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Abstract

Spatialmodulation(SM)andquadratureSM(QSM)arepromisingversionsofthesingle-user

multiple-inputmultiple-output(MIMO)systemthatovercometheproblemofinter-channel-

interferencewhichoccursinconventionalMIMOsystems.BothSMandQSMexploitthe

indexoftheactivatedantenna(s)tocarryadditionalinformationtoenhancethetotalspectral

efficiencyofthesystemtransmission.Inthedetection,theSMandQSMsystemsjointly

detecttheindexoftheactivatedantenna(s)aswellasthetransmittedmodulationsymbol,

whichisanexhaustiveprocessespeciallyforhigherordermodulationsandlargesystem

dimensions.Thisexhaustiveprocesscontradictsthedemandsoffuturewirelessnetworks

thatrequirelow-powerconsumptionandlowcommunicationlatency.

Tofulfillthedemandoflow-complexdecodersatthereceiversideforfuturewireless

networks,Iproposethreedifferentlow-complexitydecodersforsingle-userSMandQSM

MIMOsystems.Thesealgorithmsarebasedontheconceptofspheredecodingforthe

tree-searchstructure.Thefirstproposedalgorithmprovidesasignificantreductioninthe

decodingcomplexitywithoptimalbiterrorrate(BER)performance.Thesecondproposed

algorithmprovidesanextrareductioninthedecodingcomplexitywithoutsacrificingthe

optimalityoftheBERperformance.Finally,thethirdalgorithmprovidesaflexibletrade-off

betweencomplexityandBERperformancetobesuitableformosthardwareimplementations.

TheproposedalgorithmsarestudiedintermsofBERperformanceandexpecteddecoding

complexityforthesingle-userSMandQSMMIMOsystems.
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Formulti-userSM-MIMO,alow-costsystemisproposedusingthesparsecodemul-

tipleaccess(SCMA)technique.Theproposedlow-costSM-SCMAsystemsignificantly

reducestherequirednumberoftransmitantennaswithalmostnolossintermsoftheBER

performanceanddecodingcomplexity,comparedwiththeconventionalSM-SCMA.Atthe

receiver,themessagepassingalgorithm(MPA)isemployedtodetectthetransmittedsignals,

whichsuffersfromhighdecodingcomplexityinpracticalimplementations.Toaddressthis

issue,threelow-complexitydecodingalgorithmsareproposedfortheSM-SCMAsystem.

Thefirstalgorithmprovidesthebenchmarkforthedecodingcomplexityattheexpenseofthe

BERperformance.Thesecondalgorithmslightlyincreasesthedecodingcomplexitywitha

significantimprovementintheBERperformance.Finally,thethirdalgorithmprovidesa

near-optimumBERperformancewithaconsiderabledecodingcomplexityreductionwhen

comparedtotheMPAdecoder.Moreover,itsupportstheparallelhardwareimplementation

andstrikesatrade-offbetweendecodingcomplexityandBERperformance.

Morespecifically,thethreelow-complexityreceiversforthesingle-userSMandQSM

MIMOsystemsareintroducedinChapters2,3,4and5.InChapter2,thefirstlow-

complexityalgorithmforsingle-userQSM-MIMOsystemisproposed.Thesecondlow-

complexityalgorithmforSM-MIMOsystemisintroducedinChapter3,andisanalyzedin

Chapter4.Thereliabledecoderforsingle-userSM-MIMOsystemisproposedinChapter5.

Formulti-userSM-SCMA,thelow-costsystemisproposedinChapter6;atthereceiverside,

thethreelow-complexitydecodersfortheSM-SCMAsystemareproposedandanalyzedin

Chapter7.
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Chapter1

Introduction

1.1 Background

In1874,GuglielmoMarconi,thefatherofradiofrequency(RF)signals,wasborninItaly.At

anearlyage,hewasinfluencedbyHeinrichHertzwhotriedtotransmittheelectromagnetic

wavesthroughtheair.Followingnumerousunsuccessfulattempts,Marconiwasfinallyable

tosendawirelesssignalacrosstheAtlanticin1901,drawingtheworld’sattentiontoa

groundbreakingfieldoftechnology.ThesiteofMarconi’sexperimentisstillavenuefor

touristsattheSignalHillinSt.John’s,Newfoundland,andcontinuestobeawitnesstoone

oftheremarkableinventionsforhumanity.AboutthreeyearsafterMarconi’sexperiment,

specificallyin1904,JohnFleminginventedthethermionicdiodewhichhasbecomean

essentialcomponentinwirelessdevices.MarconiandFlemingneverknewthattheywere

abouttoforeverchangethefaceoftheworld.Sincethen,numerousuniversities,researchlabs

andindustrialcompanieshavededicatedresourcestoimprovethewirelesscommunication

systems.

Currently,wirelesstechnologyisanessentialpartoflife.Peoplerelyheavilyontech-

nologyformostoftheirdailylife,suchasforecastingtheweather,followingthenewsall

1



overtheworld,communicatingwitheachother,controllinghousesandindustrialprocesses

remotely,etc.Recently,therehasbeenasignificantpressureonscientistsandengineersto

addmoreadvancedandrobustelementstothewirelesssystemstoaccommodaterelentlessly

increasingdemands.Onesuchpromisingelementisthemultiple-inputmultiple-output

(MIMO)system.

1.2 MIMOSystems

TheMIMOcommunicationsystemwasproposedin1970asamulti-channeldigitaltrans-

missionsystemforwiredcommunicationsystems[1].In1993,theMIMOsystemwas

proposedforwirelesscommunicationsasamultiplexingschemethatcanincreasetheoverall

systemdatarate.Thiscanbeachievedbydividingthehigherdatarateintoseverallow-data

ratesignalsandtransmittingthemfrommultipleantennas.Atthattime,theapplicationof

MIMOwaslimitedsincethesizeofantennaswasrelativelylarge,andthebuildingofa

wirelesssystemequippedwithmultipleantennaswasinfeasible.Inthelasttwodecades

andaftertherevolutionofantennamanufacturing,MIMOhasreceivedtheutmostattention

frombothacademiaandindustry[2].Sincethen,MIMOhasbecameakeytechnologyfor

wirelesscommunicationsystemsthatrequirehighdatarates/spectralefficiencytransmission

[3].

ThedownsideofincreasingthespectralefficiencyanddatarateusingMIMOsystemsis

anincreaseintheimplementationcostanddecodingcomplexity.Thisisduetothefollowing

reasons:

1.Presenceofinter-channelinterference(ICI)becausealltransmitantennasarerequired

tobeactivatedatthesametime,whichdegradestheperformance.

2.Needforinter-antennasynchronization(IAS).
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3.PresenceofmultipleRFchains,whichincreasestheoverallcostofthesystem.

4.Highdecodingcomplexitywhentheoptimumdecodersareemployedtodecodethe

transmittedsignals.

TheabovedrawbacksofMIMOsystemslimittheirapplicationforseveralwirelesscommu-

nicationsystems.ThesingleantennasystemavoidsthedrawbacksoftheMIMOsystemat

theexpenseofreducedspectralefficiency,absentmultiplexinggain,lessservedusers,etc.

Therefore,anovelwirelesstechnologythatliesinbetweenthesingleantennaandMIMO

hasbeenlaunchedinrecentyears,namelyspatialmodulation(SM).

1.3 Single-UserSpatialModulation

SMisapromisingtechniquethathasbeenrecentlyproposedtoovercometheMIMO

drawbacksforpossibleapplicationtothenextwirelessgenerations[4]-[7].SMisatype

ofMIMOsystemthatexploitstheindexofthetransmitantennastodeliveranextrapartof

theinputbit-stream,inadditiontotransmittingthemodulatedsignal.Thiscanbeachieved

byactivatingonlyonetransmitantennaatatime,andthensendingthemodulatedsignal

fromit.Therefore,theSM-MIMOsystemutilizestheuniquenessandrandomnessofthe

wirelesschanneltodeliveradditionalinformation.Uponimplementingthisbrilliantidea,

theSMsystemcompletelyeliminatestheICIanddoesnotrequireIASsinceonlyoneRF

chainisusedatatime.Besides,theSMsystemhasalowerimplementationcostcompared

tothetraditionalMIMOsystem,anditprovidesabetterspectralefficiencycomparedtothe

traditionalsingleantennasystem.

3



1.3.1 SMFunctionality

TheSM-MIMOsystemactivatesonlyoneantennaatatimetoavoidthedrawbacksof

multipleantennassystems[8].Fig.1.1showsthetridimensionalconstellationdiagramof

theSM-MIMOsystemforfourtransmitantennasandfourmodulationsymbols.Assumethat

thecurrentinputbit-streamis1110;thefirsttwobits(i.e.,11)activatethe4-thantenna,while

therestofthetransmitterantennasradiatenopower.Themodulatedsymbolcorresponding

tothesecondtwobits(i.e.,10)isnowreadytobetransmittedfromthe4-thantenna.Itis

worthnotingthatboththerealandimaginarypartsofthemodulatedsymbolaretransmitted

fromthesameactiveantenna(i.e.,the4-thantennainthisexample).

Fig.1.2showsthebit-steammappingintheSM-MIMOsystemforthesameexample

mentionedabove.Asseenfromthisfigure,asingleRFchainisusedatthetransmitterand

isreceivedbyallreceiverantennas.Therefore,noICIoccursduringthetransmission.At

thereceiverside,thesignalisdetectedbyperformingallpossiblecombinationsbetween

thetransmitantennasandmodulatedsymbols,whichisreferredtoasmaximum-likelihood

(ML)decoding.

1.3.2 TheQSM-MIMOSystem

Aspreviouslymentioned,theSM-MIMOsystemovercomesthetraditionalMIMOproblems.

Ontheotherhand,thetraditionalMIMOprovidesabetterspectralefficiencycomparedto

theSM-MIMOsystems.QuadratureSM(QSM)isapromisingvariantoftheSM-MIMO

system,whichemploysthein-phaseandquadraturedimensionstoimprovethespectral

efficiencyoftheconventionalSM[9].Inotherwords,therealandimaginarycomponentsof

themodulatedsymbolaretransmittedfromtwodifferentantennas.Atthereceiverside,the

optimumMLdetectorjointlyestimatesthetwoactivetransmitantennaindicesconveying

thein-phaseandquadraturepulseamplitudemodulation(PAM)aswellasthePAMsymbols.
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Fig.1.3depictsanexampleofthetridimensionalconstellationdiagramoftheQSM-

MIMOsystemforfourtransmitantennasandfourmodulationsymbols.Asshowninthis

figure,therealpartofthemodulatedsymbolistransmittedfromthe4-thantenna,whilethe

imaginarypartofthemodulatedsymbolisdeliveredfromthe2-ndantenna.Thus,thetotal

numberoftransmittedbitsatatimeusingQSMis6,whereastheSMtransmitsonly4bitsat

Im{S(10)}
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1.4 Multi-UserSM

Inpractice,thewirelesscommunicationsystemsincludemultipleusersthatcansharethe

mediumandaccessitbasedonaspecificaccesstechnique.Non-orthogonalmultipleaccess

(NOMA)hasbeenrecognizedasapromisingtechniqueforfuturewirelessnetworks,and

hasreceivedremarkableattentioninrecentyears[10].NOMAcanbeclassifiedmainlyas

power-domainandcode-domain.Thepowerandcodeorthogonalityconstraintsarerelaxed
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formultiple-useraccesstoimprovethespectralefficiencyandincreasethenumberofserved

users.

Inthisthesis,sparsecodemultipleaccess(SCMA)code-domainNOMAisconsidered,

whichwasinitiallyproposedin[11]and[12].IntheSCMAschemethatisshowninFig.

1.4,auniquemultidimensionalcodebookisassignedtoeachusertosharethemediumwith

theotherusers.TheSCMAcodebooksaresparse(i.e.,containzeros)andcarefullydesigned

toprovideagoodperformance.ThesparsitypropertyoftheSCMAcodebooksenables

theapplicationoftheiterativemessagepassingalgorithm(MPA)toprovidenearMLBER

performancewithcomplexitylowerthantheML.TheMPAisaniterativealgorithmthat

maximizestheposterioriprobabilityofeachuser’scodeword.Sincethecomplexityofthe

MPAisstillhighforpracticalimplementations,reducingthedecodingcomplexityisapoint

ofutmostinterestinthiscontext.

1.4.1 SCMAFunctionality

Herein,anillustrativeexampleisdiscussedtoexplaintheconceptofSCMAusingsixusers,

asseeninFig.1.5.Assumethateachuserhasacodebookcontainingfourcodewords,i.e.,

eachusercansendtwobitsatatime.Theusers’codewordsconsistoffoursubcarriers.It

isworthnotingthatallusers’codebooksaredesignedtoallowonlythreeuserstoshare

asubcarrier,asshowninFig.1.5. Moreover,thenumberofnon-zeroelementsforeach

codewordisfixed(e.g.,twointhisexample).

Supposethatthesixusersneedtotransmitthefollowingtwobitsperuserinitsorder:

01,00,11,00,10,01.Thus,thesecondcodewordthatcorrespondsto01inthefirstuser’s

codebookwillbetransmitted,andsoonfortherestoftheusers. Now,thecomposite

transmittedsignalofthesixusersisrepresentedbyacomplexvectorwhichconsistsoffour

elements.Eachelementofthecompositetransmittedvectorcomesfromthreedifferent

users.
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Atthereceiver,thedecoderutilizesMPAtodetectthetransmittedcodewordforeach

user,giventhatthecodebooksforallsixusersareknownatthereceiverside.TheMPA

iterativelymaximizestheposterioriprobabilityofeachuser’scodeword,andestimatesa

solutionthatcorrespondstothemaximumaposterioriprobability.

1.4.2 TheSM-SCMASystem

Withtheincreasedneedforhighspectralefficiencytransmission,theconventionalMIMO

assistedbytheSCMAschemebecomesinfeasibleduetoitscomplexity.Besides,theMIMO-

SCMAsystemsuffersfromthesameproblemsasthetraditionalMIMOsystems,suchasICI

andIAS.Recently,themulti-userSMhasbeenassistedbySCMA(SM-SCMA)toprovidea

highspectralefficiencytransmissionandovercomethetraditionalMIMO-SCMAproblems

[13],[14].InanSM-SCMAsystem,partoftheinputbit-streamactivatesonlyonetransmit

antenna,whiletherestselectstheusercodewordtobetransmittedfromthatactiveantenna.

Thus,noICIoccursandthereisnoneedforIAS,whichwouldbeotherwiserequiredfor

MIMO-SCMA.Unfortunately,thehighnumberofrequiredtransmitantennasinSM-SCMA

andthehighcomplexityoftheMPAimplementationrendersitunsuitableformanyhardware

implementations.

1.5 PotentialApplicationsofSMtoEmergingCommuni-

cationSystems

•Millimeter-wave(mmWave)communicationisapromisingwirelesscommunication

systemthataccommodatesincreasinglyhighdataratesandspectralefficiencyservices

[15],[16].However,itsuffersfromhighpropagationlosssinceitworksinhigh-

frequencybands.Oneoftheproposedsolutionstotacklethisproblemistoapply
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beamformingtechnologywithalargenumberofantennastocompensateforthe

introducedpropagationloss.Unfortunately,theuseofamassivenumberofantennas

(i.e.,alargenumberofRFchains)increasesthecostofthetransceiver,whichlimits

thepracticalimplementation.Besideshybridpre-coding,currentlyconsideredto

reducethenumberofRFchainsinmassiveMIMOsystems,SM-MIMOsystemis

apromisingcandidateforthemmWavecommunicationsystemsthatusesalimited

numberofRFchains.TheSM-MIMOsystemformmWavesystemsisstudiedinsome

recentresearchworks[17]-[21].

•Visiblelightcommunication(VLC)isarecentandfavorabletechnology,whichattracts

RF-freeworkingenvironments,suchasairports,hospitals,etc.[22],[23].Usually,

mostoftheplacesareequippedwithalargenumberofLEDs,whichmakesMIMO

feasibleforintegrationwiththeVLCtechnology.Therefore,theSM-MIMOsystemis

alsoanauspiciouscandidateforVLCtechnology,whichisstudiedinrecentresearch

works[24]-[29].

•TheSCMAsystemisacode-domainNOMAthatprogressivelysuffersfromhigh

decodingcomplexityasthenumberofservedusersincreases.Moreover,thedesignof

theuser’scodebookbecomesanissuewhenthespectralefficiencyincreases.SMis

consequentlyapropitiouscandidatewhenitcomestoincreasingthespectralefficiency

withoutchangingtheuser’scodebookwhileatthesametimemaintaininganaffordable

decodingcomplexity[13],[14].
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1.6 MotivationandOutline

Motivation

Efficientsystemdesignisanimportantissueinfuturegenerationsofwirelesscommunication

systems[30],[31].Anexampleisthedesignoflow-complexityreceivers:thesenotonly

decreasethecommunicationsystemlatencybutalsoreducethereceiverpowerconsumption,

whichleadstoincreasedbatterylifetime.

Basedontheaforementioneddiscussionsregardingthesingleandmulti-userSMsystem,

thefollowingresearchproblemsareinvestigatedinthisthesis:

•Efficientreceiversareproposed,whichreducethedecodingcomplexityoftheMLfor

thesingle-userSMandQSMsystems.Theseefficientreceiversreducethedecoding

complexitywithoutsacrificingtheBERperformance.

•Afullassessmentoftheseefficientreceiversisperformedtoevaluatetheirbehavior.

•Acompleteanalysisoftheexpecteddecodingcomplexityoftheefficientreceiversis

provided.

•Areliabledecoderisproposedtofitawiderangeofpracticalapplicationswithspecific

requirementsforbothoperationandhardwareimplementation.

•Anefficienttransmitterformulti-userSM-MIMOassistedbySCMAisproposed.

Thisefficienttransmittershouldovercomethehighnumberofrequiredantennasfor

theexistingSM-SCMAsystem.

•TheefficienttransmitteroftheSM-SCMAshouldtakeintoconsiderationthedecoding

complexityandBERperformance,comparedtotheexistingSM-SCMAsystem.

•Efficientreceiversshouldalsobeconsideredforthemulti-userSM-SCMAsystem.
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Thesereceiversshouldprovideaconsiderablereductioninthedecodingcomplexity

withanacceptableBERperformance.

Thesisorganization

Therestofthisdissertationisorganizedasfollows:Chapter2proposesalow-complexityde-

codingalgorithmforsingle-usersquareQSM-MIMO.Chapter3proposesalow-complexity

algorithmforgeneralQSMandSMsingle-userMIMOsystem.Chapter4providesfurther

investigationsofthealgorithmproposedinChapter3intermsofexpecteddecodingcom-

plexityandbehaviorofthealgorithmforperfectandimperfectchannelstateinformationat

thereceiverside.Chapter5proposesareliabledecoderforsingle-userSM-MIMOsystems.

Alow-costmulti-userSM-MIMOsystemissubsequentlyproposedinChapter6withtheaid

oftheSCMAtechnique.Low-complexitydecodersfortheSM-SCMAsystemareproposed

inChapter7.Finally,thethesisisconcludedinChapter8.

1.7 Contributions

Motivatedbythepreviousdiscussion,Ihaveidentifiedandinvestigatedthefollowing

researchpointsinbothsingle-userandmulti-userSM-MIMOsystems:

1.Ihavedesignedalow-complexitydecoderforasingle-usersquareQSMsystem

[32].ThisalgorithmguaranteestheoptimalMLBERperformancewithasignificant

reductioninthedecodingcomplexity,comparedtotheMLandotherconventional

algorithms.Moreover,theexpecteddecodingcomplexityoftheproposedalgorithmis

derived.

2.Ihaveproposedalow-complexitydecoderforsingle-usergeneralSMandQSM

MIMOsystems[33].Theproposedalgorithmsignificantlyreducesthedecoding
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complexitywithoutsacrificingtheoptimalityoftheMLBERperformance.

3.Ihaveinvestigatedthebehavioroftheproposedalgorithmmentionedinthesecond

pointfromthedecodingcomplexityperspective[34].Theexpecteddecodingcom-

plexityoftheproposedalgorithmhasbeenderivedinthepresenceofperfectand

imperfectchannelstateinformationatthereceiver.Theoptimalityoftheproposed

algorithmismathematicallyproven.Furthermore,differentsimulationscenarioswith

differentspectralefficiencieshavebeenprovidedtoconfirmthefindings.

4.Ihavedesignedareliabledecodingalgorithmthatcaneitherreducethedecoding

complexitywithoptimalMLBERperformanceorprovideaflexibletrade-offbetween

theBERandcomplexityforasingle-userSM-MIMOsystem[35].TheBERand

expectedcomplexityanalysishavebeenderivedandconfirmedwithsimulations.

5.Ihaveproposedanefficienttransmitterforthemulti-userSM-SCMAsystem[36].

Thecompleteformulationsofthetransmitterandreceiverforthenovelsystemhave

beenprovided.ThecomplexityanalysisoftheproposedSM-SCMAsystemhasbeen

studied.Theproposedsystemsignificantlyreducesthenumberoftransmitantennas

requiredtodeliverthesamespectralefficiencyastheexistingsystem,attheexpense

ofaslightincreaseinthedecodingcomplexityandnegligibledeteriorationintheBER

performance.

6.Ihaveproposedthreelow-complexitydecodingalgorithmsforthemulti-userSM-

SCMAsystem[37].Thefirstalgorithmcanbeconsideredabenchmarkforthe

decodingcomplexityattheexpenseoftheBERperformance,whichisstillacceptable

forsomepracticalapplications.ThesecondalgorithmimprovestheBERperformance

ofthefirstalgorithmwiththeaddedcostofaminimalincreaseinthedecoding

complexity.ThethirdalgorithmnotonlyprovidestheoptimalBERperformance

withasignificantreductioninthedecodingcomplexity,butalsoensuresaflexible
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trade-offbetweentheBERandcomplexity.Thesealgorithmssuitawiderangeof

practicalapplicationswithspecificrequirementsforbothoperationandhardware

implementation.Themathematicalformulation,complexityanalysis,andsimulation

resultsareprovidedtosupportthesefindings.
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Chapter2

QuadratureSpatialModulation

DecodingComplexity:Studyand

Reduction

2.1 Abstract

Thischapterpresentsthecomputationalcomplexityreductionofthemaximumlikelihood-

quadraturespatialmodulation(QSM-ML)decoderascomparedwiththeconventionalSM-

ML.Furthermore,anovelreduced-complexity(RC)spheredecoderalgorithm,especially

designedforQSMdecoders,isproposed.ItisshownthattheQSM-RCalgorithmachieves

theoptimumQSM-MLbiterrorratioperformance.UsingMonteCarlosimulationsand

mathematicalanalysis,atthesamespectralefficiencyandwithnotablesuperiorperformance,

itisshownthattheQSM-MLandQSM-RCdecodersprovideatleast50%andupto96%

reductioninthenumberofvisitednodes,respectively,comparedtotheSM-MLdecoder.
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2.2 Introduction

Lowcomplexityrepresentsanimportantrequirementforthenextgenerationofwireless

systems[1].Inpracticalapplications,reducingthecomputationalcomplexityofalgorithms

orsystemsisofutmostimportance,whilemaintainingtheperformancewithinacceptable

limits.

