modeis selectedfor eachMB

basedon a rate-distortionmodel. Even thoughthis approachof pixel-level estimation

accuratelyaccountsfor both spatialandtemporalerror propagation,it doesnot allow

globaloptimizationof rateallocationbetweensourcecodingandchannelcodingfor the

video sequence,as it estimatesthe distortionrecursively frameby frame. Its compu-

tationalcomplexity is alsohigh, sinceboth thefirst andsecondmomentsof the recon-

structedvaluesat thedecoderneedto becalculated.In [73], theerrorpropagationeffect

is analyzedunderthe assumptionthat the channel-inducederror varianceis the same

on averagefor eachframe. An empiricalmodelof the distortiondueto quantization

(sourcecoding)andthat dueto channelerrorsfor an H.263video codecis proposed,

so that the optimal intra-MB refreshingrateandFEC coderatecanbe chosenfor the

videosequence.However, this algorithmrequiresrunningcomputationsover thevideo

sequenceafew timesto generatemeasurementpointsbeforetheoptimalparameterscan

beselected,makingit not suitablefor real-timecommunications.In [34], analgorithm

for joint sourceandchannelcoding is proposedfor video transmissionover a binary

symmetricchannel. In additionto developinga rate-distortionmodel for sourcecod-

ing, the relationshipbetweentheaveragechanneldistortionover thesequenceandthe

source/channelcodingparameterssuchasthe intra-MB refreshingrateandFEC code



80

rate is also derived, allowing optimal selectionof theseparametersfor the video se-

quence.However, theanalysisis strictly basedon theassumptionthatthedecodererror

concealmentstrategy is simply to copy theMBs at thesamelocationfrom theprevious

decodedframe,which limits theperformanceof thecodec.

Anothertypeof resourceallocationfor wirelessvideocommunicationsinvolves

theoptimalallocationof thetotal consumedpoweror thetransmissionpower.

Reducingthe total consumedpower for mobile devicesimprovestheir battery

life. A commonoptimizationapproachfor this typeof problemsis to allocatethetotal

consumedpowerto differentcomponentsof thedevice,includingsource/channelcoding

processingandtransmission,becausethepowerconsumedfor processing,which is pro-

portionalto complexity, is notnegligible whenevaluatingthetotal consumedpower for

wirelessvideocommunications.In [87], the transmissionpower andthebit allocation

betweensourcecoding and channelcoding are jointly optimized,accordingto wire-

lesschannelconditionsandvideoquality requirements,to minimizethetotal consumed

power for a singleuseranda groupof usersin a cell. In [50], a similar optimization

problemis consideredfor theH.263sourcecoder, theReed-Solomonchannelcoderand

a two-stateMarkov channelmodel, using the distortionmodelof video transmission

proposedin [73]. This approachis extendedto the context of multiple antennasand

space-timecodingin [85].

On theotherhand,reducingthetransmissionpowerwill reducetheinterference

betweenuserssharinga wirelesschannelandthusenhancethesystemcapacity. Trans-

missionpower allocationmayalsoextendthebatterylife for hand-helddevices,since

thetransmissionpower is asignificantpartof thetotal consumedpower. In [20], a joint

sourcecodingandtransmissionpower allocationschemeis proposed.In this scheme,

no channelcoding is used,andthe transmissionpower is allocatedadaptively to dif-

ferentvideo segmentsbasedon their relative importance. The optimizationproblem
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is formulatedsuchthat the transmissionenergy requiredto transmita video frame is

minimizedat someacceptabledecodedvideoquality andtransmissiondelay. However,

the algorithmis basedon the assumptionthat eachMB is a separatepacket for trans-

mission,which, asacknowledgedin [20], hasa low codingefficiency becauseof the

largeoverheadit would incur if implemented.In orderto jointly selectthesourcecod-

ing mode/stepsizeandtransmissionpower for packetsin a video frame,the algorithm

alsoinvolvesbuilding a sourcecodingtreeto take into accountthemodeselectionfor

eachpacket,makingit computationallycomplex. In [43], areceivedpowermanagement

schemeis describedfor a two-classvideostreamin abasechannelandamotion-vector

(MV) channel.The analysisis basedon intra-framerefreshingonceevery � frames,

which requireslarger buffer than that for intra-MB refreshingschemes.A different

quality of serviceis provided to eachframewithin an intra refreshingperiod to min-

imize the averagereceived power while satisfyinga distortion constraint,with more

power allocatedto theearlierframeswithin therefreshingperiod. A fixed-rateFECis

usedfor variouschannelSignal-to-NoiseRatios(SNRs)in thisscheme.In [44], a trans-

mit power managementschemeis proposedfor videotransmissionin CDMA systems.

A quasi-staticflat-fadingchannelis assumed,andthe bit error rate(BER) is adjusted

to the changesof imagecharacteristicson the Groupof Blocks (GOB) level to meet

theperformancerequirement.Thesolutionpresentedthererequiresnon-causalCSI for

the whole video sequenceknown to the transmitterbeforethe transmitpower for any

singleGOB canbeallocated,andno discussionon how to apply theapproachto prac-

tical scenariosis given. In [10], the resourcerequirementfor a CDMA systemwith a

largenumberof usersis approximatedastheproductof thesourcecodingrateandthe

energy per informationbit to noiseratio, andunderthis assumption,thesourcecoding

rate,channelcodingrateandthetransmissionpower level for a wirelessvideouserare

jointly selectedto improvetheoverallperformanceof thevideotransmission.In asense,
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this approachallocatesthesourcerateandtransmissionpower acrossdifferentusersof

aCDMA cell.

In this work, we will investigatethe transmissionpower allocationapproach

for wirelessvideo communicationsundercertainbandwidthandaveragetransmission

powerconstraints.By focusingonmethodsthatallocatetransmissionpowerto different

sourcesegmentsaccordingto their sourceerrorsensitivity andchannelconditions,our

work is in spirit similar to that of [20], [43] and[44]. However, we considera more

realisticscenario,wherea fixed-lengthpacketizationstructureis usedto facilitateerror

concealmentwithout sacrificingtoo muchcodingefficiency, andthe FEC coderateis

adaptedto thechannelSNRto provide a reasonablylow bit errorrateafterchannelde-

coding,andno futureCSI is requiredat thetransmitter. While theseassumptionsmay

improve the video transmissionperformanceof the conventionalscheme,they could

potentiallyreducetheachievableperformancegainof a transmissionpower allocation

schemeover the conventionalscheme.It is the purposeof this chapterto explore the

transmissionpowerallocationapproachundertheserealisticassumptions,andexamine

its usefulnessaccordingly. By adoptinga frame-level analysisapproach,we propose

simple transmissionpower allocationalgorithmsto apply unequalerror protectionto

videosegmentsof differenterrorsensitivity. Dependingonwhetherinformationregard-

ing thestateof thechannelis availableat thetransmitter, two casesareconsideredunder

this framework. We furtherpresentclosed-formsolutionsthatrequireknowledgeof the

video packet error sensitivity informationandthe CSI for the whole sequence,which

canbe interpretedasa boundto the performanceof practicalalgorithms,andhelp to

illustratetherolesof thesourceerror sensitivity informationandtheCSI in allocating

transmissionpower. Simulationsareconductedfor a time-correlatedRayleighfading

channelwith multiple transmitantennas,andresultsshow thattheproposedpowerallo-

cationalgorithmsoutperformtheconventionalalgorithmsunderbothcases.
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The restof the chapteris organizedasfollows. In Section2, the basicsystem

model is described,including the sourcecoder, channelcoderandchannelmodel. In

Section3, two power allocationalgorithmsareproposed.Simulationresultsarepre-

sentedin Section4. Section5 summarizesthechapter.

