UNIVERSITY OF CALIFORNIA, SAN DIEGO

ImageandVideo Transmissiormover Noisy Channels

A dissertatiorsubmittedn partialsatishctionof the
requirementgor the degreeDoctorof Philosoply
in
ElectricalEngineering Communicationg heoryandSystems)
by

XiaodongTian

Committeein chage:

ProfessoKennethZeger, Chair
ProfesooPamelaCosman
Professoiilliam Hodgkiss
Professot.awrenceMilstein
ProfessoGeofrey M. Voelker

2005



Copyright
XiaodongTian, 2005

All rightsresered.



The dissertationof Xiaodong Tian is approred. And it is

acceptablén quality andform for publicationon microfilm:

Chair
Universityof California,SanDiego

2005



TABLE OF CONTENTS

SignaturePage . . . . . . .. e ii
Tableof Contents. . . . . . . . . . . .. v
Listof Figures. . . . . . . . . . . . e Vil
Listof Tables . . . . . . . . . . . . X
Acknowledgements. . . . . . ... Xi
Abstract . . . . . . . Xiii
Chapter 1 Intr oduction 1
11 Overview of Source-Channeloding . . . . ... ... ... .. 1
1.2 Outlineof ThisDissertation. . . . . ... ... ......... 6
1.3 Contributionsof This Dissertation. . . . . . ... ... ... .. 9
Chapter 2 Channel Code Blocklength and Rate Optimization for Progres-

sive Image Transmission 11
2.1 Introduction . . . . . ... 11
2.2 A PerformancéMeasurgor Progressie Transmission. . . . . . 14
2.3 OptimizationUsingDynamicProgramming . . . . . . . .. .. 16
24 Progressie Transmissiorover ErasureChannels. . . . . . . .. 17
2.5 Progressie Transmissiorover Bit-Error Channels. . . . . . . . 22
2.6 Conclusion. . . . . . . .. 26

Chapter 3 Efficient Multiple Description Coding of Imagesfor Packet Loss



Channels 27
3.1 Introduction . . . . . ... 27
3.2 ImageCodingStructure . . . . . ... ... ... ........ 29
3.3 ExperimentResults . . . . . ... ... oL 33
3.4 Conclusion. . . . . . . ... 35
Chapter 4 Asymptotic Analysis of Multiple Description CodesOver Noisy
Channels 39
4.1 Introduction . . . . . ... 39
4.2 MD Rate-DistortiorBound . . . . . .. ... ... ....... 41
4.3 SystemModel . . ... ... 43
4.4 Analysisof Tradeof BetweenMD CodingandChannelCoding. 44
4.5 Performanc&€omparisorBetweenMD andSD BasedSchemes 49
4.5.1 Time-lnvariantChannels. . . . . ... ... ... ...... 50
4.5.2 Time-VaryingChannels . . . . ... ... ... ........ 51
4.6 Results. . . . ... ... ... . . 53
4.7 Conclusion. . . . . . ... 57
Chapter5 Punctured Trellis Coded Quantization and Modulation 65
51 Introduction . . . . . . ... 65
5.2 Overvien of PTCM . . . . . . . . . . 67
521 Encoding. . ..... ... ... ... 68
522 Decoding. . .. ... ... 69
5.3 ProposedTCQ/PTCMScheme . . . . . ... ... ... ... 70
5.31 PTCQ. . . ot o 70
53.2 PTCQ/PTCM. . . . . .. .. . . . . 72
5.4 Results. . . ... ... .. .. . . 72
5.5 Conclusion. . . . . . . .. 76



Chapter 6 Efficient TransmissionPower Allocation for Wir elessvideoCom-

munications Under AveragePower Constraints 78
6.1 Introduction . . . . . . ... 78
6.2 SystemModel . . ... ... 83
6.2.1 VideoEncoder . . ... ... ... ... ... ... 83
6.2.2 VideoDecoder. . . . ... ... ... ... 84
6.2.3 Packetization . . . ... ... ... ... 84
6.24 ChannelCoding . ... ..... ... ... ... ....... 85
6.2.5 FadingModelandTransmitDiversity . . . ... ... ... .. 86
6.3 TransmissiorPaver Allocation . . . . . .. ... ... ... .. 87
6.3.1 ProposedPawerAllocationAlgorithm1 . . . . ... ... ... 91
6.3.2 ProposedPawer Allocation Algorithm2 . . . . . ... ... .. 93
6.3.3 Analysisof thePower-DistortionTradeof . . . . . .. ... .. 94
6.4 ExperimentaResultsandDiscussions . . . . . ... .. .. .. 96
6.4.1 Impactof Individual Component®f the Proposedscheme. . . 102
6.5 Conclusion. . . . . ... 105
Chapter 7 Future Work 110
7.1 M-ChanneMultiple DescriptionScalarQuantizer. . . . . . . . 110

7.2 JointSourceandChannelCodingfor Sourceswith ResidualRe-
dundang andChannelsvith Memory . . . ... ... ... .. 111

7.3 TransmissiorPower Allocation for Video CommunicationdJn-
derPeakPowverConstraints. . . . . .. .. ... ... ..... 111

7.4 Adaptive TransmissioPoverandModulationfor WirelessVideo
Communications . . . . . . . . ... 112
Bibliography 113

Vi



11
2.1
2.2

2.3

2.4
2.5
3.1
3.2
3.3
3.4

3.5

3.6

3.7

4.1

LIST OF FIGURES

Diagramof aCommunicatiorSystem . . . . . .. ... ... ... .. 2
Distortionvs. Ratewith andwithout ChannelCoding.. . . . . . . . .. 13
Three PossibleProgressie PerformanceMeasuresEach Equalto the

AreaoftheShadeRegion.. . . . . ... .. ... .. ... ...... 13

Performancdresultsfor the 512x512L enalmageTransmittedover an

ErasureChannel. . . . . . .. .. ... ... .. . 20
Comparisorof DifferentMetricsandChannelCodes . . . . . . . . .. 24
Comparisorof DifferentChannelCodes. . . . . . ... ... ... .. 25
Block Diagramof animageCoderfor Packet LossChannels.. . . . . . 30
ExampleMD Index AssignmenMappingsfor Two Descriptions. . . . 30
Exampleof aThree-Dimensiond¥ID Mapping.. . . . . . .. . .. .. 31

PSNRResultsfor MDSQ-SPIHT the MD-SPIHT of Miguel etal. [52]
andtheMDSQ of Senettoetal. [68]. . . ... ... .......... 34
Decodedmagedor 256x256LenaandMDSQ-SPIHT . . . . . . . .. 37
PSNRResultsfor MDSQ-SPIHT the UnequalLossProtectionscheme

of Mohr etal. [53] andtheLappedOrthogonallransformBasedScheme

of ChungandWang[13]. . . . . . . . . . . . . . 38
PSNRdor MDSQ-SPIHTMD-SPIHT (Miguel etal. [52]) andUnequal
LossProtectionMohretal. [54]). . . .. ... ... .. ... ..... 38
Cascaded/ID QuantizerandChannelCoderSystem . . . . ... ... 44

Vil



4.2 Cascade®D QuantizerandChannelCoderSystem. . . . ... .. .. 50
4.3 TheDistortion Exponentf., asa Functionof MD Redundang Param-
lera . . . . . 54
4.4 MD RedundangParameter thatMinimizestheDistortionUpperBound
Doy o e 55
4.5 Comparisonof Distortion Exponentf,;p and fsp for Time-Invariant
Channelsate = 0.1 . . . . . ... ... . . .. 56
4.6 Comparisonof Distortion ExponentfffD and fsp for Time-Varying
Channels . . . . .. .. .. . 57
4.7 FunctionE (r)forCase3 . . . . . . . ... .. 59
5.1 An Exampleof PTCQ/PTCMfor8-PSK. . . . ... ... ... .... 67
5.2 PTCQ/PTCMfor GaussiarBource. . . . . . . . ... ... ... ... 74
5.3 RateAllocationsResultsfor PTCQ/PTCMBasedon Simulations. . . . 75
5.4 Comparisorof PTCQ/PTCMwith OtherMethods. . . . . .. ... .. 76
6.1 SystemDiagramfor WirelessVideoTransmission . . . . .. ... .. 83
6.2 Formatof theSourcePortionofaPacket. . . . . . ... ... ..... 85
6.3 VideoSequencebsedin Simulations . . . . ... ... ... ..... 96
6.4 Performancé&esultsvs. ChannelCodelndex . . . ... ... ... .. 98
6.5 PSNRvs. FrameNumberfor MotherandDaughter. . . . . . ... .. 99
6.6 PSNRvs.FrameNumberforNews. . . . . ... ... ... .. .... 100
6.7 Performancé&esultsfor MotherandDaughter . . . . . ... ... .. 101
6.8 Performanc&esultsforNewvs . . . ... ... .. ... ... ..... 102
6.9 Performancé&esultsfor MotherandDaughterwith CSI . . . . . . .. 103
6.10 Performancé&esultsfor NevswithCSI . . . . . ... ... ... ... 104

6.11 PerformancdResultsfor Motherand Daughterwith CSlandFixedr. . 105

6.12 Performancé&esultsfor Nevswith CSlandFixedr, . .. .. ... .. 106

viii



6.13 Performanc€omparisorof Schemesvith DifferentChannelCodeRates
andintra-RefreshinqRates . . . . . . .. ... ... ... ... ..., 107
6.14 PerformanceComparisonof Schemeswith and without Fixed-Length
Pacletization . . . . . . ... ... ... 107
6.15 Performanc€omparisorof Packet-Level andMacroblock-Lerel Pover
Allocation . . . . . . . .. 108
6.16 Performance&Comparisorof Frame-L&el andPacket-Level Power Al-

location . . . . . . .. e 108



5.1 PTCM parameters

LIST OF TABLES

5.2 QuantizatiorPerformancef PTCQandTCVQ . . ... ... ... ..



ACKNOWLEDGMENTS

First, | would like to expressmy appreciatiorto my advisorProfessoKenneth
Zeger for giving me the opportunityto conductPh.D researchat UCSD, andfor his
supportand help over the years. | would also like to thank ProfessordPamelaCos-
man, William Hodgkiss,LawrenceMilstein, and Geofrey Voelker for servingon my
committee.

| alsowantto thankmy lab matesandfriendsfor their help. An incompletdlist
follows: Greg Sherwod, TamasFrajka, QinghuazZhao, Dirck Schilling, JonRogers,
SongCen,YanYe, Hugo Tullbery, Jilei Hou,andYanZhang.

Lastbut notleast,| amgratefulto my parentsmy brother andmy wife for their
love, supportandencouragement his dissertatioris dedicatedo them.

Thetext of Chapter2, in part, is areprintof the materialasit appearsn: PG.
Sherwod, X. Tian,andK. Zeger. Channelcodeblocklengthandrateoptimizationfor
progressie imagetransmissionlEEE WirelessCommunicationand NetworkingCon-
ference pp 978-982,Vol.2, Sept. 1999. The text of Chapter3, in part, is a reprint of
the materialasit appearsn: PG. Sherwod, X. Tian, andK. Zeger. Efficientimage
andchannelcodingfor wirelesspaclet networks. International Confeenceon Image
Processingpp 132-135,Vol. 2, Sept. 2000. The text of Chapter4, in full, hasbeen
submittedfor publicationas: X. Tian. Asymptotic Analysis of Multiple Description
CodesOver Noisy Channels|EEE Transaction®n InformationTheory 2004. Thetext
of Chapterb, in part, hasbeensubmittedfor publicationas: X. Tian. Puncturedrellis

codedquantizatiorandmodulation.IEEE Transactionon Communications2004.The

Xi



text of Chapter6, in part, is a reprint of the materialasit appearsn: X. Tian. Effi-

cienttransmissiorpower allocationfor wirelessvideo communicationsProc. of IEEE
WirelessCommunicationandNetworkingConfeence Atlanta 2004,Vol. 4, pp. 2058—
2063,March2004;andin part,hasbeensubmittedfor publicationas: X. Tian. Efficient
transmissiorpower allocationfor wirelessvideo communicationsinderaveragepower
constraints.IEEE Transactionson Circuits and Systemdor Video Technolagy, 2004.
With the exceptionof thefirst two publicationd wasthe primaryresearcheandmy ad-

visor KennethZegersupervisedheresearchvhichformsthebasisfor this dissertation.

Xil



ABSTRACT OF THE DISSERATION

ImageandVideo Transmissiormover Noisy Channels
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ProfessoKennethZeger, Chair

This thesisstudieshow to effectively transmitimages,video or generictypes
of sourcever noisy channels.Source-channelodingmethodssuchasrateallocation
betweensourceandchannelcodes,unequalerror protection,anderrorresilientsource
coding,areexplored.

First,we considetthe problemof progressie imagecodingover noisychannels.
Motivatedby turbo codingmethodsvhereperformancemproveswith blocklengthwe
investigateaechnique®f optimally selectingooththe channelkcodeblocklengthandthe
coderateto balancehetradeof amongerror protection,sourcecodingrate,anddelay

Next, we investigatethe problemof imagecodingover packetlosschannelsin
orderto improve errorresilieng, our proposedschemecombinesmultiple description
guantizationentropy coding,anddatapartitioning.

Next, we considera cascadanodelof a multiple descriptioncoderfollowed by
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block channelfor transmissiorover noisy channels. A high-rateanalysisshaws the
optimizedcascadenultiple descriptionschememay outperformthe optimizedcascade
singledescriptionschemeonly undercertainconditionssuchastime-varyingchannels
with channektatesunknovn to theencoder

Next, we generalizeacombinedTrellis CodedQuantization/Modulation
(TCQ/ITCM) schemeby puncturingthe componenfTCQ and TCM coders,and then
optimize the tradeof betweensourcecodingand channelcodingfor the giventrellis.
Simulationresultsshow thatsignificantperformancemprovementcanbe obtainedfor
the proposedschemeover the fixed-rateTCQ/TCM scheme.

Lastly, we considerthe problem of transmissionpower allocation for video
transmissiorover a wirelesschannel. Assumingfixed-lengthpacletizationand adap-
tive FEC, we proposesimpleoptimizationalgorithmsto allocatetransmissiorpower to
video pacletsunderaveragetransmissiorpower constraintswith or without the chan-
nel stateinformation(CSI) availableto the transmitter Simulationsresultsdemonstrate

the performancemprovementof the proposedschemesver the corventionalschemes.
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Chapter 1

Intr oduction

In this dissertationwe study the transmissiorof images,video and generictypesof
sourcesover noisy channelssuchaswirelesscommunicatiorchannels.Channelcod-
ing is crucialfor suchsystemgo achiese adequatgerformance Jointly designingthe
sourcecoderandthe channekoder/transmittenasbeenprovedto bebeneficialin mary

cases.

1.1 Overview of Source-ChannelCoding

A typical communicatiorsystemconsistof a systemencodera channelanda system
decoderAs shavnin Figurel.l,thesystemencodercanbebrokendownto asourceen-
coder achannekencoderanda modulator The sourceencodereducegheredundang

in the sourceto save transmissiorbandwidthwhile corvertingthe sourceinto stringsof

codevordsasinputto thechannekencoderthechannekencoderddsusefulredundang

to combatchannelerrors, and the modulatorcorverts the codedbits into waveforms
suitablefor transmissionThe systemdecodeicanbe brokendown similarly.

A well-known theoremdueto Shannorstateshatwith limitless sourcecoding
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Figurel.1: Diagramof a CommunicatiorBystem

dimensionand channelcodingblocklength,optimal sourcecodingand channelcoding
canbe consideredseparatelyithout lossof optimality. The optimal channelcoderis
designedo achieve a practicallyerrorfree performancet thechannekapacity andthe
optimal sourcecoderis designedo approachthe sourcerate-distortionfunction at the
givenbit-rate.

However, with practicalconstraintoon delayandcompleity, the separatiorthe-
oremno longerholds.In mary practicalcommunicatiorsystemsuchaswirelessvideo
communicatiorsystemsjointly designingthe sourcecoderandchannelcodercanim-
prove the systemperformancesignificantly This approachis termed*joint source-
channelkoding”, or simply “source-channetoding”.

Below we briefly discusssomesource-channelodingmethodsandtheir appli-

cationsin imageandvideotransmission.

¢ RateAllocation BetweenSourceCodingandChannelCoding

Considera tandemsystemwith a sourcecoderanda channelcoder which may
be designedseparately Given the transmissiorrate constraint,it is easyto see
that thereexists a tradeof betweensourcecoding and channelcodingin terms
of the end-to-endlistortion. If too muchrateis allocatedto channelcoding,the
error probability of channeldecodingmay be low, but becausehe availablerate

for sourcecodingis small, the distortiondueto sourcecodingwill belarge. On



the otherhand,if too muchrateis allocatedto sourcecoding,the distortiondue
to sourcecodingmay be small, but because¢hereis no adequatesrror protection,

thedistortiondueto channekerrorswill belarge.

Thistradeof betweersourceandchannekodingis analyzedheoreticallyin [38],
wheretheasymptotiqhigh rate)upperandlowerboundsonthechannekoderate
thatminimizesthe averagedistortionof a vectorquantizerof fixed finite dimen-
sionareestablishedlt is shavn thatgivenatotal transmissiomateconstraintthe

optimalchannekoderateis lessthanthe channelcapacity

As statedin [27], the optimal rate allocationbetweensourcecodesandchannel
codess oneof the mostimportantaspect®f any source-channalodingdesigns.
Examplesof rate allocationbetweensourcecodesand channelscodesin image
andvideocodingcanbefoundin [56, 9]. Ourwork in Chapter5 onageneralized
Trellis CodedQuantization/Modulatiorschemecan also be classifiedinto this

category.

Source-Optimize€ChannelCoding

In source-optimizeadhannelcoding, the sourcecodeis designedor a noiseless
channel. A channelcodeis thendesignedor this sourcecodeto minimize the
end-to-endlistortionfor the givennoisy channel.While thereexist sourcecodes
suchasfixed-lengthcodesthatarerobustto channelkerrors,variable-lengtitcodes
(VLCs) are extremely sensitve to channelerrors. Careful pacletizationor in-
sertionof synchronizatiorcodevordsmay improve the robustnesof the source-

channekoder

For example,the so-calledSet-Rrtitioning-In-Hierarchical-fees(SPIHT) coder
is anefficientprogressieimagecoder i.e.,theimageis decodablatintermediate

bit-ratesandthedecodingqualityimprovesasmorebitsarereceved[66]. In [71],



SPIHTFencodedmagesare protectedwith Forward-ErrorControl (FEC) codes
over Binary SymmetricChanneldBSCs). The SPIHT codewaspartitionedinto
fixed-lengthblocks,followedby achannetoderconsistingof aconcatenatioof a
Cyclic Redundang Check(CRC)coderfor errordetectioranda RateCompatible
PuncturedCornvolutional (RCPC)coderfor error correction. The channelcode
ratewasselectecempiricallybasedn the channekonditionsuchthatpractically

no distortiondueto channehoisecould bedetected.

Sincein practicesomesource-codeditsareoftenmoresensitveto channekerrors
thanotherstheerrorprotectioncanbeappliedin anunequafashionbasednthe
importanceof the informationto provide improved efficiency andsomegraceful
degradation. Examplesof unequalerror protection(UEP) for imagecodingcan
be foundin [54, 61]. Our work in Chapter2 on progressie imagecoding also
falls into this cateyory, wherestronger-EC wasusedat earlierpart of the coded

imagesincethe sourcebitstreamis only decodableaip to thefirst error.

For videocoding,UEP canbe appliedto the layersof a scalablevideobitstream.
The breakupof a frameinto subsetf varying quality lendsitself naturally to
employing a UEP scheme in which the baselayer is better protectedthan the
enhancedayers.Examplesof thisapproacltanbefoundin [45, 46]. Ourworkin
Chaptel6, wheretransmissiompoweris allocatedo asinglelayerof videopaclets

accordingto their errorsensitvity, canalsobe classifiednto this cateyory.

Channel-Optimize&ourceCoding

In channel-optimizedourcecoding, redundang in sourcecodingis utilized to
make sourcecodedsymbolsrobustto channelerrors. For example,vectorquan-
tizers(VQs) canbemaderobustto channekerrorsby carefullydesigningheindex

assignmenthat mapssourcecodevordsto binary indices[86]. Without modi-



fying the VQ codevords, properindex assignmenmakes surethat likely chan-
nel errorscauserelatively smallincreasen distortion. Anotherexampleis the
channel-optimizedectorquantize{COVQ), wheretheencodingregions(source
encoderpandthe codevords(sourcedecoderpreiteratively optimizedfor a given
channelcrosseer probability [21]. SinceVQs are fixed-lengthcodes,they are

morerobustto channelerrorsthanVLCs.