Quadraturespatialmodulation(QSM)isapromisingtechnique[2],whichemploysthe

in-phaseandquadraturedimensionstoimprovethethroughputoftheconventionalSM[3].

Atthereceive-side,theoptimummaximumlikelihood(ML)detector[2]jointlyestimatesthe

twoactivetransmitantennaindicesconveyingthein-phaseandquadraturepulseamplitude

modulations(PAMs)aswellasthePAMs.Thedetectionprocessrequiresahighrunning

cost.

Recently,low-complexitydecodingalgorithmshavebeenproposedforSM[4]-[6],and

surveyedin[7].In[4],[5],thespheredecoder(SD)[8]isappliedtoSMbyemploying

aprunedradius(threshold)whichdependsonthenumberofreceiveantennasandnoise

variance.Estimationofthenoisevariancecanbedoneeitherbasedonpilots/preambleor

blindly[9].Theformerleadstoalossofspectralefficiency,whiletheaccuracyinthelatter

casedependsonthedatalength.Furthermore,thenoisevarianceestimationisrequiredwhen

thechannelenvironmentchanges.In[6],alow-complexityalgorithmhasbeenproposed

forSM.However,thealgorithmrequiresanexhaustivepre-processingsteptocalculatethe

pseudoinverseofthechannelmatrixentries;additionally,theoptimumbiterrorrate(BER)

performanceisnotattained.In[10],theissueoftheexhaustivepre-processingrequiredin

[6]isovercomebyexploitingthesparsitypropertyoflarge-scaleQSMandtheminimum

meansquareequalization.However,thisdoesnotholdforlow/moderate-scaleQSMsystems.

Furthermore,thealgorithmin[10]requiresestimationofthenoisevarianceanddoesnot

providetheoptimumBERperformance.
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Inpreviouswork[2],[10],theauthorshavenotnoticedthattheQSMnotonlyimproves

theconventionalSMBERperformance,butitalsoreducesthedecodingcomplexity.

Inthischapter,thecontributionistwofold:

1)TheQSM-MLdecodingcomplexityisstudied:itisshownthattheQSM-MLreducesthe

complexityoftheSM-MLdecoderbyatleasthalf,atthesamespectralefficiency.

2)Anovellow-complexitySDalgorithmisproposedforQSMsystems;theproposed

algorithmprovides:a)theoptimumMLBERperformance;b)simpleradiuswhichrequires

neitherestimationofthenoisevariancenorexhaustivepre-processing;andc)morereduction

inthecomplexitywhencomparedwiththeexistingalgorithms,iftheyaredirectlyapplied

toQSM.

Analyticalresultsareobtainedforthecomplexityofthealgorithms,andareconfirmedwith

theMonteCarlosimulation.

2.3 TheQSMSystemModel

ConsideranNr×NtMIMOsystem,whichemploysQSM[2],withNtandNrasthenumber

oftransmitandreceiveantennas,respectively.Thecomplex-valuedtransmittedsymbol

st=st+stisdividedintotworeal-valuedPAMs,standst,wherest∈{s1,···,sMQSM},

withMQSMasthemodulationorderofthecorrespondingquadratureamplitudemodulation

(QAM).ThetransmittedsymbolisdeliveredthroughanNr×Ntflatfadingchannel,

H∈CNr×Nt.Thenoisyreceivedvector,y∈CNr×1,isexpressedas

y=hntst+hntst+w, (2.1)

wherehntandhntdenotethetransmittedn-thandn-thcolumnsofH,respectively,and

w∈CNr×1istheadditivewhiteGaussiannoise(AWGN),w∼CN(0,σ2).Notethat,in

thischapter,thesubscriptst, and representtheactualtransmitted,realandimaginary,
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receptively.

AssumingthatthechannelstateinformationisknownattheQSMreceiver,theoptimalML

detectorjointlyestimatesthetwoactivetransmitantennaindices,̂ntand̂nt,aswellasthe

correspondingreal-valuedPAMs,̂stand̂st

n̂t,̂nt,̂st,̂st =argmin
n ,n,s,s

y−hns+hns
2

F
, (2.2)

where .FdenotestheFrobeniusnorm.Eventhough(2.2)isoptimum,itrequiresintensive

computationsduetotheexhaustivesearchoftheMLdetector.

2.4 TheQSM-MLDecoderComplexity

Inthissection,IprovethereductionindecodingcomplexityoftheQSM-MLoverthe

conventionalSM-MLatthesamespectralefficiency.Notethatthecomplexityinthischapter

isdefinedastheaveragenumberofvisitednodes(VNs)necessarytofindthesolution[4].

Consideraspectralefficiencyofη(bit/sec/Hz).InSM,thespectralefficiencyisgivenby

ηSM=log2(NtMSM)[3],whereMSMistheSMmodulationorder.Asdiscussedin[4],[5],

theSM-MLdetectioncanbeconvertedintoatree-searchstructurewiththetotalnumberof

nodesequaltoMSMNtNr.SincetheMLprocedurevisitsallnodes,thecomplexityofthe

SM-MLdetectionisCSM-ML=MSMNtNr.

TurningtoQSM,thespectralefficiencyisgivenbyηQSM=log2(N
2
tMQSM)[2],where

MQSMistheQSMmodulationorder.Hence,theconditionofachievingthesamespectral

efficiencyforSMandQSMisMQSM=MSM/Nt.

TheQSM-MLdetectionoperationisdividedintotwoindependentSM-MLtree-searches;

thefirstandsecondtree-searchesareforthein-phaseandquadraturePAM,respectively.The

in-phaseandquadraturePAMsaredrawnfrom MQSMreal-valuednumbers.Thus,the

complexityoftheQSM-MLdecoderisprovidedbybothin-phaseandquadraturetree-search
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complexities,andisexpressedasCQSM-ML=2 MQSMNtNr.

Therefore,thecomplexityreductionratiobetweentheQSM-MLandtheSM-ML,

RQSM-ML,isgivenby

RQSM-ML=
CSM-ML−CQSM-ML

CSM-ML
=1−

2
√
MSMNt

. (2.3)

Forexample,whenMSM=4andNt=4(ηSM=4),thereductionratioisRQSM-ML=50%.

ItcanbeeasilynoticedthatRQSM-MLincreasesasMSMNtincreases.

2.5 Reduced-ComplexityQSMAlgorithm

Theproposedreduced-complexityQSM(QSM-RC)algorithmisbasedonSD[8],and

employsthetree-searchstructureshowninFig.2.1.Thefigureshowsanexampleof

QSM-RCdecoderforη=4bit/sec/Hz,Nr=3,Nt=2andMQSM=4.Asseen,the

QSM-RCdecodingprocedureisdividedintotwotree-searchesdenotedbyΩ∈{ ,},

withthetree-searchlevelasi∈{1,···,Nr}.ForagivenΩ,thetree-searchbranch,

j∈{1,···,Nt MQSM},isformedfromacombinationofthetransmitantennaindex

n∈{1,···,Nt}andthetransmittedPAMsymbols∈{1,···, MQSM}.

ForagivenΩ,theQSM-RCperformsanMLsearchonlyonpathsthatleadtonodes

withEuclideandistance(ED)lessthanorequaltoaspecificsphereprunedradiusρ2Ω.The

EDatleveliandbranchjisdenotedbydΩi,jandisgivenasd
Ω
i,j= y

Ω
i−(hi,ns)

Ω
j
2
,where

|.|isthemodulusoperation,yΩi∈{y
Ω
1,···,y

Ω
Nr
}isthei-thcomplex-valuedelementofthe

vectoryΩandhi,nistheelement(i,n)ofthematrixH.Notethat,inagivenbranchj,the

accumulatedEDatanynodeisthesumoftheprecedingEDs.

ForagivenΩ,theQSM-RCalgorithmissummarizedinAlgorithm2.1andexplainedas

follows:

Step1:CalculatetheEDsatthefirstlevel(i=1),thenorderthemascendinglytoobtain
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Fig.2.1:Thetree-searchstructurefortheQSM-RCdecoderforη=4bit/sec/Hz,Nr=3,
Nt=2andMQSM=4.

eΩ1,1···e
Ω

1,Nt
√
MQSM

=sort dΩ1,1···d
Ω

1,Nt
√
MQSM

, (2.4)

wheresort(.)istheascendingorderfunction.NotethatthecalculationsoftheEDsofthefirst

levelarecommontootheralgorithms.Thus,thisstepisnotconsideredtobeanadditional

step.

Step2:Visitallnodesofthefirstbranch(j=1)whichstartswitheΩ1,1,toobtainthe

accumulatedEDofthefirstbranch.

Step3:AssignthevalueoftheaccumulatedED,calculatedinstep2,tobetheinitial

valueofρ2Ω

ρ2Ω=
Nr

i=1

eΩi,1. (2.5)

Step4:Sequentiallyvisitthetree-searchbranchesintheorderofthesortedEDsin(2.4),

aslongastheaccumulatedEDofthatbranchisstillinsidethesphere.

Step5:Updateρ2ΩwheneverthealgorithmfindsanybranchaccumulatedEDsmaller

thanthecurrentvalue.

Step6:EstimatenΩtands
Ω
tusing
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n̂Ωt,̂s
Ω
t =argmin

nΩ,sΩ
yΩ−(hns)

Ω
j

2

F
≤ρ2Ω . (2.6)

Notethat(2.5)providesacompletebranchinsidethesphereatthebeginningofthe

decodingprocess,andthentheQSM-RCalgorithmdiscardsvisitingthenexttree-search

branchesbasedonthevalueof(2.5).Thus,theoptimalsolutionwillnotbemissed.Inother

words,thediscardedbranchescannotprovidetheoptimalsolutionbecausetheyalready

haveEDsgreaterthantheEDsofthevisitedbranches,whichguaranteestheoptimumML

BERperformancefortheQSM-RCalgorithm.

2.6 ComplexityanalysisoftheQSM-RC

ThenumberofVNsoftheQSM-RCalgorithmequaltoζ=ζ +ζ,whereζ andζ

representthecomplexitiesofthein-phaseandquadraturetree-search,respectively.Fora

givenΩ,thenumberofVNsisgivenby

ζΩ=Nr+

Nt
√
MQSM

j=2

P
(sort)
1,j

Nr

i=1

P
(inside)
i,j , (2.7)

wherethefirsttermoftherighthandsiderepresentsthenumberofVNswhichisrequired

forcalculatingtheprunedradiusin(2.5),P
(sort)
1,j denotestheprobabilityofsortingnode

(1,j),andP
(inside)
i,j denotestheprobabilityofhavinganode(i,j)insidethesphere.Aslong

asP
(sort)
1,j andP

(inside)
i,j areindependentrandomvariables,thesecondtermoftherighthand

siderepresentsthenumberofVNsinthebranchesfromj=2toNt MQSM,witheach

branchhavingNrnodes.

Hence,asshowninAppendix,thenumberofVNsoftheQSM-RCalgorithmforagiven

Ωis
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Algorithm2.1QSM-RCpseudo-code

•Sort dΩ1,j toobtaine
Ω
1,j asin(2.4).

•Computeρ2Ωasin(2.5).

1:forj=2: Nt MQSM
2:InitiatetheaccumulatedEDDΩj=0.
3:fori=1: Nr

4: ComputetheEuclideandistancedΩi,j= y
Ω
i−(hi,ns)

Ω
j

2

5: SetDΩj=D
Ω
j+d

Ω
i,j.

6: if DΩj≥ρ
2
Ω

7: Gotoline1.
8: end
9:end
10:Updateρ2Ω(ifaccumulatedEDD

Ω
j<ρ

2
Ω).

11:end

•EstimatenΩtands
Ω
tasin(2.6).

•RepeatthesameproceduresfortheotherΩ.

CΩQSM-RC=






ζΩ+ Nt MQSM−1 ζΩ≤ Nt MQSM−1

ζΩ otherwise
. (2.8)

Thus,thetotalnumberofVNsfortheQSM-RCalgorithmisCQSM-RC=CQSM-RC+CQSM-RC,

andthecomplexityreductionratiobetweentheQSM-MLandSM-MLis

RQSM-RC=
CSM-ML−CQSM-RC

CSM-ML
. (2.9)

ItisworthmentioningthatthelowestnumberofVNsthatcanbereachediswhenthe

algorithmvisitsnonodeinsidethetree-search.Inthiscase,thetotalnumberofvisitednodes

islimitedtothenumberofVNsusedinsteps1and3,whichis

CΩmin=Nr+Nt MQSM−1. (2.10)
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Therefore,thetheoreticalupperboundofthecomplexityreduction(UBCR)ratioRUBCR,is

givenby

RUBCR=1−
2(Nr+Nt MQSM−1)

MSMNtNr
. (2.11)

2.7 Numericalresults

Inthissection,IassessthecomplexityreductionoftheproposedQSM-RCaswellasthe

QSM-ML,incomparingwiththeconventionalSM-ML.Theeffectofsortingin(2.4)will

bedemonstrated,andIrefertotheunsortedversionoftheQSM-RCasQSM-URC.The

algorithmproposedfortheSM-SDin[4]willbeappliedfortheQSMforcomparison

purpose;thisisreferredtoQSM-SDandusesthesameparametersasin[4].TheUBCR

in(2.11)iswhatallthealgorithmstrytoachieve.Thepresentedresultsareobtainedby

runningMonte-Carlosimulationsover106Rayleighflatfadingchannelrealizations.Note

thatsimulationsconfirmtheanalyticalresultsin(2.3)andSection2.6.

InFig.2.2,thecomplexityreductionratioofdifferentQSMdecodersisstudiedincase

ofNr=4forη=6bit/sec/HzandMQSM=4(MSM=16).ItcanbeseenthattheQSM-RC

algorithmhasthebestreductionratio;itrequiresonly22dBsignal-to-noiseratio(SNR)

toapproachtheUBCRwhichis92%.At22dBSNR,theQSM-URChasacomplexity

reductionratioof85%,whichshows7%gainobtainedfromthesortingstepintheQSM-RC

algorithm.Fig.2.3showsthenumberofVNsrequiredfordifferentQSMdecodersversus

NtatSNR=10dBandNr=8usingdifferentspectralefficiencies.TheQSM-MLrequires

asmallernumberofVNsthanSM-ML,andtheQSM-RChastheleastnumberofVNs.Fig.

2.3showsthattheproposedQSM-RCisvalidforNt≤NrandNt≥Nr.

Fig.2.4showstheBERperformanceofdifferentQSMdecodersversusSNRforη=

8bit/sec/Hz,MSM=64andNr=4.TheQSM-RCandQSM-URCprovidetheoptimum
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BERperformancesoftheQSM-MLdueto(2.5),whiletheQSM-SD[4]deterioratesat

highSNRduetothedependencyofitsprunedradiusonthenoisevariancewhichbecomes

small.Inthiscase,theQSM-SD[4]visitsfewernodesthanwhatarerequiredtoobtainthe

optimumperformance.Fig.2.5showsthattheQSM-MLcomplexityreductionratiois87%

forallSNRvalues,while20dBSNRisenoughtoallowtheQSM-RCreach96%.Note

that,fromFig.2.2and2.5,thecomplexityreductionincreasesastheMSMincreases,which

agreeswith(2.11).

ItisseenfromthesefiguresthattheQSM-MLsystemreducesthedecodingcomplexity

oftheSM-MLbesideitssuperiorityinBERperformance.However,theQSM-MLdecoding

processisstillexhaustive.TheQSM-RCalgorithmprovidesasignificantreductioninthe

complexitywithoutanylossinBERperformance.

2.8 Conclusion

ThischapterprovidesamathematicalproofofthereductionincomplexityfortheQSM-ML

decoderwhencomparedwiththeSM-MLatthesamespectralefficiency,byatleast50%

ofthenumberofvisitednodes.Moreover,anovelreduced-complexityalgorithmdesigned

forQSMisproposed.UnliketheQSM-RCalgorithm,theexistingSDalgorithmsinthe

literaturehavesomeobstaclesifdirectlyappliedtoQSM.TheQSM-RCprovidestheoptimal

MLBERperformancebyassigningatleastonetree-searchbranchinsidethesphere,and

providesreductionupto96%inthenumberofvisitednodes.

2.9 APPENDIX:Proofof(2.8)

TofindP
(sort)
1,j andP

(inside)
i,j in(2.7),consideruΩi,j=y

Ω
i−(hi,ns)

Ω
jandy

Ω
i=(hi,ns)

Ω
t+w

Ω
i,

where(hi,ns)
Ω
tistheactualtransmittedcombinationelementconsistingofthetransmitted
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PAMsymbolsΩtusingantennawithindexnt,andw
Ω
iisi-thnoiseelementofthewin(2.1).

Thus,(2.6)canbere-writtenas,

n̂Ωt,̂s
Ω
t =argmin

j

Nr

i=1

uΩi,j
2
≤ρ2Ω . (2.12)

NotethatthedistributionoftheaccumulatedEDforanyleveli, i
k=1 u

Ω
k,j

2
=σ

2

2
Ψi,j,

withΨΩi,j=
i
k=1(u

Ω
k,j/(σ/

√
2))2,isanon-centralchi-squareddistributionwithidegreesof

freedom[4],[11].Consequently,thecumulativedistributionfunctionF(.)oftherandom

variableΨΩi,jis[12,(Ch.2)]

PrΨΩi,j≤ψ
2sΩt,nt,H,σ

2 =F
ψ

σ/
√
2

2

,i,

i
k=1 (hk,ns)

Ω
t−(hk,ns)

Ω
j
2

σ2/2
.

(2.13)

Theclosedformexpressionof(2.13)forodddegreesoffreedom,i,isnotavailable.However

thesolutioncanbeevaluatednumerically.Forevendegreesoffreedom,i,thesolutionof

(2.13)isexpressedintermsofthegeneralizedMarcum’sQ-functionas[12,(2.1-124)].

SincesortingprobabilityP
(sort)
1,j in(2.7)canbeexpressedas

P
(sort)
1,j =Prmin e

Ω
1,j,e

Ω
1,j+1,···,e

Ω

1,Nt
√
MQSM

≥eΩ1,j, (2.14)

thesolutionof(2.14)isgivenas[13,(p.325)]:

P
(sort)
1,j =1−

Nt
√
MQSM

n=j

1−PreΩ1,n<e
Ω
1,j , (2.15)

wherethetermPr eΩ1,n<e
Ω
1,j isgivenin(2.13)withi=1.

Now,Icandirectlycalculatetheprobabilityofhavinganode(i,j)atleveliinsidethe

spheregivenaradiusρΩas
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P
(inside)
i,j =Pr ΨΩi,j≤

ρ2Ω
σ2/2

sΩt,nt,H,σ
2 , (2.16)

where(2.16)isevaluatedfrom(2.13).

From(2.7),(2.15)and(2.16),thederivedcomplexityassumesthat,initially,thealgorithm

knowsifthenodeisoutsideorinsidethesphere.However,thisassumptionisinaccurate

andacorrectionfactorisrequiredtoconsidertheinitialVNs.Inotherwords,thenumberof

VNscannotbelessthan(2.10).Toaccountforthis,thenumberofVNsin(2.7)ismodified

asin(2.8),whereNt MQSM−1istheinitialnumberofVNs.
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Chapter3

LowComplexityDecodersforSpatial

andQuadratureSpatialModulations

3.1 Abstract

Inspatialmodulation(SM)andSM(QSM),themaximum–likelihood(ML)decoderprovides

theoptimumsolutionwithhighdecodingcomplexityatthereceiverside.Thischapter

presentsanovellow-complexityalgorithmfordecodingtheSMandQSMsymbols,referred

toasthemin-maxalgorithm.Thisisanintelligentsearchingalgorithm,particularlydesigned

forthetree-searchoftheSMandQSMdecoders.Theproposedalgorithmexpandsthe

minimumEuclideandistance(ED)byaddingasinglenodeateachstep,withoutconsidering

theorderofthebranches.TheexpandingprocessstopsiftheminimumEDoccursattheend

ofafullyexpandedbranch.Itisshownthattheproposedalgorithmachievestheoptimum

MLbiterrorrateperformancewithasignificantreductioninthedecodingcomplexity

comparingwithSM-MLandQSM-ML,aswellasotherexistingspheredecodingalgorithms.

Simulationsandmathematicalanalysisareprovidedtoassessthedecodingperformanceand

complexityoftheproposedalgorithm.
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3.2 Introduction

Low-complexityrepresentsavitalrequirementforthenextgenerationofwirelesstech-

nologies[1].Inreal-timeapplications,atacceptablelimitsofperformance,havinga

low-complexitydetectionisofutmostimportance.

Spatialmodulation(SM)overcomestheinter-channelinterferenceproblemofmultiple-

inputmultiple-output(MIMO)byactivatingonlyonetransmitantennaforeverytime

instance[2].Transmitteddatadeterminestheactiveantenna,aswellasthesymboltobe

transmittedfromtheantenna.Quadraturespatialmodulation(QSM)isanevolvedversion

[3]ofSM,whichutilizesthein-phaseandquadraturedimensionsinordertoenhancethe

throughputoftheconventionalSM.Atthereceiver,theoptimummaximumlikelihood(ML)

detector[2],[3]jointlyestimatestheactivetransmitantennaindicesandsymbols.The

detectionprocedurehasahighrunningcost,especiallyforreal-timeapplications.

Recently,low-complexitydetectionalgorithmshavebeenproposedforSM[4]-[6]and

QSM[7],[8].In[4],[5],thespheredecoder(SD)[9]isappliedtotheSMsystem,and

providestheoptimumbiterrorrate(BER)performance.However,itrequiresknowledge

ofthenoisevariance[10].In[6],[7],low-complexitydecodersareproposedforSM

andlarge-scaleQSM,respectively.However,theproposeddecodershavenotachieved

theoptimumBER.Furthermore,thelatterrequiresknowledgeofthenoisevariance.In

[8],areduced-complexityalgorithmisproposedforQSM,whichprovidestheMLBER

performanceanddoesnotdependonthenoisevariance.However,morereductioninthe

decodingcomplexitycanbestillachieved.

Inthischapter,Iproposealow-complexitydecoderforbothSMandQSMsystems,

referredtoasthemin-max(m-M)algorithm.Themainideaoftheproposedalgorithmisto

performasingleexpansiontotheminimumEuclideandistance(ED)overalltree-search

branches,untiltheminimumEDoccursattheendofafullyexpanded(maximumlength)
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branch.Thealgorithmprovidesasignificantreductionincomplexityintermsofthenumber

ofvisitednodeswhencomparedwithconventionalalgorithmsintheliterature,aswellas

theoptimumBERperformance.

3.3 SMandQSMSystemModels

AssumeIhaveanNr×NtMIMOsystem,whereNtandNrrepresentthenumberoftransmit

andreceiveantennas,respectively.Thecomplex-valuedsymbolxtistransmittedthrough

anNr×Ntflatfadingchannel,H∈C
Nr×Nt,andthereceivedsignalisalsoaffectedby

additivewhiteGaussiannoise(AWGN)withzero-meanandvarianceσ2n,w∼CN(0,σ
2
n).