6.2 SystemModel

Thesystemconsideredin this chapteris shown in Figure6.1, andits componentswill

bediscussedbelow in details.

Source DecodingVideo
Reconstructed Channel Decoding

(List−based Viterbi)

Channel Coding

(RCPC/CRC)

Channel

VideoOriginal

Demodulation 

Modulation

Error Concealment Strategy

Wireless

Channel Information

Source Coding

Power Allocation

Figure6.1: SystemDiagramfor WirelessVideoTransmission

6.2.1 VideoEncoder

For sourcecoding,we usea single-layerH.263compliantvideocoder[14] . A frame-

level ratecontrol algorithmis usedto determinethe quantizationparametersfor each

frame. No advancedoptionsof H.263 areused,except that a 17-bit synchronization

marker is insertedin eachGOB. This frequency of synchronizationmarkersbalances

theerrorresiliency andcodingefficiency of thevideocodec.
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Periodicintra refreshingis usedto mitigatetheeffectsof temporalerrorpropa-

gation.Refreshingonly aportionof eachpictureonanMB basisinsteadof refreshinga

wholeframeproducesa moreconstantbit-rate.EncodingeachMB in theintra modeat

leastonceevery É secondscanlimit thevideoquality degradationwithout a significant

reductionin codingefficiency [18]. Thiscanbeimplementedby initializing acounterto

a randomvaluefor eachMB andencodingtheMB in theinter modeunlessthecounter

reachesa given threshold;in that case,the MB is encodedin the intra modeandthe

counteris reset.

6.2.2 VideoDecoder

We assumethat thefirst framein thesequenceis intra-codedandenoughtransmission

power is usedso that it is correctlydecoded.For all subsequentframes,if a packet is

labeledby thechanneldecoderaslost dueto decodingerrors,all theMBs with which

thepacket overlapswill beerrorconcealed.A temporalerrorconcealmenttechniqueis

employed,with themedianof theMVs of thenearestÆ MBs in theGOBaboveusedfor

thelost MB [88] . Any lost MB in thefirst row will beassumedto haveazero-MV.

Notethatothererrorconcealmentstrategiescanalsobeusedin conjunctionwith

theproposedpowerallocationalgorithmsin thiswork.

6.2.3 Packetization

Assumethatthelengthof eachchannelpacket is �SR , andfor a givenchannelcoderate

�TR , thenumberof sourcebits thatcanbeaccommodatedin a packet is � K æ7�TR�ê . Without

additionalheaderinformation,thelossof apacketwouldcauseall thesourcebitsbefore

the next GOB to be lost andthusincur large distortion. In orderto improve the error

resiliency of thecodec,a Ç#Ê -bit headeris addedto thesourcepartof eachpacket in the
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formatshown in Figure6.2 . Thefirst þ bits indicatethe index of thenext MB whose

startingbit is in thepacket; thenumber þ is chosenbecausefor QCIF videosthereare

ý�ý ( þ�É&U ) MBs in a frame.Thefollowing ý bits indicatethepositionof thestartingbit

of thenext MB within thesourceportionof thepacket, allowing up to Î7ÇuÉ sourcebits

in apacket. If thecurrentpacketdoesnotoverlapany MB boundary, thenall the ÇrÊ bits

in theheaderaresetto Ç asa flag. Whenthepreviouspacket is lost but thecurrentone

is correctlyreceived,thesourcedecodermayresumenormaldecodingstartingfrom the

MB determinedfrom the16-bit header. This 16-bit overheadis normallysmallerthan

thatof insertingsynchronizationmarkersat theMB level.

before reaching next MB

Number of bits to go

N    bitsS

Index of next MB Source Coded Bits

(Ns − 16) bits7 bits 9 bits

Figure6.2: Formatof theSourcePortionof aPacket

Furthermore,for simplicity, weassumethatnopacketoverlapstheframebound-

ary. Thiscanbefulfilled by paddingzerosto thelastpacket in eachframe.

6.2.4 ChannelCoding

We usea 16-bit Cyclic Redundancy Code(CRC)outercoderfor errordetection,anda

Rate-Compatible-PuncturedConvolutional(RCPC)coderfor errorcorrection[71]. The

RCPCcodesareobtainedby puncturinga 16-stateconvolutionalcodewith puncturing

period V , asgivenin TableI of [33]. A total of WYX availablecoderateswith codeindexZ>[ from \ to WY] are V�^&_ , `�^ba , ]b^&X , `�^&c , W�^b] , `�^&_ , `�^$WY\ , `�^$W&W , W�^&X , `�^$WTX , ]b^bc , `�^$WYa andW�^1` , respectively. The channelcoderateactuallyusedis selectedfrom theseratesto

adaptto thechannelSNR,andthedetailswill bediscussedlaterin thischapter.

A list-basedViterbi algorithm is usedto find the bestcandidatein the RCPC
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trellis, and the CRC is checked to seeif it is a valid codeword. If thereis an error

detected,thenfind thenext candidate,andchecktheCRC,andsoon. If avalidcodeword

cannotbefoundaftercheckingthelistedpathsfor dfe times,anerroris declaredfor the

sourcedecoderto handle.In thesimulationswe adopt dfehgiWY\&\ , asfurther increasing

this numberdoesnot improvetheerrorperformancesignificantly[71].

6.2.5 Fading Model and Transmit Diversity

Powercontrolcanbeusedto combatchannelfluctuationsby modifyingthetransmission

power sothata certainreceivedsignalstrengthor BER is maintainedover thecommu-

nicationlink. Basedon how fasta radiosignalfluctuatesover time or travel distance,

the mechanismsbehindradio propagationcanbe classifiedinto large-scalefadingef-

fectssuchaspathlossandshadowing, andsmall-scalefadingeffectssuchasmultipath

fading [62]. Sincethe frequency bandsof the uplink anddownlink areseparatedby

morethanthechannelcoherencebandwidth,multipathfadingon theuplink is uncorre-

latedwith thaton thedownlink; on theotherhand,pathlossandshadowing areusually

assumedto be identical on both links. As a result, open-looppower control can be

usedto estimatethechannelstateon theoppositelink andcompensatefor pathlossand

shawdowing reasonablywell without requiringfeedbackfrom thereceiver;on theother

hand,whenthe informationon thechannelstateis availableat the transmitterthrough

feedback,andif theround-tripdelayis smallerthanthecorrelationtimeof thechannel,

closed-looppowercontrolcanbeusedto compensatefor rapidmultipathfading[55]. In

thiswork, weassumethatlarge-scalefadinghasbeencompensatedby open-looppower

control, so only small-scalefadingneedsto be considered.A commonlyusedsmall-

scalechannelmodelis thatof Rayleighfading.In this work weusetheJakes’modelto

generatetime-correlatedRayleighfadingparameters[16] . ThemaximumDopplershift
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of channelfadingcanbecomputedby j1k g j [Yl m (6.1)

where
j [ is the carrier frequency, l is the mobile speed,and

m
is the speedof light.