Channel-optimizedourcecodeshave alsobeendevelopedfor VLCs. For exam-
ple,in [63] anerrorresiliententropy codeis designedor transmittingvideosover
noisy channels.A classof reversiblevariablelengthcodesis describedn [81].
The basicideahereis that after a loss of synchronizatiordue to a channelde-
codingerror, the decodemwill determinean appropriatecodavord boundaryand

decoddn thereversedirectionto recorer thebits in between.

Multiple DescriptionCoding(MDC) canbeconsidere@saspeciakaseof channel-
optimizedsourcecodingthat matcheghe sourcecoderto a paclet (description)
loss channel. Multiple descriptionsare generatedor a sourcewith correlation
betweerthedescriptionsThegoalof MDC is to achieve someacceptablguality
if only a subsetof the descriptionis receved, and an improved quality if more
descriptionsaarereceved. An exampleof MDC basedmagecodingcanbefound
in [68]. In Chapter3, we will alsoemploy a similar approachfor robustimage

codingover pacletlosschannels.

Jointly-OptimizedSource-ChanneToding

Jointly optimizinga sourcecodeanda channekodeis oftendifficult. In practice,
source-optimize@hannelcodingcanoften be combinedwith channel-optimized
sourcecoding using an iterative design,which is a locally optimal technique.

An exampleof this approachis [27], whereCOVQ andRCPCcodeswereitera-



tively optimized with theadditionof optimalbit allocation.An iteratve decoding

schemeof VLCs andchannekodeswasgivenin [31].

Our work in Chapter4, wherethe channelcoderater and multiple description
redundang parameter arejointly optimizedin a cascademodelof a multiple

descriptioncoderfollowedby block channelkodersalsofalls into this category.

Sofarwe have assumedhatthe encodethasaccurateknowledgeof the current
channelstateinformation (CSl) so that the source-channetodercan usethis infor-
mationto improve the end-to-endperformance.For a fixed channelthe channelgain
informationcanbe consideredasa specialcaseof the CSI. However, in practicalsys-
tems,thechannelmaybeunknown to theencodeior the CSlknown to theencodemay
beinaccuratadueto the time-varying natureof the channelor inaccuratechannelesti-
mation. Somediscussion®n the source-channatodingstrateyiesin this scenariccan
befoundin [19, 24, 39].

It is worthy of mentioningthat methodshatimprove the channelperformance,
suchasdiversityreceptionchannekqualizationandspace-timeoding,canbedirectly
usedwith source-channeadoding;they changethe channeltransitionprobabilitiesused

by the source-channedoder

1.2 Outline of This Dissertation

Thisdissertatiorpresent®urwork in severalaspect®f source-channe&loding/transmission
over noisy channelsincludingthatof imagesyideoandgenericsources.

In Chapter2, we study the problem of progressie image coding over noisy
channels.If decodingat multiple ratesis not important,thenusinglong blocklength
channelcodesprovidesthe bestperformancan mary casesasshavn in the caseof

turbo coding where performancamproveswith blocklength. One penaltyassociated



with long blocklengthcodesis increasediecodingcompleity. For progressie coding,
thereis theadditionalpenaltyof decodingdelay In orderto balancehetradeof among
error protection,sourcecodingrate,anddelay we investigatetechniquesf optimally

selectingooththe channekodeblocklengthandcoderate.We proposeageneraberfor

mancemeasurdor evaluatingprogressie transmissiorandusedynamicprogramming
to determinethe channelcodeparameterdasedon the progressie performance.Per

formanceresultsare provided for paclet erasurechannelsandbit error channelsand
areshown to outperformcornventionalmethodsvherefixed numberof informationbits

areusedin eachcodevord.

In Chapter3, we designa multiple descriptionbasedmagecodingschemeover
paclet losschannels.In orderto improve the error resilieny of imagesover varying
paclet loss channels multiple descriptioncoding is combinedwith datapartitioning
andentrofy codingin our schemeanda multidimensionakxtensionof thetwo-channel
multiple descriptionscalarquantizenfMDSQ) is proposed.In addition,the SPIHT im-
agecoderis employedfor efficiententropy codingof multiple descriptionimages.The
performancef our proposedschemalegradegracefullyaschannekonditionsworsen.
Experimentallywith 4 descriptionsthe new coderoutperformspreviousreportsat ary
lossrate.

In Chapter4, we investigatea cascadenodel of a multiple descriptioncoder
followed by block channelcodersfor source-channedodingof Gaussiarsourcesover
noisychannelsTraditionallymultiple descriptioncoding(MDC) is designedor paclet
losschannels Our motivationhereis to apply MDC to noisy channelsuchaswireless
channelsvhereFEC codesneedto be usedto achiere adequatgerformance We con-
ducta high-resolutionanalysisto minimize a distortionupperboundover the channel
coderater and multiple description(MD) redundang parametei. Analytic results

shaw thatfor time-invariantchannelsin mostchannelconditions,the optimizedsingle



description(SD) schemeoutperformgheoptimizedMD schemewhenthechannelsare
time-varying andthe channelstatesareunknown to the encoderthe MD schemamay
outperformthe SD scheme. This resultis useful for determiningwhethera multiple
descriptioncoderasopposedo asingledescriptioncodershouldbeusedin conjunction
with channekoding.

In Chapter5, we study a joint source-channatoding/modulatiormethod. In
particular we develop a generalizedTrellis-CodedQuantization/Modulatiorscheme,
whichis alow-compleity source-channelodingschemehattakesmodulationinto ac-
count.Oneof ourmotivationsis to enforceproperrateallocationin theschemeo match
it with the givenchannelwhich, asdiscusseckarlierin this chapteris very important
for achiezing low end-to-endlistortionby source-channetoders.Anothermotivation
is to make useof the duality betweensourcecoding and channelcoding, which is an
undetrutilized conceptin obtainingsourcecodingmethods.By combiningtheseideas
andusingthe flexibility of rateallocationofferedby a puncturingmechanismye de-
signa new source-channelodingmethodachiering large performanceyainsat modest
increaseof compleity.

In Chaptel6, we considettheproblemof transmissiompowerallocationfor video
transmissiorover a wirelesschannel.Reducingthe transmissiorpower will reducethe
interferencebetweeruserssharinga wirelesschannelandmay extendbatterylife in a
mobile device. Previouswork in this areaassumedourcecodingonly without the use
of channekoding,or assumegbower allocationon theframelevel insteadof the paclet
level, or requiredfuture CSlfor powerallocation.Undertheassumptionsf usingfixed-
lengthpacletizationandadaptveforwarderrorcontrol(FEC),we proposesimplepower
allocationalgorithmsto allocatingtransmissiompowerto videopaclets,with thegoal of
minimizing the amountof distortionin the reconstructedideo sequencegivencertain

channebandwidthandaveragetransmissiorpower constraints Dependingon whether



the CSl is known at the transmitteror not, two scenariosare considered.In addition
to numericalalgorithms closed-formexpressionsarealsopresentedo characterizéhe
roles of the sourceerror sensitvity andthe CSI in optimally allocatingtransmission
power. Simulationsare conductedor a time-correlatedRayleighfading channel,and
resultsdemonstratéhe performancemprovementof the proposedalgorithmsover the

cornventionalalgorithms.

1.3 Contrib utions of This Dissertation

The contributionsof this dissertatiorare:

1. A new generalperformancenmeasurdor evaluatingprogressie imagetransmis-
sion systemsoperatingover noisy channelsand a dynamicprogrammingopti-
mization algorithmto optimize both block lengthandrate of channelcodesfor

progressie imagetransmission.

2. A new imagecodingschemedhatcombinesmultiple descriptionquantizationgn-
tropy coding,anddatapartitioningto improve theerrorresilieng of imagesover
varying paclet loss channelsand a new methodof entropy coding of multiple

descriptionmagesusingthe SPIHT algorithm.

3. An asymptoticanalysisof a cascadanodelof a multiple descriptioncoderand
channelcodersshowning thatonly undercertainconditions,suchastime-varying
channelsvith channektatesunknownn to theencodermaythe optimizedcascade
multiple descriptionschemeoutperformthe optimizedcascadeingledescription

scheme.

4. A new sourcecodingscheméPuncturedrellis CodedQuantizationjhatachieves

fractionalbit-ratesatlow compleity, anda new source-channealodingandmod-
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ulationschemgPuncturedrrellis CodedQuantization/Modulationfhatachieves
flexible rate allocationand significantperformancegainsat modestincreaseof

complity.

5. A new power allocationschemédor wirelessvideotransmissiorthatincorporates
fixed-lengthpacletizationand adaptive channelcoding and allocatesthe trans-
missionpowerto videopaclets,andnew closed-formformulascharacterizinghe
roles of the sourceerror sensitvity andthe CSI in optimal transmissiorpower

allocation.



Chapter 2

Channel Code Blocklength and Rate
Optimization for Progressve Image

Transmission

2.1 Intr oduction

Systemomposedf embeddedvavelet-basedmagecodersollowedby channekod-
ing resultin someof the bestsystemscurrently known for transmittingimagesover
certainnoisy channeld71, 69, 11, 54]. Selectingthe properchannelcoderateis im-
portantsothatbits arenot wastedon unnecessaryedundany, while keepingthe error
probability sufficiently low. Adjustingthe blocklengthcanfurtherimprove the perfor
manceof certainchannekcodes.

It is known from information theory that long blocklengthscan achiere good
performanceat ratescloseto capacity and mary known codesexhibit improved per
formanceasthe blocklengthis increased.Examplesincludeturbo codes,low-density

parity check(LDPC) codesandReed-Solomorodeson erasurechannels.Theresults

11
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presentedn [54] for imagetransmissioron a paclket erasurechanneldemonstratehat
excellentperformanceat a target transmissiorrate canbe achiezed by usingthe max-
imum possiblechannelcodevord blocklength. For an erasureratee andchannelcode

rater <1 — ¢, ausefulupperboundontheblock errorprobabilityis [26, p.531]

Py(r, e, N) < 27 VP2(1-rl19

whereN istheblocklengthandDs(a||b) = alog,(a/b)+(1—a)log,((1—a)/(1—10)) is
theinformationdivergence.Thisupperboundshovstheadwantageof long blocklengths
(i.e.,large N) for ratesbelow capacity

If decodingat multiple ratesis notimportant,thenusinglong blocklengthchan-
nel codesprovidesthe bestperformancen mary cases.One penaltyassociatedvith
long blocklengthcodess increasedalecodingcompleity. For progressie coding,there
is the additionalpenaltyof decodingdelay Sincethe decodettypically mustwait until
theentireblock hasbeenrecevedanddecodedeforereliablesourcebits areavailable,
thedistortionvs. ratecurve flattensout over the durationof ablocklengthanddecreases
only atthe endof the block. Theresultis thatthe curwe is staircaseshapedwherethe
size of the stepsdependsn the channelcodeblocklengthasillustratedin Figure2.1.
The tradeof is thatlong blocklengthsmprove error protectionbut they alsodecrease
progressiity.

Previouswork [11, 49, 3] hasconsiderednethodsof selectingthe bestchannel
coderatefor imagetransmissioron noisy channels.A gradient-basedechniquewas
usedin [3] to determinethe bestrateallocationbetweensourceand channelcodesfor
agiventransmissiomrate. In [49], Lagrangiammethodswereusedto selectthe channel
coderatescheduldor fixed lengthinformationblocksto minimize distortionat a final

targetrate. Althoughprogressie sourcecodersvereused progressie performancevas
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notconsideredn [49, 3].

In [11], optimizationwas also performedfor a specifictransmissiorrate, but
the optimizationcriterion andrate-compatiblgropertiesof the channelcodesallowed
optimaltransmissiorat mary lower rates.A dynamicprogrammingapproachwaspre-
sentedor determiningchannelcoderateschedulegor fixed-lengthinformationblocks
usingoptimizationcriteriabasedon MSE, PSNR,andnumberof availablesourcebits.
The optimizationbasedon numberof available sourcebits was suggestedsthe best
approactsinceit reducesompleity, eliminatesthe needto transmitthe rateschedule,

andallows a singleratescheduleo incorporatethe optimizedrate schedulegor mary
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lowertransmissiomatesasprefixesby usingtherate-compatiblgropertiesof thecodes
considered.

We extendtheworkin [11] to considettheoptimizationof blocklengthandchan-
nel coderate,andwe usea moregeneraperformancdunctionto characterizgrogres-

sive performanceSpecifically this chapterincludesthe following contributions:

A generalperformancemeasuras presentedor evaluationof progressie perfor

mance;
e A dynamicprogrammingsolutionis presentedior optimizingblocklengthandrate;

e Resultsfor a numberof error ratescompareoptimizationsbasedon PSNRand
optimizationsbasedon available sourcebits with and without fixed information

block sizes;

e Resultsfor Reed-Solomorodeson erasureehannelsaindfor severalcodesnclud-
ing turbocodesandLDPC codesonbit errorchannelsgdemonstrat¢heimportance

of optimizingblocklengths.

2.2 A Performance Measure for Progressve Transmis-
sion

In orderto optimizethechannekodeparameterst is necessaryo defineaperformance
measurdor progressie transmissionln imagecoding,typically the expectedMSE or
PSNRatatarmgettransmissiomateis used.For progressie coding,thedesireis generally

to maximizethe expectedoerformanceatall ratesup to thetamgettransmissiomate. We
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proposeafamily of performanceneasuregivenby

w= N W (z)F(z)dx (2.1)
0

whereRy is theterminaltransmissiomate, F'(x) is theexpectedperformancéor agiven
channelat transmissiorrate z, and W (x) is a non-ngative, real-valued “weighting
function” which allows unequalkemphasidor differentrates.The performancdunction
F(z) is large for good performancesnd small for poor performancesin contrastto
the moretypical useof a “distortion” function. The performancemeasure: includes,
asa specialcase the corventionalapproachof measuringperformanceat a singlerate
(or possiblya small setof rates),by usingimpulsefunctionsaspart of the weighting
function (e.g., W(z) = §(x — r1) + d(x — r2) + ... whered(z) is the Dirac delta
function).

Possibleperformanceneasuresncludethe expectedVISE, expectedPSNR,or
numberof available sourcebits as notedin [11]. The PSNR-basegerformances
closelytied to imagequality but doesnotemphasizéhelarge distortionsat low ratesas
muchasthe MSE-basegerformance.Performancédasedon available sourcebits as-
sumesall bits asequallyimportantbut it allows simplificationsin the optimizationand
eliminatesoverheadnformation.In bothof thesecasesthe goal (assumingV (z) = 1)
is to maximizethe areaunderF'(z). If we defineF(z) = D(0) — D(z), whereD(x)
is the expectedMSE at rate z, thenthe goalis alsoto maximizey. In the contet of
dynamicprogrammingalgorithmsdiscussedn the next section,u is thereward. Figure
2.2 shovs examplesof theseperformanceneasuresvherethe shadedegion represents

theareacomputedby theintegral with W(z) = 1.
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2.3 Optimization Using Dynamic Programming

The optimal scheduleof channelcode parametersan be determinedusing dynamic
programmingvherethegoalis to maximizetherewardbasedn the progressie perfor
mancemeasurdi.e., . in (2.1)). The notationis basednthatin [8].
GivenatransmissiomateconstraintR;, the goal of the optimizationproblemis
to determinethe codeschedule 7 = {(Nl, K1), (N, K3), . -, (Nar(r)s KM(W))}, sub-
jectto >-M N, < Ry thatmaximizesy.. Eachcomponenbf the codeschedulecon-
tainsa blocklengthparameterN;, andaninformationsize parameterk;. For a given
systemconsistingof sourcecoder channelcoder andchannel.eachcodeschedulersr,
determinesnexpectedperformance-rattunctionasin (2.1),denotedF, (x). Sincethe
transmitteddataconsistsof a sequencef codevords,the overall rewardwill be based
ontheincrementalewardassociateavith eachcodevord. Theincrementatewardof a

codevord with parametergN;, K;) undercodescheduler is givenby

R; Rt

re(Ni, K3) = | W (2)(Fp(2) = Fr(Ri_y))dz+ (Fr(R;) — Fr(Risy)) | W(z)dz

o Y e
whereR; = 22:1 N; is thenumberof transmittedits up to andincluding codevord,
andR, = 0. Thefirst termof (2.2)is theincrementalewardduringtransmissiorof the
codevord while the secondterm is the accumulatedncrementakeward from the end
of the codavord to the targetrate. The integralstypically simplify to sumsdueto the
discretenatureof the problem,andfor certainperformancaneasuresuchasthe one
basedon available sourcebits, the integrandsimplifiesdueto the constantreward for
eachbit.

The underlyingassumptiorusedin combiningthe incrementalrewardsfrom

multiple codevordsinto the overall reward is the serial decodingrequirementof the
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sourcedecoder A sourcedecoderis saidto have a serial decodingrequirementif a
substantiaportion of the bit streammustbe decodedn a sequentiabnduninterrupted
fashionfor correctinterpretation.Many embeddedoders especiallythoseemploying
adaptve entrogy coding,have this property Theeffectis thatdecodingerminatesatthe
first uncorrectabldand detected)error so no reward is accumulatedrom subsequent
correctlyrecevedcodevords. A “reward-to-go”functionassociateavith codevordi is
definedas

JZ‘(RT, 7T) = TW(Ni’ KZ) -+ (1 — PE(N“ Ki))JH_l(RT,Tr) (23)

where Pg(N;, K;) is the probability of block decodingerrorfor codevord i. The (1 —
Pg(N;, K;)) termmultiplying J; 1 is theresultof the serialdecodingrequirementThe

goalof the optimizationproblemis to find the optimalcodescheduler* thatsatisfies
7 = argmax Jy (Rp, 7) (2.4)

with the conditionthat J;( Ry, 7) = 0 for somesuficiently large: underall admissible
policiesdueto thetransmissiomateconstraintRy.
In the following sectionsthis generalframenork is appliedto specificchannel

conditionsandperformanceesultsareprovidedfor theresultingrateschedules.

2.4 Progressve Transmissionover Erasure Channels

This sectionconsiderghe problemof transmittinganimageover a paclet erasurechan-
nel with erasureatee. The pacletsareassumedo be of fixed length,andthis length
is a parametenf the optimization. The informationis protectedusingerasurecorrect-
ing codesacrosshe paclets(similar to thatfoundin [69, 54]), suchasReed-Solomon

codeswhich allow for errorfreetransmissiorof K informationpacletsout of a block
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of length NV aslongasary K pacletsarereceved.

The codesaresystematiavith the informationpacletstransmittedirst sothese
pacletsareavailableimmediatelyto the sourcedecodemuntil thefirst erasure After the
first erasurefurthersourcedecodings delayeduntil K paclketsof thecurrentcodevord
have beenrecevedatwhich point erasurecorrectionis possible. Assumingthe weight-
ing functionfrom (2.2) is unity (i.e., W (z) = 1) for simplicity, theincrementareward
is derivedbelow for this case.

For thefirst K; pacletsof the codavord, theincrementarewardis basedn the
expectednumberof pacletsbeforethefirst erasurelLet f(z) betheperformancef the
sourcecoderattransmissiomatex on anoiseles€hannelwith no channekoding(e.qg.,
numberof availablesourcepacletsor bits (wheref(z) = x), PSNR,etc). Notethatthe
rate parameters in units of pacletsratherthanbits, for simplicity, andthe conversion
to bits involves a constantmultiplicative factor due to the constantpaclet size. The
expectedperformanceover this rangeof transmittedpacletsundercodescheduler is

givenby

g

Fo(M+Ri ) = 3 f(Ret (- et (Rt M)(1-9" 1< M<K, (25)

Il
o

where INQ = Z;.:l K; is the numberof cumulatve information paclketsande is the
pacleterasuregate.

During the transmissiorof the N; — K; parity paclets, the performanceonly
changest the point wherea total of K; pacletshave beenreceved for that codevord

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

K;—1
Fe(M+Ri 1))=Y Pue(M—j—1,M—K)f(K;+j)(1—e€/e+
j:

0
(1—Pe(M,K)f(K;+K;) Ki+1<M<N; (2.6)
where Py (z,y) = Y7_, (5)(1 — €)* 7€ is the multiple erasureprobability (i.e., the
probability of atleasty erasuresn x paclets)and Pg(M, K;) = Ppe(M, M — K; + 1)
is the block decodingerror probability of a codewith parameter$M, K;).

Optimizationbasedn numberof availablesourcebits (paclets)is attractve due
to the reducedcompleity andthe elimination of the needto transmitthe codesched-
ule (i.e., thecodeschedulas imageindependenandcanbe computedoy therecever).
However, performancaneasurebasedon MSE andPSNRarebetterindicatorsof im-
agequality, so experimentswvereperformedto compareherelative performancef the
optimizationmethods.The overheadequiredfor transmissiorof the codescheduldn
the caseof the MSE or PSNRperformanceneasuress assumedo be negligible soit is
notincludedin thetestresults.Thisassumptions reasonablsincethe codeschedulas
typically fairly short(i.e., not mary codevords)andcanbe compressedAlternatively,
the operationalistortion-ratefunctionis well modeledin practiceby a function of the
form D(R) = Y7 | a;e™% with asfew astwo or threeterms,asnotedin [3]. This
functionalapproximatiorcouldbeusedin determininghe codescheduleandthefunc-
tion parametergould be transmittednsteadof the actualschedulenvhich would allow
thereceverto computetheschedule.