Thespectralefficiency,ηistheinformationratedeliveredfromthetransmittertothereceiver

foragivenbandwidth.Thereceivedvectory∈CNr×1dependsonthesystem,i.e.,SMor

QSM.

3.3.1 SpatialModulation

IntheSMsystem,asymbolistransmittedfromonlyoneactiveantennaateachtimeinstance.

Theantennaandtransmittedsymbolarechosenaccordingtotheinputdata.Inthiscase,

thetargetspectralefficiency,ηSM,isdeliveredbyusingtwosymbols:thespatialsymbol

andtheconstellationsymbol.Theformerrepresentstheindexoftheactiveantennaduring

transmission,whilethelatterisdrawnfromtheM-aryquadratureamplitudemodulation

(M-QAM).Consequently,ηSM=log2(Nt)+log2(MSM)=log2(NtMSM),whereMSMis

themodulationorderoftheSMsystem.Inotherwords,thenumberofcombinations,Λ,

betweentheNtcolumnsofH(spatialsymbols)andMSMsymbols(constellationsymbols)

isΛ=2ηSM=NtMSM,leadingtoaspectralefficiencyofηSMbit/second/Hertz(b/s/Hz).

Thenoisyreceivedvector,ySM,fortheSMsystemcanbeexpressedas
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ySM=hntxSMt+w=χSMt+w, (3.1)

wherehntdenotesthent-thcolumnofH,whichmeansthattheantennaofindexnt∈

{1,···,Nt}isactivated,xSMt∈{x1,···,xMSM}isthetransmittedsymbol,andχSMt=

hntxSMt∈{χ1,···,χΛ}isthetransmittedcombinationofthespatialandconstellation

symbols.Notethatthesubscripttrepresentsthetransmittedsymbol/index.

Atthereceiver,thetargetistoestimatethetransmittedcombinationχSMt.Assuming

thatthechannelstateinformationisperfectlyknownattheSMreceiver,theoptimalML

detectorjointlyestimatesthetransmittedcombinationχ̃
(ML)
SMt
byemployinganexhaustive

searchoverallpossiblecombinationsas

χ̃
(ML)
SMt
= argmin
χSM=χ1,···,χΛ

ySM−χSM
2
F, (3.2)

where .FdenotestheFrobeniusnorm.

3.3.2 QuadratureSpatialModulation

TheQSMsystemsplitsthecomplex-valuedtransmittedsymbolxQSMt=xQSMt+xQSMt

intoitsin-phaseandquadraturecomponents,xQSMtandxQSMt,andexploitstheorthogonality

propertybetweenthesedimensionstoindependentlydeliverthemtothereceive-side.It

shouldbenotedthateachcomponentistransmittedasinSM,andcanhaveadifferent

channelenvironment.Thenoisyreceivedvector,yQSM∈C
Nr×1,isexpressedas

yQSM=hntxQSMt+hntxQSMt+w=χQSMt+χQSMt+w, (3.3)

wherexQSMt∈{x1,···,xMQSM},withMQSMasthemodulationorder,andhnt andhnt

denotethent-thandnt-thcolumnsofH,respectively.InsquareQSM,theconstellation
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symbolsfortherealandimaginarycomponentsaredrawnfrom MQSMreal-valuednumbers

andtransmittedfromthesamenumberoftransmitantennas,Nt.Thus,theQSMspectral

efficiencyisηQSM=2 log2(Nt)+log2 MQSM =log2(N
2
tMQSM).

Consequently,theMLdecoderin(3.2)becomes

χ̃
(ML)
QSMt

,̃χ
(ML)
QSMt

= argmin
χQSMt

,χQSMt

y− χQSM+χQSM
2

F
, (3.4)

whereχQSMtandχQSMt∈{χ1,···,χΛ}representthetwotransmittedcombinations,and

Λ=Nt MQSM.

3.3.3 TheTree-SearchStructureConcept

Equations(3.2)and(3.4)canbesolvedbyemployingthetree-searchstructure[4],[5],[8].

Fig.3.1providesanexampleofhowthetree-searchisconstructedfortheSMdecoders.

ConsiderIhavea3×2MIMOsystemwithbinaryphase-shift-keying(BPSK).Thespectral

efficiencyinthiscaseisηSM=4b/s/Hzwiththetotalnumberofcombinations,Λ=4.Each

combinationwithindexj∈{1,2,3,4}canberepresentedasabranchwithlengthNr.The

MLalgorithmvisitsallnodesforallbranchestodeclaretheestimatedcombination(with

indexj)whichcorrespondstotheminimumEDatthelastlevel.InSD[9],thealgorithm

discardssomenodesbasedonapre-determinedthreshold,inordertosavecomplexityin

thedecodingprocess.NotethattheQSMtree-searchconsistsoftwoindependentSM-like

tree-searches:oneforthein-phaseandoneforthequadraturecomponent.

3.4 Proposedm-MLow-ComplexityAlgorithm

Inthissection,Iproposealow-complexitydecodingalgorithmforSMandQSMbasedona

smartwayoffindingtheMLsolutioninsidethetree-search,whichisreferredtoasthem-M

40



Discarded 
Node

1h

rN

Visited 
Node

Branch

Level

1j

2h

1x 2x 1x 2x
2j
3j 4j

Fig.3.1:Thetree-searchstructurefortheSM-SDalgorithmforηSM=4b/s/Hz,Nr=3,
Nt=2andMSM=2.

algorithm.UnliketheexistingSDalgorithms,theproposedm-Malgorithmisnotrestricted

toperformafullexpansionforaspecificbranchbeforemovingtothenextone.Itavoids

visitingtheunnecessarynodesbymakingasingleexpansiontotheminimumEDacrossall

branches.Further,itstopsifandonlyifatleastonebranchisfullyexpandedandendswith

theminimumED.

Toformulateitmathematically,letv∈RΛ×1= [v1 ···vΛ]representthevector

ofvisitednodesforeachbranch.Itshouldbenotedthatthevaluevj,j=1,···,Λ,

representsthenumberofvisitednodes(i.e.,levels)forthej-thbranch. Assumethat

d∈RΛ×1= [dv1,1 ···dvΛ,Λ]istheEDvectorforeachexpandedbranch,with

dvj,j=

vj

k=1

|yk−χk,j|
2, (3.5)

wheredvj,jistheEDofthej-thbranchatlevelvjand|.|isthemodulusoperation.

Theproposedm-MalgorithmissummarizedinAlgorithm3.1andexplainedasfollows:

Step1:Initializevbytheall-onesvectoranddbycalculatingtheEDsatthefirst

level d= [d1,1 ···d1,Λ] ,wheretheelementsofdarecalculatedfrom(3.5).In

caseofQSM,them-Malgorithmisappliedtothetwotree-searchescorrespondingtothe

twocomponents,atthesametime.NotethatthecalculationattheEDsofthefirstlevelis
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necessaryforbothMLandSDalgorithms.Thus,thisstepintroducesnoextracomplexity

fortheproposedm-Malgorithm.

Step2:Findtheindex,jmin,whichcorrespondstotheminimumelementvalueofvector

d

jmin=argmin
j=1,···,Λ

{d}, (3.6)

wheremin{d}findstheminimumelementofvectord.

Step3:Incrementthevalueofthejmin-thelementofvectorvbyone

vjmin →vjmin +1. (3.7)

Itshouldbenotedthatthemaximumvalueofvjmin isNr.Inthiscase,Idefine{jmax}asthe

setofindiceswhosevaluesreachedNr,as

{jmax}=arg{vj|vj=Nr,j=1,···,Λ}. (3.8)

Step4:Updatethejmin-thelementofvectordaccordingtotheupdatedvalueofvjmin

using(3.5).Inotherwords,Iexpandthejmin-thtree-searchbranchbyonenode.

Step5:Findjminfrom(3.6)asinStep2,thencheckwhethertheupdatedjminbelongs

to{jmax}ornot.Ifnot,repeatStep2toStep5.Otherwise,gotoStep6.Notethatthisstep

guaranteestheoptimalityofthesolution,asitwillbediscussedinSection3.6.

Step6:Estimatethetransmittedcombination,χ̃
(m-M)
t

χ̃
(m-M)
t =argmin{d({jmax})}, (3.9)

whered({jmax})representstheelementsofdwhoseindicesbelongtotheset{jmax}.

Itshouldbenotedthatthenameof“min-max”comesfromStep6,whichestimatesthe
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Algorithm3.1Theproposedm-Malgorithmpseudo-code.

•Initializev= [1 1···1],jmax=0.

•Computed= [d1,1 d1,2 ··· d1,Λ]asin(3.5).

•Reserveanemptyvectorjmax=[.]asabuffer.

1:forn=1:NrΛdo
2: Findtheindexjmin=argmin

j=1,···,Λ
{d}.

3: ifjmaxisNOTempty
4: ifjmin∈jmax
5: gotoline13.
6: else
7: gotoline10.
8: endif
9: endif
10: Setvjmin →vjmin +1,thenUpdatev.
11: Updatethejmin-thelementofdbasedon(3.5).
12: Updatejmaxbasedon(3.8).
13:endfor

•Estimateχ̃
(m-M)
t from(3.9).

transmittedcombinationbyfindingtheindexoftheminimumEDofthefullyexpanded

(maximumlength)branches.

3.5 ComplexityAnalysis

Here,thenumberofvisitednodesisconsideredtobethedecodingcomplexityindicator.

Thus,thecomplexityoftheMLandm-Malgorithmscanbecalculatedfromsummingup

theelementsofthevisitednodesvector,v,attheendofthealgorithm.Inotherwords,

thedecodingcomplexityC=sum{v},wheresum{·}isthesummationofallelementsof

vectorv.

FortheSM-MLdecoders,thealgorithmexpandsallnodesforallbrancheswithlength

Nr.Thus,thevalueoftheelementsofvectorvisNrattheendofthealgorithm,andthe
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decodingcomplexityforSM-ML,CMLSM,is

CMLSM=sum{v}=NrΛ=NrNtMSM. (3.10)

IncaseofsquareQSM-ML,thetotaldecodingcomplexityforbothtree-searchesCMLQSM,is

CMLQSM=2×sum{v}=2NrΛ=2NrNt MQSM. (3.11)

Therefore,thecomplexityreductionratiobetweentheSM-MLandm-Malgorithm,RSM,

isgivenby

RSM=
CMLSM−C

m-M
SM

CMLSM
=1−

sum{vSMm-M}

NrNtMSM
, (3.12)

wherevSMm-Misthevisitednodesvectorofthem-MalgorithmfortheSMsystem.Further-

more,thetotalcomplexityreductionratiobetweentheQSM-MLandm-Malgorithm,RQSM,

isgivenby

RQSM=
CMLQSM−C

m-M
QSM

CMLQSM
=1−

sumvQSMm-M +sumvQSMm-M
2NrNt MQSM

, (3.13)

wherevQSMm-MandvQSMm-Marethevisitedtree-searchnodesvectorsofthem-Malgorithm

forthetwoQSMtree-searches.

Inthebestscenario,them-Malgorithmexpandsonlyonebranchwhichendswith

theminimumED.Consequently,thetotalnumberofvisitednodesislimitedtoNrnodes

forthefullyexpandedbranch,aswellasΛ−1nodesatthefirsttree-searchlevel.Thus,

CSMmin =Nr+NtMSM−1andC
QSM
min =2 Nr+Nt MQSM−1,whereC

SM
minandC

QSM
min

denotetheminimumdecodingcomplexitythatcanbeachievedfortheSMandQSM,

respectively.Therefore,thetheoreticalupperboundofthecomplexityreduction(UBCR)

ratiofortheSMandQSMisRSMUBCRandR
QSM
UBCR,respectively,andcanbecalculatedby
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pluggingCSMminandC
QSM
min into(3.12)and(3.13),respectively,as

RSMUBCR=1−
(Nr+NtMSM−1)

NrNtMSM
, (3.14)

and

RQSMUBCR=1−
(Nr+Nt MQSM−1)

NrNt MQSM
. (3.15)

3.6 UnionBoundErrorProbabilityAnalysis

Inthissection,Iprovetheoptimalityoftheproposedm-Malgorithmperformance.Although

theexactexpressionoftheSMandQSMBERisnotderivedbecauseofitsdifficultanalysis,

theunionboundprovidesatightexpressiontothesimulationanalysis[11].

ThegeneralexpressionoftheunionboundforSM[2]andQSM[3]is

Pb,Ω=
1

(ηΩ)2ηΩ

2ηΩ

k=1

2ηΩ

l=1

δk,lE Pr
(m-M)
Ω (χk→ χ̃l), (3.16)

wherePb,Ωistheunionboundprobability,Ω∈{SM,QSM},Pr
(m-M)
Ω (χk→ χ̃l)denotesthe

pairwiseerrorprobability(PEP)oftheproposedm-Malgorithm,E{·}istheexpectedvalue

operation,andδk,lrepresentsthenumberofbiterrorswhichcorrespondstotheinstantPEP

event.

InordertoevaluatePr
(m-M)
Ω (χk→ χ̃l),letusassumetwosets:ψV,whichisdefinedas

thesetofvisitednodesandψD,whichisthesetofdiscardednodesbythem-Malgorithm.

Thus,PEPcanbeformulatedas[5]

Pr
(m-M)
Ω (χk→ χ̃l)=Pr(̃χmin=χt|̃χmin∈ψV)+Pr(̃χmin∈ψD), (3.17)
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whereχ̃ministheestimatedminimumEDofthem-Malgorithm.Itshouldbenotedthat

χ̃minisconsideredtobetheoutputoftheproposedalgorithm.Thetwoprobabilisticterms

ontheright-handsideof(3.17)aremutuallyexclusivebecauseχ̃mincannotbelongtoψV

andψDinthesametime.

Furthermore,theprobabilitiesPr(̃χmin=χt)andPr(̃χmin∈ψV)areindependent,and

consequently,(3.17)canbere-writtenas

Pr
(m-M)
Ω (χk→ χ̃l)=Pr(̃χmin=χt)+Pr(̃χmin∈ψD), (3.18)

wherePr(̃χmin∈ψV)+Pr(̃χmin∈ψD)=1.

FromStep5oftheproposedalgorithm,aspresentedinSection3.4,theminimumED

(optimalsolution)isnotmissedbecausethealgorithmstopsiftheestimatedminimumED,

χ̃min,occursattheendofafullyexpandedbranchandnoothernodehasasmallerED.

Inotherwords,thediscarded/savednodesresultfromstoppingtheexpansionofaspecific

branchbecausethereisanothernode,inanotherbranch,whichhasasmallerEDvalue.

Thus,thesavingcomesfromthebrancheswhicharenotfullyexpanded.

SincetheEDsinsidebranchesareaccumulated(i.e.,thenewvalueisaddedtothe

previousone),itisimpossibletohavealowerEDvalueinψDthaninψV.Consequently,

Pr(̃χmin∈ψD)=0andPr(̃χmin∈ψV)=1.Thus,(3.18)becomes

Pr
(m-M)
Ω (χk→ χ̃l)=Pr(̃χmin=χt). (3.19)

Itshouldbenotedthattheright-handsideof(3.19)istheMLPEPeventwhichcanbefound

in[2],[5]and[3]fortheSMandQSM,respectively.Thus,theproposedalgorithmprovides

thesameunionbounderrorprobabilityastheMLdecoder.Havingthesameunionbound

errorprobabilitydoesnotnecessarilyguaranteehavingthesameBERperformanceasthe

ML.However,Pr(̃χmin∈ψD)=0meansthatthem-MalgorithmwillnotmisstheML
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solution.Thus,theproposedalgorithmguaranteeshavingthesameBERMLperformance.

3.7 Numericalresults

Inthissection,Ievaluatethereductioninthedecodingcomplexityoftheproposedm-M

algorithm,whencomparedwiththeMLandSDlow-complexityalgorithmspresentedin[5]

and[8]fortheSMandQSMdecoders,respectively.Thethresholdvaluerequiredbythe

algorithmin[5]isoptimizedtoobtaintheMLBERperformance,accordingto[5,Eq.(37)].

Iconsidertwospectralefficiencies,η=6b/s/Hzandη=10b/s/Hz,using8×416-QAM

forSM(4-QAMforQSM)and16×1664-QAMforSM(4-QAMforQSM),respectively.

ThepresentedresultsareachievedbyrunningMonte-Carlosimulationsover105Rayleigh

flatfadingchannelrealizations.

InFigs.3.2and3.3,themeanvalueofthecomplexityreductionratioin(3.12)and

(3.13)isshown.Itcanbeseenthattheproposedalgorithmrequiresaround22.5and20dB

signal-to-noiseratio(SNR)toapproachtheUBCRsfortheSMandQSM,respectively.At

thesespecificvaluesoftheSNR,forη=6b/s/Hz,theproposedm-Malgorithmprovides

anaveragereductioninthedecodingcomplexityratioof86%and76.5%fortheSMand

QSM,respectively.Thecomplexityreductionratioincreasesasηincreases,whichagrees

with(3.12)and(3.13).Forexample,byincreasingηto10b/s/Hz,theaveragecomplexity

reductionratioincreasesby7.5%and14%fortheSMandQSM,respectively.

Forthecomparisonpurpose,Figs.3.4and3.5showthegainintermsofthenumberof

savednodes,obtainedfromusingtheproposedm-Malgorithmoverthosein[5]and[8],for

bothSMandQSM.Notethatthegainmeansthedifferenceinthedecodingcomplexities

oftheproposedm-Malgorithmandtheotheralgorithms.Asageneralobservation,the

gainachievedbyusingtheproposedalgorithmover[5]isgreaterthantheoneover[8].

Furthermore,thegainincreasesasηincreases,andexceeds103and102atlowSNRand
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η=10b/s/HzfortheSMandQSM,respectively.

TheBERperformanceofdifferentSMdecodersversusSNRisshowninFig.3.6.It

canbeseenthattheproposedm-Malgorithm,aswellasthosein[5]and[8],providethe

optimumBERperformanceoftheSM-MLdecoder.AsQSMconsistsoftwoindependent

SMdecoders,theproposedm-MalgorithmprovidestheoptimumBERperformancefor

QSMaswell;resultsareomittedduetothespaceconsideration.

Itisseenfromthesefiguresthattheproposedm-Malgorithmreducesthedecoding

complexityoftheSM-MLandQSM-MLwithoutlossintheBERperformance.

3.8 Conclusion

Thischapterprovidesanovellow-complexitydecodingalgorithmforSMandQSM,referred

toasthem-Malgorithm.Theproposedalgorithmprovidesasignificantreductioninthe

decodingcomplexityovertheexistingSDalgorithmsbyemployingasingleexpansionto

theminimumEDacrossbranches,untiltheminimumEDisreachedtotheendofafully

expandedbranch. WhencomparedwiththeMLdecoder,theproposedm-Malgorithm

providesthesameBERperformancewithsavinginthenumberofvisitednodesupto93.6%

and90.8%incaseofSMandQSM,respectively.
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Chapter4

OptimumLow-ComplexityDecoderfor

SpatialModulation

4.1 Abstract

Inthischapter,anovellow-complexitydetectionalgorithmforspatialmodulation(SM),

referredtoastheminimum-distanceofmaximum-length(m-M)algorithm,isproposedand

analyzed.Theproposedm-Malgorithmisasmartsearchingmethodthatisappliedforthe

SMtree-searchdecoders.Thebehaviorofthem-Malgorithmisstudiedforthreedifferent

scenarios:i)perfectchannelstateinformationatthereceiverside(CSIR),ii)imperfectCSIR

ofafixedchannelestimationerrorvariance,andiii)imperfectCSIRofavariablechannel

estimationerrorvariance.Moreover,thecomplexityofthem-Malgorithmisconsidered

asarandomvariable,whichiscarefullyanalyzedforallscenarios,usingprobabilistic

tools.Basedonacombinationofthespheredecoder(SD)andorderingconcepts,the

m-Malgorithmguaranteestofindthemaximum-likelihood(ML)solutionwithasignificant

reductioninthedecodingcomplexitycomparedtoSM-MLandexistingSM-SDalgorithms;

itcanreducethecomplexityupto94%and85%intheperfectCSIRandtheworstscenario
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ofimperfectCSIR,respectively,comparedtotheSM-MLdecoder.MonteCarlosimulation

resultsareprovidedtosupportourfindingsaswellasthederivedanalyticalcomplexity

reductionexpressions.

4.2 Introduction

Multiple-inputmultiple-output(MIMO)systems,whichisanintegralpartofmodernwireless

communicationstandards,activatealltransmitantennastoincreasethespectralefficiency

and/orimprovethebit-error-ratio(BER)performance[2].Ontheotherhand,activating

alltransmitantennasatthesametimenotonlycreatesastronginter-channelinterference

(ICI)butalsorequiresmultipleradiofrequencychains.Apromisingtechniquecalledspatial

modulation(SM)hasbeenstudiedinrecentyears[3]-[5]toovercometheseproblemsin

next-generationsystems.InSM[6]-[9],onlyonetransmitantennaisactivatedduringthe

transmissionburst,wheretheactivetransmitantennaischosenoutofalltransmitantennas

accordingtoapartoftheinputbit-stream.Theactiveantennatransmitsaphaseshiftkeying

(PSK)orquadratureamplitudemodulation(QAM)symbol,throughawirelessmedium,

basedontherestoftheinputbit-stream.Atthereceiverside,allreceiveantennasreceivethe

deliveredsignalandforwardittothedigitalsignalprocessor(DSP)unitfordecoding.The

maximum-likelihood(ML)detectorisutilizedtodecodethereceivedsignalbyattempting

allpossiblecombinationsoftheQAM/PSKsymbolsandthetransmitantennas,wherethis

processdependsonthenumberoftransmitantennas,receiveantennas,andmodulationorder.

Consequently,theMLalgorithmisclassifiedtobecostlyfromthedecodingcomplexitypoint

ofview,particularlyforincreasingnumberoftransmit/receiveantennasandconstellation

points.