Additive White GaussianNoise (AWGN) is addedto the signal at the output of the

channel.

To combatchannelfading,time diversity(interleaving), combinedwith FEC,is

often usedto provide significantperformanceimprovement.However, time interleav-

ing mayresultin largedelaywhenthechannelvariesslowly. Antennadiversity, on the

otherhand,canbeeffective in reducingtheeffectsof fadingwithout introducinglarge

delays.In this work, we employ a transmitdiversity techniqueintroducedin [1], with

two transmitantennasandonereceive antenna.Thesignalsequenceis encodedin the

two transmitantennas,anda signalcombineris employed at the receiver. By obtain-

ing theequivalentchannelgainsandadditive noise,andthenintegratingtheminto the

channeldecoder, antennadiversitycanbeachieved.Thedetailsof thetransmitdiversity

designcanbefoundin [1] .

6.3 TransmissionPower Allocation

We assumethat for the given channeltype and channelSNR, the channelcoderate

is constantin the whole video sequence.This assumptionis madebecauseadjusting

channelcoderate at the packet level would requirea reliable side channel,or incur

considerableoverhead. In order to make efficient resourceallocation,we adaptively

allocatetransmissionpower at thepacket level accordingto the relative importanceof

the packets. This adaptivity canbe achieved without incurring additionaloverheadin
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bit rates.

In this chapter, videoquality is measuredasthemeansquarederror (MSE) be-

tweentheoriginal pixel valuesandthe reconstructedpixel valuesat the decoderaver-

agedoverall framesin thesequence,which is alsocalledtheend-to-enddistortion.Letnpo
denotethequantization-induceddistortion,i.e., theoverall MSE betweentheorig-

inal pixel valuesandthe quantizedpixel valuesat the encoder, andlet
n [

denotethe

channel-induceddistortion,i.e., theoverall MSE betweenthequantizedpixel valuesat

theencoderandthereconstructedpixel valuesat thedecoder. Undertheassumptionthat

the quantization-induceddistortionandthe channel-induceddistortionarestatistically

independent,theend-to-enddistortionat thedecodercanbeapproximatedby [73] [34]n g n oAq n [�r (6.2)

As discussedearlier, dueto the effect of error propagationin inter-framecod-

ing, thetheoreticalanalysisof thechannel-induceddistortionis ratherdifficult, andits

pixel-level estimationis computation-intensive. Thereforewe considera frame-level

approximationof theanalysissimilar to thatusedin [73] and[42].

Let s [ t6uwvyx,z|{$} denotetheMSEbetweenthequantizedpixel valuesat theencoder

andthereconstructedpixel valuesat thedecoderfor thepixelsof the
{
-th MB in the

x
-th

framewhenthis MB is lost anderror-concealed.Thenthe expectedchannel-induced

distortion in the
x
-th framethat is causedby channelerrorsin the sameframecanbe

givenby n [|~ �� g Wd t6u������� �M�:�D� t6u v�x,z={'} s [ t6u�v�x,z={'} (6.3)

whered t6u is thenumberof MBs perframe,and
� t6u v�x,z={'}

is thelossprobabilityof the{
-th MB in the

x
-th frame.

For aninter-codedvideosequence,channelerrorsin a framewill propagateinto
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subsequentframes. Assumethat
n [|~ �� denotesthe expecteddistortionin the

v�x q�� }
-th

frame(where
��� \ ) that is causedby channelerrorsin the

x
-th frame.Thendefine ��� ����

asfollows: �A� �?�� g n [|~ ��n [|~ ��� �� z � g�W z ] zT�Y�Y� r (6.4)

Let
n [� denotethe total distortioncausedby channelerrorsin the

x
-th frame,

including the expectederror propagationeffect on the subsequentframes. Definethe

errorpropagationgainas � � g n [�n [|~ �� r (6.5)

Assumingthatchannelerrorsdo notpropagatebeyond � frames,� � is givenby [42]� � g�W q ��� �:� �� � �:� ��� �?�� r (6.6)

At low channelerror rates,thechannel-induceddistortionfor thesequence
n [

canbeapproximatedasfollowsby averagingthedistortioncausedby channelerrorsin

all framesof thesequence: n [ g WdS� ���� � �:� n [� (6.7)

where dS� is thenumberof framesin thesequence.

Theessenceof a frame-level distortionanalysissuchasthat in [73] and[42] is

to assumethat ��� ���� is determinedby the statisticsat the frame-level (insteadof that at

thepixel-level),suchastheratioof thenumberof inter-codedblocksin aframeoverthe

total blocksper frame.For theintra-MB refreshingschemeemployedin this work, the

numberof inter-codedblocksin a frameis aboutthesamefor eachframe. Therefore,

the error propagationgain � � can be assumedto be a constantfor all frames. This

assumptionallows us to considereachindividual frameandto look for a near-optimal

powerallocationon a frame-by-framebasis.
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Next we formulatetheoptimizationproblemin thecontext of our packetization

scheme.For simplicity, we assumethat the effect of the casewhen two neighboring

packetsarelostandaffect thesameMB at theirboundarycanbeignored.Furthermore,

assumethat theerrorconcealmentstrategy describedin Section6.2.2is used,andthat

thethreenearestMVs in theGOBabovetheMB in considerationarecorrectlydecoded.

Theseapproximationsarereasonablygoodwhentheaveragepacket lossprobability is

low; they allow independentoptimizationfor eachpacket andthusgreatlysimplify the

optimizationproblem.Undertheseassumptions,(6.3)canbeapproximatedbyn [=~ ��¡  Wd t6u �£¢� ¤ �:� � vyxMz�¥4} s [ v�x,z�¥C} r (6.8)

where d � is thenumberof packetsin the
x
-th frame,

� vyxMz�¥4}
is thelossprobabilityof the¥

-th packet in the
x
-th frame,and s [ vyxMz�¥4} is thesumof s [ t6u�vyxMz={'} for all MBs in the

x
-th

framethatareaffectedby thelossof the
¥
-th packet in thesameframe.

Let ¦A§ vyx,z+¥4} denotethetransmissionpower for the
¥
-th packet in the

x
-th frame.