Figure 2.3 shaws theresultsof experimentsusingthe SPIHT [66] imagecoder
with arithmeticcodingalongwith codeschedulesomputedrom performanceneasures
basedon PSNRand available sourcebits or equialently paclets. The resultingcode

schedulesare evaluatedin termsof expectedPSNRfor two differenterasureratesin
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Figure2.3: Performancéresultsfor the 512x512L enalmageTransmittecover anEra-
sureChannel.

Figures2.3(a) and 2.3(b). In addition, a methodsimilar to thatin [11], referredto
aspaclet optimizationwith “fixedk,” is appliedto Reed-Solomortodes. Resultsare
providedfor codeschedulesvith £ = 5 andk = 10 informationpacletspercodevord.

In the “fixed k” method,the information size of eachcodevord is fixed and
the blocklength(equvalently rate) is selectedthe performancemeasures available
sourcebits (paclets),andthe optimizationis for thefinal transmissiorrateso W (x) =

d(z — Rr) in (2.2). Theresultingcodeschedule$rom the optimizationaremonotonic
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non-increasingn blocklength(or non-decreasing channekcoderate)dueto theserial
decodingrequirementlnitial informationpacletsare protectednoreheavily thanlater
paclets,eventhoughevery pacletcontainsoneunit of reward,sincea pacletcanonly be
usedif all earlierinformationpacletsarecorrectlyreceved. The orderof transmission
of the codevord paclets can be alteredso that optimal (in termsof available source
bits) code schedulesare achieved at certainlower transmissiorratesas suggestedn
[11]. This progressie transmissioris achieved by transmittingpuncturedversionsof
the codavordsstartingwith the last codevord parametersn the schedule.Additional
parity pacletsaresentasneedediuringtransmissionio achieve all theintermediateode
ratesspecifiedn thescheduldetweerthelastcodevord andthe codevord in question.
Optimal schedulesn termsof available sourcepaclets are achiased for transmission
rateswhich equalthecumulative sumof theblocklengthstartingfrom thelastcodevord
andproceedingo thefirst codavordin the schedule Therearea few pointsto mention

regardingthereorderingfor progressie transmissionn [11]:

e Theoptimalityis for the particularvalueof £ andit correspond$o availablesource

paclets,notexpectedPSNR,;

e Theoptimality is only guaranteea@t certaintransmissiomates(equalto the cumu-
lative sumof blocklengthsstartingfrom the last codevord), so othertransmission

ordersmay bebetterat otherintermediatdransmissiomates;

e Thebestorderfor performancet all intermediatdransmissiorratesis dependent
on the erasurerate,andit is generallybetterto transmitaccordingto the natural
scheduleorder(i.e., all pacletsof eachcodevord in sequencedinderhigh erasure

conditions;

e Thetransmissiomatesof optimality arenot selectablebut areinsteaddetermined

by the codeschedulecomputedor thefinal transmissiomate.
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The resultsin Figures2.3(a)and 2.3(b) shawv that the optimizationbasedon
available sourcepaclets and that basedon expectedPSNR achiere nearly the same
expectedPSNRat the final transmissiorrate. The code schedulesare also listed in
thefigures. Generally the codeschedulegor the paclet-basedptimizationconsistof
codevordswith non-increasindlocklengthsand nearlyidenticalrateswith the possi-
ble exceptionof the final codevordsdueto the transmissiomrate constraint. Thisis in
contrastwith the “fixed k” method,wherethe coderateincreasesnonotonically The
PSNR-basedptimizationselectsa shorterbut lower-rateinitial codevord to reducethe
delaywhile still keepingtheerrorprobabilitylow, andthentheremaindenf theschedule
is similar to the paclet-basedchedulethoughthe coderatetendsto be slowly increas-
ing. As thefirst two figuresin Figure 2.3 demonstratethe relative performanceof the
differentmethodsdepend®n the erasuraate. Figure2.3(c) showvs the performancen
termsof the expectedPSNRaveragedover all the intermediateransmissiomrates(es-
sentiallyanormalizedversionof the areaunderthe curve) over arangeof erasureates.
The PSNR-basedptimizationhasthe bestperformanceat all ratesasexpectedwhile
the othercurvescrossat differenterasureates.Also the spreadn relative performance

increasesvith erasuraate.

2.5 Progressve Transmissionover Bit-Err or Channels

The sameoptimizationtechniquexanbe appliedfor turbo codingover bit error chan-
nelsby simply changingthe incrementareward function. For the erasurechannel,in-

formation bits can be immediatelyusedby the sourcedecoderup to the first erasure
sinceary datathatarriveson this channelis known to be good. However, in this case,
theinformationbits cannotbe usedbeforethe entirecodevord hasbeenrecevedsince

they arelikely to containerrorswhich cannotbe correcteduntil the remainderof the
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codevord arrives. Theresultis thatthe incrementareward of a codevord only hasthe
secondermfrom (2.2),andtheperformanceurveshave moreof astaircaseshape The
incrementakeward for a codevord with parametergNV;, K;) undercodescheduler is

givenby
re(Ni, K;) = (1 — Pg(Ni, K) (f (K; + K;) — f(K:)(Rr — Ry). (2.7)

It isimportantthatdecodingerrorsaredetectedbecause¢he sourcedecodemill
lose synchronizatiorand corruptthe imagewith high probability if its input contains
errors. Thereforean outercyclic redundang code(CRC)is usedfor error detectionif
theerrorcorrectingcodeitself doesnothave this capability Threecodesareconsidered,
namelyturbocodes]. DPC codesandrate-compatiblg@unctureccorvolutional (RCPC)
codes.Amongthem,bothturbo codesand RCPCcodesneedto be concatenatewith
CRCwhile LDPC codesneednot.

Theturbocodesusedin the experimentsconsistof a family of puncturedcodes
producedfrom a rate 1/3 mothercode. Note that using puncturedcodesallows the
possibility of optimizingonly therate(i.e., the “fix ed-k” methodmentionedn the pre-
vious section)and usingthe progressie transmissiororder but recentresultssuggest
thatnon-punctured¢odesperformsignificantlybetterfor the samecodeparameter{].
This is one of the motivationsfor optimizing both code rate and blocklengthas the
“fix ed-k” methodis notapplicableto non-punctured¢odes.Also notethatit is theblock
error probability that is importanthereand not the bit error probability, so choice of
interleaversbecomesmportantfor large blocklengths.For this reasons-randominter-
leavers[17], which enforcea minimum spreadbetweenadjaceninformationbits after
interleaving, wereusedbecausehey resultin betterblock error probabilitiesthanran-

dominterlearers.
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Figure2.4: Comparisorof DifferentMetricsandChannelCodes

Before startingour experimentswe mustdecidewhich metric shouldbe used.
In Figure 2.4(a) a source-bitsbasedmetric and a hybrid metric are compared. The
hybrid metricis usedto reducethe compleity but achieve codeschedulegloseto those
of PSNRmetric. From this graph,we seethat at the early stageof transmissiorthe
source-bits-baseaptimizationresultsin longercodeblocklengththuslongerdelaythan
the PSNR-basedptimization,but the averageperformancef the two metricsarevery
close. This contrastswvith the resultsfor paclet erasurechannelsasshavn in Figure 3,
wherewith a paclet size of 1000,a longercodeavord would causesignificantlylonger
delay In the caseof bit-errorchannelsbecausgracticalmaximumcodeblocklengthis
ontheorderof athousandits, thelongercodeblocklengthsselectedy the source-bits-
basedoptimizationhave little effect onthe overall performancen termsof the average
expectedPSNRat practicalratesfor imagetransmissionThereforefor the compleity
reasonthe source-bits-basesthemas employedin thefollowing experiments.

The performanceesultscomparingTurbo Codes LDPC andRCPCareshovn

in Figure2.4(b).It's clearthat Turbo CodesandLDPC outperformRCPCby about0.5
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Dynamic Programming Based on Source Bits for Lena (BER=0.05)
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~ 1.0dB.

Figure2.5shavstheoptimizedcodeschedulesor differentchannetodes Even
thoughthe details of thesecurves dependon the available code parametersupplied
to the optimizationprogram,we canstill find somestructurein them: the coderate
is essentiallyconstantandthe blocklengthdecreasesonotonically This structureis
similar to thosecomputedor the erasurechannelusingthe paclet-basednetric. If the
PSNR-basedhetricwereused,the resultingcodeschedulevould be very differentfor
initial codevords: shorterbut lower rate codevordswould be selectedasin the case
of erasurechannelsusing PSNR-basednetric. Note that for turbo codesand LDPC
codegheblockerrorprobabilityhasa strongdependencen blocklength but for RCPC
codesthis dependences muchwealer. This partly explainswhy in Figure2.5 (b) the

blocklengthvariesmorefor turbocodesandLDPC codeshanfor RCPCcodes.
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2.6 Conclusion

We have proposeda generalperformancemeasurefor evaluating progressie image
transmissiorsystemsoperatingover noisy channels.Using this performanceneasure,
adynamicprogrammingoptimizationalgorithmwaspresentedor determininghe best
codeschedulavherebothblocklengthandrateareoptimized.Performanceesultswere
presentedor erasurechannelsandfor severalcodesover bit-errorchannelsanddemon-
stratedtheimportanceof optimizingblocklengths We foundthatthe performancenea-
surebasedon availablesourcebits providesthe besttradeof in mary casesWhile the
performancegainsof theimagedependenPSNR-basedptimizationmay not warrant
the additionalcompleity in every application,the methodis usefulfor evaluatingthe

relative performancef simplercodingschemes.

This chapterin part,is areprintof the materialasit appearsn: P.G. Sherwod,
X. Tian,andK. Zeger. Channekodeblocklengthandrateoptimizationfor progressie
imagetransmission.|[EEE WirelessCommunicationgnd NetworkingConfeence pp

978-982Vol.2, Sept.1999. Thedissertatiorauthorwasthe secondauthorof this paper



Chapter 3

Efficient Multiple Description Coding

of Imagesfor Packet LossChannels

3.1 Intr oduction

As multimediacommunicationsare usedfor harshenvironmentssuchaslow power
wirelessdevices, error resilientsourcecodingbecomesnoreimportant. Wirelessde-
vices are especiallychallengingbecausehey operatein difficult ervironments(e.g.,
multiply fadingchannels).The goalis to performwell undernoisy conditionsandde-
gradegracefullyaschannekonditionsworsen.

Typically, multimediaapplicationsoperateat a level in the network protocol
stackthatis conceptuallydisjointfrom thephysicallayer. Thereforethechannebppears
asa paclet erasurechannelto the application(i.e., pacletsarrive errorfree or elseare
lost). This contrastsother scenarioswherethe paclet erasuremodelis handledby
addingcyclic redundang check(CRC) codesat the applicationlayer Thereforewe
focuson a pacleterasurechannelwith possiblyunknown or varyingerasuregates.This

channelis an n-channelgeneralizatiorof the 2-channelmodel typically assumedn

27
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multiple description(MD) coding(e.g. [77]). Dueto the similarity, previous work on
both multiple descriptionsandcodingfor packet erasurechannelss relevant.

Previous work on MD codingincludesmethodswhich allow a wide rangeof
redundang levelsto beintroducedacrossa small setof descriptiongusuallytwo de-
scriptions). The MD scalarquantizelin [77] usesanindex assignmento mapa regular
guantizerindex to a pair of indiceswith a selectableamountof redundantoding be-
tweenthem. Application of MD scalarquantizergo imagecodingwasconsideredn
[68], including discussionof extensionsto more thantwo descriptions. Correlating
transformsareusedto introduceredundanyg betweempairsof valuesin [80, 30]. In [29]
guantizedovercompletdrameexpansionsareusedo produceasmallsetof descriptions
with someredundany.

Datapartitioning is anothertechniqueusedto add error resilieny to a source
coder(e.g. [65, 70, 40, 52]). High performancecompressioralgorithms,suchasthe
SPIHT image coder[66], often requirethe sourcecoderbits to be decodedn a se-
guentialanduninterruptedashionfor correctinterpretation.Carefully partitioningthe
datainto separatestreamsprior to coding canimprove the errorresilience. The idea
is thatthe sourcedecodercanusemoreof the correctlyreceved informationbecause
independenpiecesof the transmissiorcanbe correctlyinterpreteddespitelosing other
portions. Data partitioning often also facilitatesthe applicationof unequalerror pro-
tectionchannelcoding. This methodis an attractive techniquefor situationswherethe
decodercompleity andgracefuldegradationundervarying channelconditionsareim-
portant.Thecostis alossof compressioperformancéecaus¢hedependenciesmong
the partitionelementscannotbefully exploited.

If the numberof pacletsis large, Forward Error Control (FEC) channelcodes
atthe outputof the sourcecoderwork well. Whenthe codes’block lengthsarelong, a

large numberof ratesare possibleandthusthe coderate canbe accuratelymatchedo
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thechannel Also the FEC canbeappliedin anunequafashionbasedntheimportance
of the informationto provide improved efficiency and somegracefuldegradation(e.g.
[54, 61]). Themajorcostsof this methodincludedecodingcomplexity, decodingdelay
(i.e.,lossof progressiity), andsensitvity to channelmismatch.

The bestchoiceamongknown methodsdependsn the numberof paclets (or
descriptions}o be transmitted.Often the network imposesconstraintsy limiting the
maximumpacletsize(i.e.,thepathmaximumtransmissiomnit (MTU)) or by distribut-
ing the informationinto a setof naturally separatedescriptionsasin a multichannel
transmissiorsystem.In this chaptey we assumehe numberof pacletsis fairly small
(i.e.,fewerthan10), andinvestigateaxtensionf the two-channemultiple description

mappingdo createefficientanderrorresilientimagecoders.

3.2 Image Coding Structure

Many high performanceimage coding algorithmsentropy codethe scalarquantized
coeficientsof alineartransform(e.g. wavelet). We considera similar structurewhere
the scalarquantizeris replacedoy anMDSQ, andeachof the M descriptionss coded
by anindependenéntrofy coder Eachdescriptionis codedseparatelysingthe SPIHT
algorithmwith arithmeticcoding(seeFigure 3.1). This method(calledMDSQ-SPIHT
hereinafteryvorkswell for MDSQ’swith highredundany, sinceeachdescriptionmage
is roughlya coarselyquantizedversionof the original image.

As describedn [77], an MDSQ is a cascadef a scalarquantizerfollowed by
anindex assignmentvhich maps1 index to M indices. We consideruniform quan-
tization for the centralquantizerswith a fixed image-widestepsize.If the amountof
redundang is fixedfor all subbandsthenthe stepsize$or sidequantizersaarethe same

for all waveletcoeficients. Theredundang is tunedby selectingthe numberof central
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Output 1 Description 1
MD Entropy coder————=

Scalar ° 5

o o

i [0}
quantlzer ——— | Entropy codef———
Output M Description M

Transform

Figure3.1: Block Diagramof anlmageCoderfor Packet LossChannels.

guantizercellsrelative to the numberof bits in the descriptionindices. An exampleof

two index assignmentss shavn in Figure3.2for thetwo-descriptiorcase.

1 S| 7
3 2| 8]/10(12| 14
9 4| 9|15/ 17|19| 21
8|10| 11 6| 11| 16| 22| 23| 25| 27
12| 13| 15 13| 18| 24| 29| 30| 32| 34
14| 16| 17 20| 26| 31| 36| 37| 39
18| 19| 21 28| 33| 38| 41| 43
20| 22 35/ 40| 42| 44
(a) Index assignmentwith high re- (b) Index assignmentvith lessredun-
dundang dang

Figure3.2: ExampleMD Index AssignmentMappingsfor Two Descriptions.

Eachof thenumberedtellsin themappinggepresenta cell of thecentralquan-
tizer, andeachquantizedcoeficientis mappednto a pair of coordinatesvhich specify
its positionin thegrid. In theseexamplesthe centralquantizerindicesareplacedalong
diagonalsof the grid, andthe redundanyg is controlledby selectingthe numberof di-

agonals.Whenonly oneof the two descriptionss receved, all the centralcells along
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Figure3.3: Exampleof a Three-DimensionaliD Mapping.

thegivenrow or columnarepossible soit is importantto minimizethespreadi.e., the
differencebetweerthe minimumandmaximumindicesin therow or column)for good
errorresilience.

Thesameconceptanbeextendedo morethantwo description$y usinghigher
dimensionamappings Cellsfrom thecentralquantizerareplacedalongdiagonalf an
M-dimensionahypercube Figure 3.3illustratesthe conceptwith a three-dimensional
mappingwhich includesonly the maindiagonalresultingin a (3,1,3)repetitioncodeof
the centralquantizerindices.Adding otherdiagonalsaroundthe maindiagonalreduces
theredundang andallows the channelcodingrateto be adjusted.The algorithmused
to generatehe multi-dimensionaimappingsaddselementssuccessiely alongeachof
thediagonalseginningatthe uppercornerandproceedingo thelower corner At each
step,the diagonalsare sortedaccordingto the minimum value along eachdimension
andthecentralguantizersellsareassignedn thatorderto reducethe spread.

The redundanyg of the mappingis directly relatedto the the numberof hyper
cubecells not assigneda centralquantizerindex. With @ centralquantizercells, S

indicesfor eachdescriptionand M descriptionsthe channelcoderateof the mapping
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- log, (Q)
7 Mlog,(S)

(3.1)
Thusit is difficult to createmapswhich provide high channelcoderateswith
few centralquantizercellsandmary descriptionsThesesituationsoccurin the context
of image coding when coding the coeficientsin the higher frequeng subbands.In
suchsituations,data partitioning can be applied so that information abouta specific
high frequeng coeficientis only sentin a subsebf the paclets. A similartype of data
partitioningwasusedin the context of imagecodingfor pacleterasuresn [40, 52].

The choiceof mappingalsohasanimpacton the individual entrogy codersfor
eachdescription.Low redundang mappingsesultin high-entroy descriptionsreduc-
ing the effectivenessof the entrogy coders. Also, the individual descriptionamay not
be matchedvery well in termsof rateanderrorresilience.lt is importantto matchthe
descriptionssothe lossof any descriptionis approximatelyequialent,thusimproving
errorresilience.

Eventhoughthe MD mappingis designedo have approximatelyequalspread
amongall descriptionsjt may not resultin well-matcheddescriptionratessincethey
will not be equally compressible.One methodof balancingthe descriptionss to use
differentpermutationsf the index M-tuple throughoutthe image. Thereforethe MD
mappingusedfor a particularcoeficient is a compositionof a multi-dimensionalMD
mappinganda coeficient-dependemermutation(e.g.,the permutatiormaydepencbn
thelocationor signof the coeficient). For two descriptionsthe sign of the coeficient
canbe usedto selectthe permutation.For example,if the centralquantizerindex 1 is
mappedinto indices(1, 0) for side quantizersthenthe centralquantizerindex —1 is
mappednto (0, —1).

We proposetwo permutationschemedor an arbitrary numberof descriptions
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in orderto balancethe bit-ratesamongdescriptions.Thefirst one,a local permutation
schemeapplicableto ary codersrotatesthe M -tuple componenbrderfor a coeficient
positionedat (z, y) accordingto the valueof (z + y) mod M. The secondschemeis
suitablefor zero-treetype wavelet coders. It usesthe first schemeonly on the root
coeficients (lowest subband),and all the descendantsf a root coeficient will have
the sameindex orderastheir ancestar Both schemeganequalizethe bit-ratesamong
descriptions but experimentsshav that the secondschemeis slightly betterthanthe

first schemavhenthe SPIHT coderis used.

3.3 Experiment Results

The 9/7 Daubechiesvavelet and a 5-level wavelet decompositionwas usedfor the
512x512L enaimage,anda 4-level decompositiorwasusedfor the 256x256L enaim-
age.Thetotalbit ratein theexperimentgangesdrom 1.0bppto 1.25bpp. An MDSQ s
usedto generatehe M descriptionsandthey aresuppliedto the SPIHT entrofy coder
The stepsizeor the centralquantizers determinedy a bisectionsearchalgorithmto
meetthetotal bit budget.

First we comparedifferentindex permutationschemesvhen SPIHT is usedas
the entrofy coderfor eachdescription. For the 512x512Lenaimagecodedat a total
rateof 1 bppin 2 descriptionsthe zero-treebasedpermutationrschemeds about0.2 dB
betterthanthe local permutationrschemen termsof reconstructiorPSNRfor boththe
centralquantizerandthe sidequantizersandis about0.3 dB betterthanthe sign-based
permutatiorscheme Thereforethe zero-treebasedpermutationschemas usedfor the
remainingresultsin this section.