Low-latencycommunicationsandenergy-efficienttransmissiontechniquesareamong

thenextgeneration(5G)requirements[10];onesolutiontoachievethisisthedesignof
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low-complexitydecodingalgorithmsfortheSMsystem.Recently,low-complexitydecoding

algorithmshavebeenproposedfortheSMsystemin[11]-[17],andsurveyedin[18].In[11]-

[13],thespheredecoding(SD)conceptof[19],[20]isexploitedtoprovidealow-complexity

detectionattheBERlevelofthebrute-forceMLdetector.Theauthorsof[11]-[13]have

providedathreshold(prunedradiusfortheSD)thatdependsonthenumberofreceive

antennas,noisevariance,andapredeterminedconstant,whichchangesforeachdifferent

MIMOsystem.Thenoisevarianceestimationprocessisanexhaustivesteprequiredfor

everychangeinthechannelenvironment;itcanbeachievedeitherblindlyorusingdata-

aided(DA)techniqueslikepreamble/pilots[21]-[22]transmission.In[14],theauthorshave

proposedanalgorithmthatprovidesatrade-offbetweentheBERperformanceanddecoding

complexityfortheSMdecoders.Thisalgorithmrequiresanexhaustivepre-processingstepto

calculatethepseudo-inverseofthechannelmatrixcolumns.Thisstepismitigatedin[15]by

consideringasparsechannelofalarge-scaleMIMOsystem.However,theproblemofnoise

variancedependencystillexistsin[15].Furthermore,theMLBERperformancehasnotbeen

achievedin[14]and[15].Theauthorsof[16]haveprovidedalow-complexityalgorithm

withtheMLBERperformanceforthequadratureSM(QSM)decodersbytreatingtheQSM

symbolastwoindependentSMsymbols.Thereductioninthedecodingcomplexitycomes

fromtheorderingconcept,withnodependencyonthenoisevariance.However,further

reductioninthedecodingcomplexitycanbeattained.Theauthorsin[17]haveproposed

analgorithmwithnear-MLperformance,whichreducesthecomputationalcomplexityof

theSMdecodersbasedonmodifiedbeamsearchandorderingconcepts,bysplittingthe

tree-searchintosub-trees.Itshouldbenotedthatthealgorithmsin[11]-[17]considerperfect

knowledgeofthechannelstateinformationatthereceiverside(CSIR),andnostudyis

presentedinthecaseofimperfectCSIR.

Inthischapter,Iproposealow-complexityalgorithmfortheSMdecoders,referredto

astheminimum-distanceofmaximum-length(m-M)algorithm.Basedonthetree-search
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concept,them-MalgorithmperformsonlyoneexpansiontotheminimumEuclideandistance

(ED)acrossalltree-searchbranchesuntiltheminimumEDoccursattheendofafully

expandedbranch.Theproposedm-Malgorithmprovidesasignificantreductioninthe

decodingcomplexitywiththeMLBERperformance,andrequiresnoknowledgeofthe

noisevariance.Iprovideacompletestudyofourproposedalgorithminthecaseofperfect

andimperfectCSIR.IncaseofimperfectCSIR,Iconsidertwoscenariosforthefixedand

variablevarianceoftheerrorinthechannelestimation,respectively.Inaddition,Iderive

tightprobabilisticexpressionsfortheexpecteddecodingcomplexityofthem-Malgorithm

forallscenarios.

Therestofthechapter1isorganizedasfollows:InSection4.3,thesystemmodelofthe

SMtransmitterandreceiverissummarized.InSection4.4,theproposedm-Malgorithm

isintroduced.InSection4.5,tightanalyticalexpressionsofthem-Malgorithmdecoding

complexityarederivedforperfectandimperfectCSIR.InSection4.6,theoptimalityofthe

m-Malgorithmisdiscussed.ThenumericalresultsandconclusionareprovidedinSections

4.7and4.8,respectively.

4.3 SystemModel

4.3.1 SMModulator

ConsidertheimplementationofanSMschemeforNr×NtMIMOsystem,whereNtandNr

denotethenumberoftransmitandreceiveantennas,respectively.Theincomingbit-streamis

dividedintotwogroups:thefirstgroupoflog2(Nt)bitsselectsthetransmitantennathatwill

1Notations:Boldfaceuppercaseandlowercaselettersrepresentmatricesandvectors,respectively.CN
standsforacomplex-valuednormallydistributedrandomvariable. denotestheEuclideannorm.||returns
theabsolutevalueofanelement. and denotetherealandimaginarycomponents,respectively.E{}
denotestheexpectationoperation.Pr()istheprobabilityofanevent.f()denotestheprobabilitydensity
function(pdf)ofarandomvariable.sum{}returnsthesummationofallelementsvaluesofavector.k!stands
forthefactorialoperationofanintegerk.
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beactivated,whilethesecondgroupoflog2(M)bitsselectstheQAM/PSKsymbolthatwill

bedeliveredfromthatantenna,whereM denotestheorderoftheQAM/PSKconstellation.

Therefore,thenumberofbitsdeliveredineverytimeinstancebytheSMsystemis

η=log2(Nt)+log2(M), (4.1)

whereηdenotesthespectralefficiencyinbitsperchanneluse(bpcu).Theactiveantenna

transmitsst∈{s1,...,sM}throughaRayleighfadingpathbetweenthetransmitantenna

andallNrreceiveantennas,wherestisthetransmittedQAM/PSKsymbol.Thispath

representsthetransmitchannel,ht∼CN(0,1),whichisdrawnfromthefullchannel

matrix,H∈CNr×Nt.

AssumethatthedatasymbolstistransmittedoverhttoformthetransmittedSM

symbolcombination,xt∈{x1,...,xMNt},wherext=htst.Itshouldbenotedthatthe

transmittedcombinationisdrawnfromMNtdifferentpossiblecombinations,whichresult

fromcombiningM QAM/PSKsymbolswithNttransmitantennas.Duetotheadditive

whiteGaussiannoise(AWGN),theSMsymbolisreceivedas

y=xt+w, (4.2)

wherey∈CNr×1denotesthenoisyreceivedvectorandw∈CNr×1istheAWGNvector

withentrieshavingzero-meanandvarianceσ2n(i.e.,w∼CN(0,σ
2
n)).NotethatQAMis

consideredinthischapter.

4.3.2 SM-MLDemodulation

Atthereceiverside,theDSPunitutilizestheMLdetectionalgorithmtoestimatethe

transmittedcombination.TheMLalgorithmattemptsallpossiblecombinationstofindthe

onethatprovidestheminimumEDwiththereceivedsignalvector[7],whichcorrespondsto

58



theindexof

ĵML= argmin
j=1,···,MNt

y−xj
2= argmin

j=1,···,MNt

Nr

n=1

|yn−xn,j|
2, (4.3)

whereĵMListheindexoftheestimatedcombinationusingtheMLdetectionalgorithm,ynis

then-thelementofy,andxn,jisthen-thelementofthej-thcombination.

Itshouldbenotedthatestimatingthetransmittedcombinationcanbeachievedusinga

graphicalapproach,namedtree-searchmethod.Fig.4.1illustratesthetree-searchconcept

fortheSMdemodulationwithM =2,Nt=2,andNr=3.IntheSMtree-searchmethod,

eachpossiblecombinationofxjin(4.3)isrepresentedbyatree-searchbranchwhoselength

isNrtree-searchnodes(orlevels).EachnodeisanaccumulationofthepreviousEDsinthe

samebranch,whichcanberepresentedas

di,j=
i

n=1

|yn−xn,j|
2, i=1,...,Nr, (4.4)

wheredi,jisthenodemetricatthei-thlevelofthej-thbranch.Hence,(4.3)canberewritten

as

ĵML= argmin
j=1,...,MNt

{dNr,j}. (4.5)

Thus,theMLsolutionfortheestimatedtransmittedcombinationisdenotedbyx̂MLand

givenas

x̂ML=x̂jML. (4.6)

ThetotalnumberofnodesfortheSMtree-searchisMNtNr,whichis12intheexampleof

Fig.4.1.ToestimatethetransmittedcombinationusingtheMLdetectionalgorithm,the

DSPunitexhaustivelyvisitsallnodes,whichcanbeproblematicforincreasingvaluesofM,
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Fig.4.1:SMtree-searchdecoderforM =2,Nt=2,andNr=3withfourbranches.

NtandNr.Thus,reducingthedecodingcomplexityhasparamountimportanceforreal-time

applications.

4.4 Minimum-DistanceofMaximum-LengthAlgorithm

UnliketheexistentSDalgorithmsintheliterature,theproposedm-Malgorithmperforms

onlyonenodeexpansionatatime;theexpandednodeischosentobeofminimumED

acrossallbranches.Theproposedalgorithmjumpsfromonebranchtoanotheraccording

towheretheminimumEDis,andstopsiftheminimumEDoccursattheendofafully

expandedbranch(i.e.,maximumlength).

Formathematicalformulation,assumethatv=[v1...vMNt]∈R
1×MNtdenotethe

vectorofvisitednodes,wherevjtakesintegervaluesfrom1uptoNrandrepresents

thenumberofnodesalreadyvisitedofthej-thbranchforj=1,...,MNt. Also,let

d= dv1,1...dvMNt,MNt ∈R
1×MNtdenotetheEDvector,wheredvj,jisgivenby(4.4)by

settingi=vj(i.e.,dvj,j=
vj
n=1|yn−xn,j|

2,wheredvj,jrepresentstheED(nodemetric)

ofthevj-thlevelforthej-thbranch).

Algorithm4.1summarizestheproposedm-Malgorithmthatisexplainedasfollows:
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Step1:Initializeallelementsofvtounity(i.e.,vj=1∀j),andthencalculateeach

elementofthevectordfrom(4.4)accordingly.Itshouldbenotedthattheelementsofdin

thissteprepresentthefirstEDofallbranches(i.e.,d=[d1,1...d1,MNt]).

Step2:Determinetheargumentoftheminimumelementofdas

jmin= argmin
j=1,...,MNt

{dvj,j}. (4.7)

Step3:Increasethejmin-thelementofvbyone

vjmin→vjmin+1. (4.8)

Notethatthisstepensuresthatthealgorithmmakesasingleexpansiontotheminimum

ED,whichleadstotheincreaseofthecorrespondingelementofthevectorvbyone.The

maximumvalueofvj∀jthatcanbereachedisNr;therefore,Icandefinejmaxasthesetof

indiceswhosevaluesreachedNr,as

jmax=find(v=Nr), (4.9)

wherefind(v=Nr)returnstheindicesoftheelementsofvthatareequaltoNr.Atthe

beginning,jmaxisbufferedasanemptyset,andisupdatedwhenatleastonebranchisfully

expanded.

Step4:Updatethejmin-thelementofdbycalculatingthenewdvjmin,jminfrom(4.4)based

onvjmincalculatedfromStep3.

Step5:Findthenewjminfrom(4.7)asinStep2,andthencheckwhetherthefollowing

conditionistrueornot:

jmin∈jmax. (4.10)

Ifjmin/∈jmax,thengobacktoStep2.Otherwise,findtheindexoftheestimatedtransmitted
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d= [0.2  1.2  9.0  0.10.8  0.3  0.9  5.2]
v= [ 1       1      1     1     1      1     1    1 ]

d= [0.21.2  9.0  0.4  0.8  0.3  0.9  5.2]
v= [ 1       1     1      2     1      1     1    1 ]

d= [0.5  1.2  9.0  0.4  0.8  0.30.9  5.2]
v= [ 2       1     1      2     1      1     1    1 ]

d= [0.5  1.2  9.0  0.40.8  0.7  0.9  5.2]
v= [ 2       1     1      2     1      2     1    1 ]

d= [0.51.2  9.0  0.6  0.8  0.7  0.9  5.2]
v= [ 2       1     1      3     1      2     1    1 ]

d= [0.551.2  9.0  0.6  0.8  0.7  0.9  5.2]
v= [  3       1     1      3      1     2      1    1 ]

21

Fig.4.2:Anumericalexampleforthem-Malgorithm(3×4SM-MIMOsystemandM =2).

combinationas

ĵm-M=argmin
j∈jmax

{dvj,j}, (4.11)

whereĵm-Mdenotestheindexoftheestimatedtransmittedcombinationfromthem-M

algorithm.Notethatincaseofvj=Nr∀jin(4.11),theMLversionin(4.5)isobtained.

Theestimatedtransmittedcombinationfromm-Malgorithm,x̂m-M,is

x̂m-M=x̂jm-M. (4.12)

Notethattheconditionin(4.10)iscalledtheoptimalitycondition,andguaranteesthatthe

MLsolutionwillnotbemissedbeforestoppingthem-Malgorithm(i.e.,x̂m-M=x̂ML).

Fig.4.2illustratesanumericalexamplefortheproposedm-Malgorithm.Considera

3×4MIMOsystemwithM =2.Thus,Ihave8brancheswith3nodes/levelslength.First,

them-Malgorithminitializesvbyall-ones,andcalculatesthethefirstEDofeachbranch.

Them-MalgorithmfindstheminimumEDofd,whichis0.1inourexample.ThisED
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Algorithm4.1Pseudo-codeoftheproposedm-Malgorithm.

•Initializev=[11...1]∈R1×MNt,jmax=0.

•Computetheelementsofd=[d1,1...d1,MNt],whered1,j= |y1−x1,j|
2andj=

1,...,MNt.

•Reserveanemptyvectorjmax=[.]asabuffer.

1:whilen≤NrMNtdo
2: Findtheindexjmin= argmin

j=1,...,MNt

{dvj,j}.

3: ifjmaxisNOTempty
4: ifjmin∈jmax
5: gotoline14.
6: else
7: gotoline10.
8: endif
9: endif
10: Setvjmin→vjmin+1,thenUpdatev.
11: Updatethejmin-thelementofdas:

dvjmin,jmin→dvjmin,jmin+ yvjmin−xvjmin,jmin
2

.

12: Updatejmaxbasedonjmax=find(v=Nr).

13: Setn→n+1.
14:endwhile

•Estimatex̂m-Mfrom̂xm-M=xjmin.

correspondstothe4-thbranch(jmin=4);thus,them-Malgorithmexpandsthisnodeafter

increasingthe4-thelementofvbyone(i.e.,vjmin=v4=2andd2,4=0.4).Inthesecond

iteration,them-MalgorithmfindsthenewminimumEDind(i.e.,0.2),whichisplaced

inthefirstbranch(jmin=1).Then,thefirstelementofvisupdatedtobe2andthefirst

elementofdisupdatedaccordingly(i.e.,v1=2andd2,1=0.5).Thealgorithmjumpsfrom

onebranchtoanotheraccordingtothelocationoftheminimumEDacrossallbranches,as

illustratediniterations3,4,and5.Notethatthem-Malgorithmdetectsoneelementofv

reachesNr(i.e.,fullexpansionforthatbranch)fromiteration5,whichisthe4-thbranch.

Accordingto(4.10),thealgorithmhastocheckifthenewminimumEDcomesatafully

expandedbranchornotbeforedecidingtostop.Inourexample,thealgorithmwillnotstop
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atiteration5becausethereisaminimumEDatthefirstbranch(i.e.,0.5).Therefore,the

algorithmmakesasingleexpansiontothefirstbranchafterupdatingthefirstelementofv

(i.e.,v1=3andd3,1=0.55);andthen,itcheckstheplaceoftheminimumEDoncemore.

Inthisexample,theiteration6showsthattheminimumED(i.e.,0.55)comesattheendof

afullyexpandedbranch,whichcorrespondstothefirstbranch(i.e.,̂jm-M=1).Thus,the

m-Malgorithmstopsanddeclaresthattheestimatedtransmittedcombinationisthefirstone

(i.e.,thefirstsymbolwastransmittedfromthefirstantenna).

4.5 ComplexityAnalysis

Inthischapter,Iconsiderthenumberofvisitednodesinsidethetree-searchasthecomplexity

indicator.Sincevrepresentsthevisitednodesforeachbranch,thesummationofitselements

atthefinaliterationgivesthetotalcomplexityofthem-Malgorithmintermsofthenumberof

visitednodes.Considerthecomplexityofthem-MalgorithmdenotedbyCm-M=sumv
f,

wherevfisthevectorvatthefinaliteration.Sincetheelementsofvfarerandomvariables

(r.v.’s),Cm-Misanr.v.aswell.Inthissection,Iprovideatightexpressionfortheexpected

complexityoftheproposedm-MalgorithminthecaseofperfectCSIR,aswellasimperfect

CSIR.

Theaveragecomplexityofthem-MalgorithmCm-Mcanbeexpressedas

Cm-M=E sumv
f . (4.13)

Althoughthem-Malgorithmisabreadth-firstsearchalgorithm,itsexpectedcomplexity

isequivalenttothatofadepth-firstSDalgorithmwithprunedradius,Rm-M,equaltothe

minimumEDofvectordatthefinaliteration(i.e.,0.55intheexampleillustratedinFig.

4.2).Therefore,Rm-Mcanbewrittenas
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Rm-M=dNr,̂jm-M=
Nr

n=1

yn−xn,̂jm-M
2
= y−x̂m-M

2, (4.14)

whereĵm-Mgivenfrom(4.11)andx̂m-Maregivenin(4.7)and(4.12),respectively.For

simplicity,Iconsider̂xm-M→ xt;thisassumptionmostlikelyholdsparticularlyinhigh

signal-to-noiseratio(SNR)(̂xm-M = x̂ML sincethem-MalgorithmguaranteestheML

solution).Thus,substituting(4.2)andthisassumptionin(4.14)yields

Rm-M= w 2. (4.15)

Itshouldbenotedthattheprunedradiusin(4.14)isconsideredtheoptimumthresholdthat

canbeusedintheSD-basedalgorithms.Sincethedecodingcomplexityoftheproposed

m-Malgorithmisequivalenttothatofadepth-firstalgorithmusingtheoptimumpruned

radiusin(4.14),theproposedalgorithmprovidesabettercomplexitythantheoptimumBER

algorithmsintheliterature.

Now,IcanwriteCm-Min(4.13)as[11],[16]

Cm-M≈MNt+
MNt

j=1

Nr

i=1

Prdi,j≤Rm-M xt,H,σ
2
n,Rm-M . (4.16)

Itisworthnotingthat(4.16)isthegenericformoftheexpectedcomplexity,anditsclosed-

formsolutiondependsonthealgorithmitself.Notethat(4.16)findstheprobabilityofdi,j

beingvisitedwhentheSDradiusisRm-M(thenodeisconsideredtobevisitedifdi,j≤Rm-M

andviceversa).Ideally,Pr(di,j≤Rm-M)undertheconditionspreviouslygivenshouldbe

zeroorone.ThecorrectionfactorMNtin(4.16)isneededsincethePr(di,j≤Rm-M)misses

almostMNtnodesatthefinaliteration.
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4.5.1 PerfectChannelStateInformationattheReceiver

Tofindtheclosedformexpressionoftheright-hand-sideof(4.16),theconditionalprobability

distributionofdi,jshouldbedeterminedfirst.From(4.2)and(4.4),Icanrewrite(4.4)in

termsoftherealandimaginarycomponentsas

di,j=

i

n=1

wn+xn,t−xn,j +wn+xn,t−xn,j
2
=

i

n=1

R2n+I
2
n , (4.17)

whereRn=wn+xn,t−xn,jandIn=wn+xn,t−xn,jareGaussiandistributedwith

variancesσ2n/2,andmeansxn,t−xn,j andxn,t−xn,j ,respectively.Consequently,di,j

isanon-centralchi-squaredr.v.with2idegreesoffreedomandnon-centralityparameter

γ2i,jgivenby[23,(Ch.2)]

γ2i,j=
i

n=1

xn,t−xn,j
2
+ xn,t−xn,j

2
. (4.18)

Theprobabilitydistributionfunction(pdf)ofdi,jfordi,j≥0iscalculatedas[23,(Ch.2)]

fdi,j(di,j)=
1

σ2n

di,j
γ2i,j

(i−1)/2

exp −
γ2i,j+di,j

σ2n
Ii−1




di,jγ2i,j

σ2n/2



, (4.19)

whereIi−1()isthefirstkindmodifiedBesselfunctionoforder(i−1).Sincedi,jhasan

evendegreesoffreedom,theclosedformexpressionofthecumulativedistributionfunction

(CDF)for(4.19)isgivenas[23,(Ch.2)]

Prdi,j≤Rm-M xt,H,σ
2
n,Rm-M =1−Qi

γi,j

σn/
√
2
,

√
Rm-M

σn/
√
2
, (4.20)

whereQi(,)denotesthegeneralizedMarcumfunctionoforderi.
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Toremovethedependencyof(4.20)ontheinstantaneousvalueofRm-M,anexpectation

overthepdfofRm-Mshouldbecalculated.(4.15)canbewrittenintermsofitsrealand

imaginarycomponentsas

Rm-M=
Nr

n=1

wn
2
+ wn

2
. (4.21)

Therefore,Rm-Misacentralchi-squarer.v. with2Nrdegreesoffreedomanditspdf,

fRm-M(Rm-M),is[23,(Ch.2)]

fRm-M(Rm-M)=
(Rm-M)

Nr−1

σ2Nrn (Nr−1)!
exp

−Rm-M
σ2n

. (4.22)

From(4.20)and(4.22),theexpectedvalueof(4.20)overthepdfofRm-Mcanbewritten

as

Prdi,j≤Rm-M xt,H,σ
2
n =

∞

0

1−Qi
γi,j

σn/
√
2
,

√
Rm-M

σn/
√
2

fRm-M(Rm-M)dRm-M.

(4.23)

Theclosedformsolutionoftheintegrationin(4.23)canbefoundin[24],andthen,the

complexityin(4.16)isexpressedas

Cm-M≈MNt+
MNt

j=1

Nr

i=1

1− 1−
exp−γ2i,j/σ

2
n

2Nr

× Φ1 Nr,1,1;
1

2
,
γ2i,j
2σ2n

−

i−1

k=1

(Nr)k
2kk!

1F1 Nr+k;k+1;
γ2i,j
2σ2n

, (4.24)

where(Nr)kdenotesthePochhammersymbol,Φ1istheHumberthypergeometricfunction

ofthefirstkind,and1F1denotestheKummerhypergeometricfunction[25].
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4.5.2 ImperfectChannelStateInformationattheReceiver

Inthissubsection,thecomplexityoftheproposedm-Malgorithmin(4.16)isassessedin

thepresenceofimperfectCSIR.Tothebestoftheauthors’knowledge,incaseofimperfect

CSIR,theexpectedcomplexityisnotanalyzedintheliterature.Assumethatthereisan

errorbetweentheestimatedchannelcoefficientatthereceiversideandtheactualchannel

coefficient,whichisdenotedbye∼CN(0,σ2e),whereσ
2
eisthevarianceoftheerrorin

thechannelestimation.Thus,theestimatedchannelentrybecomeŝh=h+eandthe

combinationelementin(4.4)becomesxn,j+̂en,j,wherêen,j=ensj,withsjastheQAM

symbolinj-thcombinationwithenergyof|sj|
2andenasthen-thelementofvectore.