Definethepowerprofile for the
x
-th frame¨f© g�ªL¦«§ vyxMz W }-z ¦A§ v�x,z ] }�zT�Y�Y��z ¦«§ vyxMz d � }�¬ r

Note that for a givenchannelcoderate  [ , � vyx,z+¥4} is a decreasingfunction of ¦A§ v�x,z�¥C} .
However, this function also dependson what channelinformation is available at the

transmitter. Underonescenario,the transmitterknows only theaveragechannelSNR

but not theCSI,thereforenoclosed-looppowercontrolcanbeconductedto compensate

for small-scalefading.Underanotherscenario,anestimateof theCSI(e.g.,theestimate

of theaveragefadingpower ®�¯° vyxMz�¥4} ® ± for the
¥
-th packet in the

x
-th frame,whichmaybe

obtainedfrom thedelayedvaluefor thepreviouspacket) is availableat the transmitter
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throughfeedback,so closed-looppower control canbe conductedto compensatefor

small-scalefading, and
�

is actually a function of ( ® ¯° ® ± � ¦«§ ). Under both scenarios,

eitherthefunction
�

of ¦«§ or thatof ( ®�¯° ® ± � ¦A§ ) canbeestimatedvia simulations.

Now wearereadyto describeour powerallocationalgorithms.

6.3.1 ProposedPower Allocation Algorithm ²
We proposea power allocationalgorithm that allocatesthe transmissionpower in a

frameso that
n [� is minimizedwhile satisfyingthe total averagepower constraintin

the frame. Considering(6.5) and(6.8) andtheassumptionthat � � is a constantfor all

frames,theobjectivebecomes

minimize³£´ Wd t6u �£¢� ¤ �:� � v�x,z�¥C} s [ vyxMz�¥4} (6.9)

subjectto
Wd � �£¢� ¤ �:� ¦A§ v�x,z�¥4}¶µ ¦ �C· (6.10)

where¦ �C· is theconstraintfor theaveragepowerin thesequence.Asmentionedearlier,� vyxMz�¥4}
is a functionof ¦«§ vyxMz�¥4} .
This problemcanbe convertedto an unconstrainedoptimizationproblemus-

ing the Lagrangianrelaxationmethod. Given a Lagrangianmultiplier ¸ , we have the

following costfunction: ¹ � g �£¢� ¤ �:� ª � vyx,z+¥4} s [ vyxMz�¥4} q ¸º¦«§ vyxMz�¥4}�¬ r (6.11)

Minimizing this cost function canbe achieved by minimizing eachof its components
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andsummingthemup:»½¼�¾³ ´ ª �£¢� ¤ �:��¿ � vyxMz�¥4} s [ v�x,z�¥4} q ¸º¦«§ vyxMz�¥4}=À%¬g �£¢� ¤ �:� »½¼�¾ÁYÂ � � ~ ¤ � ª � vyxMz�¥4} s [ v�x,z�¥C} q ¸�¦A§ v�x,z�¥4}+¬ r (6.12)

Dependingon whethertheCSI estimateis availableat thetransmitter, ¸ canbe

determinedasfollows.Ã Case1: Only the averagechannelSNR is available

As discussedearlier, in this case,
� v�x,z�¥C}

is a function of ¦«§ vyxMz�¥4} . Assuminga

delay of one video frame in encodingis tolerable,an optimal ¸ can be found

basedon all the sourceandchannelinformation for the frame that is available

at the transmitter. Theprocedureis asfollows: For a given ¸ , thepower profile¨f©
canbedeterminedfrom (6.12). By varying ¸ andfinding

¨Ä©
thatsatisfiesthe

averagepower constraint(6.10), the problemof (6.9) and(6.10) canbe solved

numerically. Furtherdiscussionson theLagrangianmethodcanbefoundin [57].Ã Case2: The CSI estimateis available

Assumethat ®�¯° vyxMz�¥4} ® ± is available at the transmitter, then as discussedearlier,� v�x,z�¥4}
becomesa function of ®�¯° vyxMz�¥4} ® ± � ¦«§ vyxMz�¥4} . Unlike in the previous case,

wherethesolutionto theoptimizationproblemdoesnot dependon any instanta-

neouschannelinformationso that an optimal ¸ canbe chosento meetthe con-

straintof (6.10)for the
x,Å

th frame,herea sub-optimaļ needsto bechosenfor

eachpacket basedon informationavailableup to thatpacket. A simplealgorithm

is usedto updatȩ at eachpacket in the
x,Å

frameasfollows:
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¸ � ~ ¤+Æ � gÇ¸ � ~ ¤ÉÈ W q!ÊÌË ¤�M�:� v ¦«§ vyxMz={'}ÍÅ ¦ �C· }¥ ¦ �C· Î (6.13)

where
Ê

is a small positive number(e.g. \ r \�] for the simulationsdescribedin

Section6.4at c&\ mph)whichshouldbeproportionalto themobilespeed.

6.3.2 ProposedPower Allocation Algorithm Ï
In the previous algorithm, the averagetransmissionpower is constantin all frames,

regardlessof the error sensitivity of eachframe. Now we consideran algorithmthat

allows theaveragetransmissionpower to vary from frameto frame,andthatallocates

more power to the more error-sensitive frameswherehigh motion or frequentscene

changeoccurs.

We proposea power allocationalgorithmthatminimizestheaveragetransmis-

sionpower in avideoframesothat
n [� is nogreaterthanagiventhreshold.Considering

(6.5) and(6.8) andthe assumptionthat � � is constantfor all frames,the objective be-

comes

minimize³ ´ Wd � �£¢� ¤ �:� ¦A§ v�x,z�¥C} (6.14)

subjectto
Wd t6u �£¢� ¤ �:� � vyx,z+¥4} s [ vyxMz�¥4}Ðµ n �C· (6.15)

where
n �C· is thethresholdfor thedistortioninducedby channelerrorsin eachframe.

Note that thereexists certainsymmetrybetween ª (6.9), (6.10)
¬

and ª (6.14),

(6.15)
¬
. Exchanging¦A§ v�x,z�¥4} ^	d � and

� vyx,z+¥4} s [-vyxMz�¥4} ^	d t6u in the first setof equations

leadsto thesecondsetof equations,exceptfor a differenceof constantsbetween¦ �4·
and
n �4· . As a result,this problemof (6.14)and(6.15)underthetwo scenariosof the

CSIavailability canalsobesolvednumericallyin asimilarway to thatin Section6.3.1.
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Thealgorithm’sdetailsareomittedheredueto spacelimit.

In orderto comparethisalgorithmwith thepreviousalgorithm,
n �C· is selected

for thesequencesuchthat

������£¢ Ë ���� �:� Ë �£¢¤ �:� ¦A§ v�x,z�¥C} gÑ¦ �C· .