Figure 3.4 compareghe proposednethodandthat of Miguel et al. [52] and

Senettoetal. [68] for the caseof 2 descriptionsTheresultsarecomparableéo thoseof
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512x512 Lena, 2 descriptions, 1.0 bpp total bit rate
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Figure3.4: PSNRResultsfor MDSQ-SPIHT the MD-SPIHT of Miguel etal. [52] and
the MDSQ of Senettoetal. [68].

[52] in thehighredundang region (i.e.,low centralPSNRregion) but areslightly worse
in thelow redundang region wherethe datapartitioningusedin [52] is ableto achieve
very low redundang. The improvementover [68] can be attributedto the improved
entropy coderprovidedby the SPIHT algorithmaswell asthe betterindex permutation
schemebasedn zero-treeover thatbasedn signs.

Figure 3.5 shavs someexamplesof decodedmagesfor a 4-descriptioncoder
basedon MDSQ-SPIHTwith 3 diagonalsat a total of 1.22 bpp with variousnumbers
of receved descriptions. Figure 3.6 showns the averagePSNR performanceresultsof
the same4-descriptioncoderfor a numberof differentredundang levels. As more
diagonalsare addedto the mapping(reducingthe redundang), the performancewith
no descriptionlossimprovesbut the performanceavith heary descriptionossdegrades.
Comparedo the methodof Mohr et al. basedon unequallossprotection(ULP) [53],

theproposednethodwith 5 diagonaloutperformdJLP by 1.6 ~ 3.0 dB dependinghe
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numberof descriptiongeceved.

In Figure3.7,the numberof descriptiongs 8, andwe compareMDSQ-SPIHT
with the schemeof Miguel etal. [52], andwith the ULP schemeof Mohr et al. [54].
Using5 diagonalspur coderperformscloseto their schemesvhenthereis no descrip-
tion loss,but is about3 to 5 dB worsethanthat of [54] whenthereis alossof 1 to 2
descriptionspntheotherhand MDSQ-SPIHTperformsbetterthan[54] whenatleast4
descriptionsrelost,andthegainis ashighas10 dB whenonly 1 descriptions receved.

In orderto improve the performanceat low lossrates,we apply the dataparti-
tioning techniqueto our coder In this casewhile thelower frequeny bandsarecoded
with 8 descriptionshigh frequeng bandsareonly codedwith 4 descriptionswhich are
alternatednto oneof thetwo groups— eachhaving 4 descriptions-in a predetermined
order Thisreduceghetotalbit rategiventhe stepsizethusachiezing finer quantization
giventhetotal bit budget.In Figure3.7,the PSNRfor the casesvith no descriptiorloss
or just 1 descriptionossimprovesby aboutl dB, but the PSNRwith only 1 description

receveddropsby about4 dB.

3.4 Conclusion

In this chaptera novel scheméor robustimagecodingover wirelesspaclet networks
is proposedWe investigatehe useof acombinationof techniquesncludingMD scalar
guantization,efficient entropy coding of MDSQ output, and datapartitioning to im-
prove the errorresilieny of imageswhentransmittedover paclet erasurechannels. A
multi-dimensionakxtensionof the two-channemultiple descriptionscalarquantizers
proposed.A novel waveletimagecoderbasedon a SPIHT losslessncodingandin-
dex alternationschemes proposedor MDSQ, and shows betterperformancghana

wavelet basedimagecoderpreviously designedor two-descriptionscalarquantizers.
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Performanceesultsobtainedfor 4 descriptionsshaws that for a small numberof de-
scriptions the proposednethodoutperformghe state-of-the-artULP method[54] by a
significantmaugin. It is alsodemonstratethatwith thenumberof diagonalsn theindex
mappingasa parameterthetradeof betweerthe performancef highlossrateandthat
of low lossratecanbe achiered. The codershavs gracefuldegradationasdescriptions

arelost, andis very robustunderhigh lossrate.

This chapterin part,is areprintof the materialasit appearsn: P.G. Sherwod,
X. Tian,andK. Zeger. Efficientimageandchannekodingfor wirelesspaclet networks.
International Confeenceon Image Processingpp 132-135,Vol. 2, Sept. 2000. The
dissertatiorauthorwas one of the primary investigatorsandthe secondauthorof this

paper
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(a) 1 descriptionreceved (b) 2 descriptiongeceved

(c) 3 descriptiongeceved (d) 4 descriptiongeceved

Figure3.5: Decodedmagedor 256x256LenaandMDSQ-SPIHT



38

256x256 Lena, 4 descriptions, 1.22 bpp total bit rate
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Figure3.6: PSNRResultsfor MDSQ-SPIHT the UnequallLoss Protectionschemeof
Mohr et al. [53] andthe LappedOrthogonalTransformBasedSchemeof Chungand

Wang[13].
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Figure3.7: PSNRsfor MDSQ-SPIHT MD-SPIHT (Miguel et al. [52]) andUnequal
LossProtection(Mohr etal. [54]).



Chapter 4

Asymptotic Analysis of Multiple
Description CodesOver Noisy

Channels

4.1 Intr oduction

Multiple DescriptionCoding(MDC) is a source-channedodingtechniqueusedto gen-
eratemultiple descriptiongmostlytwo descriptionspf a source.Both descriptionsare
transmittedover independenthannelgo therecever. The goalof MDC is to achiese
someacceptableuality if only onedescriptionis receved,andanimprovedquality if
bothdescriptionsarereceved.

Extensvework on MDC hasbeendoneonfinding theachievablerate-distortion
boundsfor MDC, andon developing practicalcodersto approachthosebounds. For
example,Ozarav constructedhe rate-distortionregion for the caseof a memoryless
Gaussiarsourceanda squared-errodistortioncriterion[58]. Vaishampayadeveloped

the Multiple DescriptionScalarQuantizefMDSQ) [75], usinganindex assignmento

39
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mapa regular quantizerindex to a pair of indiceswith selectablemountof redundant
codingbetweernthem. Its asymptotigperformancevaslater studiedin [76].

Sofar mostwork on MDC assumesdeal multiple description(MD) channels,
i.e, descriptionsarrive errorfree or elsearecompletelylost. Examplesof suchchannels
arefoundin lossypaclet networkssuchasinternetwherecongestioranddelaysleadto
paclet loss,andsignificantperformancemprovementcanbe achieved by usingMDC
[2]. However, in wirelesscommunicatiorsystemsgdueto channelfading,interference
andnoise bitswithin eachdescriptioraresubjectto errors,soadditionalchannekoding
beyond MDC is necessaryo maintaina low error probability In [72], MDC wascon-
sideredover noisychannelsAn MDSQ encodewasusedto generatéwo descriptions,
eachof which wasthencodedusingarate1/2 corvolutionalcodefor an AWGN chan-
nel. With aniterative decodingalgorithmto decodemultiple descriptionsit wasshown
thatthereis an optimal MD redundang for a given channelcondition. In [64], MDC
was appliedto noisy channelgncluding Binary SymmetricChannelgBSCs). It was
assumedhatthe MDC boundsfor Gaussiarsourcesareachiezed by the sourcecoder
and that some Rate-Compatibld®uncturedCorvolutional (RCPC) codesand Cyclic-
Redundang-Check(CRC) codesare usedfor channelcoding. It was shavn through
numericaloptimizationthat comparedwith a two-layersourcecoderwith unequaler
ror protectionthe MD codingschemas moreeffective only at very high channelerror
probabilities.In [15], anMDC systemwith MDSQ followed by error correctingblock
codesvasconsideredandtheperformancef theMD systemandthatof its correspond-
ing single description(SD) systemwere comparedover BSCs. It wasshavn through
numericaloptimizationthatin mostchannelconditionsan optimizedSD systemper
formsbetterthananoptimizedMD system.

In thispaperwe considerproblemsimilarto thatof [15], but throughananalyt-

ical approachln particular we analyzethe asymptotigperformancef acascadenodel
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of aMD coderandchannelcodersover BSCs. Underthis model,diversityis achieved
throughthe useof two independenthannelgo transmitsourceinformation. Thesetwo
channelanbein the form of frequeng, time or codedivision multi-accessError de-
tectioncodessuchasCRCsareusedto allow descriptiongo bediscardedf they contain
ary residualerrorsafterchanneldecoding.Givena perchannekransmissiomrate R, in
orderto minimizetheaveragedistortion,thereis atradeof amongsourcecodingresolu-
tion, MD redundang andchannelcodingredundang. We follow the approactusedin
[38], whereboth exponentialformula given by high-resolutionquantizatiortheoryand
exponentialbboundgo channekodingerrorprobabilitywereusedto derive tight bounds
on the tradeof betweensourceandchannelcoding. Assuminglarge R, we derive the
MD redundang parameteandthe channelcoderatethat minimize a distortionupper
bound.Thenwe comparehe performancef the MD systemandits correspondingD

systemfor bothtime-invariantandtime-varyingchannels.

4.2 MD Rate-Distortion Bound

BeforeapplyingMDC to noisychannelsyefirst considemnMD quantizerfor a noise-
lesschanne[58] [76]. Assumethattwo descriptionsaregeneratedor thesource When
both descriptionsarereceved, the quantizers calledcental quantizer andthe distor
tion is calledcentral distortion(denotedi,); whenonly onedescriptionis receved,the
guantizeris calledsidequantizer andthedistortionis calledsidedistortion(denotedi;
andd, for thetwo descriptionsrespectiely). In [58], it wasshavn thatfor amemory-

lessunit-varianceGaussiarsource given a rate per sourcecomponentR?; and R,, the
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setof squaredlistortion(dy, d1, d>) canbeachievedif andonly if

dl 272R1

AV

dsy 9~ 2R:

v

9—2(Ri+R») 1

1— (VII - VA)?

do

v

wherell = (1 — d;)(1 — dy) andA = dydy — 272t R2),
For simplicity, we considerthe balancedcaseandlargerates,i.e., R, = Ry, =
R > 1andd; = d,. Furthermoreassumehatd, = v2-2% wherev 2 p22fe (< ¢ < 1

andb > 0. It will becomeclearthata is a parameteto balancehetradeof betweerthe

sidedistortionandcentraldistortion.

In [76], the asymptoticrate-distortionboundsfor ¢ = 0 and0 < a < 1 were

obtained By includingthe caseof a = 1, onecanshaw that

dod; = 2—2(2R)+O(1)+o(}~2).

Similar resultswere also derived in [76] for MDSQ. The performanceof the

optimumlevel-constrainedMDSQ is givenby

2 S
dody = 3i2—2(2R)+0(R)
16

andof theoptimumentropy-constrainedMDSQ by

7T2€2 . -
_ 9—2(2R)+o(R)
doch 144

ForagoodMD coderwith blocklengthk, its performanceannotbeworsethan

thatof MDSQ, which hasblocklength1, but cannot be betterthanthe rate-distortion
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bound,which canbe achiezed with large blocklength. Thereforewe concludethat for

memorylessGaussiarsourceX € RF,

dod; = 2—2(2R)+0(1)+0(R)

where

dy = 2—2R(1—a)+0(1)+o(}”z) (4.1)

dy = 9—2R(1+a)+0(1)+o(R) (4.2)

4.3 SystemModel

We considera memorylessGaussiarsourceX € RF. An MD quantizeris usedto
encodehesourceandgeneratéwo bitstreamgeachatm bits/sourcevector). Theneach
of thetwo bitstreamss suppliedto achannelencodel(with CRCfor errordetection)of
blocklengthn bits, andthenpassedo a BSC. The two BSCsareassumedo have the
samecrossaeer probability e, unlessspecifiedotherwise.

From the block diagramshawn in Figure 4.1, one can seethat this model is
similartothatof [64] and[15]. By usingerrordetectionthechannelhereareequvalent
to paclet erasurechannelswherethe paclet erasuresre not pureerasureut instead
arecausedy theinability of FECto correctbit errorsin a block. It is assumedn this
modelthatthe channelerrorsin thesetwo channelsaareindependent.

For eachchannelatalargechannetransmissiomatepersourcecomponenfz =
n/k, theeffectof errordetectioncodeson the channekoderater = m/n is negligible.
We addresghe question:For a given R, whatMD sourceredundang parameter and
channelcoderater minimize an upperboundof the averagemean-squaredistortion

from sendetto recever?
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X1 m bits | Channel Encodef blocklength n bit:

- Index Assignmerjt i BSC
(m bits)| (with CRC)
MD
X —=| Quantizel
Encoder| . .
X2 X m bits | Channel Encodef blocklength n bit:
- Index Assignmerjt i BSC
(m bits)| (with CRC)
y1 =| Side |
Decoder 1| m bits
m bits ChanneDecoder n bits

1 Inverse Index Assignmefrt

with Error Detection

MD
YO =—  Joint
Decoder |

m bits Channel Decoder n bits

— Inverse Index Assignmefrt

with Error Detection

Side
Decoder 2

v2 =] [ | mbits

Figure4.1: CascadedD QuantizerandChannelCoderSystem

For MD quantizenr, we considerthebalancedcaseasdescribedn Sectiord.2,
with thesourcecodingratepersourcecomponenf? = Rr. We alsoassuméhatfor each
channelcoder the quantizercodesectorsys, - - -,y aremappedio M = 2m = 2kEr
n—bit channelcodevordsthroughanindex assignmentr.

Now we arereadyto analyzetheabove cascadedystemfollowing theapproach
usedn [38]. Asin [38], we consideronly r belov thechannekapacityC = 1+¢loge+

(1 —€)log(1 — €). Assuminge < £, wehave C > 0.

4.4 Analysisof Tradeoff BetweenMD Coding and Chan-
nel Coding

In this section,we derive the MD redundang parameter. andchannelcoderater that
minimize adistortionupperbound.

Let P, bethe probabilityof incorrectdecodingof eitherchanneldecodeffor the
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index assignmentr. ThentheaveragedistortionDx(Q, €, 7) satisfies

Dr(Q,e,m) = (1— P,)%dy+2P,(1— P,)d, + P?0(1)

< dy+ 2P,d; + P2O(1). (4.3)

These3 termscorrespondo the casesvherethereis no channeldecodeserror, only one
channeldecodeiis in error, andbothchanneldecodersrein error, respectiely.
Shannors channekodingtheoremguaranteethat, for channekoderatesr be-

low capacity channekodesexist for which
P, < 27 FBREe(r)+o(R) a5R 5 o (4.4)
whereFE,,(r) is the“expurgatederrorexponent”for the BSC,givenby

Eep(r) = psgol 9(p1,7) (4.5)
with
g(p1,7) £ pi[l —r —log(1 + (51/p1)] (4.6)

andd = 24/¢(1 — ¢) [25] [38]. Herethelogarithmis basetwo, which is alsotrue for

therestof the paper
Substituting(4.1),(4.2) and(4.4) into (4.3)yields

DR(Q; €, 7T) < 2—2R’r(1+a)+0(1)+o(R) +2. 2—2R1‘(1—a)+0(1)+o(R) i Z—kREez(r)—{—o(R)

+0(1) - 27 2kRBee () +o(R) 4.7

Let D.,(a,r) denotethe right-handside of (4.7), which is a distortion upper
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boundto be minimized. Thenwe have thefollowing lemma.
Lemma4.1 AsR — oo, thepair (a, r) thatminimizesD,, (a, ) obeysthefollowing:

argsup

(a.1) = aellare (1+a)r (4.8)
subjectto Eeo(r) = %ar_ (4.9)
Proof:: SeeAppendixA.
Define
_ kE(r)
Beo(r) = — == (4.10)

Thenfor (a, r) thatsatisfieq4.9), we have thatgivenr, a canbedeterminedy

a = Byl(r). (4.11)

Corversely givena, r canbedeterminedy

r = B_!(a) (4.12)

er

whereB_ ! (-) is theinversefunctionof B, (-).
Define

fez(a) = (1 +a) - B! (a). (4.13)

Thenit canbe shavn thatasR — oo, ™" D, (a,r) = 27 2R /fe(0)+0) Thegoalis to
finda € [3,1] sothat f,(a) is maximized.

Considering4.5),we define

argsup

p(r) = "pi>1 glp1, 7). (4.14)
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For agivenr, p(r) is eithergreaterthanor equalto 1. We examinethesetwo cases
separately
° p(r)>1

In this case p(r) mustbea stationarypointfor g(p, ). Letting %’;’” = 0 yields

617 1og(1/6)

=1—log(1+ 6"°7) — .
r(p) og(1+477) o+ 01/7)

(4.15)

Substituting(4.15)into (4.5), we have

§i/p

Ee (r(p)) = [

log(1/9). (4.16)

Lemma 4.2 For (a,r) thatsatisfieg4.9)andp(r) > 1,

1. a isanincreasingfunctionof p.

2. Thestationarypoint p, for f..(-) is givenby

Ty (4.17)

Pex = 2

3. Thestationarypointa}, for f.,(-) satisfies

feo(@) <0, if a < aj,;

fi(a) >0, ifa>al,. (4.18)

Proof:: SeeAppendixB.

Combining (4.17) with (4.11), (4.10), (4.16) and (4.15), we can determinethe
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correspondingtationarypointa?, for f..(-) asfollows:

o = 0**log(1/0) (4.19)
= T4 S Tog(1 + ) — T Iog(1/e) O

e p(r)=1

In this case(4.5) becomes

Ee(r) =1—71 —log(1+ ). (4.20)

Substituting(4.9) into (4.20)yields

1 —1og(1+94)

1+4a/k (4.21)

Replacing(4.12)and(4.21)into (4.13),andcalculatingthe derivative of f.,(a),

we have
1 —1log(1+94) 4
= Wt dai L F (4-22)

Having examinedthetwo casedor p(r), now we arereadyto derive the param-

etera thatminimizesD,,.

Theorem4.3 AsR — oo, the parametera that minimizeshe distortion upperbound
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D, is
ifk <4, a;, >1

Wl

ifk <4, ar <1

—_

aez:<

, ifk<d4, t<al, <1 and fo () > fe(l) (4.23)

W=

1, ifk<4, 3<al,<1and f;(3) < fe(1)

1, if k> 4.

\

Proof:: SeeAppendixC.

Intuitively, whenthe sourcedimensionk is large, rate being spenton channel
coding would be more efficient than being spenton MD redundanyg, becauseagiven
the total transmissiorrate, large block length would make the block decodingerror

probability P, sosmallthatlarge sidedistortiond; becomedesssignificant.

4.5 PerformanceComparisonBetweenMD and SDBased
Schemes

In this section,we comparethe performanceof the MD-basedschemeand SD-based
schemeaverBSCs.As shovnin Figure4.2,achannekrrorcorrectingcodewith anerror
detectingcodeis usedin the SD schemeasin theMD schemeFor fair comparisonye
assumehattherateconstraintfor the SD schemas the sameasthe total rateconstraint
for the MD scheme. Furthermore we assumethat the SD coderand the MD coder
have the samesourcedimensionk, unlessnotedotherwise.In otherwords,the SD rate
constraintis 2R bits/sourcesample,andthe channelcodeblocklengthnspy = 2kR =

QnMD-

Consideradistortionupperboundbasedn the “expurgatederrorexponent”for
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Figure4.2: Cascade@&D QuantizerandChannelCoderSystem

theSD schemg38]. As R — oo,

Dsp(rsp) < 9—4Rrsp+0(1) | 9—2kR-Ees(rsp)+o(R) (4.24)

45.1 Time-Invariant Channels

AssumethateachBSCin the MD and SD schemas time-invariant,andhasthe same
crosswerprobabilitye. Also assumehatthisinformationis knownto theencoderThen
we canminimizethedistortionupperboundsof bothschemedgor thegivene.

For the SD schemejn orderto minimize the distortionupperboundof (4.24),

rsp is determinedy solving E.,(rsp) = %TSD, yielding

Dgp < 272BSsp+0) g5k — o (4.25)

with the optimizeddistortionexponent

fsp = 2rsp. (4.26)

For the MD schemeasshawn in Section4.4, for large R, the distortionupper

boundD,, canbewritten as

Dy = 2728 up+0(1) (4.27)
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wherefyp = (1 4 aez) - "1mp, With 73, p satisfying(4.9). Sincefrom Theoren#.3,the

valueof a., thatminimizesD,, is either1 or 1, we examinethesetwo caseseparately

® ey =1

In thiscasefrom (4.9)wehave E.,(ryp) = %TMD. SinceF,,(r) is non-n@ative
andadecreasindunctionof r (asillustratedin Figure4.7in AppendixA), it can

beshavn thatTSD > TyMD, Y|E|d|ng fSD > fMD-

1
.aez—§

In thiscasefrom (4.9)wehave E,(ryp) = %TMD. Similarly asin theprevious
case,it canbe showvn that E.,(rsp) > FEe.(rymp), Yielding 2rsp > (4/3)rup,

thusfsp > fup.