Inthiscase,forleastsquaresolutionof(4.4),̂h∼CN(0,1+σ2e)dependsonhwitha

correlationcoefficientofρ=1/ 1+σ2e[26]-[27],[28,(p.282)];theconditionalvariance

oftheelementsofthenoisyreceivedvector,ζ2j,isgivenby[27],[29]

ζ2j=Var y|̂h =σ
2
n+ 1−ρ

2 |sj|
2. (4.25)

Itshouldbenotedthattheσ2emaybeconsideredasfixedorvariablewhenSNRchanges.In

theory,theerrorinchannelestimationdecreasesastheSNRincreases[30],[31];therefore,I

canconsiderσ2e=1/snrincaseofvariableσ
2
ewheresnrdenotesthesignal-to-noiseratioin

linearscale(i.e.,SNR=10log10(snr)).

di,jin(4.17)inthecaseofimperfect-CSIRisdenotedbŷdi,jandgivenas

d̂i,j=
i

n=1

wn−ên,j+xn,t−xn,j +wn−ên,j+xn,t−xn,j

2

=
i

n=1

R̂2n+Î
2
n ,

(4.26)

whereR̂n=wn−ên,j+xn,t−xn,jand̂In=wn−ên,j+xn,t−xn,jareGaussiandistributed

withvariancesζ2j/2,andmeansxn,t−xn,j andxn,t−xn,j ,respectively.Consequently,
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d̂i,jisanon-centralchi-squaredr.v.with2idegreesoffreedomandnon-centralityparameter

γ2i,jgivenby(4.18),anditspdfford̂i,j≥0becomes[23,(Ch.2)]

f̂di,j(̂di,j)=
1

ζ2j

d̂i,j
γ2i,j

(i−1)/2

exp −
γ2i,j+d̂i,j

ζ2j
Ii−1




d̂i,jγ2i,j

ζ2j/2



. (4.27)

Therefore,(4.20)becomes

Prd̂i,j≤R̂m-M xt,H,σ
2
n,σ

2
e,̂Rm-M =1−Qi

γi,j

ζj/
√
2
,
R̂m-M

ζj/
√
2
, (4.28)

whereR̂m-Mdenotesthethresholdofthem-MalgorithminthecaseofimperfectCSIR.It

shouldbenotedthatforthecaseofimperfectCSIR,thethresholdin(4.21)becomes

R̂m-M=
Nr

n=1

wn−ên,t
2
+ wn−ên,t

2
, (4.29)

where wn−ên,t andwn−ên,t areGaussiandistributedwithzero-meanandvariance

ofζ2t/2,where

ζ2t=σ
2
n+ 1−ρ

2 |st|
2, (4.30)

withstasthetransmittedQAMsymbolwithenergy|st|
2.

Consequently,R̂m-M≥0isacentralchi-squareddistributedr.v.with2Nrdegreesoffreedom

anditspdfisgivenby[23,(Ch.2)]

f̂Rm-M(̂Rm-M)=
R̂m-M

Nr−1

ζ2Nrt (Nr−1)!
exp

−R̂m-M
ζ2t

. (4.31)

From(4.28)and(4.31),theexpectedvalueof(4.28)overthepdfofR̂m-Mcanbewritten

69



as

Prd̂i,j≤R̂m-M xt,H,σ
2
n,σ

2
e =

∞

0

1−Qi
γi,j

ζj/
√
2
,
R̂m-M

ζj/
√
2

f̂Rm-M(̂Rm-M)d̂Rm-M.

(4.32)

Theclosedformoftheintegrationin(4.32)canbefoundin[24],andthen,thecomplexity

in(4.16)isobtainedas

Ĉm-M≈MNt+
MNt

j=1

Nr

i=1

1−1−
ζ2Nrj exp−γ2i,j/ζ

2
j

ζ2j+ζ
2
t
Nr

Φ1 Nr,1,1;
ζ2t

ζ2j+ζ
2
t

,
γ2i,jζ

2
t

ζ2j ζ
2
j+ζ

2
t

−
i−1

k=1

(Nr)k
k!

1F1 Nr+k;k+1;
γ2i,jζ

2
t

ζ2j ζ
2
j+ζ

2
t

. (4.33)

4.6 OptimalityofBERPerformance

Inthissection,IdiscusstheBERperformanceoptimalityoftheproposedm-Malgorithm

basedontheconditionin(4.10).Theeffectofomittingthisconditionontheproposedm-M

algorithmisalsostudied.IdefineanindicatorfortheBERperformanceoptimalityasthe

numberoftimestheproposedm-MalgorithmmissestheMLsolution,referredtoasthe

numberofmisses(NoM).Inotherwords,theBERofthem-Malgorithmwillbethesame

astheMLBERiftheNoMequalszeroandviceversa.ItshouldbenotedthatNoMisanr.v.

thatdependsontheSNRandσ2e.

LetusinvokethegeneralexpressionoftheunionbounderrorprobabilityofSM-ML

detectoras[6],[27]
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Pb=
1

(η)2η

2η

k=1

2η

l=1

δk,lE Pr
(ML)(xk→ x̃l), (4.34)

wherePbistheunionboundprobability,Pr
(ML)(xk→ x̃l)standsforthepairwiseerror

probability(PEP)oftheproposedSM-MLdecoder,δk,lrepresentsthenumberofbiterrors

whichcorrespondstotheinstantPEPevent,andthespectralefficiencyηisgivenfrom(4.1).

Letusconsiderthat∆m-MistheNoMbetweenthem-MalgorithmsolutionandtheML

solution.Now,thePEPofthem-MalgorithmisdenotedbyPr(m-M)(xk→ x̃l)andgivenas

[13]

Pr(m-M)(xk→ x̃l)=Pr
(ML)(xk→ x̃l)+Pr∆

m-M=0 . (4.35)

Accordingto(4.10),ifthem-MalgorithmdetectsaminimumEDattheendoffullyexpanded

branch,thismeansthatnofurtherexpansionwillhappeninthecurrentminimumED(the

branchlengthcannotbeNr+1)andthecurrentminimumEDisaglobalminimumacross

allotherbranches.Therefore,theMLsolutionwillnotbemissed(i.e.,Pr(∆m-M=0)=0)

andtheunionbounderrorprobabilityoftheproposedm-Malgorithmisexactlythesameas

(4.34).

Tostudytheeffectofremovingtheoptimalityconditionin(4.10),consideranm-M

algorithmwithoutthiscondition,referredtoasthem-Mwalgorithm.Itshouldbenotedthat

them-Mwalgorithmisnotastand-alonealgorithm,anditismentionedheretodiscussthe

optimalityconditionin(4.10)fortheproposedm-Malgorithm.Them-Mwalgorithmstops

anddeclaresthesolutionwheneveronlyonebranchisfullyexpanded.Insuchacase,the

NoMtakesanon-zerovalueandPr(∆m-Mw=0)=0.Fig.4.3showstheaverageNoM

versusSNR;104RayleighflatfadingchannelrealizationsarerunforeachSNRvalue,for

8×8SM-MIMOusing8-QAM.Aswecansee,theNoMreducesasSNRincreasesandσ2e

decreases.Forinstance,them-Mwalgorithmmisses2020,564and20MLsolutionoutof
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Fig.4.3:AveragenumberofNoMofthem-Mwalgorithmfor8×8SM-MIMOand8-QAM.

104runsatSNRof0,5and10dB,respectively,incaseofperfectCSIR;forimperfectCSIR

withσ2e=0.2,theNoMforthem-Mwalgorithmis2371,1188and420outof10
4runsat

SNRof0,5and10dB,respectively.

Hence,theconditionin(4.10)ensuresthattheminimumEDwhichcomesattheendofafully

expandedbranchisaglobalminimumacrossallbranches;thus,theMLsolutionisachieved.

Additionally,omittingtheconditionin(4.10)leadstoasignificantBERdeteriorationwhen

comparedwiththeMLperformance.

4.7 NumericalResultsandDiscussions

Inthissection,Ievaluatethebehavioroftheproposedm-MalgorithmintermsofBERand

decodingcomplexity.Inaddition,comparisonsbetweenthem-MalgorithmandSM-SD

algorithmsintheliteraturearepresented.Sincethem-Malgorithmprovidestheoptimal

BERperformance,IconsidertheSM-SDalgorithms(suchasgivenin[13]and[16])in

comparisons.Threescenariosareconsidered:a)perfectCSIR(σ2e=0),b)imperfectCSIR
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withfixedσ2e(σ
2
e=0.1and0.2),andc)imperfectCSIRwithvariableσ

2
e(σ

2
e=1/snr).Two

spectralefficiencyvaluesareconsidered:η=6bpcuusing8-QAMforNr×8SM-MIMO

system,andη=8bpcuusing16-QAMforNr×16SM-MIMOsystem.Thevalueof

Nrforbothcasesdescribesthetypeofthesystem.InthecaseofdeterminedSM-MIMO

system,Nr=Nt(i.e.,Nr=8and16forη=6and8,respectively).Forunder-determined

SM-MIMOsystem,Nr<Nt(e.g.,Nr=6and12forη=6and8,respectively).Finally,I

haveanover-determinedSM-MIMOsystemifNr>Nt(e.g.,Nr=10and20forη=6

and8,respectively).MonteCarlosimulationsareusedtoobtainthepresentedresultsforall

scenariosbyrunningatleast5×105Rayleighflatfadingchannelrealizations.

4.7.1 BERComparison

Inthissubsection,theBERperformanceoftheSM-ML,SM-SD[13],SM-SD[16],and

proposedm-MalgorithmsarecomparedwithrespecttoSNR.Figs.4.4,4.5and4.6show

theBERperformanceofdifferentSMdecodersfordetermined,under-determined,and

over-determinedSM-MIMOsystems,respectively.Theleftsub-plotsinallthreefigures

presentη=6bpcu,whiletherightonesshowη=8bpcu.Asobservedfromthesefigures,

thetwoSM-SDalgorithmsin[13]and[16],aswellastheproposedm-Malgorithmprovide

thesameSM-MLBERforallvaluesofσ2e(i.e.,0,0.1,0.2,and1/snr).Asexpected,thebest

BERisobtainedwhenσ2e=0,whiletheBERdegradesforincreasingvaluesofσ
2
e.Unlike

theBERobtainedfromhavingσ2e=1/snr,anerrorflooroccursinthecaseofσ
2
e=0.1

and0.2eveninhighSNRduetothefixedvaluesofσ2e.Theerrorfloorismitigatedas

Nrincreases.Forinstance,theerrorflooroftheσ
2
e=0.1curveinFig.4.5(b)cannotbe

reducedto5×10−4whenNr=12;whenNr=16inFig.4.4(b)fortheσ
2
e=0.1curve,the

errorflooroccursat10−4;however,itfurtherreducesto10−5whenNr=20inFig.4.6(b)

fortheσ2e=0.1curve.

ItcanbeseenfromthesefiguresthatthereisnopreferenceinBERbetweentheproposed
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m-MalgorithmandtheotherSM-SDalgorithmsin[13]and[16].Forallpresentedscenarios,

thelow-complexityalgorithms(them-Malgorithm,andSM-SDalgorithmsin[13]and

[16])providethesameBERastheSM-MLdetection.Itisworthnotingthatinpractice,the

channelestimationaccuracyimprovesastheSNRincreases(i.e.,σ2e=1/snr),andtheML

BERperformancecanbestillreasonable,asseenfromFigs.4.4,4.5and4.6.

4.7.2 AnalyticalComplexityAssessment

Inthissubsection,Ievaluatetheaccuracyoftheanalyticalexpressionsfortheexpected

decodingcomplexityofthem-Malgorithmgivenin(4.24)and(4.33).Asmentionedbefore,

thenumberofvisitednodes(VNs)isusedasameasureforthedecodingcomplexityofall

algorithmsinthischapter.Figs.4.7,4.8and4.9presentthecomparisonresultsbetweenthe

analyticalexpressionsandcomputersimulationresultsofthedetermined,under-determined

andover-determinedSM-MIMOsystems,respectively,forη=6and8bpcu.Inallfigures,

theanalyticalexpressionforσ2e=0isgivenfrom(4.24),whiletheanalyticalexpression

forσ2e=0.1,0.2and(1/snr)isgivenfrom(4.33).Fromthesefigures,Iobservethatthe

analyticalexpressionsin(4.24)and(4.33)matchthecomputersimulationresultsafterSNR

valuesof5dB,whilesomemismatchesoccuratlowSNRvalues.

Itshouldbenotedthatthemismatchbetweentheanalyticalexpressionsandsimulation

resultsatlowSNRvaluescomesfromtheassumptionsof̂xm-M→ xtin(4.15).Atlow

SNR,theMLsolution(thesameasx̂m-M)missesthetruesolution,xt,whichmeansthat

y−xt
2
F > y−x̂m-M

2
F.Inotherwords,thethresholdRm-Min(4.15)usedforthe

analyticalexpressionswillbegreaterthantheactualthresholdin(4.14),whichleadstothe

countofmorenodesthanthereality.ByincreasingtheSNR,theMLsolutionmostprobably

estimatesthetruesolution;theassumptionof̂xm-M→xtbecomesmorereliable.Inthecase

ofσ2e=1/snr,σ
2
ebecomesveryhighatlowSNRvalues(e.g.,σ

2
e=1atzeroSNR)which

dramaticallyaffectstheaccuracyof(4.33).
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Asitcanbeseenfromthesefigures,thederivedanalyticalexpressionsin(4.24)and

(4.33)accuratelydescribethedecodingcomplexityoftheproposedm-Malgorithminboth

perfectandimperfectCSIRespeciallyathighSNRvaluesfordetermined,under-determined,

andover-determinedSM-MIMOsystems.

4.7.3 ComplexityComparison

Inthissubsection,Icomparethecomplexityoftheproposedm-Malgorithmwiththeoptimal

BERperformanceSM-SDalgorithms([13]and[16]).Itshouldbenotedthatthethresholdof

theSM-SDalgorithmin[13]isoptimizedtoprovidetheoptimalBER.Thecomparisongoal

istodeterminethedecodingcomplexityreductionratiobetweenthedesiredandSM-ML

algorithms,whichisgivenas

CR=
MNtNr−CΛ
MNtNr

=1−
CΛ

MNtNr
, (4.36)

whereCRdenotesthecomplexityreductionratio,MNtNristhedecodingcomplexityof

theMLdetector,andCΛdenotesthedecodingcomplexityofthetargetalgorithmwith

Λ∈{m-M,SM-SD[13],SM-SD[16]}.Theminimumnumberofnodesthatcanbevisited

byanyalgorithmisaonefullyexpandedbranch(i.e.,Nrnodes)inadditiontothenodes

ofthefirstrowinthetree-search(i.e.,MNt−1nodes).Thus,Icandefinethemaximum

reductioninthedecodingcomplexityratiothatcanbeachievedbyanyalgorithm,CmaxR ,as

CmaxR =1−
Nr+MNt−1

MNtNr
. (4.37)

Figs.4.10,4.11and4.12showthecomplexityreductionratioin(4.36)versusdifferent

valuesofSNRfordetermined,under-determined,andover-determinedSM-MIMOsystems,

respectively.Eachfigurecontainsfoursub-figureswhichrepresentallscenariosofσ2e(i.e.,

0,0.1,0.2,and1/snr),whileeachsub-figurepresentsthetwoavailablespectralefficiencies,
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η=6and8bpcu.Accordingto(4.37),CmaxR =86.1%and93.4%inFig.4.10forη=6

and8bpcu,respectively;CmaxR =82%and91.3%inFig.4.11forη=6and8bpcu,

respectively;andCmaxR =88.6%and94.6%inFig.4.12forη=6and8bpcu,respectively.

Inthecaseofσ2e=0and1/snr,theproposedm-Malgorithmprovidesthebestreduction

inthedecodingcomplexityratioovertheSM-SD[13]andSM-SD[16]algorithms.The

m-MalgorithmaswellastheothertwoalgorithmsreachtoCmaxR athighSNR.Itshouldbe

notedthatwhenηincreases,thedecodingcomplexityratioincreasesforallalgorithms.In

thecaseoffixedσ2e(i.e.,0.1and0.2),noalgorithmreachesC
max
R .However,theproposed

m-Malgorithmprovidesthebestreductioninthedecodingcomplexityratioforallvaluesof

SNR.Also,asσ2eincreases,thereductionincomplexitygainofthem-Malgorithmoverthe

othertwoalgorithmincreases.

Asitcanbeseenfromthesefigures,theproposedm-Malgorithmprovidesabetter

complexityreductionratiointhelowSNRinthecaseofperfectCSIRandvariableσ2e.

Moreover,ithasthesuperiorityovertheexistingSM-SDalgorithmsforallvaluesofSNRin

thecaseofimperfectCSIRwithfixedσ2e.Inaddition,them-Malgorithmismorerobustto

theincreaseofσ2ethantheexistingSM-SDalgorithms.

4.7.4 ComplexityReductionSensitivity

IhavenoticedfromFigs.4.10,4.11and4.12thatthereductioninthedecodingcomplexity

ratioforthem-MalgorithmincreasesastheSM-MIMOdimensions(M,Nt,andNr)

increase. However,Ineedtodeterminewhichdimensionaffectsmorethecomplexity

reductionratio.Inthissubsection,Iassessthereductioninthecomplexityratioversusonly

oneSM-MIMOdimension.

InFig.4.13,thedecodingcomplexityreductionratioofthem-Malgorithmisassessed

versustheQAMorder,M,forthe16×16SM-MIMOsystem.Itcanbeseenthatthe

complexityreductionratioslightlyincreasesasM increases.Forexample,forσ2e=0.2,the
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complexityreductionratioincreasesfrom76%to78.5%atM =8and128,respectively.

Thus,thecomplexityreductionratiooftheproposedm-Malgorithmissensitivetothe

slightlychangeofM.

InFig.4.14,Ievaluatethedecodingcomplexityreductionratioofthem-Malgorithm

versusNtatNr=M =16.Itcanbenoticedthattheincreaseofthedecodingcomplexity

reductionisnegligibleincomparisonwiththecaseofvariableNt.Consequently,thechange

ofNthasalmostnoeffectonthedecodingcomplexityratioofthem-Malgorithm.

ThedecodingcomplexityreductionisevaluatedversusdifferentvaluesofNrinFig.4.15

forNt=M =16.Icanseefromthisfigurethatthecomplexityreductionratioincreases

from68%atNr=4to90%atNr=128forσ
2
e=0,andfrom64%atNr=4to82%at

Nr=128forσ
2
e=0.2.Thus,thedecodingcomplexityofthem-Malgorithmincreases

logarithmicallyasNrincreases.

Finally,Icanseefromthesefiguresthatthedecodingcomplexityreductionratioofthe

m-MalgorithmissensitivetothechangeofNr,whileisnonsensitivetothechangesofNt

orM.

4.7.5 Discussions

Asseenfromourcomprehensivecomparisons,theproposedm-Malgorithmprovides

significantreductioninthedecodingcomplexitybasicallywithoutBERperformanceloss.

ForSMsystems,compressivesensing(CS)-basedalgorithmshavebeenrecentlyproposed

in[32]-[34]toprovidesub-optimalBERperformancewithareductioninthedecoding

complexity.TheseCS-basedalgorithmsexploitthesparsityoftheSMsignalstoprovide

low-complexitydetectionattheexpenseofBERdeterioration.Normally,theCS-based

algorithmsaresuitableforover-determinedSM-MIMOsystems(i.e.,Nr>Nt)toreduce

theBERperformancegapversustheMLsolution.Theauthorsof[34]haveproposedan

enhancedBayesianCS(EBCS)algorithmtoprovidelow-complexitydetectionwithnearML
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BERperformance.TheminimumdecodingcomplexityoftheEBCSalgorithmin[34]canbe

achievedathighSNR,whichisaboutO(NrN
2
t)+O(NrNt)+O(Nt)+O(Nr)floatingpoint

operations(flops).SincetheMLdecodercosts9MNrNtflops,themaximumcomplexity

reductionthatcanbeachievedfrom[34]whencomparedwiththeMLdecoderinhigh

SNRis87.2%and88.1%for12×8SM-MIMOwith8-QAMand20×16SM-MIMOwith

16-QAM,respectively.AsshowninFig.4.12-(a)and(4.37),theproposedm-Malgorithm

provides88.6%and94.6%complexityreductionafter15dBfor12×8SM-MIMOwith

8-QAMand20×16SM-MIMOwith16-QAM,respectively.Thus,theproposedalgorithm

hasahighercomplexityreductionwithoutanyBERperformancelosswhencomparedwith

theMLdecoder.

Anotherrecentlow-complexityalgorithmthatprovidesanear-MLBERperformance

isproposedin[17]bydividingthetree-searchintoNtsubtreeswith2Nrlevels(forthe

real-formrepresentationof(4.3))andMbranches.Thetransmitandreceiveantennasare

orderedtoreachthesolutionfaster.Inthefirstsubtree,thealgorithmvisitsadifferent

numberofnodesineachlevel,K=[k1k2...k2Nr],wherekirepresentsthenumberof

bestnodesthatshouldbekeptinthei-thlevelandexpandedinthenextlevel.Theminimum

EDatthefinallevelisusedasaprunedradiusforscanningthenextNt−1subtreesby

applyingtheSDconceptin[11].InhighSNR,theminimumdecodingcomplexityofthe

algorithmin[17]is( 2Nr
i=1ki)+M(Nt−1)visitednodesplusthecostofEq.(5)in[17].

Asdiscussedin(4.37),theproposedm-Malgorithmcanvisitonly(2Nr+MNt−1)nodes

toachievetheoptimumBERperformance.Forinstance,fora4×4SM-MIMOsystem

with64-QAMandK=[64262688221]asmentionedin[17],theminimumdecoding

complexityof[17]inhighSNRis329visitednodesplusthecostofEq.(5)in[17],while

ourproposedalgorithmvisitsonly263nodestoachievetheoptimumBERperformancein

highSNR(almosthighSNRisafter15dB,asshowninFigs.4.10,4.11and4.12).Thus,

them-Malgorithmprovidesalowerdecodingcomplexitythanthealgorithmin[17]without
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losingtheoptimalityofBERperformance.

ForhighrateSMtransmissions,oneofthesuggestedsolutionsistouseahighvalue

ofNt.TwosystemsareproposedtoprovidehighratetransmissionusingsmallerNt;1)

generalizedSM(GSM)whichactivatesmorethanonetransmitantennaatatime[35],and

2)quadratureSM(QSM)whichdeliversthesymbolsusingthein-phaseandquadrature

dimensions[36].Atthereceiverside,theGSMandQSMsystemshaveasimilartree-

searchstructuretotheSM,andhence,theproposedm-Malgorithmcanbeappliedina

straightforwardmanner.

4.8 Conclusion

Thischapterhasproposedanovellow-complexitydecodingalgorithmforSM-MIMO

systems,referredtoasthem-Malgorithm.Them-Malgorithmprovidesasignificant

reductioninthedecodingcomplexityintermsofthenumberofnodeswhicharevisited

duringthealgorithmrun.TheproposedalgorithmguaranteesachievingtheMLsolution

byemployingasingleexpansiontotheminimumEDacrossalltree-searchbranches,and

stoppingifthisminimumEDoccursattheendofafullyexpandedtree-searchbranch.

Furthermore,tightexpressionsfortheexpecteddecodingcomplexityofthem-Malgorithm

havebeenderived.Theproposedalgorithmandanalyticalexpressionshavebeenassessedin

threedifferentscenarios:perfectCSIR,aswellasimperfectCSIRwithafixedandavariable

channelestimationerrorvariances,respectively.Allscenarioshavebeeninvestigatedfor

differenttypesofSM-MIMOsystemsincludingdetermined,under-determined,andover-

determinedsystems.Thenumericalresultshaveshownthattheproposedalgorithmprovides

thebestreductioninthedecodingcomplexityoverexistingoptimalSM-SDalgorithms.