In orderto comparetheabove joint codingandpower allocationalgorithmsun-

derthesecondscenarioof theCSI availability with conventionalschemeswherepower

controlandsource/channelcodingareseparatelydesigned,we describea conventional

powercontrolalgorithmhere.In this algorithm,thetransmittertriesto adjustthetrans-

missionpower in orderto compensatefor channelfadingusingtheCSIestimateateach

packet,while maintaininga fixedaveragetransmissionpower. Thatis, thetransmission

power for the
¥:Å

th packet in the
x,Å

th frameis specifiedaccordingto¦A§ v�x,z�¥C} g ¦«Ò � v�x=}®�¯° vyxMz�¥4} ® ± (6.16)

where ¦AÒ � vyx=} is the target received power for the frame. ¦AÒ � vÓ��} canbe adjustedat the

endof every frameby a fixed stepsize(e.g. ÔÕ\ r \b] dB) to satisfy the averagepower

constraint¦ �C· .

6.3.3 Analysisof the Power-Distortion Tradeoff

AssumethattheCSI estimateis availableat thetransmitter. Furthermore,assumethat� vyxMz�¥4} g�Ö ¿ ¦A§ vyxMz�¥4} ®�¯° vyxMz�¥4} ® ± À �'× (6.17)

where Ø and Ö arepositive constantsto be determinedthroughsimulationsandcurve-

fitting, andfunctionsof channelcoderate  [ , mobilespeed,andCSI availability.

Considerthe optimizationof the power-distortion tradeoff for the whole se-



95

quenceundertheaveragepowerconstraint:¹ g � �� � �:� �£¢� ¤ �:��¿ � � v�x,z�¥4} s [ vyx,z+¥4} q ¸�¦A§ v�x,z�¥C}ÙÀ (6.18)

subjectto
WË � �� �:� d � ���� � �:� �£¢� ¤ �:� ¦«§ vyxMz�¥4} gÑ¦ �4· r (6.19)

Letting Ú�ÛÚ Á Â � � ~ ¤ � gÑ\ yields¦«§ vyxMz�¥4} g ¿ �ÜØ�Öb® ¯° vyxMz�¥4} ® � ± × s [�v�x,z�¥C}¸ À �%Ý � × Æ � � r (6.20)

Substituting(6.20)into (6.19),wehave¸ � �%Ý � × Æ � � g ¦ �C·�Þ6ß �¢?à�á �£¢ Ë ���� �:� Ë �£¢¤ �:� ¿ �ÜØ�Öb®�¯° v�x,z�¥4} ® � ± × s [ vyxMz�¥4}ÙÀ
�%Ý � × Æ � � r (6.21)

Combining(6.21)and(6.20)yields¦«§ vyx,z+¥4} g ¿ ®�¯° v�x,z�¥4} ® � ± × s [-vyxMz�¥4}ÙÀ �%Ý � × Æ � ��Þ ß �¢?à�á �£¢ Ë ���� �:� Ë �£¢¤ �:� ¿ ®�¯° vyx,z+¥4} ® � ± × s [ v�x,z�¥4}=À �%Ý � ×
Æ � � � ¦ �C· r (6.22)

It canbeeasilyverifiedthat(6.22)satisfiestheaveragepowerconstraint(6.19).

If theCSI is not availableat thetransmitter, we mayset ® ¯° vyx,z+¥4} ® to W in (6.17).

Notethat in this casetheconstantsØ and Ö mayhave differentvaluesfrom thosein the

caseof CSI beingavailableat thetransmitter. Thenwehave¦«§ vyxMz�¥4} g s [�vyxMz�¥4} �%Ý � × Æ � ��ÞÌß �¢?àbá �£¢ Ë � �� �:� Ë �£¢¤ �:� s [ v�x,z�¥C} �%Ý � ×
Æ � � � ¦ �4· r (6.23)

If only theCSIbut nosourceerrorsensitivity information s [�vyxMz�¥4} is availableat
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(a)MotherandDaughter: Frame15 (b) News: Frame10

Figure6.3: VideoSequencesUsedin Simulations

thetransmitter, wemayset s [-v�x,z�¥C} g�W in (6.22)andobtain¦«§ vyxMz�¥4} g ® ¯° v�x,z�¥4} ® � ± × Ý � × Æ � ��Þ6ß �¢?àbá �£¢ Ë �º�� �:� Ë ��¢¤ �:� ® ¯° vyxMz�¥4} ® � ± × Ý � ×
Æ � � � ¦ �C· (6.24)

which canbe usedto evaluatethe performanceof power allocationbasedon the CSI

alone.

6.4 Experimental Resultsand Discussions

We usetwo well-known QCIF video sequencesin the simulations: one low motion

sequenceMotherandDaughter, andonehigh motionsequenceNews. A frameof each

sequenceis shown in Figure6.3. Both sequencesarecodedat WY\ fps for WY\b\ frames,

andthe datarate is ]&\b\ Kbits/sec. The lengthof a channelpacket d [ is chosento be

about̀�\b\ bits,andit mayvaryslightly correspondingto differentRCPCcoderates.

As pointedin [73], intracodingandFECcanbeexchangedto someextentwith-
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out causingsignificantperformanceloss.This is especiallytruewhentheFECratecan

be optimally selectedfor a given intra codingrate. For simplicity, we usea fixed re-

freshingrate â�g �± � in thesimulations,unlessnotedotherwise.Eachframeis encoded

with a fixed quantizationstepsize,which is adaptedframeby frameto meeta given

targetbit budget.

In thesimulations,a normalizedflat Rayleighfadingprocessis generatedusing

theJakes’ Model. Assuming
j [ gã_b\&\ MHz, l g�c&\ mph,andthedatarate äåg�]&\&\

Kbits/sec,thenormalizedDopplervalue
j1k ^1ä�gæ` r�ç c�èfWY\ ��é . BPSKmodulationis em-

ployed. Consideringtheuseof two transmitantennaswith eachsubjectto independent

fading,theSNRis definedas êëg ±=ì'í±=î�ïð g ì$íî�ïð , where ñóò is theenergy of thetransmitted

PSK signalaveragedover the video sequence,and ô�±õ is the varianceof the Gaussian

noisealongeachdimension. This parametercanbe usedto indicatethe level of the

averagetransmissionpower.

TheY-component¦Äö÷dùø valueis givenby¦fö÷dùø8úûg�WY\÷ü�ý&þ � � ]baba1±n ú (6.25)

where
n ú is themeansquareddifferenceof theluminancevaluesbetweentheoriginal

frame(or sequence)andthecorrespondingreconstructedframe(or sequence).Unless

specifiedotherwise,thesimulationresultsareaveragedover a&\ differentchannelreal-

izations.

FromFigure6.9to Figure6.12,it is assumedthattheCSIestimatefor thecurrent

packet ®�¯° v�x,z�¥4} ® ± is availableatthetransmitter, soclosed-looppowercontrolis employed

to combatRayleighfading. For all otherfigures,it is assumedthat only the average

SNR is known at the transmitter, andthe CSI estimateis availableat the receiver but

notat thetransmitter, sonoclosed-looppowercontrolis conductedto combatRayleigh
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Figure6.4: PerformanceResultsvs. ChannelCodeIndex

fading. Underboth scenarios,the probability of packet lossfor a given channelcode

rateis determinedthroughsimulationsandmodeledthroughcurve-fitting.