TheseesultsndicatethatunderourassumptiongheoptimizedSD schemeanay
outperformthe optimizedMD scheman termsof the averagedistortion. Oneassump-
tion usedis that when comparingthe SD schemewith the MD scheme the channel
blocklengthfor SD is twice thatfor MD, so that the sourceblocklength(thus source
delay) is the samefor SD and MD coders. Since channelcodeswith longer block-
lengthtendto have smallerdecodingerror probability, this assumptiorenableghe SD
schemeto perform betterthanthe MD scheme.However, if the channelblocklength
mustbe keptthe samedueto constrainton compleity, thenaswill beillustratedin the
next sectiongiventhe sametotal rate,the MD schemamay performbetterthanthe SD

schemewhenk is smallande is large.

4.5.2 Time-Varying Channels

Previously we assumedhatthe channelsn the MD andSD schemesretime-invariant.

Now we considerthe caseof time-varying channels. Assumethat thereexist a good
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state(with the crosswer probability /) anda badstate(with the crosseer probability
e’, ande? < €®) for eachchannelput theencodehasno knowledgeof theinstantaneous
channelstateinformation exceptthat of its statistics. As a result, balancedratesfor
both descriptionf R = R; = Ry, andr = r; = ry) shouldstill be usedfor the MD
scheme.Sincein practicethe probability of a channebeingin the badstateis usually
muchsmallerthanthatin the goodstate the situationthatbothchannelsarein the bad
statecanbeomitted. Thereforewe considera situationwhenonechannels in thegood
stateand anotheris in the bad state,and minimize the distortionupperboundfor the

MD scheme.
Similarly asin (4.7),we canobtainthe distortionupperboundas

ng\zD (a7 T) S 272R7’(1+a)+0(1)+0(R) + 272Rr(17a)+0(1)+0(R) i 27kREzm (r)+o(R)

+0(1) - 9—kREZ, (r)~kRE(,(r)+o(R)

whereE® (r) and E4,(r) are E,,(r) definedin (4.5) with ¢ = ¢® ande = €7, respec-
tively.

Define
F%(a,r) = min{r(1+a), [2r(1 — a) + kE®_(r)]/2, [EE9,(r) + KE® (r)]/2}. (4.28)
Thenit canbeshowvn thatasR — oo,
D (a,r) < 9—2R-F&(a,r)+0(1)

Define B, (r) = %T(’") andits inversefunctionr®(a) = (B%,) "' (a).

Assumethatthe 3 agumentsof the min(-) functionin (4.28)areequalto each
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otherata = af5,, which canbe determinedy solving
2rt(af}
1, afhy)) = ) (ot (4.29)

Define f{;p = anF2L(a,r), andf(a,r) = r(1+a), thenwe have thefollowing

lemma:

Lemma 4.4 Thedistortionexponentf?’,, canbedeterminedy

b sup
1?/[D = ae[afg3,1] f(a,rb(a))

= max{f(algg,, (a'{{g:z)) f(l,rb(l))}.

Thislemmacanbe provedusinga similar approactto thatof Section4.4.

Now we considerthe SD scheme,and assumethat the channelis also time-
varyingandsubjectto the goodstateandthe badstate.Sincethe SD schemeoptimized
for the good statewould performpoorly whenthe channelis in the bad state,we op-
timize the SD schemeéfor the bad stateinstead,whoseperformancedn the good state
cannotbe worse. In otherwords, we minimize the SD distortionupperboundfor the
channelin the bad state,and determinef’,, similarly asin (4.26)with ¢ = ¢°. If the
resultantf?, is greaterthanfMD, thenthe SD schemeperformsbetterin bothgoodand
bad statesthanthe MD scheme.Otherwise,the MD schememay outperformthe SD

scheme.

4.6 Results

In this sectionwe evaluatetheanalyticresultsin Sectiord.4andSectiord.5with plots.

In Figure 4.3, function f.,(a) is obtainedthroughnumericalevaluations. For
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eacha consideredye evaluater., asdeterminedby (4.9) !, andevaluate f.,(a) ac-
cordingto fe;(a) = (1 +a) - 7ez. Thenfe,(a) is plottedfor threecasesk =1, ¢ = 0.1;
k =10,e = 0.1; k = 2, ¢ = 107°. Remembethatthelarger f..(a), the smallerthe
distortionupperbound D.,. One canseethatin the first case,a.,, i.e. the value of
parameter thatminimizesD,,, is clearly1/3, andin thesecondtasethea,, is clearly
1, while in thethird cases = 1 is slightly betterthana = 1/3.

In Figure4.4,the parameter,, thatminimizesthe distortionupperboundD,,
asdeterminedy Theorend.3is plottedasafunctionof £ ande. Numericalevaluations
of thebesta (like thosein Figure4.3) thatminimizesD,, would give the exactly same

results.

091 4

0.8 B
k=1, €=0.1
— — — k=10,&=0.1
0.71 b
k=2, e=le-5

0.6 7

05 q

Distortion Upper Bound Exponent f

0.4r- 7777777777"7777777”"7 7

01 1 1 1 1
0.4 0.5 0.6 0.7 0.8 0.9 1

MD redundancy parameter a

Figure4.3: TheDistortion Exponentf,, asa Functionof MD Redundang Parameter

In Figure4.5, the distortionexponentsf,,;, and fsp correspondingo the min-

imizeddistortionupperboundsfor the MD andSD schemesrecomparedor ¢ = 0.1

1The stepsto numericallyevaluater., are: (i) Givene andk, obtainfunctionr(p) from (4.15); (ii)
Numericallysolvefor p thatsatisfieg4.9) whereE., (r) is givenby (4.6); (iii) If theresultantp is greater
thanor equalto 1, determiner.,, from (4.15),otherwisesubstitutep = 1 into (4.6) andsolve (4.6)for r.



55

09

\

o
3
T

MD redundancy parameter a

1
/ —— e=10~(-1) H
£=10%(-3)
> £=10%%(-4)
7~ £=10%(-5)
T

o =]
w” o

0.4F
10

B A
Il Il Il Il
3 4 5 6 9
Source dimension k

0.3 !
1 2

Figure4.4: MD Redundang Parametels that Minimizes the Distortion UpperBound

Dez
usingnumericalevaluations. In Figure4.5 (a), it is assumedhat the samesourcedi-

mensionis usedfor the MD coderand SD coder making the channelblocklengthin
the SD schemaloublethatin the MD scheme.The numericalresultsdemonstratehat
underthis model, the optimizedMD schemeperformsworsethanthe optimizedSD

scheman termsof thedistortionupperbound,asexpectedrom theanalyticalresultsin

Sectior4.5.
However, asdiscussedn Section4.5, if we allow the sourcedimensionof the
MD coderto be twice that of the SD coderso that the channelblocklengthis kept
the samefor both schemesthen as shown in Figure 4.5(b), the optimizeddistortion

exponentfor the MD schemas smallerthanthatfor the SD schemeat very low source

dimensionswhile they areidenticalat highersourcedimensions.
In Figure4.6,thedistortionupperboundsof the MD andSD schemesrecom-

paredfor time-varying channelghat are subjectto the goodstatewith ¢ = ¢/ andthe

badstatewith ¢ = ¢*. Thesamesourcedimensionk is usedfor bothschemesThe MD

distortionexponentf;{/’[’D is determineasednLemma4.4. In Figure4.6(a), whenthe
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Figure4.5: Comparisorof DistortionExponentf,,;p and fsp for Time-InvariantChan-
nelsate = 0.1

SD distortionexponentis optimizedfor ¢ = 0.1, it leadsto smallerdistortionexponent
thanthatof theMD schemeoptimizedfor ¢ = 0.1 ande? = 0.01, meaninghatthe MD
schememay have betterperformancen this case.This canalsobe shavn by selecting
the SD channelcoderatergp satisfyingmin(2rsp, kES, (rsp)) = f27,, sothatthe SD
schemen the good statehasthe samedistortion exponentwith the MD schemeand
thenevaluatingthe distortionexponentof the SD scheman the badstateaccordingto
min(2rsp, kE?,(rsp)). Fromtheresultantcurve in Figure4.6 (a), whereit is labelled
as“SD Scheme”, onecanseethatin this casethedistortionexponentf in thebadstate
for the SD schemas muchsmallerthanthatof theMD schemesuggestinghatthe MD
schememnayoutperformthe SD scheme.

In Figure4.6(b), we consider® = 0.01 ande? = 0.001. WhentheSDdistortion
exponent f is optimizedfor ¢, it yields larger distortion exponentthan that for the
optimizedMD schemesuggestinghatin this casethe SD schemanay outperformthe

MD scheme.
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In generalwhene’ is largeande? < €°, theMD schememayhave betterdistor

tion performanceahanthe SD schemen thetime-varyingchannel.

0.2) 7

T T T
—MD
SD Optimized for £
12F

0.1

@eb =0.1,¢9 = 0.01 (b) €? = 0.01, €9 = 0.001

Figure4.6: Comparisorof Distortion Exponentf}(}’D and fsp for Time-Varying Chan-

nels

4.7

Conclusion

In this paperwe have investigatedhe asymptoticperformanceof cascadedD source

codesandblock channelkcodesfor BSCs.In this modelthereexistsa tradeof between

sourcecoding resolution,MD redundang and channelcodingrate. Analytic results

show thatwhenthe channelsaretime-invariant,allocatingredundang to channelcod-

ing in the SD schememay be moreeffective thanallocatingredundang to MD coding;

ontheotherhand,whenthe channelsaretime-varyingandthe channektateis unknavn

to the encoderandthe channelbit error probability is large, the MD schemamnay out-

performthe SD scheme.

Eventhoughwe have focusedon thedistortionupperboundfor the MD scheme
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in this paper an analysison a distortion lower boundbasedon the “sphere-packing
exponent”’of the BSC[38] canalsobe conductedor the MD schemeandsimilar con-

clusionsasaborve canbedrawvn.

Appendix A: Proof of Lemma4.1

Define
Fer(a,r) =min (r(1+ a),[2r(1 — a) + kEe.(1)]/2, kEey (7)) - (4.30)

Denotethe above 3 agumentsof the min(-) functionin (4.30)by ¢, (a, ), t2(a,r) and
t3(r), respectiely. If onetermis the smallesttermamongthese3 terms,thenasR —

oo, thedistortiondueto this termdominatesD,,.(a, r), with

Dey(a,r) = 2728 Fec(ar)+0()

Assumethatonetermin (4.30)is smallerthanthe othertwo terms,thenit can
be shawvn that by adjustinga or r, D, (a,r) canbe decreasedintil this term equals
to anotherterm. For example,if ¢;(a,r) is smallerthanthe othertwo terms,thenby
fixing a andincreasing-, apointcanbereacheduchthatt, (a, ) = t3(r) (orti(a,r) =
to(a,r)), because, (a,r) = r(1+4a) increasessr increasesis(r) = kE,,(r) decreases
asr increasesandt;(C) = 0. If ty(a,r) is smallerthanthe othertwo terms,then
by fixing » anddecreasing:, a point canbe reachedsuchthatt,(a,r) = t1(a,r) (or
ta(a,r) = t3(r)), becausey(a, ) = [2r(1 — a) + kE.,(r)]/2 increasessa decreases,
andty(0,7) > t1(0, 7).

Therefore,in orderto minimize D, for large R, we only needto considerthe

following 4 casesyhereat leasttwo termsin (4.30)areequalto eachother
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e Casel: Assumethatt (a,r) = ta(a, ) = t3(r). Then

1
a = -,
3
4/3
E..(r) = %r,
De:c(aa ’f’) — 2—2Rr-4/3—|—0(1) — 2—2kREegc(7')—|—O(1), asR — oo.

e Case2: Assumeti(a,r) = ta(a,r) < t3(r). Then

S 1
a J—
3’
4
E..(r) = ?ar,
Deg(a,r) = 2728r(1+a+00) "asR — .

Intuitively, in this casesufficient channelcodingis usedso that the probability

thatbothchanneldail atthe sametimeis small.

Eex(")

ST Y

Figure4.7: FunctionE,, (r) for Case3
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e Case3: Assumethatt(a,r) = t3(r) < ta(a,r). Then

< 1
a J—
3,
1
Ee(r) = _l:ar,
Deg(a,r) = 2 #EE=(+00) asR — 0.

Leta; = 3, a3 < a1, andletr; anda; satisfy(4.31)for i = 1,3. As illustrated
in Figure4.7, since E.,(r) is a decreasindunction of r, we have thatr; >
andE..(r3) < E..(r1), meaningthat D, in this caseis alwayslarger thanthat
in Casel. Intuitively, this is becausen this casetoo muchrateis allocatedto
MD redundang to achieve smallsidedistortion,but too little rateis allocatedto

sourcecoding(for the centralquantizerlandchannelkoding.

e Cased: Assumethatty(a,r) = t3(r) < ti(a,r). Then

S 1
a, —
3,
2(1 -
Eer(r) = ( - a)r,
Deg(a,r) = 272Br21-0+0() asR 4 0.

By anargumentsimilarto thatin Case3, it canbeshown thatthis casealwayshas
alarger D, thanCasel. Intuitively, thisis becausen this casetoo muchrateis
allocatedto sourcecodingresolution(for the centralquantizer) put too little rate

is allocatedto MD redundang andchannekoding.

Summarizingall casesfor large R, the pair (a, ) thatminimizesD,,(a, r) sat-

isfies(4.8)and(4.9).
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Appendix B: Proof of Lemma 4.2
From(4.16),calculatingthe derivative of E,, yields

dEe; 647 (logd)?

dp (1+4d°r)2p2loge’

From(4.15),we have

dr 517 (log 6)?
= ) 4.31
dp (1+48r)2p3loge <0 (4.31)
Therefore
dE.;/dp
E! = =— 4.32
L) = =350, = ) (4.32)
wherep(r) satisfieq4.15).
(4.13)canberewrittenas
fex(r) = [1 4 Beg(r)] - -
Thus
El
() = B+ 1+ Bur) = Fell) 4y (4.39
Since
! l 1/p\2 3
ng(r) — dEea:(T) — dEea:(T)/dp — (1 +5 ) /0 loge > 0,
dr dr/dp o1/ (log 6)?
we have
_ kEG(r)

fon(r) = === > 0. (4.34)
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From(4.11),(4.10),(4.32)and(4.5),we have

da  kp[l—log(1+6"%)]

== o <0. (4.35)

From(4.35)and(4.31),it followsthatthata is anincreasingunctionof p.
Assumingthat thereexists a stationarypointa?, suchthat f! (a?,) = 0, 7}, £

exr ' Tex

r(a},) mustalsobea stationarypointsuchthat f._(r%,) = 0. Sincef! (r) > 0,d'(r) <

0 andf! (a) = fl.(r)/d'(r), we concludethatfor a < a?,, f'(a) < 0; fora > a,,
f'(a) > 0.

Considering4.33)and(4.32),the stationarypoint p¥, for f.,(-) is

pe:c = k

Appendix C: Proof of Theorem4.3

As definedby (4.14),p is largerthanor equalto 1. FromLemma4.2,a is anincreasing
functionof p for p > 1. It followsthatif p(a) is everequalto 1, thentheremustexist ay,

suchthatfor all @ > ag, p(a) > 1, andfor all a < ayg, p(a) = 1. Two specialcasesare:
(i) ap < 0, whichmeanghatp(a) is notequalto 1 for any a € [0, +0o0); (i) ag = +o0,

whichmeanghatp(a) = 1 for all a € [0, +-00).

Now we consider3 caseseparatelyk < 4, k = 4, andk > 4.

o k<4

In this case(4.17)indicatesthatthe stationarypoint p¥,, for f..(-) satisfiesp?, >

1. Furthermoreg?, canbe computedrom (4.19). Basedon the definition of a,,
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ay < at,. Fora < ag, p(a) = 1, thusfrom (4.22),we have f! (a) < 0. For
a > ag, p(a) > 1, thusfrom (4.18),we have f! (a) < 0 for gy < a < af,, and

ex’

1.(a) > 0fora > a},. Therefore,f.,(a) is a decreasingunctionfor a < a

e
andanincreasingunctionfor a > a;,.

Using this resulton f7,(a), sincethe permissibles € [3, 1], it follows thatthe
parameter that maximizesf.,(a) is either% or 1. If the stationarypoint a?,
is outsidethe permissibleinterval of a, thenthe far end of the intenal is the
parameter thatmaximizesf,,. Thatis, a., = 3, if £ < 4anda}, > 1; aep =
1, if k <4anda}, <. Howeverif a}, lieswithin thepermissiblénterval, then

oneneedcomparethe function valuesat the two endsof the interval andchoose

thevalueof a thathasalarger f..(a).

k=4

In this case,(4.17)indicatesthatthe stationarypoint p;, = 1. Furthermoreg;,
canbe computedrom (4.19). Basedon the definitionof ay, ¢y = a,. It follows
thatfor a < a?,, p(a) = 1, andthusfrom (4.22),we have f! (a) = 0; fora > af,,
p(a) > 1, andfrom (4.18),we have f!_(a) > 0.

Using this resulton f7,(a), sincethe permissiblea € [3,1], it follows that if
ai, < 1, thenthe parameter thatmaximizesf.,(a) is 1; if a}, > 1, then f.,(a)

is constanfor any a € [%, 1]. In thelatter case for simplicity, we may choosel

for a. Thereforethe parametern thatmaximizesf., isa., = 1, if k = 4.

k>4

In this case,(4.17)indicatesthatthe stationarypoint for f..(-) satisfiesp?, < 1.
But this contradictdo theconditionp > 1. Thereforeve musthavea}, < a,. For

a > ag, p(a) > 1andf! (a) > 0; ontheotherhand,for a < ay, (4.22)indicates
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that f/,(a) > 0. In bothsituations,f;,(a) > 0. Sincethe permissibles € [3, 1],

the parametern thatmaximizesf,, is a., = 1, if k£ > 4.

Thischpateyin full, hasbeensubmittedfor publicationas: X. Tian. Asymptotic
Analysis of Multiple DescriptionCodesOver Noisy Channels]EEE Transactionson
Information Theory 2004. The dissertationauthorwas the primary investigatorand

singleauthorof this paper



Chapter 5

Punctured Trellis CodedQuantization

and Modulation

5.1 Intr oduction

Trellis codedmodulation(TCM) is a combinedcoding and modulationtechniquefor
digital transmissiorover band-limitedchannels.lt canachieve significantcodinggain
without bandwidthexpansionor reductionof informationrate[74]. Trellis codedquan-
tization (TCQ) wasintroducedasa naturaldualto TCM [51]. By combininga trellis
structurewith aquantizewith anexpandedsetof quantizatiorievels, TCQ outperforms
mary othersourcecodingtechnique®f comparableompleity in encodingoothmem-
orylesssourcesaandsourcesvith memory

TCQ and TCM were combinedby Fischerand Marcellin [22] to producean
effective joint sourceandchannelcoding/modulatiorsystem.By usingthe sametrellis
codefor TCQ and TCM, andby usinga consistentabeling betweenTCQ levels and
TCM symbols,symbol errorsat the TCM decoderare unlikely to causelarge mean

squarederrorsat the TCQ decoder As a result,the combinedTCQ/TCM schemes

65



66

moreerrorresilientthanthe schemevhereTCQ andTCM areseparatelylesigned.

In [79], Wang and Fischerdesigneda combinedTCQ/TCM schemethat uses
a channel-optimized CQ andthat optimizesTCM constellationpoints with a quasi-
Newton method. Comparedwith [22], the performanceat low channelSNRsis im-
proved, but the training algorithmis fairly comple. In [35] and[36], a symbol-by-
symbolMaximuma Posteriori (MAP) algorithmwasmodifiedasa soft-decodefor the
combinedTCQ/TCM, andthe TCQ encoderandthe soft-decodemwere designedter-
atively to reducethe distortion. Significantimprovementwas obtainedfor very noisy
channelsagainatthe costof large compleity.

While it is known that jointly designingthe sourcecoder channelcoder and
modulatormay improve the overall performancea lower compleity effective method
is onethatoptimally allocategatesbetweerthe sourcecoderandchannekcoder There
is considerable@mountof work in theliteraturethatutilizesthetradeof betweersource
coding and channelcoding. For example,in [5], a trellis-codedvector quantization
(TCVQ) sourcecoderanda corvolutional channelcoderwerejointly designedwhile
in [12], a TCQ coderwas followed by a Rate-Compatiblé®uncturedCorvolutional
(RCPC)coder In bothcasegherateallocationbetweersourcecodesandchannekodes
wasconsidered.