Thefutureworkmayfocusonthedevelopmentofthesoft-decodingversionofthem-M

algorithm.
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Chapter5

ReliableDetectionforSpatial

ModulationSystems

5.1 Abstract

Spatialmodulation(SM)isapromisingmultiple-inputmultiple-outputsystemusedto

increasespectralefficiency.Themaximumlikelihood(ML)decoderjointlydetectsthe

transmittedSMsymbol,whichisofhighcomplexity.Inthischapter,anovelreliablesphere

decoder(RSD)algorithmbasedontree-searchisproposedfortheSMsystem.Thebasic

ideaoftheproposedRSDalgorithmistoreducethesizeofthetree-search,andthen,a

smartsearchingmethodinsidethereducedtree-searchisperformedtofindthesolution.The

proposedRSDalgorithmprovidesasignificantreductionindecodingcomplexitycompared

totheMLdecoderandexistentdecodersaswell.Moreover,theRSDalgorithmprovidesa

flexibletrade-offbetweenthebiterrorrate(BER)performanceanddecodingcomplexity,

soastobereliableforawiderangeofpracticalhardwareimplementations.TheBER

performanceanddecodingcomplexityanalysisfortheRSDalgorithmarestudied,and

MonteCarlosimulationsarethenprovidedtodemonstratethefindings.
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5.2 Introduction

Spatialmodulation(SM)isapromisingtechnique[1]thathasbeenrecentlyappliedto

manyoftheemergingtechnologies[2],[3].Itovercomestheinter-channelinterference

(ICI)problemthatexistsinmultiple-inputmultiple-output(MIMO)systems.TheSM

systemcompletelyeliminatestheICIbydeliveringaphase-shift-keying(PSK)orquadrature

amplitudemodulation(QAM)symbolfromonlyonetransmitantennaatatime.Apartof

theinputbit-streamdeterminesanactivetransmitantenna,whiletherestdeterminesthe

PSK/QAMsymboltobedeliveredfromtheactivatedantenna[4],[5].Atthereceiver,the

maximum-likelihood(ML)decoderisappliedtoobtaintheoptimumbiterrorrate(BER)at

theexpenseofthedecodingcomplexity[6].

Severallow-complexitydecodingalgorithmshavebeenrecentlyproposedin[7]-[12]to

reducethehighdecodingcomplexityoftheMLdecoder.In[7]and[8],thespheredecoder

(SD)conceptisutilizedtoreducethedecodingcomplexitywithoutsacrificingtheoptimum

BERperformance.Alow-complexitydecodingalgorithmhasbeenproposedin[9]and

extendedin[10]byexploitingasmartsearchingalgorithminthetree-searchtoobtainthe

optimumBERperformance.Theauthorsin[11]and[12]proposedlow-complexitydecoders

bysacrificingtheoptimalityoftheBERperformance.TheexistingSDalgorithmssuffer

fromalackofreliabilitywhenitcomestofittingthepracticalhardwareimplementation

requirements.Inotherwords,theexistingalgorithmsdonotprovideasuitabletrade-off

betweentheBERperformanceanddecodingcomplexity.

ThischapterproposesanovelandreliableSD(RSD)algorithmthatprovidesanadvanta-

geousarrangementbetweentheBERperformanceanddecodingcomplexity.Besides,the

proposedRSDalgorithmcanachievetheoptimumBERperformancewithasignificantre-

ductioninthedecodingcomplexitycomparedtotheMLdecoderandtheexistingalgorithms

aswell.TheanalyticalBERanalysisandexpecteddecodingcomplexityoftheproposed
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algorithmareprovidedandconfirmedthroughMonteCarlosimulations.

5.3 SystemModel

ConsideranNr×NtSM-MIMOsystem,whereNrandNtrepresentthenumberoftransmit

andreceiveantennas,respectively.SMdeliverslog2(NtM)bitperchanneluse,whereM is

themodulationorderoftheQAMconstellation.Theinputbit-streamissplitintotwogroups:

thefirstlog2(Nt)bitsselecttheactiveantenna,whilethesecondlog2(M)bitsdeterminethe

QAMsymboltobetransmitted,st∈{s1,···,sM}.TheSMtransmittedmessage,xt,is

equaltohtst,wherehtisavectoroftheRayleighfadingchannelcoefficientswithentries

distributedasCN(0,1)anddrawnfromthechannelmatrix,H ∈CNr×Nt.Thereceived

signalis

y=xt+g, (5.1)

whereg∼CN(0,σ2g)isthevectorofadditivewhiteGaussiannoise(AWGN)samples.

Atthereceiverside,theMLdecoderestimatesthetransmittedSMmessage,x̂ML,as[6]

x̂ML=argmin
xj|j=1,···,MNt

y−xj
2=argmin
xj|j=1,···,MNt

Nr

i=1

|yi−xi,j|
2. (5.2)

Thetree-searchstructure[8],[10]canbeusedtorepresent(5.2).Thetree-searchisa

two-dimensionalstructurewithasizeofNr×MNt;thetree-searchwidthrepresentsthe

MNtpossibilitiesoftheSMmessagecalledbranches,whileitsdepthrepresentstheNr

levelsofeachpossibilityoftheSMmessage.Fig.5.1showsatree-searchexampleofthe

MLdecoderforM =2,Nt=4,andNr=6.Theaccumulateddistancemetricvectorof

thei-thlevel,v(i)∈R1×MNt,is
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Fig.5.1:Tree-searchofSM-MIMOforM =2,Nt=4,andNr=6.

v(i)= i
n=1|yn−xn,1|

2··· i
n=1|yn−xn,MNt|

2 . (5.3)

Typically,thelastlevelofthetree-searchiscalledthedecisionlevel.TheMLdecoder

estimateŝxMLthatcorrespondstotheminimumnodeinv(Nr)(i.e.,atthedecisionlevel

wheni=Nrin(5.3)).

Inthischapter,thedecodingcomplexityisdefinedasthetotalnumberofnodesthat

shouldbevisitedinthetree-searchtoestimatethetransmittedSMmessage.SincetheML

decodervisitsallnodesinthetree-search,itsdecodingcomplexityisΨML=MNtNr.

ThecomplexityoftheMLdecoderconsequentlybecomeslargelyexcessive,especiallyfor

higherSM-MIMOdimensionsand/orQAMsizes.Severalworksintheliteraturehavebeen

proposedtoreducetheMLcomplexity,whicharebasedontree-searchandSDconcepts.

However,furthercomplexityreductioncanstillbeachieved,aswellasprogresstowardsits

reliabilitytofitawiderangeofhardwareimplementation.
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5.4 TheProposedRSDAlgorithm

TheproposedRSDalgorithmfirstlyreducesthesizeofthetree-search,andthenper-

formsasmartsearchingmethodtoreachthesolution.Letusdefineψcolasthenumberof

branches/SMmessagepossibilitiesthatmostlikelycontainstheoptimumsolution.TheRSD

algorithmperformsitssearchingforthesolutioninsidetheseψcolbranchesandstopsatthe

ψrow-thlevel,where1≤ψrow≤Nristhemaximumnumberoflevelsthatcanbevisited

bytheRSDalgorithm(i.e.,thedecisionlevelatψrow).Itisworthnotingthattheflexibility

trade-offbetweentheBERperformanceandcomplexityprovidedbytheRSDalgorithm

comesfromchangingthevalueofψrowwithintherangeof1andNr.

ThestepsofsearchingforthesolutionoftheRSDalgorithminsidethereducedtree-

searchareasfollows:

Step1:Expandallnodesofthefirstlevel,i.e.,v(1)in(5.3).

Step2:AppropriatelychoosethesmallestψcolnodesthatcomefromStep1.Itshouldbe

notedthattheRSDalgorithmsearchesforthesolutioninsidethebranchesthatcorrespondto

thesmallestψcolnodes.Consequently,theRSDalgorithmreducesthedecodingcomplexity

byatleast(MNt−ψcol)ψrownodes.Thevectorofdistancemetricnodesin(5.3)yields

v(i)=v(i,1) ···v(i,j)···v(i,ψcol), (5.4)

wherev(i,j)isthej-thnodeofleveli,andgivenby

v(i,j)=

i

n=1

|yn−xn,j|
2. (5.5)

Step3:Performasingleexpansiontotheminimumnodein(5.4).

Step4:CheckiftheexpandednodefromStep3stillhasaminimumvalueamongthe

restofψcolnodesornot.Ifyes,performanothersingleexpansiontothatnode.Ifno,find

thenewminimumnodeandexpanditonce.
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Algorithm5.1TheproposedRSDalgorithmpseudo-code.

•InputH,M,andNt;

•Computev(1)in(5.3);

•Chooseψcolempirically,basedonMandNttomostlikelyincludetheoptimumBER
performance;

•Storethebranchesindicesthatcorrespondingtothesmallestψcolnodeofv(1)into
Ξψcol;

•ChooseψrowbasedonthesystemrequirementsfromtheBERandcomplexitypoints
ofviews;

•DefineLen(j)asthelengthofthej-thbranchandinitiateitwithonefor∀j;

1:While n<ψrowψcol,do
2: Findjminthatsolves argmin

j∈Ξψcol
imin∈{1,···,ψrow}

{v(imin)};

3: Updateiminasthelevelthatcorrespondingtojmin;
4: ifLen(jmin)==ψrow
5: breakandendthealgorithm;
6: else
7: Expandv(imin,jmin)←v(imin+1,jmin);
8: Updatev(imin)basedonv(imin,jmin);
9: endif
10: Setn←n+1;
11:endWhile

•Outputx̂RSD= argmin
j∈Ξψcol

{v(ψrow)}.

Step5:RepeatStep3andStep4untiltheRSDalgorithmobtainstheminimumnodeat

abranchwithalengthofψrow.

Step6:FindtheindexcorrespondingtothenodethatcomesfromStep5,anddeclareit

asthesolutionoftheRSDalgorithm.TheestimatedSMmessageusingtheRSDalgorithm,

x̂RSD,canbegivenas
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x̂RSD= argmin

xj|j∈Ξψcol

ψrow

i=1

|yi−xi,j|
2= argmin

j∈Ξψcol

{v(ψrow)}, (5.6)

whereΞψcoldenotesthesetofbranchindicesthatcorrespondstothesmallestψcolmetric

nodevaluesofv(1)(i.e.,thefirstlevelati=1in(5.3)).TheRSDalgorithmissummarized

inAlgorithm5.1.

5.5 TheoreticalAnalysis

TheRSDalgorithmprovidestheoptimumBERperformancewithasignificantreduction

inthedecodingcomplexity.Inaddition,bychangingthevalueofψrow,aflexibletrade-off

betweentheBERperformanceanddecodingcomplexitycanbeobtainedtofitawiderange

ofhardwareimplementation.Inthissection,theBERperformanceandexpectedcomplexity

areconsideredrandomvariables,andtheirapproximateexpressionsarederivedusingthe

probabilitytheory.

5.5.1 BERUpperBoundAnalysis

ThegeneralexpressionfortheupperboundoftheMLBERforSMis[6],[13]

BERML≤
MNt

j=1

MNt

ĵ=1

δ(xj,̂x̂j)E Pr
ML xj→ x̂̂j

MNtlog2(MNt)
, (5.7)

wherePrML(xj→ x̂̂j)isthepairwiseerrorprobability(PEP)oftheMLalgorithm,Pr()

denotestheprobabilityofanevent,E{·}representstheexpectationoperation,andδ(xj,̂x̂j)

denotestheHammingdistancewhichmeasuresthenumberofbitsinerrorbetweenxjand

x̂̂j.

SincetheRSDalgorithmperformsthesearchinsideaportionofthetree-searchwitha
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sizeofψrow×ψcol,theoptimalsolutionmaynotbeincludedinthatportionofthetree-search.

Thus,thePEPin(5.7)fortheRSDalgorithmcanbewrittenas

PrRSD xj→ x̂̂j =Pr(̂xopt=xt|̂xopt∈Ξψcol)+Pr(̂xopt/∈Ξψcol), (5.8)

wherex̂optistheoptimalsolution.Theconditionalprobabilityin(5.8)containstwoindepen-

dentevents.Theexpectedvalueof(5.8)canconsequentlybewrittenas

E PrRSD xj→ x̂̂j =E{Pr(̂xopt=xt)}

Term1

+E{Pr(̂xopt/∈Ξψcol)}

Term2

. (5.9)

Term1in(5.9)canbewrittenasin[6],[13]

E{Pr(̂xopt=xt)}=µ
ψrow
j,̂j

ψrow−1

k=0





ψrow−1+k

k




(1−µj,̂j)

k, (5.10)

with

µj,̂j=0.5



1−
σ2
j,̂j

1+σ2
j,̂j



, σ2
j,̂j
=
ρ(|s(j)|2+|s(̂j)|2)

4
, (5.11)

whereρistheaveragesignaltonoiseratio(SNR),ands(j)istheQAMsymbolofthej-th

SMtransmittedmessage.Hence,fortheRSDalgorithm,(5.7)canbewrittenas

BERRSD≤

ψcol

j=1

ψcol

ĵ=1

δ(xj,̂x̂j)

MNtlog2(MNt)

×









µ
ψrow
j,̂j

ψrow−1

k=0





ψrow−1+k

k




(1−µj,̂j)

k




+E{Pr(̂xopt/∈Ξψcol)}




. (5.12)
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Basedon(5.12),theRSDalgorithmprovidesanearoptimumBERperformancewhen

Term2in(5.9)approacheszero(i.e.,Pr(̂xopt/∈Ξψcol)≈0);thiscanbeachievedbyproperly

choosingψcol.Inthischapter,ψcolisempiricallychosensuchthatPr(̂xopt/∈Ξψcol)≈0.

5.5.2 ExpectedComplexityAnalysis

Inthischapter,thecomplexityoftheRSDalgorithmismeasuredbythenumberofvisited

nodesinthetree-searchneededtoestimatethesolution.Ingeneral,thecomplexityoftheSD

algorithmsisarandomvariable.ThegeneralapproximationfortheexpectedSDcomplexity

is[10]

ΨSD≈MNt+
MNt

j=1

Nr

i=1

Prv(i,j)≤ζxt,H,σ
2
g,ζ, (5.13)

whereΨSDistheexpectedcomplexityofanSDalgorithmandζistheprunedradius(i.e.,

threshold)ofthatalgorithm.Itshouldbenotedthat(5.13)representsthegeneralexpression

anditssolutiondependsonthealgorithmitself.

Tofindtheconditionalprobabilityin(5.13)fortheRSDalgorithm,thedistributionsof

v(i,j)andζshouldbedefined.From(5.5),v(i,j)hasanon-centralchi-squaredistribution

with2idegreesoffreedom.Thus,theclosed-formoftheconditionalprobabilityin(5.13)is

[14,(Ch.2)]

Prv(i,j)≤ζxt,H,σ
2
g,ζ=1−Qi




2γ2i,j

σg
,

√
2ζ

σg



, (5.14)

whereγ2i,j=
i
n=1|xn,t−xn,j|

2,xn,jisthen-thelementofthej-thSMtransmittedmessage,

andQi(,)istheMarcumQ-function.

Toremovethedependencyof(5.14)onζ,theexpectationoperationshouldbeapplied

for(5.14)overthedistributionofζ.Forsimplicity,letusassumethattheRSDalgorithm
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mostlikelyreachestheoptimumsolution.Thus,theprunedradiuscanbegivenfrom

ζ= ψrow
i=1|gi|

2,wheregidenotesthei-thelementoftheAWGNvectorin(5.1).Itisworth

notingthatthissimplifiedassumptionofζisespeciallyforhighSNR.Thedistributionofζ

isacentralchi-squarewith2ψrowdegreesoffreedomanditsprobabilitydensityfunction,

fζ(ζ),is[14,(Ch.2)]

fζ(ζ)=
(ζ)ψrow−1

σ2ψrowg (ψrow−1)!
exp

−ζ

σ2g
. (5.15)

Hence,(5.14)yields

Prv(i,j)≤ζxt,H,σ
2
g =1−

∞

0

Qi




2γ2i,j

σg
,

√
2ζ

σg



dζ. (5.16)

Theclosed-formexpressionof(5.16)canbegivenas[15]

Prv(i,j)≤ζxt,H,σ
2
g =2

iexp
−γ2i,j
σ2g

ψrow−1

n=0

(i)n
2nn!

1F1 n+i;i;
γ2i,j
2σ2g

,(5.17)

where(i)nrepresentsthePochhammersymboland1F1istheKummerhypergeometric

function.SincetheRSDalgorithmsearchesforthesolutioninsideareducedtree-search

withasizeofψrow×ψcol,theapproximationoftheexpectedcomplexityin(5.13)becomes

ΨRSD≈ψcol+

ψcol

j=1

ψrow

i=1

2iexp
−γ2i,j
σ2g

ψrow−1

n=0

(i)n
2nn!

1F1 n+i;i;
γ2i,j
2σ2g

, (5.18)

whereΨRSDistheexpectedcomplexityoftheRSDalgorithm.

Alternatively,(5.16)canbenumericallycalculatedusingtheGauss–Laguerrequadrature

[16].Thus,(5.13)becomes
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ΨRSD≈ψcol(ψrow+1)−
1

(ψrow−1)!

ψcol

j=1

ψrow

i=1

β

k=1

wk(zk)
(ψrow−1)Qk




2γ2i,j

σg
,
√
2zk



,

(5.19)

wherewkandzkaregivenvaluesbasedontheorderβ,whichisgivenfrom[16,(Table

25.9)].Notethat(5.19)providesavalueclosetothatin(5.18)withconsiderablylower

executiontime.

5.6 SimulationResults

Inthissection,theBERanddecodingcomplexityoftheproposedRSDalgorithmare

assessedandcomparedwithoptimumalgorithmsinliterature,suchas[7],[8],and[10].Two

SM-MIMOsystemsareconsidered;16-QAMfor8×8and16×16SM-MIMO,respectively.

Asmentionedbefore,ψcolisempiricallychosentoprovidetheoptimumBERperformance

(i.e.,Pr(̂xopt/∈Ξψcol)≈0in(5.12))atψrow=Nr,whereψcol=70and180forthefirst

andsecondSM-MIMOsystems,respectively.TheproposedRSDalgorithmisdenotedby

RSD-(ψrow,ψcol)toshowthevaluesofψrowandψcol.MonteCarlosimulationsareusedto

obtaintheresultsbyrunningatleast106Rayleighflatfadingchannelrealizations.The

channelstateinformationatthereceiverisassumedtobeperfectlyknown.

5.6.1 AssessmentofExpectedComplexityfortheRSDAlgorithm

Theexpressionin(5.19)isevaluatedforthetwoconsideredSM-MIMOsystemsusingβ=7.

Theexpectedcomplexitycomingfrom(5.19)providesalmostidenticalresultsto(5.18),

however,withaddedspeed.Thecorrespondingwkandzkatβ=7aregivenin[16,(Table

25.9)].

Figures5.2and5.3depicttheaveragenumberofvisitednodesoftheRSDalgorithm
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for16-QAMwith8×8SM-MIMOand16-QAMwith16×16SM-MIMO,respectively.

Bydecreasingψrow,thesizeofthetree-searchdecreasesandthecomplexitydecreases

correspondingly,asshowninthefigures.ItisalsonotablethattheRSDalgorithmrequires

lesscomplexitytofindthesolutionastheSNRincreases.Asseenfromthesefigures,the

theoreticalanalysisin(5.19)(orin(5.18))providesatightexpressionforsimulationresults,

fordifferentvaluesofψrow.Notethat(5.19)perfectlymatchesthesimulationresultsinthe

higherSNR,whichverifiesthefeasibilityoftheprunedradiussimplificationassumption

mentionedinSection5.5.2.

5.6.2 ComparisonswithLiteratureAlgorithms

Inthissubsection,theBERandcomplexityarecomparedwiththoseoftheliterature

algorithms(e.g.,[7],[8],and[10]).Thecomplexitycomparisonisassessedbycalculating

thecomplexityreductionratiowhichisdefinedas

ΨΩReduction=
MNtNr−Ψ

Ω

MNtNr
=1−

ΨΩ

MNtNr
, (5.20)

whereΨΩReductionisthecomplexityreductionratiofortheΩ∈{RSD,SD-[7],SD-[8],SD-[10]}

algorithm.

Figures5.4and5.5showtheBERperformanceoftheRSDalgorithmcomparedto

theoptimumalgorithms,for16-QAMwith8×8SM-MIMOand16-QAMwith16×16

SM-MIMO,respectively.Asshownfromthesefigures,theRSD-(8,70)andRSD-(16,180)

providethesameBERastheMLBERperformancefor16-QAMwith8×8SM-MIMO

and16-QAMwith16×16SM-MIMO,respectively.ItshouldbenotedthattheSD-[7]and

SD-[8]algorithmsprovidethesameBERperformanceastheMLandSD-[10]algorithms,

andtheirresultsareomittedforthevisibilityoffigures.Basedonthereliabledesignofthe

RSDalgorithm,sub-optimalBERperformancescanbeobtainedbyvaryingthevalueof
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ψrow.TheBERanalysisin(5.12)isconfirmedviasimulationresults.

Figures5.6and5.7depictthecomplexityreductionratioofallalgorithmsfor16-QAM

with8×8SM-MIMOand16-QAMwith16×16SM-MIMO,respectively.Asseenfrom

thesefigures,theRSDalgorithmprovidesthebestreductionincomplexitycomparedto

allexistingalgorithms.Italsooffersreliabledecodingcomplexitiesthatvaryfrom72%to

92%for16-QAMwith8×8SM-MIMOandfrom68%to95%for16-QAMwith16×16

SM-MIMO.Thisreliabilityinthedecodingcanfitawiderangeofpracticalapplication

requirements.

5.7 Conclusion

ThischapterproposesanovelreliablealgorithmtodecodeSMtransmittedmessages.The

BERperformanceandcomplexityoftheproposedalgorithmaretheoreticallyderived.The

proposedalgorithmprovidesasignificantreductioninthedecodingcomplexity(e.g.,up

to95%)comparedtoML,withoutsacrificingtheBERperformance.Aflexibletrade-off

betweentheBERperformanceandcomplexityispresentedtodemonstratethereliabilityof

theproposedalgorithm.
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Chapter6

Low-CostUplinkSparseCodeMultiple

AccessforSpatialModulation

6.1 Abstract

Spatialmodulation(SM)-sparsecodemultipleaccess(SCMA)systemsprovidehighspectral

efficiency(SE)attheexpenseofusingahighnumberoftransmitantennas.Toovercome

thisdrawback,thischapterproposesanovelSM-SCMAsystemoperatinginuplinktrans-

mission,referredtoasrotationalgeneralizedSM-SCMA(RGSM-SCMA).Fortheproposed

system,thefollowingareintroduced:a)transmitterdesignanditsformulation,b)maximum

likelihoodandmaximumaposterioriprobabilitydecoders,andc)practicallow-complexity

messagepassingalgorithmanditscomplexityanalysis.Simulationresultsandcomplexity

analysisshowthattheproposedRGSM-SCMAsystemdeliversthesameSEwithsignificant

savingsinthenumberoftransmitantennas,attheexpenseofclosebiterrorrateanda

negligibleincreaseinthedecodingcomplexity,whencomparedwithSM-SCMA.
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6.2 Introduction

Sparsecodemultipleaccess(SCMA)isapromisingnon-orthogonalmultipleaccess(NOMA)

approachfor5Gwirelessnetworks[1]-[3]thathasbeenintroducedin[4].SCMAassigns

uniquemulti-carriersparsecodestoeachusertoaccessthemedium[5].Thesparsity

propertyofcodesenablestheapplicationofthemessagepassingalgorithm(MPA)atthe

receiver,toprovidenearmaximumlikelihood(ML)biterrorrate(BER)performancewith

lowerdecodingcomplexity[6].Thenumberofinterferedusersforeachsub-carrierisalso

reduced,allowingmoreuserstobeoverloaded,henceincreasingthespectralefficiency(SE)

ofthesystem.