In Figure6.4,theperformanceresultsfor severalchannelcoderatesat thesame

SNR ( êÿg W�a dB) are shown for Mother and Daughter. We can seethat the best

resultsoccurwhen the channelcoderate is chosensuchthat the averagepacket loss

rate in the sequence¦��   W � for the constantpower algorithm. A too low ¦�� may

consumetoo muchratefor channelcodingandalsoleave power allocationlittle room

for improvement;a too high ¦�� maycauselargechannel-induceddistortion,andin this

casepower allocationgivencertainaveragepower constraintswill not beof muchhelp

either. As confirmedby simulationsto beusuallya goodchoice,andfor simplicity, we

will choosethechannelcoderatethatgives ¦��   W � for theconstantpoweralgorithm,

unlessnotedotherwise.Thenthesourcecodingparametersaredeterminedaccordingly

by a rate-controlalgorithmto meetthebit budget.

In Figure6.5 andFigure6.6, thePSNRresultsvs. the frameindicesarecom-
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Figure6.5: PSNRvs. FrameNumberfor MotherandDaughter

paredbetweentheconstantpower algorithmandproposedpowerallocationalgorithms

at ê g W�a dB and Z>[ g ` (  [ g W�^b] ) for a channelrealization. It canbe seenthat

theproposedalgorithmsgreatlyreducetheperformancedegradationcausedby channel

fading.In Figure6.7andFigure6.8,theaveragePSNRresultsvs. theSNRsareshown.

At thegivenSNRs,on averagethefirst proposedpowerallocationalgorithmis \ r X�c dB

and \ r?ç V dB betterin PSNRthantheconstantpoweralgorithmfor MotherandDaugh-

ter andNews, respectively; and for the secondproposedpower allocationalgorithm,

the improvementis \ r abc dB and \ r V�a dB on average,respectively. More importantly,

theproposedalgorithmsreducetheperformancevariationfrom frameto frameanden-

hancethesubjectivequalitysignificantly. Also shown in thefiguresaretheperformance

resultsof power allocationbasedon (6.23),which requirestheknowledgeof thevideo

packet error sensitivity informationfor the whole video sequenceandcanserve asan

upperbound(in termsof PSNR)to practicalpower allocationalgorithms.On average

this boundis \ r a&_ dB and \ r _CW dB betterthantheconstantpower algorithmfor Mother

andDaughterandNews, respectively.
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In Figure6.9andFigure6.10,theaveragePSNRresultsvs. theSNRsareshown

wheretheproposedalgorithmstake advantageof theestimatesof theaveragechannel

fading power available at the transmitter. For simplicity, an estimateof the average

channelfadingpower for a packet is obtainedby usingtheactualvalueof theaverage

channelfadingpower for thepreviouspacket. At thegivenSNRs,on averagethefirst

proposedpower allocationalgorithmis \ r a1` dB and W r W ç dB betterin PSNRthanthe

conventionalclosed-looppower controlalgorithmfor MotherandDaughterandNews,

respectively; andfor thesecondproposedpowerallocationalgorithm,theimprovement

is \ r cb] dB and W r ]&a dB on average,respectively. Also shown in the figuresare the

performanceresultsof powerallocationbasedon (6.22),which requirestheknowledge

of thesourceerrorsensitivity informationandtheCSIfor thewholevideosequenceand

canserveasanupperbound(in termsof PSNR)to practicalpowerallocationalgorithms.

Onaveragethisboundis \ r c ç dB and W r X&V dB betterthantheconventionalpowercontrol

algorithmfor MotherandDaughterandNews, respectively.

In Figure6.11andFigure6.12,we assumethattheCSI is availableat thetrans-



101

9 10 11 12 13 14 15 16 17
33

34

35

36

37

38

39

γ (dB)

P
S

N
R

Y
 (

dB
)

Mother and Daughter

Bound
Power Allocation Algorithm 2
Power Allocation Algorithm 1
Constant Power

Figure6.7: PerformanceResultsfor MotherandDaughter

mitter and the channelcoderate is fixed with  [ g W�^b] for transmissionof Mother

andDaughterandNews, respectively. As theaveragetransmissionpower reduces,the

channelerror rateincreasesandthe overall performancedropssharply. In additionto

the ”Bound” curvesdeterminedby (6.22), theboundcurvesdeterminedby (6.24)and

labelledas ”Bound w/o Using s [�v�x,z�¥C} ”, arealsoshown in the figuresto indicatethe

amountof improvementobtainableusingoptimal power control alonewithout taking

advantageof thesourceerrorsensitivity information.It canbeseenthatathighchannel

block error rate,properlyallocatingpower using the CSI alonecan improve the per-

formancesignificantlyover theconventionalpowercontrolalgorithm.Thisobservation

is similar to that in [48]. However, whenthechannelblock errorrateis low, allocating

powerusingCSIalonedoesnothelpmuch,andmostof theoverallgainsfrom allocating

powercanbeattributedto theuseof thesourceerrorsensitivity information.



102

9 10 11 12 13 14 15 16 17
27

28

29

30

31

32

33

34

35

γ (dB)

P
S

N
R

Y
 (

dB
)

News

Bound
Power Allocation Algorithm 2
Power Allocation Algorithm 1
Constant Power

Figure6.8: PerformanceResultsfor News

6.4.1 Impact of Indi vidual Componentsof the ProposedScheme

Theproposedpowerallocationschemeconsistsof severalessentialcomponents,suchas

adaptive channelcoding,fixed-lengthpacket structure,andpower allocationon packet

level, etc. We will studythe impactof eachindividual componenton the systemper-

formanceby comparingit with alternativedesigns.We assumein thefollowing experi-

mentsthatonly theaverageSNRbut no CSIestimateis known at thetransmitter.

In Figure6.13,a fixed channelcoderateschemeis considered,andits perfor-

manceresultsarecomparedwith thoseof theproposedscheme,wherethechannelcode

rateis selectedbasedonthechannelSNR.For eachscheme,two curvesfor theconstant

power algorithmandthe secondproposedpower allocationalgorithmare includedin

theplot; thecurvefor thefirst proposedpowerallocationalgorithm,which is notshown

in theplot, would lie in between.It canbeobservedthatwhenusinga fixed  [ g�W�^&] ,
the performancedeterioratesmuchfasterthanthe adaptive  [ schemeasthe SNR de-

creases.Also shown in thefigurearethefixed- [ performancecurvesfor intra-refreshing
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Figure6.9: PerformanceResultsfor MotherandDaughterwith CSI

rate â�g �� � insteadof â�g �± � . It canobservedthata higherintra-refreshingratewould

decreasetheperformancelossof thefixed  [ schemeat low SNRs.However, evenun-

der that case,power allocationcannotcompensatefor all of the performancelossdue

to themismatchbetweenthefixedchannelcoderateandtheoptimalonefor thegiven

channelSNR.This indicatesthatwhile transmissionpowerallocationis useful,it is not

a replacementfor adaptingchannelcodingto thechannelSNR.