In this chapter we explore suchtradeofs betweensourcecoding and channel
codingin thecontect of TCQ/TCMschemes$or anAWGN channelundertheconstraint
that eachsourcesampleis codedinto one channelsymbol. Inspiredby the succes®f
TCQdervedfrom TCM usingaduality betweemuantizatiorandmodulation,andthat
of the PuncturedTCM scheme(PTCM) of Wolf and Zehavi [84], we proposea nev
sourcecodingschemdéPTCQasthedualof PTCM, providing efficient sourcecodingat
fractionalbit-rateswith low compleity. Thenwe generalizeéhe combinedTCQ/TCM

schemdo aPTCQ/PTCMschemeproviding theflexibility of adjustingthetradeof be-
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tweensourcecodingandchannetodingwith asingleunderlyingtrellis, thusimproving
the performancevith anoisychannel.

An exampleto illustrate the proposedPTCQ/PTCMschemeis showvn in Fig-
ure5.1,whereevery 2 sourcesamplesarecodedinto 5 informationbits, which arethen
expandedo 6 bits, forming two 8-PSKsymbols.In contrastjn the TCQ/TCM scheme
of [22] with 8-PSK, eachsourcesampleis codedinto 2 information bits, which are

expandedo 3 bits, forming one8-PSKsymbol.

. 8-PSK Symbol
5 bits .
Source . 3 bits
Y,
X, —
PTCQ PTCM
Encoder Encoder 3 bits
* paralleserial
Converter
. AWGN
Desti- 5 bits
nation . Channel
% - .
PTCQ PTCM Serial/
A Parallel
N Decoder Decoder onverte]
X2 - Py

Figure5.1: An Exampleof PTCQ/PTCMfor 8-PSK

Therestof the paperis organizedasfollows. In Section5.2,anoverview of the
PTCM schemébasedon [84] is presentedin Section5.3,the PTCQ/PTCMschemes
proposed.Simulationresultsarepresentedn Section5.4. Section5.5 summarizeshis

chapter

5.2 Overviewof PTCM

In [84], a puncturingtechniquewidely usedfor binary corvolutionalcodeswasapplied

to TCM. By nottransmittingcertainoutputbits of thetrellis codesa classof higherrate
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trellis codess formed,calledPTCM.

5.2.1 Encoding

Considerthe PTCM schemdor M-PSK with anunderlyingcorvolutional codeof rate
1/2. The corvolutional coderin TCM is replacedby a puncturedcorvolutional coder
with rater € [£,1). For 8-PSKthis achieresanoverall transmissiomateof R € [2, 3)
bits/symbol. At time £, PTCM produces3 bits (2% z; %), wherez; andz! arecoded
bits, andz? is an uncodedbit. The following mapping(denotedSyx(+)) is assumed
betweerthebinarydigits (z2 z; =) andPSKconstellatiorpoints: (000) = 0°, (001) =
459, (011) = 90°, (010) = 135°% (100) = 180°, (101) = 225°, (111) = 270°,
and(110) = 315°, wherethe signalphasesare usedto specifythe PSK constellation
points. This schemewas termedpragmatic codesin [84] becauset allows existing
rate 1/2 corvolutional encodersand decodergo be usedfor 8-PSKTCM after slight
modifications. For QPSK,PTCMachie/esatransmissiomateof R € [1, 2) bits/symbol.
A Gray mappingScgr(-) is usedto map binary digits (z; z}) to QPSK constellation
points: (00) = 0°, (01) = 90°, (11) = 180°, and(10) = 270°.

For an underlying corvolutional code of rate 1/2, if the numberof symbols
that are transmittedper punctureperiod P is denotedby S, then for every P input
(information)bits, the puncturedencodemgeneratef.S outputbits, yielding a coderate
of r = P/(2S). For QPSK,these2S outputbits aregroupednto S QPSKsymbols,so
the overall bit-rateof the PTCM coderis P/S bits/symbol.For 8-PSK,anadditionalS
uncodedbits canbe combinedwith those2S codedbits into S 8-PSKsymbols,sothe
overall bit-rateof the PTCMis (P + S)/S bits/symbol. Someexamplesof puncturing

tablesandtheir correspondingparameteraregivenin Table5.1,
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Punc. Table ( 1 ) ( 11x1> ( 11x) ( llxlx)
1 1x11 1x1 Ix1x1
P 1 4 3 5
S 1 3 2 3
Code-rate 1/2 2/3 3/4 5/6
Bit-ratefor 8-PSK(bit/sym.) 2 27 27 22
Bit-ratefor QPSK (bit/sym.) 1 13 15 12

Table5.1: PTCM parameters

5.2.2 Decoding

Due to puncturing,one TCM symbol may containcodedbits from two trellis transi-
tions. In orderto useacorventionalViterbi algorithmfor decoding sub-optimabranch
metricsneedto be usedto approximatehe optimalbranchmetrics. In this chapteywe
adoptthe sub-optimabranchmetricsfrom [83].
DenotetheEuclideardistancébetweertherecevedsignaly, andthetransmitted

8-PSKsymbolcorrespondingo bits (23 z;. zj) as
dw%x}czg = Hyk‘ - SPR(x%xllcxg)H (51)

If thereis no puncturingattime &, thendefinethefollowing sub-optimabranch

metric[83]:

1,0y : 2 2 2 2
AMap(zyry) = mln(d()z,lcm d%il’ dlm}cm d1x,191)

+min(dgo,s, dgyy9, g9, d1100) (5.2)

where" AP” refersto the approximateor sub-optimaiatureof this metric.
If thereis puncturingattime & sothatcodedbits z; andz? aregeneratedby two
trellis transitions then definethe sub-optimalmetricsof the branchscorrespondingo

z; andz? asthefirst andsecondermof theright-handsideof (5.2), respectiely.
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By usingtheabove branchmetricsandthe Viterbi algorithm,the PTCM decoder
candeterminehe sequencef codedbits z; andz$. Theuncodedbit z; canbechosen
SUChthatdizwlwo - min(d%wlwo,dgwlwo).

i et "k "k

For QPSK,the symbolsaremappedrom codedbits (z}z?) andno uncodedbits
z; areused,sothe above definitionsof Euclideandistanceandbranchmetricsneedto
beadjustedaccordingly For example,(5.1)is replaceddy d,1,0 = ||yx — Sar(zpad)|,

and(5.2)is replaceddy AM  p(z12?) = min(d?

1p
3,0

dfc}cl)—kmin(d2 d2 ,).

0 0
0z ? “lzg,

5.3 ProposedPTCQ/PTCM Scheme

5.3.1 PTCQ

We proposea source-optimizedPTCQschemeasthe dualof PTCM, usingthe mecha-
nismby which TCQ s derivedfrom TCM. In this schemethe PTCQencodeis similar

to the PTCM decoder andthe PTCQ decoderis similar to the PTCM encoder The
encodingtrellis of PTCQis definedby a puncturedcornvolutional encoder The output
of the PTCQencodelis a sequencef binary codevords,which arecorvertedto a se-
guenceof quantizatiorevelsatthe decoderBy combininga puncturedrellis structure
with a quantizer PTCQcanachieve quantizationat fractional bit-ratesthataregreater
than1 bit/sourcesample In its simplestform, with anunderlyingconvolutional codeof

ratel /2, PTCQcodedat R bits/sourcesamplerequire2/#l+! quantizatiorievels(code-
words), partitionedinto 4 subsetseachof 2%~ codavords. The sub-optimalbranch
metricsfor PTCQaresimilar to thosedescribedn Section5.2 for PTCM, exceptthat
now Spr(-) andSgr(-) mapbinarydigitsto quantizationevelsinsteadbf PSKsymbols.
The Viterbi algorithmis usedto encodethe sourcesequenceThe PTCQquantization

levelscanbetrainedusingtheLloyd algorithmandatrainingsequence.



71

Assumethata doubledsignalconstellations usedfor the underlyingtrellis. If
M is the numberof inputsto the corvolutional coder thenthe rate of the underlying
corvolutional codeis M /(M + 1). For therate1/2 codeconsideredn this chapter
M = 1. The numberof statesof the trellis is denotedN,. It canbe showvn thatthe

encodingcompleity of PTCQconsistsof:

oLEI+1 multiplies,
oLEIFL 4 oM+ L N 9M p/S additions,
(2B —1)(M +1)2M* 4+ N,(2M —1)P/S

+(2B=M _ 1)] two-way comparisons

per sourcesample. The fractional bit-rate quantizaitonrealizedby PTCQ canalsobe
realizedoy TCVQ [23]. Thefull searchencodingcompleity per(scalar)sourcesample
of L—dimensionallfCVQ is ((3) of [23]):

2RI+ multiplies,
2B+l 4 (N,2M /1) additions,
{[2M+1(2RL—M _ 1) + NS(QM _ 1)] /L}

two-way comparisons

It is easyto seethatthe encodingcompleity of PTCQis only slightly higher
thanthat of TCQ (TCVQ with L = 1), but is much smallerthanthat of TCVQ at

fractionalbit-rates(L > 1), andthedifferencebecomegreaterfor larger L.
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5.3.2 PTCQ/PTCM

We proposePTCQ/PTCMasa combinationof PTCQandPTCM with properrateallo-
cation. This combinationis donein the sameway ashow TCQ andTCM arecombined
into the TCQ/TCM schemeln particulay a samepuncturedrellis structureis usedfor
PTCQandPTCM, andconsistentabelingbetweerPTCQlevelsandPTCM symbolsis
employed.

A key componenbf this schemes to exploit the flexibility of rate allocation
offeredby the puncturingmechanismAssumingthatthe encodehasthe knowledgeof
thechannelSNR (via afeedbackchannel)jt canselectappropriatgouncturingpatterns
basedon this knowledge,and thus allocateratesbetweensourcecoding and channel
codingto matchthe givenchannelSNR.

Theoverall performancef the PTCQ/PTCMcanalsobeimprovedby adaptve
modulation. Whenthe channelis favorable,a higherordermodulationschemecanbe
usedto increasehe systems bits per symbol capacity and corversely a more robust
lower order modulationschemecan be usedwhenthe channelbecomesnferior. For
example,athigh channelSNRs,8-PSKmaybeusedto transmitR € [2, 3) bits/symbol;

while atlow channelSNRs,QPSKmaybeusedto transmitR € [1, 2) bits/symbol.

5.4 Results

In this section,we presennumericalresultsof the proposedPTCQandPTCQ/PTCM
schemes.

The combinedPTCQ/PTCMis designedfor transmittingcertainmemoryless
sourceghroughan AWGN channelaccordingto the algorithmdescribedoreviously. A
sequencef 100blocks,eachof 1000samplesis usedfor training; a separatsequence

of dataof the sameblock lengthis usedfor testing. A 4-staterate 1/2 corvolutional
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GaussiarSource || Uniform Source

Encodingrate(bit/sample)|| R=1.5 | R=2.5 || R=1.5 | R=2.5
SQNRfor PTCQ(dB) 7.48 12.79 9.15 15.49
SQNRfor TCVQ (dB) 7.65 13.27 9.38 15.70

Table5.2: QuantizatiorPerformancef PTCQandTCVQ

encoderspecifiedby hg = 55 andh; = T7g is used. The modulationconstellationis
8-PSKor QPSK,dependingon the bit-rate. The performanceresultsaregiven in the

form of SQNRvs. channelSNR. SQNRis definedasSQNR = E{ , Wherey is

(y y)

thesignalto bequantizedandy is thereconstructedignal. ThechannelSNRis defined

asSNR = 2 , WhereE is the enegy of the PSKsignal,ando? is the varianceof the

Gaussiamoisealongeachdimension.

Beforepresentinghe simulationresultsof the combinedPTCQ/PTCMscheme,
let usexaminethe quantizatiorperformanceof PTCQ.Thesimulationresultsat 2 frac-
tional bit-ratesfor memorylessGaussiarand uniform sourcesareshavn in Table5.2.
Also shawn in this table are the coding performanceaesultsof TCVQ, which are ob-
tained basedon our implementationof the TCVQ coder (Structurel) of [23]. One
canseethatthe performanceof PTCQis closeto thatof TCVQ. But asnotedin Sec-
tion 5.3.1,PTCQis lesscomplex thanTCVQ.

In Figure5.2,the performanceesultsof PTCQ/PTCMfor a memorylesssaus-
siansourceat 6 bit-rates(R = 1,13,12, 2,2z, and22 bits/symbol)areshavn. Also
shaowvn in the graphare the performanceaesultsof the referencesystem- the source-
optimized TCQ/TCM schemeat 2 bits/symbol[22]. Theseresultsshav that perfor
manceimprovementis possibleat low and high SNRsif the bit-rate canbe optimally
selectedor the given channelSNRs. Similar performancamprovementcanalso ob-

tainedfor memorylesainiform andLaplaciansources.

In Figure5.3,theoptimalrateallocationfor PTCQ/PTCMis shavn asafunction
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Figure5.2: PTCQ/PTCMfor GaussiarSource

of the channelSNR for Gaussianuniform, and Laplaciansources. Theseresultsare
obtainedby measuringhe end-to-endlistortionsvia simulationsandselectingamong
the 6 rates,the ratethat givesthe leastdistortion. Similar resultscanalsobe obtained
by analyzingthe distortiondueto quantizationandthat dueto channelnoisewith the
puncturedrellis code,but the analysisis omittedhere. A rule-of-thumbobsenedfrom

theseresultsis thatamongthe 6 availablerates,the bestratecorrespondso the largest
possiblebit-ratewith the symbolerrorrateof PTCM decodingbeinglessthan1%.

In Figure 5.4, the performanceaesultsof the PTCQ/PTCMusing the optimal
ratesasdescribedabove are comparedwith thoseof othermethodsfor a memoryless
Gaussiarsource.Comparedvith areferencesystem(TCQ/TCM at 2 bits/symbol)[22]
in which the Viterbi algorithm(VA) wasused,by choosingfrom 6 rates,PTCQ/PTCM
canachieveabout3 dB gainin SQNRatbothlow channeSNRsandhighchanneSNRs,

while the gainis smallerat intermediateéSNRs. Figure5.4 alsoshows the performance
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Figure5.3: RateAllocationsResultsfor PTCQ/PTCMBasedon Simulations

of the iteratve MAP decodingalgorithmof [35], wherean 8-statetrellis was usedfor
a TCQ/TCM 8-PSKsystem. It canbe seenthat the performanceof the algorithm of
[35] is similar to that of the PTCQ/PTCMschemeat low and mediumchannelSNRs,
but its performancds worsethan PTCQ/PTCMat high channelSNRs. Its decoding
compleity is muchhigherthanthatof PTCQ/PTCM!.

So far we have assumedhat bit-wise puncturingis usedin the PTCQ/PTCM
scheme;however, symbol-wisepuncturing[82] can also be usedto form a symbol-
wise PTCQ/PTCMschemeBit-wise puncturingrefersto the puncturingmechanisnin

which someor all transmittedsymbolscontaincodedbits from morethanonetrellis

Lt canbe shawn thatfor the 4—statepuncturedtrellis codesusedin this section,the total decoding
compleity of PTCQ/PTCMis no greaterthan16 multiplies, 34 additions,and33 two-way comparisons
persourcesample.For comparisona conserative estimateof the complexity of the decodingalgorithm
in [35] [36] is 3BN2 multipliesand2 BN? additionspersourcesamplewhereB is thenumberof parallel
branchedetweenstates.SinceB = 2 and N, = 8 wereused,this amountsto 384 multiplies and256
additionspersourcesample.
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Figure5.4: Comparisorof PTCQ/PTCMwith OtherMethods

transition,while symbol-wisepuncturingrefersto the casewheneachtransmittedsym-
bol correspondso onetrellis transition. Accordingto our experimentalresults(which
arenot shown here) bit-wiseandsymbol-wisePTCQ/PTCMscheme$ave similar per

formanceresults but the symbol-wiseschemas simpler

5.5 Conclusion

In this chapter we have proposeda PuncturedTCQ schemeasthe dual of the Punc-
tured TCM scheme providing a variety of fractional bit-ratesthat are greaterthan 1

bit/sample. PTCQis shovn to be ableto achiere performancecloseto TCVQ but at
lesscompleity. We have alsoproposeda combinedPTCQ/PTCMschemeso that by
usingpropermodulationorderandpuncturingpattern,ratescanbe optimally allocated

betweersourcecodingandchannektodingto matchthegivenchannelSNR.Simulation
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resultsshaw thatsignificantperformancemprovementcanbeachievedby theproposed
schemeverthereferencel CQ/TCMschemeatbothlow andhighchannelSNRs while
its compleity is muchlowerthanthatof aschemawith competitive performancetlow

channelSNRs.

This chpatey in part, hasbeensubmittedfor publicationas: X. Tian. Punc-
turedtrellis codedquantizationand modulation. IEEE Transactionson Communica-
tions 2004. The dissertatiorauthorwasthe primary investigatorand single authorof

this paper

This chpatey in part, hasbeensubmittedfor publicationas: X. Tian. Punc-
turedtrellis codedquantizationand modulation. IEEE Transactionson Communica-
tions, 2004. The dissertatiorauthorwasthe primary investigatorand single authorof

this paper



Chapter 6

Efficient TransmissionPower
Allocation for Wir elessVideo
CommunicationsUnder Average

Power Constraints

6.1 Intr oduction

Next-generationwirelesscommunicatiorsystemsmustaccommodatenultimediaser
vices. Transmittingvideosover wirelesssystemss a challengingtaskdueto the time-
varying natureof wirelesschannelsandthe limited resource®f wirelesssystemssuch
asbandwidthandpower. Thusresourcellocationconstitutes key problemin wireless
videocommunications.

A commontype of resourceallocationis the optimalallocationof ratesbetween
sourcecodingandchannelcoding. Sincemostvideo codecsusemotion compensated

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

78
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framesand may causeserere performancedegradation. To make video decoderge-
silientto channeldecodingerrors,propersourcesynchronizatioranderrorconcealment
stratgies mustbe employed. While video is inter-codedin mostframesto maintain
codingefficiencgy, intra-macroblocKMB) or intra-framerefreshings oftenusedto stop
error propagation All thesefactorsmalke the theoreticalanalysisof rateallocationbe-
tweensourcecodingandchannekodingextremelydifficult.

In [88], a robust sourcecoding algorithmis proposedfor transmittingvideos
over paclet networks. The expecteddecoderdistortionis analyzedat pixel-level pre-
cision for a given paclet lossrate, and the intra/inter modeis selectedfor eachMB
basedon a rate-distortionrmodel. Eventhoughthis approachof pixel-level estimation
accuratelyaccountdor both spatialandtemporalerror propagationjt doesnot allow
globaloptimizationof rateallocationbetweersourcecodingandchannekodingfor the
video sequenceasit estimateghe distortionrecursvely frame by frame. Its compu-
tationalcompleity is alsohigh, sinceboth the first andsecondnomentsof the recon-
structedvaluesatthedecodemneedto be calculatedIn [73], theerrorpropagatioreffect
is analyzedunderthe assumptiorthat the channel-induceerror varianceis the same
on averagefor eachframe. An empirical modelof the distortiondueto quantization
(sourcecoding) andthat dueto channelerrorsfor an H.263 video codecis proposed,
so thatthe optimal intra-MB refreshingrate and FEC coderate canbe chosenfor the
video sequenceHowever, this algorithmrequiresrunningcomputationsover the video
sequenceafew timesto generateneasuremergointsbeforetheoptimalparametersan
be selectedmakingit not suitablefor real-timecommunicationsin [34], analgorithm
for joint sourceand channelcodingis proposedor video transmissiorover a binary
symmetricchannel. In additionto developinga rate-distortionmodelfor sourcecod-
ing, the relationshipbetweerthe averagechanneldistortionover the sequenceandthe

source/channatoding parametersuchasthe intra-MB refreshingrateand FEC code
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rateis alsoderived, allowing optimal selectionof theseparameterdor the video se-
guence However, theanalysigs strictly basedon theassumptiorthatthe decodeserror
concealmenstratay is simply to copy the MBs at the samelocationfrom the previous
decodedrame,which limits the performancef the codec.

Anothertype of resourceallocationfor wirelessvideocommunicationgnvolves
the optimalallocationof thetotal consumegower or thetransmissiorpower.

Reducingthe total consumedoower for mobile devicesimprovestheir battery
life. A commonoptimizationapproactfor thistype of problemsis to allocatethe total
consumegbowerto differentcomponentsf thedevice,includingsource/chann&oding
processingndtransmissionbecaus¢he powerconsumedor processingwhichis pro-
portionalto compleity, is not negligible whenevaluatingthe total consumegower for
wirelessvideo communicationslin [87], the transmissiorpower andthe bit allocation
betweensourcecoding and channelcoding are jointly optimized,accordingto wire-
lesschannekonditionsandvideo quality requirementsto minimizethetotal consumed
power for a singleuseranda group of usersin acell. In [50], a similar optimization
problemis consideredor theH.263sourcecoder the Reed-Solomorhannekoderand
a two-stateMarkov channelmodel, usingthe distortion model of video transmission
proposedn [73]. This approachs extendedto the context of multiple antennasand
space-timeodingin [85].