Spatialmodulation(SM)isanotherpromisingtechniquethatprovideshighSEwith

low-complexitysignaldetection[7],[8].ItincreasestheSEbyassigningpartoftheinput

datastream,namedspatialsymbol,toactivateanantennatotransmitthemodulationsymbol.

In[9],generalizedSM(GSM)isproposedtoovercomethelimitationofthehighnumberof

transmitantennasrequiredintheSMsystem.

Recently,forfurtherSEimprovement,SMandNOMAhavebeenjointlyconsidered

[10]-[12].Power-domainNOMA,low-densitysignature,andSCMAhavebeenexplored

forSMin[10],[11],and[12],respectively.Suchsystemsrequireanintegerpoweroftwo

transmitantennastodeliverspatialsymbols,whichcomestobeinfeasibleforhigherrate

transmission.

ThischapterproposesanoveluplinkSMsystem,referredtoasrotationalGSM(RGSM)-

SCMA,whichovercomesthepreviouslymentioneddrawbackoftheexistingSM-NOMA

systems.ThemodelsoftheproposedRGSM-SCMAtransmitterandreceiverfortheuplink

scenarioareintroduced.MLandmaximumaposterioriprobability(MAP)decodersare

providedastheoreticalreceivers.Additionally,theiterativeMPAdecoderispresentedand

analyzedtoprovideapracticallow-complexitydetection.TheproposedRGSM-SCMA
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systemenjoysahighSEtransmissionastheSM-SCMAsystemwithasignificantreduction

inthenumberoftransmitantennas,whichleadstosavingresourcesthatcanthenbeused

forchannelestimation.ItisshownthattheMPAdecoderfortheproposedRGSM-SCMA

systemattainsacloseBERperformancetotheMPAoftheSM-SCMAsystem,withnearly

thesamecomplexity.

6.3 RelatedWorkandMotivation

Inasingle-userSMsystem,theinputdatastreamistransmittedasacombinationofspatial

symbolsandmodulatedsymbols.Atthereceiverside,thedecoderestimatesboththespatial

andmodulatedsymbolsbyperforminganexhaustivesearchorbyusingoneofthelow-

complexitydecodingalgorithms,suchasthosein[13]-[15].Forinstance,assumethatanSM

systemisequippedwithfourtransmitantennas(i.e.,fourspatialsymbols)andtwomodulated

symbols(i.e.,binaryphaseshiftkeying).Thus,thissystemcandeliver3-bitsatatime;2-bits

spatialsymbol(i.e.,log2(numberoftransmitantennas)-bitswhichcorrespondingtoeachof

thefourantennas)and1-bitmodulatedsymbol.Asseenfromthisexample,thenumberof

transmitantennamustbeapoweroftwo,whichincreasesexponentiallyastheSEincreases.

Foramulti-userSMsystem,theSCMAtechniqueisusedtoorganizetheaccessingof

theuserstothemedium.ThissystemisknownasSM-SCMA.TheSM-SCMAsystem

enjoysahighSEwithgoodBERperformance,whichissuitableforthefuturegenerations

ofthewirelessnetworks.However,theuseofhighnumberoftransmitantennasisstill

required.

Inthischapter,Iproposeasolutiontothisproblembyactivatingmorethanoneantenna

atatimetodeliverthesameSEofSM-SCMAwithamuchlowernumberoftransmit

antennas.Inaddition,rotationalanglesareusedtoprovideacloseBERperformancetothe

SM-SCMA.
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Fig.6.1:UplinkRGSM-SCMAblockdiagramfortheu-thuser.

6.4 RGSM-SCMASystemModel

Inthissection,theRGSM-SCMAsystemisintroduced.AssumethatRorthogonalresource

elements(OREs),e.g.,subcarriers,areoverloadedwithUusers(i.e.,U>R);eachuser

hasauniquesparsecodebook,Cu∈C
R×M,u=1,...,U,whichcontainsMcodewords,

cu,m∈C
R×1,m=1,...,M.cu,mhasdvnon-zerocodewordelementsinthesamepositions

foreachcodebook,andvaryfromonecodebooktoanother.Thenumberoftheoverlapped

usersperORE,df,isfixedfor∀R.TheSEfortheu-thuserisηu=η
s
u+η

c
ubitperchannel

use(bpcu),whereηsuandη
c
udenotethespatialandcodespectralefficiencies,respectively.

ConsiderthatNtandM arethenumberoftransmitantennasusedtodeliverη
s
ubpcu

andthenumberofcodewordsusedtodeliverηcubpcu,respectively,foreachuser.Itis

assumedthatthesystemparametersforallusersarethesame(i.e.,sameNt,SEsandM).

IntheRGSM-SCMAsystem,ηsu=log2(Nc)bpcu,whereNc=2
ncantennacombinations,

nc=




log2




Nt

Na








,with·astheflooroperation,andNa<Ntisthenumberofactive

antennasatatime,whileηcu=log2(M)bpcu.

Fig.6.1showstheuplinkscenariooftheRGSM-SCMAsystemfortheu-thuser;the
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TABLE6.1:TheRGSM-SCMAantennagroupingvectorlookuptableforNt=5,Na=2,Nc=8,
andηsu=3bpcu.

bsu k gu.k

000 1 [1 0 1 0 0]

001 2 [e−j
2π
3 0 0 1 0]

010 3 [e−j
4π
3 0 0 0 1]

011 4 [0 1 e−j
π
2 0 0]

100 5 [0 e−j
2π
3 0 e−j

2π
3 0]

101 6 [0 e−j
4π
3 0 0 e−j

2π
3 ]

110 7 [0 0 e−jπ e−j
4π
3 0]

111 8 [0 0 e−j
3π
2 0 e−j

4π
3 ]

inputbu∈B
ηubitsfortheu-thuserisdividedintotwoparts:thefirstbsu∈B

ηsubits

representthespatialsymbol,whilethelastbcu∈B
ηcubitsrepresentthecodesymbol.The

SCMAencoderblockmapsthebcubitstoitscorrespondingcodewordcu,manddeliversitto

theinputofalltransmitantennamultiplexers.Theantennagroupingvectorblockchooses

theantennagroupingvector,gu,k∈C
1×Nt,k∈{1,...,Nc},accordingtothevalueof

bsufromapredeterminedlookuptable(Table6.1isanexamplelookuptablewithNt=5,

Na=2,Nc=8,andb
s
u=3bpcu).Itshouldbenotedthatgu,khasNanon-zeroelements

thatcorrespondtotheNaactiveantennas.Theserial-to-parallel(S/P)blockdistributesthe

zeroandnon-zeroelementsofgu,katthesametime,tothenextstage.Themagnitudeof

gu,k,|gu,k|∈R
1×Nt,isappliedtothemultiplexers’selectorpins,whichallowtheantennas

correspondingtothenon-zeroelementstotransmitcu,mrotatedwiththeassociatedrotation

angleofgu,k.Toensuremaximumdistancebetweenthesuccessiveangles,theyshouldbe

equallyspacedforeachantenna.Thus,therotationanglesofthent-thantennaare

θd,nt=
−2(d−1)π

ant
,nt=1,...,Nt,d=1,...,ant, (6.1)

whereθd,ntdenotestherotationangleofthed-thoccurrenceofthent-thantenna,andantis

thenumberoftimesthatthent-thantennaisactivatedfor∀k.Forinstance,inTable6.1,the
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thirdantenna(i.e.,nt=3)isactivated4times(i.e.,a3=4)atk=1,4,7and8.Then,θ1,3,

θ2,3,θ3,3andθ4,3equalto0,
−π
2
,−πand−3π

2
,respectively.

Atthereceiverside,thenoisyreceivedsignalforeachOREatthen-threceiveantenna,

yrn,is

yrn=
u∈Λr

hru,ng
T
u,kc

r
u,m +n

r
n, (6.2)

wherehru,n∈C
1×NtdenotestheRayleighfadingchannelbetweentheNttransmitantennas

andn-threceiveantennaoftheu-thuserforther-thORE,cru,mrepresentsther-thelement

ofthem-thcodewordforuseru,nrn∼N(0,σ
2)istheGaussiannoiseatther-thOREof

then-threceiveantennawithzero-meanandavarianceofσ2,andΛristhesetofindicesof

theusersthatsharether-thORE.Thereceivedsignalsvector,yn,forallOREsatthen-th

receiveantennais

yn=
U

u=1

diaghu,ng
T
u,k cu,m +nn, (6.3)

whereyn∈C
R×1= y1n,...,y

R
n
T
,hu,n∈C

R×Nt= h1Tu,n,...,h
RT
u,n

T
,nn∈C

R×1=

n1n...n
R
n
T
,anddiaghu,ng

T
u,k ∈C

R×Risadiagonalmatrixwhoser-thdiagonalelement

ishru,ng
T
u,k.

6.5 RGSM-SCMASignalDetection

Inthissection,theformulationofthreedecodersfortheproposedRGSM-SCMAsystemis

deduced,whichareML,MAP,andMPAdecoders.
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6.5.1 MLDecoder

TheMLdecoderperformsanexhaustivesearchforall(NcM)
Upossibilitiestoprovidethe

optimumBERperformance.TheMLsolutionforNrreceiveantennasis

Ĉ,̂G = argmin

j∈NUc

l∈MU






Nr

n=1

yn−
U

u=1

diaghu,ng
T
u,k(j)cu,m(l)

2




. (6.4)

Here,Ĉ∈CR×U =[̂c1,m...̂cU,m]denotestheestimatedtransmittedcodewordsforall

users,witĥcu,mastheestimatedtransmittedcodewordfortheu-thuser,andm(l)represents

thevalueofm∈{1,...,M}atthel-thantennacombination.̂G∈CU×Nt=[̂g1,k...̂gU,k]

denotestheestimatedgroupingvectorsforallusers,witĥgu,kastheestimatedgrouping

vectorfortheu-thuser,andk(j)representsthevalueofk∈{1,...,Nc}atthej-thantenna

combination.

6.5.2 MAPDecoder

UnliketheMLdecoder,theMAPdecoderestimatesthepairoftransmittedcodeword

andgroupingvector,{̂cu,m,̂gu,k},foreachuserone-by-onebymaximizingaposteriori

probabilityofthispairgiventhereceivedsignalas

{̂cu,m,̂gu,k}= argmax

ĉu,m∈Cu

ĝu,k∈Gu

{P({̂cu,m,̂gu,k}|yn)}
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= argmax

ĉu,m∈Cu

ĝu,k∈Gu

{P({̂cu,m,̂gu,k})P(yn|{̂cu,m,̂gu,k})}

= argmax

ĉu,m∈Cu

ĝu,k∈Gu

{

∃\{̂cu,m,̂gu,k}

∈Ξ\{Cu,Gu}

P({̂cu,m,̂gu,k},∃\{̂cu,m,̂gu,k})

×P(yn|{̂cu,m,̂gu,k},∃\{̂cu,m,̂gu,k})}, (6.5)

where∃=[{̂c1,m,̂g1,k},...,{̂cU,m,̂gU,k}]representsonepossiblecombinationofthetrans-

mittedsetofcodewordsandgroupingvectorsforallUusers,Ξisthesetcontaining

all(NcM)
Upossibilitiesof∃,∃\{̂cu,m,̂gu,k}denotes∃excepttheset{̂cu,m,̂gu,k},and

Ξ\{Cu,Gu}denotesΞexcept{Cu,Gu}.Notethatthetotalprobabilitytheoremisapplied

toobtainthelastlineof(6.5).SinceallelementsofynareindependentforallOREsandNr

receiveantennas,theconditionalprobabilityinthelasttermof(6.5)becomes

P(yn|{̂cu,m,̂gu,k},∃\{̂cu,m,̂gu,k})=
Nr

n=1r∈Ωu

P(yn|∃(r)), (6.6)

whereΩuisthesetofindicesofthedvnon-zeroOREsfortheu-thuser,∃(r)denotesone

possiblesetoftransmittedcodewordsandgroupingvectorsatther-thOREforthedfusers

thatsharether-thORE,and

P(yn|∃(r))=
1

√
2πσ
exp−

yrn− u∈Λr
hru,ng

T
u,kc

r
u,m

2

2σ2
. (6.7)
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6.5.3 MPADecoder

TheMPAdecoderprovidesanapproximationtotheMAPdetectorusingthefactorgraph

method,showninFig.6.1.Inthefactorgraph,theOREsandservedusersarerepresented

asfunctionnodes(FNs)andvariablenodes(VNs),respectively.ForeachFN,allVNsthat

sharethisFNareconnected.NotethateachVNhasNcMsonVNs.TheideaoftheMPA

istoiterativelyupdatetheprobabilityofpassingthemessagesfromFNstoVNsandvice

versa.AfterTiterations,theMPAstopsanddetectsthemessagewhichcorrespondstothe

maximumjointprobability.NotethattheconventionalMPAoftheproposedRGSM-SCMA

ismodifiedtojointlyestimatetheantennagroupingvectorandtransmittedcodeword.

ToformulatetheMPA,assumethatP
(t)
fr→vu

({cru,m,gu,k})andP
(t)
vu→fr

({cru,m,gu,k})is

theprobabilityofpassingthemessage{cru,m,gu,k}fromther-thFNtotheu-thVNand

fromtheu-thVNtother-thFN,respectively,atthet-thiteration,t=1,...,T.First,all

messagessentfromVNstoFNsareassumedequiprobableatthefirstiteration;i.e.,

P
(0)
vu→fr

{cru,m,gu,k}=
1

NcM
,∀u,∀r,∀m, ∀k. (6.8)

Now,P
(t+1)
fr→vu

({cru,m,gu,k})canbewrittenas

P
(t+1)
fr→vu

{cru,m,gu,k}=
∃(i),i∈Λr\u

Nr

n=1

P yn|∃(i),∃(u)={c
r
u,m,gu,k}

×
i∈Λr\u

P
(t)
vi→fr

(∃(i))





,∀m, ∀k,∀r,u∈Λr, (6.9)

whereΛr\udenotesΛrexcepttheu-thuser,andP yn|∃(i),∃(u)={c
r
u,m,gu,k}isgiven

in(6.7).Then,theprobabilityofpassingthemessagesfromVNstoFNsisupdatedas
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P
(t+1)
vu→fr

{cru,m,gu,k}=γ
(t+1)
u,r

j∈Ωu\r

P
(t+1)
fj→vu

{cru,m,gu,k},∀m, ∀k,∀u,r∈Ωu,

(6.10)

whereΩu\rdenotesΩuexceptther-thORE,andγ
(t+1)
u,r isthenormalizationfactor,which

isgivenby

γ(t+1)u,r =
M

m=1

Nc

k=1

P
(t)
vu→fr

{cru,m,gu,k}

−1

. (6.11)

AfterTiterations,theestimatedtransmittedcodewordandgroupingvectorareobtainedas

{̂cu,m,̂gu,k}= argmax

m=1,...,M

k=1,...,Nc

j∈Ωu

P
(T)
fj→vu

({cu,m,gu,k}),∀u. (6.12)

6.5.4 MPAComplexityAnalysis

Inthissubsection,thecomputationalcomplexityoftheMPAdecodersfortheSM-SCMA

andRGSM-SCMAsystemsisdeducedintermsofrealadditionsandmultiplications.Table

6.2showsthecomplexitysummary,calculatedbasedon(6.8)-(6.12)andthefactorgraphsof

bothsystems.AtthesameSE,itisshownfromTable6.2thatthereisanegligibleincreasein

thenumberofrealmultiplicationsandadditionsoftheRGSM-SCMAby4UdvNrNcNaand

2UdvNrNc(2Na−1),respectively.Thisincreaseisaresultofcombiningthechannelentries

bytheantennagroupingvectorsbeforeperformingtheMPAdecoder,andisindependentof

thenumberofiterations.Thus,atthesameSE,thedecodingcomplexityofbothsystemsis

almostsimilar.
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TABLE6.2:TherealoperationsoftheMPAdecodersfortheSM-SCMAandRGSM-SCMA
systems.

SM-SCMA RGSM-SCMA

Additions
Rdf(NtM)

df(2Nr(2df+1)−1)

+TRdf (NtM)
df−1

Rdf(NcM)
df(2Nr(2df+1)−1)

+TRdf (NcM)
df−1

+2UdvNrNc(2Na−1)

Multiplications
Rdf(NtM)

df

×(2Nr(2df+1)+Tdf+1)
+NtM(dv−1)(TRdf+U)

Rdf(NcM)
df

×(2Nr(2df+1)+Tdf+1)
+NcM(dv−1)(TRdf+U)

+4UdvNrNcNa

6.6 SimulationResults

Inthissection,simulationisusedtostudytheBERperformanceoftheproposedRGSM-

SCMAsystem,additionallyincomparisonwiththeSM-SCMA[12].Theeffectofthe

rotationanglesin(6.1)isshown,andIrefertothezerorotationanglesversionoftheRGSM-

SCMAasGSM-SCMA.TheMPAdecoderisconsideredforallsystems.Furthermore,the

Rayleighfadingchannelisassumedtobeperfectlyknownatthereceiver.Therequired

numberoftransmitantennasanddecodingcomplexitycomparisonsbetweentheproposed

RGSM-SCMAandSM-SCMAarealsoprovided.Thesystemparametersforallsystemsare

chosenasfollows:U=6,R=4andM =4.

Fig.6.2showstheBERperformancecomparisonforηsu=3bpcu(Nt=8and5for

SM-SCMAandRGSM-SCMA,respectively),Na=2andT=2incaseofNr=1,2,

and4.Asshowninthisfigure,theBERperformanceisalmostthesameinthecaseof

Nr=1and2.Inthecaseofhighsignal-to-noiseratio(SNR)forNr=4,theproposed

RGSM-SCMAprovidesabetterBERperformancethantheGSM-SCMA.Thus,usingthe

rotationanglesin(6.1)fortheproposedRGSM-SCMAdegradestheBERperformanceby

only0.6dBinsteadof1.2dBSNRasinGSM-SCMA,whencomparedwithSM-SCMA.

Fig.6.3showstheextracomplexity(ExCo)oftheRGSM-SCMAoverSM-SCMA

mentionedinTable6.2andgivenby:ExCo=(RGSMoperations-SMoperations)/SM
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operations,whereoperationscanbeeitheradditionsormultiplications.Itcanbeseenfrom

Fig.6.3thattheExCoisnegligible(lessthan0.05%)forbothadditionsandmultiplications,

anddecreaseswhenTorηsuincrease.

TheRGSM-SCMAsystemprovidessignificantsavingsinthenumberoftransmitanten-

nas,Nt,requiredtodeliverthesameη
s
uoftheSM-SCMA,asshowninFig.6.4.Notethat

Na={2,2,3,3,4,4,4,5,5}isusedtoachieveη
s
u=2:10bpcu.TheRGSM-SCMAsaves

moreintermsofNtwhenη
s
uincreases.Forexample,todeliverη

s
u=7bpcu,theSM-SCMA

requires128transmitantennas,whiletheRGSM-SCMArequiresonly10antennas.

Finally,theRGSM-SCMAprovidesasignificantreductioninthenumberoftransmit

antennaswithalmostthesamedecodingcomplexityandaveryslightdeteriorationinthe

BERperformancetodeliverthesameSEoftheSM-SCMA.

6.7 Conclusion

Alow-costSM-SCMAsystemhasbeenproposed,whichutilizesareducednumberof

transmitantennas,referredtoasRGSM-SCMA.Thetransmitterdesign,aswellastheML

andMAPdecodershavebeenintroduced.Furthermore,thelow-complexityMPAdecoder

hasbeenrevisedandanalyzedfortheproposedRGSM-SCMAsystem.Thisdeliversthe

sameSEasSM-SCMAwithamuchlowernumberofrequiredantennas,attheexpenseof

lessthan0.05%increaseinthedecodingcomplexityandupto0.6dBSNRdegradationin

theBERperformance.
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Chapter7

OntheComplexityReductionofUplink

SparseCodeMultipleAccessforSpatial

Modulation

7.1 Abstract

Multi-userspatialmodulation(SM)assistedbysparsecodemultipleaccess(SCMA)has

beenrecentlyproposedtoprovidehighspectralefficiencytransmission.Themessage

passingalgorithm(MPA)isemployedtodetectthetransmittedsignals,whichsuffers

fromhighdecodingcomplexityinpracticalimplementations.Inthischapter,threelow-

complexitydecodingalgorithmsareproposedfortheSM-SCMAsystem.Thefirstalgorithm

isreferredtoassuccessiveuserdetection(SUD),whilethesecondalgorithmisthemodified

versionofSUD,namelymodifiedSUD(MSUD).Then,forthefirsttime,thetree-search

oftheSM-SCMAsystemisconstructed.Basedonthattree-search,anothervariantofthe

spheredecoder(SD)algorithmisproposedfortheSM-SCMAsystem,referredtoasfixed-

complexitySD(FCSD).SUDprovidesthelowestdecodingcomplexitythatcanbeachieved
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attheexpenseofbit-error-rate(BER)performance.Further,MSUDslightlyincreasesthe

decodingcomplexityofSUDwithasignificantimprovementinBERperformance.Finally,

FCSDprovidesanear-optimumBERperformancewithaconsiderablereductionofthe

decodingcomplexitycomparedtotheMPAdecoder.TheFCSDalgorithmalsosupports

parallelhardwareimplementationandstrikesatrade-offbetweendecodingcomplexityand

BERperformance.Theproposedalgorithmsprovideflexibledesignchoicesforpractical

implementationbasedonsystemdesigndemands.ThecomplexityanalysisandMonte-Carlo

simulationsoftheBERperformanceareprovidedfortheproposedalgorithms.