In theproposedscheme,a fixed-lengthpacketizationstructurewith a headeras

shown in Figure6.2 is usedto facilitatethedecoderto recover from channeldecoding

errors. In order to evaluatethe efficiency of this scheme,we consideran alternative

schemewherea slice structureheaderis addedto eachcodedMB (i.e. any MB that

is not skipped)in theH.263streamusingAnnex K [32] but no headerfor fixed-length

packetizationis used. This incursadditionaloverheadin the sourcecodedstreambut

saves the overheadfor the fixed-lengthpacket header. In Figure 6.14, the resultsof

thetwo schemesarecomparedfor MotherandDaughter. Whentransmissionpower is

allocatedto packetsof thesamelength,theperformanceof theproposedschemeis on
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average\ r?ç \ dB betterthantheschemewith theslicestructure.

In the proposedscheme,transmissionpower is allocatedto packetsafterFEC.

For comparisonpurposes,we consideranotherschemein which power is allocated

on the MB level without FEC, sinceallocatingpower on the MB level can be read-

ily achieved whenFEC is not used. In orderfor the decoderto recover from channel

errors,a slicestructureheaderis insertedto every codedMB. Sincethelengthof MBs

is variable,we take it into accountwhencalculatingthe averagepower in a framefor

powerallocation.Comparisonresultsfor thetwo schemesareshown in Figure6.15for

Mother and Daughter. Even thoughthe W r XbV dB performanceimprovementobtained

from power allocationfor theMB schemeis greaterthanthe \ r `�_ dB improvementob-

tainedfrom power allocationfor the fixed-lengthpacketizationschemewith FEC, the

absoluteperformanceof thelatteris still muchbetterthanthatof theformer, especially

when the channelSNR is low. This justifies the useof FEC in the power allocation

schemes.Power allocationon the MB level with the useof FEC may requireside-

channelinformationon theMB lengthsandis not consideredhere.
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Lastly, weconsiderallocatingpoweron theframelevel, in whichcasethetrans-

missionpower is constantfor eachvideoframebut canvary from frameto frame.The

frame-level allocationis performedby choosingthe minimum transmissionpower for

the
x,Å

th framesubjectto thedistortionconstraint(6.15)for theframe. In Figure6.16,

theframe-level allocationresultsarecomparedwith thoseof thepacket-level allocation

usingthesecondproposedalgorithmfor MotherandDaughter. While theaverageim-

provementis \ r a&c dB for thepacket-level power allocationalgorithm,it is \ r X&\ dB for

the frame-level algorithm. This shows that packet-level power allocationcanprovide

betterperformancethanframe-level powerallocation.

6.5 Conclusion

In this chapter, we have investigatedthe transmissionpower allocationapproachfor

wirelessvideotransmissionundermorerealisticassumptionsthanthoseusedin previ-

ouswork. In particular, we considera fixed-lengthpacketizationschemeandselecta
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RCPCcoderateto matchthechannelSNRreasonablywell. Undertheseassumptions

andadoptingaframe-levelanalysisapproach,weproposesimpletransmissionpoweral-

locationalgorithmsto takeadvantageof thedifferenterror-sensitivity of differentvideo

segments,with or without the CSI availableto the transmitter. In additionto numeri-

cal algorithms,closedform expressionsarealsopresentedto characterizethe rolesof

thesourceerrorsensitivity andtheCSI in optimally allocatingtransmissionpower. Ex-

tensive simulationresultsdemonstratethe performanceimprovementof the proposed

schemesover the conventionalschemes.Experimentsarealsoconductedto studythe

impactof thevariouscomponentsof theproposedscheme.

This chpater, in part, is a reprintof thematerialasit appearsin: X. Tian. Effi-

cient transmissionpower allocationfor wirelessvideocommunications.Proc. of IEEE

WirelessCommunicationsandNetworkingConference, Atlanta, 2004,Vol. 4, pp. 2058–

2063,March2004;andin part,hasbeensubmittedfor publicationas:X. Tian. Efficient
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transmissionpowerallocationfor wirelessvideocommunicationsunderaveragepower

constraints.IEEE Transactionson Circuits and Systemsfor Video Technology, 2004.

The dissertationauthorwas the primary investigatorand single authorfor thesetwo

papers.



Chapter 7

Futur eWork

In this chapter, we briefly discusssomepossiblefutureresearchprojectsin theareaof

source-channelcoding,with applicationsto imageandvideotransmission.

7.1 � -ChannelMultiple Description ScalarQuantizer

A major advantageof MDSQ [75] is that it is independentof the correlationbetween

signalsandthuscanbevery robustwhenappliedto time-varyingsourcesor channels.

For � -channelMDSQ,when � is small,this approachmayhave certainperformance

advantageover otherMDC methodssuchaspolyphaseselective quantization[40] or

FECcodeswith UEP[54].

In Chapter3,weconductedsomepreliminarystudyof the � -channelMDSQby

devising somehand-craftedindex assignmentsfor imagecodingapplications.In future

work, further investigationmaybeconductedfor the � -channelMDSQ problem.The

goal is to design� Å channelindex assignmentschemesof goodperformanceandlow

searchcomplexity.

110
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7.2 Joint Sourceand Channel Coding for Sourceswith

ResidualRedundancyand Channelswith Memory

Residualredundancy at thesourcecoderoutputrefersto thebit-rateof thesourcecoder

in excessof thesourceentropy. It includesredundancy dueto thenon-uniformdistribu-

tion of thesourceandredundancy dueto thememoryof thesource.Theseredundancies

canbe exploited by a joint source-channelcoderto improve the overall performance

overnoisychannels[78] [60] [67].

Turbocodeshavebeenshown to beableto obtainhighcodinggainsevenat low

SNRs[7]. They have beensuccessfullyappliedto joint source-channelcodingsystems

[37] [59] [4]. The relatively large interleaver in a turbo codingsystem,while crucial

to its performancegains,may potentially reducethe effectivenessof a joint source-

channeldecoder. This typeof phenomenonwasobservedin [60] for Markov channels

with noexplicit channelcodingused,whereit wasshown thatacodingschemewithout

interleaversmayoutperformtheschemewith interleaversby alargemargin. In [41], the

turbodecoderwasmodifiedfor a Gilbert-Elliot burstchannelmodelto improve thebit

errorperformance,but nosourcecodingwasconsidered.

As future work, the idea of joint sourceand turbo coding for channelswith

memoryandsourceswith residualredundancy shouldbeexplored,with theresultsbeing

appliedto applicationssuchasimagetransmissionoverwirelesschannels.

7.3 TransmissionPower Allocation for Video Commu-

nicationsUnder PeakPower Constraints

In Chapter6, we investigatedtransmissionpower allocationschemesfor videocoding

subjectto averagetransmissionpowerconstraints.By varyingtransmissionpowerover
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videopacketsaccordingto their differentdegreesof importance,theend-to-enddistor-

tion canbereduced.