Ontheotherhand,reducingthetransmissiorpower will reducetheinterference
betweeruserssharinga wirelesschannelandthusenhancehe systemcapacity Trans-
missionpower allocationmay alsoextendthe batterylife for hand-helddevices,since
thetransmissiorpower is a significantpartof thetotal consumegower. In [20], ajoint
sourcecodingandtransmissiorpower allocationschemads proposed.In this scheme,
no channelcodingis used,andthe transmissiorpower is allocatedadaptvely to dif-

ferentvideo sggmentsbasedon their relative importance. The optimizationproblem



81

is formulatedsuchthat the transmissiorenegy requiredto transmita video frameis
minimizedat someacceptablelecodeds/ideoquality andtransmissiordelay However,
the algorithmis basedon the assumptiorthat eachMB is a separatgaclet for trans-
mission,which, asacknavledgedin [20], hasa low coding efficiency becauseof the
large overheadt would incur if implementedIn orderto jointly selectthe sourcecod-
ing mode/stepsizandtransmissiorpower for pacletsin a video frame,the algorithm
alsoinvolvesbuilding a sourcecodingtreeto take into accountthe modeselectionfor
eachpaclet, makingit computationall}complex. In [43], arecevedpowermanagement
schemas describedor atwo-classvideostreamin abasechannelanda motion-vector
(MV) channel. The analysisis basedon intra-framerefreshingonceevery N frames,
which requireslarger buffer than that for intra-MB refreshingschemes. A different
quality of serviceis providedto eachframewithin an intra refreshingperiodto min-
imize the averagereceved power while satisfyinga distortion constraint,with more
power allocatedto the earlierframeswithin the refreshingperiod. A fixed-rateFEC is
usedfor variouschannelSignal-to-NoiseéRatios(SNRs)in thisschemeln [44], atrans-
mit power managemengchemas proposedor videotransmissionn CDMA systems.
A quasi-statidlat-fading channelis assumedandthe bit error rate (BER) is adjusted
to the changesf image characteristicon the Group of Blocks (GOB) level to meet
the performanceequirement.The solutionpresentedhererequiresnon-causaCSI for
the whole video sequencé&nown to the transmitterbeforethe transmitpower for any
single GOB canbe allocated andno discussioron how to applythe approacho prac-
tical scenariogs given. In [10], the resourcarequiremenfor a CDMA systemwith a
large numberof usersis approximatedasthe productof the sourcecodingrateandthe
enepy perinformationbit to noiseratio, andunderthis assumptionthe sourcecoding
rate,channelcodingrateandthe transmissiorpower level for awirelessvideo userare

jointly selectedo improvetheoverallperformancef thevideotransmissionln asense,
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this approaclellocateghe sourcerateandtransmissiorpower acrosdifferentusersof
aCDMA cell.

In this work, we will investigatethe transmissiornpower allocationapproach
for wirelessvideo communicationsindercertainbandwidthand averagetransmission
power constraintsBy focusingon methodghatallocatetransmissiompower to different
sourcesggmentsaccordingto their sourceerror sensitvity andchannelconditions,our
work is in spirit similar to that of [20], [43] and[44]. However, we considera more
realisticscenariowherea fixed-lengthpacletizationstructureis usedto facilitateerror
concealmenwithout sacrificingtoo much codingefficiency, andthe FEC coderateis
adaptedo thechannelSNRto provide areasonablyow bit errorrateafterchannelde-
coding,andno future CSl is requiredat the transmitter While theseassumptionsnay
improve the video transmissiorperformanceof the conventionalscheme they could
potentiallyreducethe achievable performancegain of a transmissiorpower allocation
schemeover the conventionalscheme.lt is the purposeof this chapterto explore the
transmissiorpower allocationapproachundertheserealisticassumptionsandexamine
its usefulnessaccordingly By adoptinga frame-level analysisapproachwe propose
simple transmissiorpower allocationalgorithmsto apply unequalerror protectionto
videoseggmentsof differenterrorsensitvity. Dependingonwhetherinformationregard-
ing the stateof thechanneis availableatthetransmitteytwo casesreconsideredinder
this frameawork. We furtherpresentlosed-formsolutionsthatrequireknowledgeof the
video paclet error sensitvity informationandthe CSI for the whole sequencewhich
canbe interpretedasa boundto the performanceof practicalalgorithms,andhelp to
illustratetherolesof the sourceerror sensitvity informationandthe CSlin allocating
transmissiorpower. Simulationsare conductedor a time-correlatedRayleighfading
channelwith multiple transmitantennasandresultsshow thatthe proposedgower allo-

cationalgorithmsoutperformthe corventionalalgorithmsunderboth cases.
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Therestof the chapteris organizedasfollows. In Section2, the basicsystem
modelis describedjncluding the sourcecoder channelcoderand channelmodel. In
Section3, two power allocationalgorithmsare proposed. Simulationresultsare pre-

sentedn Sectiond4. Section5 summarizeshe chapter

6.2 SystemModel

The systemconsideredn this chapteris shavn in Figure6.1, andits componentswill

bediscussedbelow in details.

Channel Information Error Concealment Strategy
| |
o |
" v Y
|
Power Allocation
| |
| |
Y Y
- ; Channel Coding .
Original Vv i Modulation
[s ideo —| Source Coding (RCPCICRC)
Wireless
Channel
Reconstructed . Channel Decoding )
video | Source Decoding (List-based Viterbi) Demodulation

Figure6.1: SystemDiagramfor WirelessVideo Transmission

6.2.1 VideoEncoder

For sourcecoding,we usea single-layerH.263compliantvideo coder[14] . A frame-
level rate control algorithmis usedto determinethe quantizationparameterd$or each
frame. No advancedoptionsof H.263 are used,exceptthat a 17-bit synchronization
marker is insertedin eachGOB. This frequeng of synchronizatiommarkersbalances

theerrorresilieny andcodingefficiengy of thevideocodec.
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Periodicintra refreshingis usedto mitigatethe effectsof temporalerror propa-
gation.Refreshingnly aportionof eachpictureonanMB basisinsteadof refreshinga
whole frameproduces moreconstanbit-rate. EncodingeachMB in theintramodeat
leastonceevery 2 secondsanlimit the video quality degradationwithout a significant
reductionin codingefficiency [18]. Thiscanbeimplementedy initializing acounterto
arandomvaluefor eachMB andencodingthe MB in theinter modeunlessthe counter
reachesa given threshold;in that case,the MB is encodedn the intra modeandthe

counteris reset.

6.2.2 VideoDecoder

We assumehatthefirst framein the sequencés intra-codedandenoughtransmission
power is usedsothatit is correctlydecoded.For all subsequenframes,if a pacletis
labeledby the channeldecoderaslost dueto decodingerrors,all the MBs with which
the paclet overlapswill beerrorconcealedA temporalerrorconcealmentechniqueas
employed,with themedianof theMVs of theneares8 MBs in the GOB above usedfor
thelostMB [88] . Any lost MB in thefirst row will beassumedo have azero-MV.
Notethatothererrorconcealmenstratgjiescanalsobeusedin conjunctionwith

the proposedgower allocationalgorithmsin thiswork.

6.2.3 Packetization

Assumethatthe lengthof eachchannelpacletis N, andfor a givenchannelcoderate
e, thenumberof sourcebits thatcanbe accommodateth a pacletis Ny(r.). Without
additionalheadeinformation,thelossof a paclketwould causeall thesourcebits before
the next GOB to be lost andthusincur large distortion. In orderto improve the error

resilieny of the codec,a 16-bit headelis addedto the sourcepartof eachpacletin the
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formatshown in Figure6.2. Thefirst 7 bits indicatethe index of the next MB whose
startingbit is in the paclet; the number7 is choserbecausdor QCIF videosthereare
99 (< 27) MBs in aframe. Thefollowing 9 bits indicatethe positionof the startingbit
of the next MB within the sourceportion of the paclet, allowing up to 512 sourcebits
in apaclet. If thecurrentpacletdoesnotoverlapany MB boundarythenall the 16 bits
in theheademaresetto 1 asaflag. Whenthe previous pacletis lost but the currentone
is correctlyreceved,the sourcedecodemayresumenormaldecodingstartingfrom the
MB determinedrom the 16-bit header This 16-bit overheads normally smallerthan
thatof insertingsynchronizatiommarkersatthe MB level.

7 bits 9 bits (Ns - 16) bits

Number of bits to go .
Index of next MB ) Source Coded Bits
before reaching next MB

1 Ng bits 1

Figure6.2: Formatof the SourcePortionof a Paclket

Furthermorefor simplicity, we assumehatno pacletoverlapsheframebound-

ary. This canbefulfilled by paddingzerosto thelastpaclketin eachframe.

6.2.4 ChannelCoding

We usea 16-bit Cyclic Redundang Code(CRC) outercoderfor errordetectionanda
Rate-Compatible-Puncturétbrvolutional (RCPC)coderfor errorcorrection[71]. The
RCPCcodesareobtainedby puncturinga 16-statecorvolutional codewith puncturing
period8, asgivenin Tablel of [33]. A total of 13 availablecoderateswith codeindex
n. from0to 12 are8/9,4/5,2/3,4/7,1/2,4/9, 4/10,4/11,1/3,4/13,2/7,4/15 and
1/4, respectiely. The channelcoderate actually usedis selectedrom theseratesto
adaptto thechannelSNR,andthe detailswill bediscussedaterin this chapter

A list-basedViterbi algorithmis usedto find the bestcandidatein the RCPC
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trellis, and the CRC is checled to seeif it is a valid codavord. If thereis an error
detectedthenfind thenext candidateandcheckthe CRC,andsoon. If avalid codevord
cannotbefoundaftercheckingthelistedpathsfor Ny, times,anerroris declaredor the
sourcedecodetto handle.In the simulationswe adopt/N;, = 100, asfurtherincreasing

this numberdoesnotimprove the error performancesignificantly[71].

6.2.5 Fading Model and Transmit Diversity

Pawercontrolcanbeusedio combatchannefluctuationsby modifyingthetransmission
power sothata certainreceved signalstrengthor BER is maintainedover the commu-
nicationlink. Basedon how fasta radio signalfluctuatesover time or travel distance,
the mechanismdehindradio propagatiorncan be classifiedinto large-scalefading ef-
fectssuchaspathlossandshadaving, andsmall-scaldadingeffectssuchasmultipath
fading[62]. Sincethe frequengy bandsof the uplink and downlink are separatedy
morethanthe channekoherencdandwidth multipathfadingon the uplink is uncorre-
latedwith thaton the downlink; onthe otherhand,pathlossandshadeving areusually
assumedo be identical on both links. As a result, open-looppower control can be
usedto estimatehe channektateon the oppositdink andcompensatéor pathlossand
shavdowing reasonablyvell withoutrequiringfeedbackirom therecever; ontheother
hand,whentheinformationon the channelstateis availableat the transmitterthrough
feedbackandif theround-tripdelayis smallerthanthecorrelationtime of the channel,
closed-loopower controlcanbeusedto compensatéor rapid multipathfading[55]. In
thiswork, we assumehatlarge-scaldadinghasbeencompensatetly open-looppower
control, so only small-scalefading needsto be considered.A commonlyusedsmall-
scalechannemodelis thatof Rayleighfading.In thiswork we usethe Jales’ modelto

generatg¢ime-correlatedrayleighfadingparametergl 6] . ThemaximumbDopplershift
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of channefadingcanbe computedoy

fo = fou (6.1)
C

where f. is the carrier frequeng, v is the mobile speed,and ¢ is the speedof light.
Additive White GaussianNoise (AWGN) is addedto the signal at the output of the
channel.

To combatchannelfading,time diversity (interlearing), combinedwith FEC,is
often usedto provide significantperformancemprovement. However, time interleav-
ing mayresultin large delaywhenthe channelvariesslowly. Antennadiversity, onthe
otherhand,canbe effective in reducingthe effectsof fadingwithout introducinglarge
delays. In this work, we employ a transmitdiversity techniqueintroducedin [1], with
two transmitantennagndonereceve antenna.The signalsequences encodedn the
two transmitantennasanda signalcombineris employed at the recever. By obtain-
ing the equivalentchannelgainsandadditive noise,andthenintegratingtheminto the
channedecoderantennaliversitycanbeachieved. 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 assumptioris madebecausedjusting
channelcoderate at the paclet level would requirea reliable side channel,or incur
considerableoverhead. In orderto make efficient resourceallocation,we adaptvely
allocatetransmissiorpower at the paclet level accordingto the relatve importanceof

the paclets. This adaptvity canbe achievzed without incurring additionaloverheadn
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bit rates.

In this chapteyvideo quality is measuredsthe meansquarecerror (MSE) be-
tweenthe original pixel valuesandthe reconstructegixel valuesat the decoderaver-
agedover all framesin the sequencewhichis alsocalledthe end-to-endlistortion. Let
D? denotethe quantization-inducedistortion,i.e., the overall MSE betweenthe orig-
inal pixel valuesandthe quantizedpixel valuesat the encoderandlet D¢ denotethe
channel-inducedistortion,i.e., the overall MSE betweerthe quantizedixel valuesat
theencoderndthereconstructegixel valuesatthedecoderUndertheassumptiorthat
the quantization-inducedistortionandthe channel-inducedlistortion are statistically

independenthe end-to-endlistortionat the decodeicanbeapproximatedy [73] [34]
D = D7+ D¢ (6.2)

As discusseckarlier dueto the effect of error propagationin inter-frame cod-
ing, the theoreticalanalysisof the channel-inducedistortionis ratherdifficult, andits
pixel-level estimationis computation-intense. Thereforewe considera frame-level
approximatiorof the analysissimilar to thatusedin [73] and[42].

Letds, (i, ) denotethe MSE betweerthequantizedixel valuesattheencoder
andthereconstructegixel valuesatthedecodeffor the pixelsof the j-th MB in thei-th
framewhenthis MB is lost and errorconcealed.Thenthe expectedchannel-induced
distortionin the i-th framethatis causedoy channelerrorsin the sameframe canbe

givenby

Ny
1

> pun (G, §)d5yp (i, 5) (6.3)

i=1

l ’C’O p—
% N
MB

whereN,, s is thenumberof MBs perframe,andp,, (i, j) is thelossprobabilityof the
j-th MB in thei-th frame.

For aninter-codedvideosequence;shannekerrorsin aframewill propagatento
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subsequentrames. Assumethat D& denotesthe expecteddistortionin the (i + 1)-th
frame(wherel > 0) thatis causedoy channelerrorsin thei-th frame.Thendefineugl)

asfollows:

D¢t

Let D¢ denotethe total distortion causedoy channelerrorsin the i-th frame,
including the expectederror propagatioreffect on the subsequentrames. Definethe

errorpropagatiorgainas

Dy

Assumingthatchannelerrorsdo not propagatéeyond’” frames,u; is givenby [42]

w=1+3 [Tul. (6.6)

At low channelerror rates,the channel-inducedlistortionfor the sequenceD¢
canbeapproximatedsfollows by averagingthe distortioncausedy channelerrorsin

all framesof thesequence:

Df= 1 > D (6.7)

where Ny is thenumberof framesin the sequence.

The essencef aframe-level distortionanalysissuchasthatin [73] and[42] is
to assumehat ugl) is determinedoy the statisticsat the frame-level (insteadof that at
thepixel-level), suchastheratio of thenumberof inter-codedblocksin aframeoverthe
total blocksperframe. For the intra-MB refreshingschemeemployedin this work, the
numberof inter-codedblocksin a frameis aboutthe samefor eachframe. Therefore,
the error propagationgain u; canbe assumedo be a constantfor all frames. This
assumptiorallows usto considereachindividual frameandto look for a nearoptimal

power allocationon aframe-by-framebasis.
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Next we formulatethe optimizationproblemin the context of our pacletization
scheme. For simplicity, we assumehat the effect of the casewhentwo neighboring
pacletsarelostandaffectthesameMB attheir boundarycanbeignored.Furthermore,
assumehatthe error concealmenstrateyy describedn Section6.2.2is used,andthat
thethreenearesiMVs in the GOB aborethe MB in consideratiorarecorrectlydecoded.
Theseapproximationsarereasonablygoodwhenthe averagepaclet lossprobability is
low; they allow independenbptimizationfor eachpaclet andthusgreatlysimplify the

optimizationproblem.Undertheseassumptiond6.3) canbe approximatedy

S

1

N D pli, k)de (i, k). (6.8)

k=1

DZ-C’0 ~

whereN; is thenumberof pacletsin thei-th frame,p(i, k) is thelossprobability of the
k-th pacletin thei-th frame,andd®(i, k) is thesumof d5, 5 (4, j) for all MBs in thei-th
framethatareaffectedby thelossof the k-th pacletin the sameframe.

Let P,(i, k) denotethe transmissiorpower for the k-th pacletin thei-th frame.

Definethe power profile for thei-th frame

P; = {P(i,1), P(i,2), -, PA(i, \y)}.

Notethatfor a given channelcoderater,, p(i, k) is a decreasindunction of P,(i, k).
However, this function also dependson what channelinformationis available at the
transmitter Underone scenariothe transmitterknows only the averagechannelSNR
but notthe CSl, thereforeno closed-loogpower controlcanbe conductedo compensate
for small-scaldading.Underanotheiscenarioanestimateof the CSl (e.g.,theestimate
of theaveragefadingpower | (i, k)|? for thek-th pacletin thei-th frame,whichmaybe

obtainedfrom the delayedvaluefor the previous paclet) is availableat the transmitter
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throughfeedback,so closed-looppower control can be conductedto compensatdor
small-scalefading, and p is actually a function of (|k|2 - P,). Under both scenarios,
eitherthefunction p of P; or thatof (\iz|2 - P;) canbeestimatedrsia simulations.

Now we arereadyto describeour power allocationalgorithms.

6.3.1 ProposedPower Allocation Algorithm 1

We proposea power allocationalgorithm that allocatesthe transmissiorpower in a
frame so that D¢ is minimized while satisfyingthe total averagepower constraintin
the frame. Considering(6.5) and (6.8) andthe assumptiorthat i, is a constantfor all

frames the objectve becomes

N,
1 2
minimize i, k)d°(i, k 6.9
im NMB,;”( )d“(i, k) (6.9)
1
subjectto N P,(i,k) < Pry (6.10)
b =1

wherePry istheconstrainfor theaveragepowerin thesequenceAs mentioneckarliet
p(i, k) is afunctionof P,(i, k).

This problemcan be corvertedto an unconstraineaptimizationproblemus-
ing the Lagrangianrelaxationmethod. Given a Lagrangianmultiplier A\, we have the

following costfunction:
N;
Ji =Y {pli, k)d(i, k) + APy (i, k) }. (6.11)

k=1

Minimizing this costfunction can be achiezed by minimizing eachof its components



92

andsummingthemup:

Hfl)ln {Z[p i,k)d°(i, k) + APy(i, k)] }

Mz

min {p(i, K)d°(i, k) + \P.(i, b} (6.12)

PR

Dependingon whetherthe CSl estimates availableat the transmitter A canbe

determinedasfollows.

e Casel: Only the averagechannelSNRis available

As discusseckarlier in this case,p(i, k) is a function of P;(i, k). Assuminga
delay of one video framein encodingis tolerable,an optimal A can be found
basedon all the sourceand channelinformationfor the framethat is available
at the transmitter The procedurds asfollows: For a given A, the power profile
P; canbe determinedrom (6.12). By varying A andfinding P; thatsatisfieghe
averagepower constraint(6.10), the problemof (6.9) and (6.10) can be solved

numerically Furtherdiscussion®n the Lagrangiarmethodcanbefoundin [57].

e Case2: The CSI estimateis available

Assumethat |i(i, k)|? is available at the transmitter then as discussecearliet
p(i, k) becomesa function of |h(i, k)| - P,(4, k). Unlike in the previous case,
wherethe solutionto the optimizationproblemdoesnot dependon ary instanta-
neouschannelinformationso that an optimal A canbe chosento meetthe con-
straintof (6.10)for the i—th frame, herea sub-optimal\ needso be choserfor
eachpaclet basedn informationavailableup to thatpaclet. A simplealgorithm

is usedto update) ateachpacletin thei— frameasfollows:
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(6.13)

> i1 (Pi(i,§) — Pra)

Aiks1 =Nk | 1 =
k+1 k ( + % Prr
where« is a small positive number(e.g. 0.02 for the simulationsdescribedn

Section6.4 at 70 mph)which shouldbe proportionalto the mobile speed.

6.3.2 ProposedPower Allocation Algorithm 2

In the previous algorithm, the averagetransmissiorpower is constantin all frames,
regardlessof the error sensitvity of eachframe. Now we consideran algorithmthat
allows the averagetransmissiorpower to vary from frameto frame,andthatallocates
more power to the more errorsensitie frameswhere high motion or frequentscene
changeoccurs.

We proposea power allocationalgorithmthat minimizesthe averagetransmis-
sionpowerin avideoframesothat Dy is no greateithanagiventhreshold.Considering
(6.5) and(6.8) andthe assumptiorthat y; is constantfor all frames,the objective be-

comes

N;
L 1
minimize - Z (6.14)
N;

Z i,k)d(i, k) < Drg (6.15)
k=

-,

subjectto
: NMB

whereDry is thethresholdfor the distortioninducedby channelerrorsin eachframe.
Note that there exists certain symmetrybetween{(6.9), (6.10)} and {(6.14),
(6.15)}. ExchangingP;(i, k)/N; and p(i, k)d“(i, k) /Ny g in thefirst setof equations
leadsto the secondsetof equationsgxceptfor a differenceof constantdbetweenPr
and Dy y. As aresult,this problemof (6.14)and(6.15)underthe two scenario®f the

CSlavailability canalsobe solvednumericallyin a similar way to thatin Section6.3.1.
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Thealgorithm’s detailsareomittedheredueto spacdimit.
In orderto comparethis algorithmwith the previousalgorithm, Dy is selected

for thesequenceuchthat -1 S5 S| Py(i, k) = Pra.

In orderto comparethe above joint codingandpower allocationalgorithmsun-
derthe secondscenarioof the CSl availability with corventionalschemesvherepower
controlandsource/channalodingare separatelydesignedyve describea corventional
power controlalgorithmhere.In this algorithm,the transmittertriesto adjustthetrans-
missionpowerin orderto compensatér channefadingusingthe CSl estimateateach
paclet, while maintaininga fixedaveragetransmissiorpower. Thatis, thetransmission

power for the k—th pacletin thei—th frameis specifiedaccordingo

P k) = fﬂ (6.16)

>
—~~
\.@ .
™
~—

N

where P,(i) is the target recevved power for the frame. P, (-) canbe adjustedat the
endof every frame by a fixed stepsize(e.g. +0.02 dB) to satisfy the averagepower

constraintPry.

6.3.3 Analysisof the Power-Distortion Tradeoff

Assumethatthe CSl estimatds availableat thetransmitter Furthermoreassumehat

p(i, k) = b[Py(i, k)| h(3, k)] (6.17)

wherea andb are positive constantdo be determinedhroughsimulationsand curve-
fitting, andfunctionsof channelcoderater., mobile speedandCSl availability.

Considerthe optimization of the power-distortion tradeof for the whole se-
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guenceunderthe averagepower constraint:

Np N;
J = 3" up(i, k)de(i, k) + APy(i, k)] (6.18)
=1 k=1
1 Nr N;
subjectto > Pi(i,k) = Pry. (6.19)
Zi:l N; i=1 k=1
Letting % = 0 yields
(5 —2a Jjc (s
Pt(l, k) — [:U’a’b‘h(za k)‘ d (7” k)]l/(a-l-l)‘ (620)

A

Substituting(6.20)into (6.19),we have

AT = Pri : . (6.21)
S Lt S [mabl (i, ) ~2ede(i, k)] o)
Combining(6.21)and(6.20)yields
7 (s —2a Jjc (s 1/(a+1)

b S0 S R B (i, ) e

It canbe easilyverifiedthat(6.22)satisfieshe averagepower constraint(6.19).
If the CSlis not availableat the transmitter we may set|h(i, k)| to 1 in (6.17).
Notethatin this casethe constants: andb may have differentvaluesfrom thosein the

caseof CSl beingavailableatthetransmitter Thenwe have

dc(i, k)l/(a-i—l)

e L Loy de(i, b))

P k) = Pry. (6.23)

If only the CSlbut no sourceerrorsensitvity informationd<(i, k) is availableat



96

MPEG4
WORLD

faltl

(a) Motherand Daughter Framel5 (b) News FramelO

Figure6.3: Video Sequenceblsedin Simulations
thetransmitteywe maysetd®(i, k) = 1 in (6.22)andobtain

|h (3, k)| =2/ @+
L e S |A(G, k)| 2e/ (et )

N
Zi:Fl Ni

Pru (6.24)

Pt(ia k) =

which canbe usedto evaluatethe performanceof power allocationbasedon the CSI

alone.

6.4 Experimental Resultsand Discussions

We usetwo well-known QCIF video sequence# the simulations: one low motion
sequencélotherand Daughter andonehigh motionsequenc@&lens. A frameof each
sequenceés showvn in Figure6.3. Both sequenceare codedat 10 fps for 100 frames,
andthe datarateis 200 Kbits/sec. The lengthof a channelpaclet NV, is chosento be
about400 bits, andit mayvary slightly correspondingo differentRCPCcoderates.

As pointedin [73], intracodingandFEC canbe exchangedo someextentwith-
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out causingsignificantperformancdoss. This is especiallytruewhenthe FECratecan
be optimally selectedor a givenintra codingrate. For simplicity, we usea fixed re-
freshingrateg = % in the simulations unlessnotedotherwise.Eachframeis encoded
with a fixed quantizationstepsize, which is adaptedrame by frameto meeta given
targetbit budget.

In the simulationsa normalizedflat Rayleighfadingprocesss generatedising
the Jalkes’ Model. Assumingf. = 900 MHz, v = 70 mph, andthe datarate B = 200
Kbits/secthenormalizedDopplervaluefp /B = 4.67 x 10~*. BPSKmodulationis em-

ployed. Consideringhe useof two transmitantennasvith eachsubjectto independent

fading,the SNRis definedasy = gf% = f—% whereF, is the enegy of the transmitted
PSK signal averagedover the video sequenceando? is the varianceof the Gaussian
noisealong eachdimension. This parameteican be usedto indicatethe level of the
averagetransmissiorpower.

TheY-componentP SN R valueis givenby

2552
PSNRy = 10log,, —— (6.25)
Dy

where Dy is the meansquaredlifferenceof the luminancevaluesbetweerthe original
frame (or sequenceandthe correspondingeconstructedrame (or sequence)Unless
specifiedotherwise the simulationresultsare averagedover 50 differentchannelreal-
izations.

FromFigure6.9to Figure6.12,it isassumedhatthe CSlestimatdor thecurrent
paclet |k (i, k)|? is availableatthetransmitter soclosed-loogower controlis employed
to combatRayleighfading. For all otherfigures,it is assumedhat only the average
SNRis known at the transmittey and the CSI estimateis available at the recever but

not atthetransmitteysono closed-loogower controlis conductedo combatRayleigh
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Figure6.4: PerformancdResultsvs. ChannelCodelndex

fading. Underboth scenariosthe probability of paclet lossfor a given channelcode
rateis determinedhroughsimulationsandmodeledthroughcurve-fitting.

In Figure6.4,the performanceesultsfor severalchannekoderatesatthe same
SNR (y = 15 dB) are showvn for Mother and Daughter We can seethat the best
resultsoccurwhenthe channelcoderate is chosensuchthat the averagepaclet loss
ratein the sequence’, ~ 1% for the constantpower algorithm. A too low P, may
consumeoo muchratefor channelcodingandalsoleave power allocationlittle room
for improvement;atoo high P, may causdarge channel-inducedistortion,andin this
casepower allocationgiven certainaveragepower constraintswill notbe of muchhelp
either As confirmedby simulationsto be usuallya goodchoice,andfor simplicity, we
will choosethe channekoderatethatgives P, ~ 1% for the constanpower algorithm,
unlessnotedotherwise.Thenthe sourcecodingparameteraredeterminedaccordingly
by arate-controklgorithmto meetthebit budget.

In Figure6.5 andFigure 6.6, the PSNRresultsvs. the frameindicesarecom-
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Figure6.5: PSNRvs. FrameNumberfor Motherand Daughter

paredbetweerthe constanpower algorithmandproposedyower allocationalgorithms
aty = 15dB andn. = 4 (r. = 1/2) for a channelrealization. It canbe seenthat
the proposedalgorithmsgreatlyreducethe performancelegradationcausedy channel
fading.In Figure6.7 andFigure6.8,theaveragePSNRresultsvs. the SNRsareshavn.
At thegivenSNRs,on averagethefirst proposedower allocationalgorithmis 0.37 dB
and0.68 dB betterin PSNRthanthe constanpower algorithmfor Motherand Daugh-
ter and News respectiely; andfor the secondproposedpower allocationalgorithm,
the improvementis 0.57 dB and(0.85 dB on average respectiely. More importantly
the proposedalgorithmsreducethe performancevariationfrom frameto frameanden-
hancethe subjectve quality significantly Also shavnin thefiguresarethe performance
resultsof power allocationbasedon (6.23),which requiresthe knowledgeof the video
paclet error sensitvity informationfor the whole video sequence&ndcansere asan
upperbound(in termsof PSNR)to practicalpower allocationalgorithms. On average
this boundis 0.59 dB and0.91 dB betterthanthe constanpower algorithmfor Mother

andDaughterandNews respectrely.
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Figure6.6: PSNRvs. FrameNumberfor News

In Figure6.9andFigure6.10,theaveragePSNRresultsvs. the SNRsareshovn
wherethe proposedalgorithmstake advantageof the estimatef the averagechannel
fading power available at the transmitter For simplicity, an estimateof the average
channelfadingpower for a paclet is obtainedby usingthe actualvalue of the average
channelfadingpower for the previous paclet. At the given SNRs,on averagethefirst
proposedoower allocationalgorithmis 0.54 dB and1.16 dB betterin PSNRthanthe
cornventionalclosed-loogpower controlalgorithmfor Motherand DaughterandNews,
respectrely; andfor the secondoroposegower allocationalgorithm,theimprovement
is 0.72 dB and 1.25 dB on average,respectiely. Also shavn in the figuresare the
performanceesultsof power allocationbasedon (6.22),which requiresthe knowledge
of thesourceerrorsensitvity informationandthe CSlfor thewholevideosequencand
canseneasanupperbound(in termsof PSNR)to practicalpowerallocationalgorithms.
Onaveragethisboundis 0.76 dB and1.38 dB betterthanthecorventionalpower control
algorithmfor Motherand DaughterandNews respectrely.

In Figure6.11andFigure6.12,we assumehatthe CSlis availableatthetrans-
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Figure6.7: Performancdrkesultsfor Motherand Daughter

mitter and the channelcoderate is fixed with r. = 1/2 for transmissiorof Mother
and DaughterandNews respectiely. As the averagetransmissiorpower reducesthe
channelerror rateincreasesndthe overall performancedropssharply In additionto

the"Bound” curvesdeterminedoy (6.22),the boundcurvesdeterminedoy (6.24)and
labelledas”Bound w/o Using d¢(i, k)", arealsoshown in the figuresto indicatethe
amountof improvementobtainableusing optimal power control alonewithout taking
adwantageof thesourceerrorsensitvity information. It canbe seerthatathigh channel
block error rate, properly allocating power using the CSI alone canimprove the per

formancesignificantlyoverthe corventionalpower controlalgorithm. This obsenation
is similar to thatin [48]. However, whenthe channeblock errorrateis low, allocating
powerusingCSlalonedoesnothelpmuch,andmostof theoverallgainsfrom allocating

power canbeattributedto the useof the sourceerrorsensitvity information.
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Figure6.8: Performancdresultsfor News

6.4.1 Impact of Individual Componentsof the ProposedScheme

Theproposegowerallocationschemeonsistof severalessentiatomponentssuchas
adaptve channelcoding, fixed-lengthpaclet structure andpower allocationon paclet
level, etc. We will studytheimpactof eachindividual componenbn the systemper
formanceby comparingt with alternatve designs We assumen thefollowing experi-
mentsthatonly the averageSNR but no CSl estimatas known at the transmitter

In Figure6.13, a fixed channelcoderate schemds consideredandits perfor
manceresultsarecomparedvith thoseof the proposedschemewherethe channekode
rateis selecteasedn thechannelSNR.For eachschemetwo curvesfor theconstant
power algorithm andthe secondproposedoower allocationalgorithmare includedin
theplot; the curve for thefirst proposegower allocationalgorithm,whichis notshaovn
in the plot, would lie in between.lt canbe obsenedthatwhenusinga fixedr. = 1/2,
the performancealeterioratesnuchfasterthanthe adaptve r. schemeasthe SNR de-

creasesAlso shavnin thefigurearethefixed+. performanceurvesfor intra-refreshing
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Figure6.9: PerformancdResultsfor Motherand Daughterwith CSI

rateg = % insteadof g = % It canobsenedthata higherintra-refreshingatewould
decreasé¢he performancdossof thefixedr. schemeatlow SNRs. However, evenun-
derthatcase power allocationcannotcompensatéor all of the performancdossdue
to the mismatchbetweerthe fixed channelcoderateandthe optimal onefor the given
channelSNR.Thisindicateshatwhile transmissiorpower allocationis useful,it is not
areplacementor adaptingchannekcodingto thechannelSNR.

In the proposedschemea fixed-lengthpacletizationstructurewith a headeras
shawvn in Figure 6.2 is usedto facilitatethe decodetto recover from channeldecoding
errors. In orderto evaluatethe efficiencgy of this schemewe consideran alternatve
schemewherea slice structureheaderis addedto eachcodedMB (i.e. any MB that
is not skipped)in the H.263 streamusingAnnex K [32] but no headeffor fixed-length
pacletizationis used. This incursadditionaloverheadn the sourcecodedstreambut
savesthe overheadfor the fixed-lengthpaclet header In Figure 6.14, the resultsof
thetwo schemesrecomparedor Motherand Daughter Whentransmissiorpower is

allocatedto pacletsof the samelength,the performancenf the proposedschemes on
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Figure6.10: PerformancéResultsfor Nevswith CSI

average).60 dB betterthanthe schemaewith theslice structure.

In the proposedschemefransmissiorpower is allocatedto pacletsafter FEC.
For comparisonpurposeswe consideranotherschemein which power is allocated
on the MB level without FEC, sinceallocating power on the MB level canbe read-
ily achievedwhenFEC s not used. In orderfor the decoderto recover from channel
errors,a slice structureheadelis insertedto every codedMB. Sincethelengthof MBs
is variable,we take it into accountwhen calculatingthe averagepower in a frame for
power allocation.Comparisorresultsfor thetwo schemesreshovn in Figure6.15for
Mother and Daughter Eventhoughthe 1.38 dB performanceamprovementobtained
from power allocationfor the MB schemas greaterthanthe 0.49 dB improvementob-
tainedfrom power allocationfor the fixed-lengthpacletizationschemewith FEC, the
absoluteperformancef thelatteris still muchbetterthanthatof theformer, especially
whenthe channelSNR is low. This justifiesthe useof FEC in the power allocation
schemes.Power allocationon the MB level with the useof FEC may requireside-

channeinformationonthe MB lengthsandis notconsideredere.
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Figure6.11: Performancéresultsfor Motherand Daughterwith CSlandFixedr,

Lastly, we considerallocatingpower ontheframelevel, in which casethetrans-
missionpower is constanfor eachvideoframebut canvary from frameto frame. The
frame-level allocationis performedby choosingthe minimum transmissiorpower for
thei—th framesubjectto the distortionconstraint(6.15) for the frame. In Figure6.16,
theframe-level allocationresultsarecomparedvith thoseof the paclet-level allocation
usingthe secondproposedalgorithmfor Motherand Daughter While the averageim-
provementis 0.57 dB for the paclet-level power allocationalgorithm,it is 0.30 dB for
the frame-level algorithm. This shows that paclet-level power allocationcan provide

betterperformanceahanframe-level power allocation.

6.5 Conclusion

In this chapter we have investigatedthe transmissiorpower allocationapproachfor
wirelessvideotransmissiorundermorerealisticassumptionshanthoseusedin previ-

ouswork. In particular we considera fixed-lengthpacletizationschemeand selecta
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Figure6.12: Performancéresultsfor Newswith CSlandFixedr,

RCPCcoderateto matchthe channelSNR reasonablyvell. Undertheseassumptions
andadoptingaframe-lezel analysisapproachwe proposesimpletransmissiompower al-
locationalgorithmsto take advantageof the differenterrorsensitvity of differentvideo
sgments,with or without the CSl availableto the transmitter In additionto numeri-
cal algorithms,closedform expressionsare also presentedo characterizehe roles of
thesourceerrorsensitvity andthe CSlin optimally allocatingtransmissiorpower. Ex-
tensve simulationresultsdemonstratehe performancemprovementof the proposed
scheme®ver the corventionalschemes Experimentsare also conductedo studythe

impactof the variouscomponent®f the proposedscheme.

This chpaterin part,is a reprintof the materialasit appearsn: X. Tian. Effi-
cienttransmissiorpower allocationfor wirelessvideo communicationsProc. of IEEE
WirelessCommunicationandNetworkingConfeence Atlanta 2004,Vol. 4, pp. 2058—

2063,March2004;andin part,hasbeensubmittedfor publicationas: X. Tian. Efficient
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Figure6.13: Performance&Comparisorof Schemesvith DifferentChannelCodeRates
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transmissiorpower allocationfor wirelessvideo communicationsinderaveragepower
constraints.IEEE Transactionson Circuits and Systemdor Video Technolagy, 2004.
The dissertationauthorwas the primary investigatorand single authorfor thesetwo

papers.



Chapter 7

Futur e Work

In this chapterwe briefly discusssomepossiblefuture researclprojectsin the areaof

source-channedoding,with applicationgo imageandvideotransmission.

7.1 M-ChannelMultiple Description Scalar Quantizer

A majoradwantageof MDSQ [75] is thatit is independenbf the correlationbetween
signalsandthuscanbe very robustwhenappliedto time-varying sourcesor channels.
For M-channelMDSQ, when M is small,this approachmay have certainperformance
adwantageover other MDC methodssuchas polyphaseselectve quantization[40] or
FEC codeswith UEP [54].

In Chapte3, we conductedsomepreliminarystudyof the M -channeMDSQ by
devising somehand-craftedndex assignmentfor imagecodingapplications.n future
work, furtherinvestigationmay be conductedor the M-channelMDSQ problem.The
goalis to designM —channelindex assignmenscheme®f goodperformanceandlow

searchcompleity.

110
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7.2 Joint Source and Channel Coding for Sourceswith
ResidualRedundancyand Channelswith Memory

Residuakedundang atthe sourcecoderoutputrefersto thebit-rateof the sourcecoder
in excessof thesourceentropy. It includesredundang dueto the non-uniformdistribu-
tion of the sourceandredundang dueto thememaoryof thesource.Theseredundancies
can be exploited by a joint source-channetoderto improve the overall performance
over noisychannelg78] [60] [67].

Turbocodeshave beenshownn to be ableto obtainhigh codinggainsevenatlow
SNRs[7]. They have beensuccessfullyappliedto joint source-channalodingsystems
[37] [59] [4]. Therelatively large interleaver in a turbo coding system,while crucial
to its performancegains, may potentially reducethe effectivenessof a joint source-
channeldecoder This type of phenomenonvasobseredin [60] for Markov channels
with no explicit channekodingusedwhereit wasshownn thata codingschemawithout
interlearersmayoutperformthe schemewith interleaversby alargemagin. In [41], the
turbo decodemwasmodifiedfor a Gilbert-Elliot burstchannelmodelto improve the bit
errorperformancebut no sourcecodingwasconsidered.

As future work, the idea of joint sourceand turbo coding for channelswith
memoryandsourcesvith residuaredundang shouldbeexplored,with theresultsbeing

appliedto applicationssuchasimagetransmissiorover wirelesschannels.

7.3 Transmission Power Allocation for Video Commu-
nications Under Peak Power Constraints

In Chapter6, we investigatedransmissiorpower allocationschemedor video coding

subjectto averagetransmissiorpower constraints By varyingtransmissiorpower over
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video pacletsaccordingto their differentdegreesof importancethe end-to-endlistor
tion canbereduced.

Whenthe CSlis known atthetransmittey power controlis oftenusedto reverse
theimpactof thechannefading.However, in practice,in additionto theaveragepower
constraintstherealso exist peaktransmissiorpower constraintg47, 48]. Whenthe
peakpower exceedghatdynamicrangeof the amplifier, the transmittedsignalwill be
clipped,causingperformancealegradation.If the dynamicrangeof the amplifier hasto
beincreasedit will directlytranslatanto significantlymoreexpensve devices,limiting
widespreadndustrialapplications.

As futurework, source-channealodingstrategiesfor videotransmissiorshould

beinvestigateduinderbothaverageandpeakpower constraints.

7.4 Adaptive Transmission Power and Modulation for
Wir elessVideo Communications

In Chapter6, we investigatedhetransmissiompower allocationapproacHhor videocod-
ing for afixedmodulationschemeAs showvnin [28], avariable-rateandvariable-pover
modulationschemeover fadingchannelamay exhibit alarge (5 ~ 10 dB) power sav-
ingsrelative to variable-paver fixed-ratetransmissionThis motivatesusto extendthis
adaptve power andrateconcepto videocodingin futurework, andexaminehow large

theimprovementthejoint source-channelodingapproachmay bring.
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