WhentheCSI is known at thetransmitter, powercontrolis oftenusedto reverse

theimpactof thechannelfading.However, in practice,in additionto theaveragepower

constraints,therealso exist peaktransmissionpower constraints[47, 48]. When the

peakpower exceedsthatdynamicrangeof theamplifier, thetransmittedsignalwill be

clipped,causingperformancedegradation.If thedynamicrangeof theamplifierhasto

beincreased,it will directly translateinto significantlymoreexpensivedevices,limiting

widespreadindustrialapplications.

As futurework, source-channelcodingstrategiesfor videotransmissionshould

beinvestigatedunderbothaverageandpeakpowerconstraints.

7.4 Adaptive Transmission Power and Modulation for

Wir elessVideoCommunications

In Chapter6, we investigatedthetransmissionpowerallocationapproachfor videocod-

ing for afixedmodulationscheme.As shown in [28], avariable-rateandvariable-power

modulationschemeover fadingchannelsmayexhibit a large ( a�� WY\ dB) power sav-

ingsrelative to variable-power fixed-ratetransmission.This motivatesusto extendthis

adaptivepowerandrateconceptto videocodingin futurework, andexaminehow large

theimprovementthejoint source-channelcodingapproachmaybring.



Bibliography

[1] S.M. Alamouti. A simpletransmitdiveristy techniquefor wirelesscommunica-
tions. IEEE Trans.on CSVT, 16:1451–1458,October1998.

[2] M. Alasti, K. Sayrafian-Pour, A. Ephremides,andN. Farvardin. Multiple descrip-
tion codingin networkswith congestionproblem.IEEETransactionson Informa-
tion Theory, pages891–902,March2001.

[3] S. Appadwedula,D.L. Jones,K. Ramchandran,andI. Konzintsev. Joint source
channelmatchingfor awirelesscommunicationlink. In Proc.ICC-98, pages482–
486,1998.

[4] B.A. Banister, B. Belzer, and T.R. Fischer. Robust image transmissionusing
jpeg2000and turbo-codes. IEEE Signal ProcessingLetters, 9:117–119,April
2002.

[5] B. Belzer, J.D. Villasenor, andB. Girod. Joint sourcechannelcodingof images
with trellis codedquantizationandconvolutionalcodes.In Proc.of International
Conferenceon ImageProcessing, pages85–88,1995.

[6] S.Bennedetto,R.Garello,andG.Montorsi.A searchfor goodconvolutionalcodes
to beusedin theconstructionof turbocodes.IEEE Transactionson Communica-
tions, 46(9):1101–1105,September1998.

[7] C. Berrou andA. Glavieux. Near optimumerror correctingcodinganddecod-
ing: Turbo-codes.IEEE Transactionson Communications, 44:1261–1271,Octo-
ber1996.

[8] D.P. Bertsekas. DynamicProgramming: Deterministicand Stochastic Models.
PrenticeHall, 1987.

[9] M. BystromandT. Stockhammer. Depedentsourceandchannelrateallocationfor
videotransmission.IEEE Transactionson WirelessCommunications, 3:258–268,
January2004.

113



114

[10] Y.S. Chanand J.W. Modestino. A joint sourcecoding-power control approach
combinedwith adaptivechannelcodingfor videotransmissionoverCDMA cellu-
lar networks. In Proc.of IEEE 58thVehicularTechnology Conference, volume5,
pages3415–3419,2003.

[11] V. ChandeandN. Farvardin. Joint source-channelcodingfor progressive trans-
missionof embeddedsourcecoders.In Proc.DCC’99, 1999.

[12] S.S.Channappayya,G.P. Abousleman,andL.J.Karam.Jointsource-channelcod-
ing of imagesusingpuncturedconvolutionalcodesandtrellis-codedquantization.
In Proc. of IEEE InternationalSymposiumon Circuits and Systems, pages133–
136,2001.

[13] D.-M. Chuangand Y. Wang. Multiple description image coding using sig-
nal decompositionand reconstructionbasedon lappedorthogonaltransforms.
IEEE Transactionson CircuitsandSystemsfor VideoTechnology, 9(6):895–908,
September1999.

[14] G. Cote,B. Erol, M. Gallant,andF. Kossentini.H.263+: videocodingat low bit
rates.IEEETrans.onCSVT, 8:849–866,November1998.

[15] H. Coward,R.Knopp,andS.D. Servetto.Ontheperformanceof multipledescrip-
tion codesover bit errorchannels.In Proc.of theIEEE InternationalSymposium
on InformationTheory, page240,2001.

[16] P. Dent,G.E.Bottomley, andT. Croft. Jakes’ modelrevisted. ElectronicsLetters,
29(1162-1163),June1993.

[17] D. DivsalarandF. Pollara. Turbocodesfor PCSapplications.In Proc. ICC-95,
pages54–59,1995.

[18] C. Dubuc,D. Boudreau,andF. Patenaude.Thedesignandsimulatedperformance
of amobilevideotelephony applicationfor satellitethird-generationwirelesssys-
tems.IEEETransactionsonMultimedia, 3:424–431,December2001.

[19] M. Effros. Robustnessto channelvariation in sourcecoding for transmission
acrossnoisychannels.In Proc.of InternationalConferenceon Acoustics,Speech,
andSignalProcessing, pages2961–2964,1997.

[20] Y. Eisenberg, C.E Juna,T.N. Pappas,andA.K. Katsaggelos.Jointsourcecoding
andtransmissionpower managementfor energy efficient wirelessvideocommu-
nictions. IEEE Trans.on CSVT, 12:411–424,June2002.

[21] N. Farvardin and V. Vaishampayan. On the performanceand complexity of
channel-optimizedvectorquantization. IEEE Transactionson InformationThe-
ory, 37:155–160,January1991.



115

[22] T.R. Fischerand M.W. Marcellin. Joint trellis codedquantization/modulation.
IEEETransactionsonCommunications, 39:172–176,February1991.

[23] T.R. Fischer, M.W. Marcellin, andM. Wang. Trellis-codedvectorquantization.
IEEETransactionson InformationTheory, 37:1551–1566,November1991.

[24] S. GadkariandK. Rose.Vectorquantizationwith transmissionenergy allocation
for time-varying channels. IEEE Transactionson Communications, pages149–
157,January1999.

[25] R. Gallager. InformationTheoryandReliableCommunication. New York: Wiley,
1968.

[26] RobertG.Gallager. InformationTheoryandReliableCommunication. JohnWiley
andSons,Inc., 1968.

[27] A. GoldsmithandM. Effros. Jointdesignof fixed-ratesourcecodesandmultires-
olutionchannelcodes.IEEETransactionsonCommunications, pages1301–1312,
October1998.

[28] A.J. GoldsmithandS.G.Chua. Variable-ratevariable-power MQAM for fading
channels.IEEE Transactionson Communications, 46:1218–1230,October1997.
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