7.2 Introduction

Non-orthogonalmultipleaccess(NOMA)hasbeenrecognizedasapromisingtechnique

forfuturewirelessnetworks,andhasreceivedconsiderableattentioninrecentyears[1]-

[2].NOMAiscomposedoftwotypes:power-domainandcode-domain.Thepowerand

codeorthogonalityconstraintsarerelaxedformultiple-useraccesstoimprovethespectral

efficiencyandincreasethenumberofservedusersforpower-domainandcode-domain

NOMA,respectively[3]-[5].Inthischapter,sparsecodemultipleaccess(SCMA)code-

domainNOMAisconsidered,whichwasfirstlyproposedin[6].IntheSCMAscheme,a

uniquemultidimensionalcodebookisassignedtoeachusertosharethemediumwiththe

otherusers.TheSCMAcodebooksaresparse(i.e.,containzeros)andcarefullydesignedto

provideagoodperformance[7]-[9].ThesparsitypropertyoftheSCMAcodebooksmakesit

feasibletoemploytheiterativemessagepassingalgorithm(MPA)toprovidenearmaximum-

likelihood(ML)bit-error-rate(BER)performanceatlow-complexitydetection[10].The

complexityoftheMPAisstillhighforpracticalimplementations;severalalgorithmshave

beenproposedtotacklethisproblem[11]-[15].In[11],theauthorsproposedareduced-

complexityversionoftheMPAdecoder,whereastheauthorsin[12]-[15]adoptedthe
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conceptofthespheredecoder(SD)toreducethecomplexityoftheSCMAsignaldetection.

Ontheotherhand,spatialmodulation(SM)isapromisingtechnologyforsingle-

usercommunications,whichovercomestheinter-channel-interferenceproblempresent

inmultiple-inputmultiple-output(MIMO)schemes[16]-[19].TheSMsystememploysthe

indexoftheactiveantennatodeliveradditionalinformationsupplementarytothemodulated

quadratureamplitudemodulation(QAM)/phase-shift-keying(PSK)symbolthatcanbe

transmittedfromthatactiveantenna[16].Atthereceiverside,theMLjointlydetectsthe

activetransmitantennaaswellasthetransmittedQAM/PSKsymbolbyimplementingan

exhaustivesearchthatleadstohighdecodingcomplexity.Thealgorithmsin[20]-[25]have

beenproposedbasedontheSDandtree-searchconceptstosignificantlyreducethedecoding

complexitywhileretainingthesameBERperformanceoftheMLdecoder.

Recently,themulti-userSMhasbeenassistedbySCMA(SM-SCMA)toprovideahigh

spectralefficiencytransmission[26]-[28].TheSM-SCMAsystemrequiresahighnumberof

transmitantennastoprovidehighspectralefficiencyforallusers.Toeffectivelytacklethis

problem,therotationalgeneralizedSM(RGSM)-SCMAhasbeenproposedin[29].Inthe

RGSM-SCMAsystem,thesamespectralefficiencyoftheSM-SCMAcanbeachievedusing

asignificantlyreducednumberoftransmitantennasattheexpenseofalmostnegligible

changestoBERperformanceanddecodingcomplexity,whencomparedwiththeSM-SCMA

system.FortheSM-SCMAandRGSM-SCMAsystems,theiterativeMPAdecoderhasbeen

proposedtodetectthetransmittedsignal[28],[29].TheMPAdecoderiterativelyupdates

theusersmessageprobabilitiesuntilachievingthemaximumnumberofiterations;this

leadstoanincreaseinthedecodingcomplexityofbothsystems.Tothebestoftheauthors’

knowledge,low-complexityalgorithmsfortheSM-SCMAandRGSM-SCMAsystemsare

yettobeproposed.

Inthischapter,threelow-complexitydecodingalgorithmsfortheSM-SCMAsystem

areproposed,whichcanalsobedirectlyappliedfortheRGSM-SCMAsystem.Thefirst
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algorithmistermedsuccessiveuserdetection(SUD).Itdetectstheusersmessagesthatshare

thefirstorthogonalresourceelement(ORE),thenbyusingthosedetectedusersmessages,it

successivelydetectstheusersmessagesthatsharethenextOREs.TheSUDalgorithmdetects

theusermessageusingonlyoneoftheavailableOREsthatcarrythesignalofthatuser.The

proposedSUDalgorithmisconsideredtobethelowerboundofthedecodingcomplexity

fortheSM-SCMAandRGSM-SCMAsystemsattheexpenseoftheBERperformance.By

exploitingallavailableOREsforeachuserwithsomeiterativeprocedure,themodifiedSUD

(MSUD)providesaconsiderableimprovementintheBERperformanceattheexpenseofa

smallincreaseinthedecodingcomplexity.

TheSDandtree-searchconceptsarecarefullydesignedfortheSM-SCMA,referredto

asafixed-complexitySD(FCSD)algorithm.TheFCSDalgorithmprovidesalmostthesame

BERperformanceasthatofMPAwithasignificantreductioninthedecodingcomplexity.

TheproposedFCSDhasafixeddecodingcomplexityforallvaluesforsignal-to-noiseratio

(SNR),aswellasforitsfeasibilityofparallelhardwareimplementation,whichisproperfor

practicalapplications[30],[33].Besides,theFCSDalgorithmprovidesafavorabletrade-off

betweenthedecodingcomplexityandBERperformance,whichfitsawiderangeofpractical

applications.Insummary,eachofthethreeproposedalgorithmsenjoysdifferentadvantages

thatcanfitawiderangeofsystemspecifications.Thecomplexityanalysisintermsofthe

numberofrealadditionsandmultiplicationsisderived.TheMonte-Carlosimulationsforthe

BERperformanceoftheproposedalgorithmsareprovidedtosupportthechapterfindings.

Therestofthechapter1isorganizedasfollows:InSection7.3,thesystemmodelofthe

SM-SCMAtransmitterandreceiverissummarized.InSection7.4,theproposeddecoding

algorithmsfortheSM-SCMAsystemareintroduced.InSection7.5,thecomplexityanalysis

1Notations:Boldfacelowercaseanduppercaselettersrepresentvectorsandmatrices,respectively.CN
denotesacomplex-valuednormalrandomvariable.diag(·)convertsavectorintoadiagonalmatrixwith
diagonalelementsthatarethesameastheoriginalvectorelements. denotestheEuclideannorm.card{}
istheisthecardinalityofasetthatreferstothenumberofelementsinthatset.[]Tdenotesthematrixor
vectortranspose.E{}denotestheexpectationoperation.P()istheprobabilityofanevent.f()denotesthe
probabilitydensityfunction(pdf)ofarandomvariable.φistheemptyset.
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oftheproposeddecodingalgorithmsarederivedintermsofthenumberofrealadditions

andmultiplications.ThesimulationresultsandconclusionsareprovidedinSections7.6and

7.7,respectively.

7.3 SystemModel

Inthissection,thetransmitterandreceiveroftheSM-SCMAsystemarediscussed.Assume

thatUusersaresharingROREs,whereU>R.Eachoftheseusershasanunparalleled

multidimensionalcodebook,Cu∈CR×M,u=1,...,U,withcum∈C
R×1,m=1,...,M

ascodewordswithinthecodebookandM asthenumberofcodewords.Sincecumissparse,

thenumberofnon-zeroelementsforeachcodewordisdenotedbydv,whereasthenumberof

zeroelementsisR−dv.Itshouldbenotedthatthepositionsofzeroandnon-zeroelements

arefixedforacodebook(i.e.,forauser),andvaryfromcodebooktoanothertoprovidea

fixednumberofoverlappedusersperOREof∀R.Inthischapter,thenumberofoverlapped

usersperOREisdenotedbydf.

7.3.1 TransmittedandReceivedSignal

ConsideranNr×NtMIMOsystemforeachuser,whereNtandNrrepresentthenumber

oftransmitandreceiveantennas,respectively.Fortheu-thuserintheSM-SCMAtrans-

mitter,thefirstlog2(Nt)oftheinputbitsselectthetransmitantennatobeactivated,while

theremaininglog2(M)bitsaremappedtochooseacorrespondingcodebook,c
u
m,tobe

transmittedfromthatactiveantenna.Hence,thespectralefficiencyoftheu-thuserisgiven

by

ηu=log2(Nt)+log2(M), (7.1)

whereηuisthespectralefficiencyoftheu-thuserthatismeasuredinbitperchanneluse
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(bpcu).ItshouldbenotedthatthetotalsystemspectralefficiencyforallusersisUηubpcu.

Atthereceiver,thenoisyreceivedsignalatthenr-threceiveantennaofther-thORE,

yrn,is

yrnr=
u∈Λr

hr,unr,nutc
r,u
m +nrnr, r=1,...,R, (7.2)

wherehr,unr,nut representstheRayleighfadingchannelcoefficientbetweenthenr-th∈

{1,...,Nr}receiveantennaandn
u
t-th∈{1,...,Nt}transmitantennaoftheu-thuser

forther-thORE,cr,um isthenon-zeror-thelementforthem-thcodewordoftheu-thuser.

Here,Λrdenotesthesetofusersindicesthatsharether-thORE,andn
r
nr∼CN(0,σ

2)is

thecomplexadditivewhiteGaussiannoise(AWGN)withzero-meanandavarianceofσ2

forther-thOREatthenr-threceiveantenna.

ForallOREs,thereceivedsignalatthenr-threceiveantenna,ynr∈C
R×1=[y1nr,...,y

R
nr]
T,

isgivenby

ynr=
U

u=1

diaghunr,nut c
u
m +nnr, (7.3)

wherehunr,nut∈C
R×1=[h1,unr,nut,...,h

R,u
nr,nut
]TistheRayleighfadingchannelvectorbetween

thenr-threceiveantennaandn
u
t-thtransmitantennaoftheu-thuser,andnnr∈C

R×1=

[n1nr...n
R
nr]
TistheAWGNvector.

Itisworthnotingthattherelationshipbetweenthepositionofzero/non-zeroelementsof

userscodebooksandOREscanbedescribedbyabinaryindicatormatrix,F.Intheindicator

matrix,thenumberofrowsandcolumnsrepresentsthenumberofOREsandnumberof

users,respectively. Moreover,theonesinFshowthepositionofnon-zeroelementsof

theusercodebooks.Inthischapter,sixusersoverloadedoverfourOREs(i.e.,U=6and

R=4)areconsidered,withFgivenby[6],[29]:
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F=












0 1 1 0 1 0

1 0 1 0 0 1

0 1 0 1 0 1

1 0 0 1 1 0












. (7.4)

Asseenfrom(7.4),dv=2forallusersanddf=3forallOREs.Ausefulrepresentation

fortheindicatormatrixis

Λr={Λr(1),...,Λr(df)}, (7.5)

whereΛr(1)denotestheindexofthefirstuserthatsharesther-thORE,andcard{Λr}=df.

Thus,Fin(7.4)yields

Λ1={Λ1(1),Λ1(2),Λ1(3)}={2,3,5}, (7.6a)

Λ2={Λ2(1),Λ2(2),Λ2(3)}={1,3,6}, (7.6b)

Λ3={Λ3(1),Λ3(2),Λ3(3)}={2,4,6}, (7.6c)

Λ4={Λ4(1),Λ4(2),Λ4(3)}={1,4,5}. (7.6d)

7.3.2 SignalDetection

Atthereceiverside,thedecodertaskistoestimatetheactivatedtransmitantennaandthe

mappedcodewordforeachuser(i.e.,usermessage).Inthissubsection,theMLandMPA

decodersarediscussed.
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7.3.2.1 MLDecoder

TheMLdecoderjointlyperformsanexhaustivesearchforallpossiblecombinationsbetween

thetransmitantennasandcodewordsforallusers(i.e.,(NtM)
Upossiblecombinations).

AlthoughtheMLprovidestheoptimumBERperformance,ithasanimpracticallyhigh

decodingcomplexity.ThemathematicalformulationoftheMLdecoderisgivenby

Ĉ,̂j = argmin

j=1,...,NUt

l=1,...,MU






Nr

nr=1

ynr−
U

u=1

diaghunr,nut(j) c
u
m(l)

2




, (7.7)

whereĵ={̂nt
1,...,̂nt

U}denotesthesetofindicesoftheestimatedactivetransmitantenna

forallUusers,withn̂t
uastheestimatedindexoftheactivetransmitantennafortheu-th

user,nut(j)istheactivetransmitantennaindexoftheu-thuserthatcorrespondstothej-th

antennacombinations(outof(Nt)
Ucombinations)ofallUusers,Ĉ∈CR×U=[̂c1m...̂c

U
m]

representstheestimatedtransmittedcodewordsoftheUusers,witĥcumastheestimated

transmittedcodewordoftheu-thuser,andm(l)isthem-thcodewordoftheu-thuserthat

correspondstothel-thcodewordcombinations(outof(M)Ucombinations)ofallUusers.

7.3.2.2 MPADecoder

TheMPAisanalternativepracticaldecodertotheMLdecoder.Ititerativelyupdatesthe

probabilityofusersmessagesbetweenthefunctionnodes(FNs)thatrepresentthenumberof

OREs,andthevariablenodes(VNs)thatrepresentsthenumberofusers.Itisworthnoting

thateachoftheFNsisconnectedwithallVNsthatsharethesameFNbasedonindicator

matrixin(7.4)toformwhatiscalledafactorgraph.ThefactorgraphoftheMPAdecoder

usedinthischapterisshowninFig.7.1forU=6,R=4andF,whichisgivenfrom(7.4).
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1 2 1 2 5 63 4

1 42 3

VNs

FNs

Fig.7.1:MPAfactorgraphoftheSM-SCMAforU=6andR=4.

Itisassumedthattheprobabilityofpassingtheu-thmessage,{cr,um,n
u
t},fromtheu-th

VNtother-thFNandviceversaatthek-thiteration(outofKiterations)isP
(k)
vu→fr

({cr,um,n
u
t})

andP
(k)
fr→vu

({cr,um,n
u
t}),respectively.Initially,allusersmessagespassingfromtheVNsto

FNsareequiprobable,i.e.,

P
(0)
vu→fr

({cr,um,n
u
t})=

1

NtM
,∀u,∀r,∀m. (7.8)

Themathematicalformulationofupdatingthemessagesatthe(k+1)-thiterationofthe

MPAdecoderisgivenby[28],[29]:

P
(k+1)
fr→vu

({cr,um,n
u
t})=

ψ(i),i∈Λr\u

Nr

nr=1

(P(ynr|ψ(i),ψ(u)={c
r,u
m,n

u
t}))

×
i∈Λr\u

P
(k)
vi→fr

(ψ(i))





,∀m, ∀r,u∈Λr, (7.9)

whereΛr\urepresentsΛrin(7.5)excepttheu-thuserandψ()representsthemessageofa

user.Theconditionalprobabilityin(7.9)isgivenby

P(ynr|ψ
r)=

1
√
2πσ
exp




−
yrnr− u∈Λr

hr,unr,nutc
r,u
m

2

2σ2




, (7.10)

whereψrrepresentsthepossiblemessagesofallusersthatsharether-thORE.

Now,P
(k+1)
vu→fr

({cr,um,n
u
t})canbecalculatedas
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P
(k+1)
vu→fr

({cr,um,n
u
t})=γ

(k+1)
u,r

j∈Ωu\r

P
(k+1)
fr→vu

({cr,um,n
u
t}), ∀m, ∀u,r∈Ωu, (7.11)

whereΩudenotesthesetofOREindicesthatcorrespondtodvnon-zeropositionsforthe

u-thuser,Ωu\rrepresentsthesetΩuexceptther-thORE,andγ
(k+1)
u,r is

γ(k+1)u,r =

M

m=1

Nt

nt=1

P
(k)
vu→fr

({cr,um,n
u
t})

−1

. (7.12)

AftertheMPAcompletesKiterations,theestimatedmessageoftheu-thusercanbe

calculatedby

{̂cum,̂nt
u}(K)= argmax

m=1,...,M

nt=1,...,Nt

j∈Ωu

P
(K)
fj→vu

({cr,um,n
u
t}),∀u. (7.13)

ThesetofallestimatedusersmessagesusingtheMPAin(7.13),Θ̂MPA,canbegivenas

Θ̂MPA= ĉ1m,̂nt
1 (K),...,{̂cUm,̂nt

U}(K) . (7.14)

7.4 TheProposedDecodingAlgorithms

Inthissection,thethreeproposeddecodingalgorithmsareintroduced. Thefirsttwo

algorithmsfocusondecodingthesignalwithverylowcomplexityandacceptableBER

performance.ThethirdproposedalgorithmemploystheSDconcepttoprovideanear-

optimumBERperformancewithlow-decodingcomplexityinadditiontootheradvantages,

suchasthefeasibilityofparallelhardwareimplementationandtheflexibletrade-offbetween

decodingcomplexityandBERperformance.
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7.4.1 TheSUDAlgorithm

TheSUDalgorithmprovidesthelowestdecodingcomplexityamongtheproposedalgorithms

attheexpenseofBERperformance.First,theSUDalgorithmperformsanexhaustivesearch

forallcombinationsoftheusersmessagesthatsharethefirstORE.ItstartswiththeOREs

withhighestenergy,Er,basedonthefollowing

Er=
u∈Λr

Nr

nr=1

hr,unr,nut

2

, r=1,...,R. (7.15)

Then,theseestimatedusersmessagesareemployedtoestimatethemessagesofotherusers

thatsharethenextOREs.Sequentially,theSUDalgorithmestimatestheundetectedusers

messagesuntiltheyareallestimatedbasedonthedescendingorderofErin(7.15)for∀R.

ThemathematicalformulationoftheSUDalgorithmisgivenby

Ĉr,̂jr = argmin

j=1,...,NÙ
r

t

l=1,...,MÙ
r






Nr

nr=1

yrnr−

u∈Λ̀r

hr,unr,̂nutc
r,u
m̂

Term1

−

u∈Λr\̀Λr

hr,unr,nut(j)
cr,um(l)

Term2

2




,

1≤r≤R, (7.16)

whereΛ̀risthesetofusersindicesthatsharether-thOREinwhichtheirmessagesare

alreadyestimatedpreviously,Λr\̀ΛrisΛrexceptΛ̀roritisthesetofusersindicesthat

sharether-thOREandtheirmessagesneedtobeestimated,̀Ur=card{Λr\̀Λr}≤dfis

thenumberofuserswhosemessagesneedtobeestimatedatther-thORE,̂jrrepresents

thesetofindicesoftheestimatedactivetransmitantennasforall̀Urusersatther-thORE,

andĈrdenotestheestimatedtransmittedcodewordsoftheÙrusersatther-thORE.Here,

Term1andTerm2representtheusersmessagesthathavealreadybeenestimatedfrom

previousOREsandthatneedtobeestimatedatther-thORE,respectively.Itisworth
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notingthatTerm1equalszeroatthefirstOREusedbytheSUDalgorithm(i.e.,Λ̀1=φ).

AfterestimatingallusersmessagesfromcertainOREs,thesetofcompleteestimatedusers

messagesusingtheSUDalgorithmin(7.16),Θ̂SUD,canbewrittenas

Θ̂SUD= ĉ1m,̂nt
1 ,...,{̂cUm,̂nt

U}. (7.17)

Consequently,theSUDalgorithmdetectsusersmessagesusingasingleORE.Then,

thesedetectedmessagesareusedasgivenmessagestodetecttheothersthatsharetherest

ofthedv−1OREs.ItshouldbenotedthattheSUDalgorithmmaynotuseallreceived

signalsonOREsifallusersmessagesarealreadyestimatedusingcertainOREs.TheSUD

algorithmissummarizedinAlgorithm7.1.

7.4.2 TheMSUDAlgorithm

AsmentionedintheSUDalgorithm,theusermessageisdetectedusingasingleORE;

however,the(dv−1)non-zeroOREsforeachuserarenotincludedinthedecodingprocess

withtheaimofreducingthedecodingcomplexity.Thisleadstoasignificantdeteriorationin

theBERperformance(i.e.,losingthediversitygain).TheMSUDisaniterativealgorithm

thatestimatestheusermessagebyconsideringonlyoneusermessageunknownatatime.

Incontrast,therestoftheusersmessagesareconsideredtobeknownfromtheprevious

iteration.Moreover,theMSUDalgorithmconsidersthereceivedsignalsfromalldvnon-zero

OREsforeachuserinthedetectionprocesstoimprovetheBERperformance.Itisimportant

tomentionthattheinitialvaluesoftheusersmessagesusedintheMSUDalgorithmare

estimatedusingtheSUDalgorithm.Inotherwords,theMSUDalgorithmperformstheSUD

algorithmfirst.Then,KiterationsareperformedtoimprovetheBERperformance.

ToformulatetheMSUDalgorithm,usermessagesarefirstestimatedfromtheSUD

algorithm(i.e.,̂ΘSUD,in(7.17))andaresubsequentlyusedasinputto/initializationofthe
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Algorithm7.1TheproposedSUDalgorithmpseudo-code.

•Storecodebooksforallusers;

•Inputchannelmatricesforallusers;

•DefineΘ̂SUDandΛasthesetofestimatedusersmessagesandsetofusersindices
correspondingtotheestimatedmessagesin̂ΘSUD,respectively;

•InitializêΘSUD={·}andΛ={·};

•OrdertheOREswhichshouldbevisitedbasedon(7.15);

1:While r≤R,do
2: SetΛ̀r←{Λ∩Λr};
3: Assignȳrnr←y

r
nr− u∈Λ̀r

hr,unr,̂nutc
r,u
m̂;

4: Find{̂Cr,̂jr}thatsolvesthefollowing:
argmin
j&l

{ Nr
nr=1
|̄yrnr− u∈Λr\̀Λr

hr,unr,nut(j)
cr,um(l)|

2}

s.t.j=1,...,NÙ
r

t andl=1,...,M
Ùr;

5: UpdateΘ̂SUDbasedon{̂C
r,̂jr};

6: UpdateΛbasedonΘ̂SUD;
7: ifcard{Λ}==U
8: breakandendthealgorithm;
9: endif
10: Setr←r+1;
11:endWhile

•OutputΘ̂SUD.

iterationstageoftheMSUDalgorithm.Atthe(k+1)-thiteration,theestimatedu-thuser

message,{̂cum,̂nt
u}(k+1),isgivenby

{̂cum,̂nt
u}(k+1)= argmin

j=1,...,Nt

l=1,...,M





r∈Ωu

Nr

nr=1

yrnr−
ù∈Λr\u

hr,̀u
nr,̂ǹut
cr,̀um̂

(k)

Term3

−hr,unr,nut(j)
cr,um(j)

Term4

2




,

u=1,...,U, (7.18)
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whereTerm3andTerm4representthegivenestimatedusersmessagesthatsharethesame

OREwiththeu-thuserandthedesiredusermessageoftheu-thusertobeestimated,

respectively.TheMSUDalgorithmusesalldvnon-zeroOREsforeachuserinthedetection,

whichcanbeseenfrom r∈Ωu
in(7.18).Theestimationprocessusing(7.18)isperformed

forallUusersforeachiteration.AfterKiterations,thesetofestimatedmessagesforallU

users,Θ̂MSUD,is

Θ̂MSUD= ĉ1m,̂nt
1 (K),...,{̂cUm,̂nt

U}(K) . (7.19)

Algorithm7.2showsthesummaryoftheMSUDalgorithm.

7.4.3 TheFCSDAlgorithm

TheMPAdecoderhasalimitedsupporttotheparallelhardwareimplementation,whereall

usersmessagesaredetectedtogetherafteriterativesequentialstages,asseenfrom(7.9),

(7.11)and(7.13).Inpractice,thiskindofhardwareimplementationisnotpreferable.

Besides,theMPAdecoderprovidesalimitedtrade-offbetweendecodingcomplexityand

BERperformance,whichlimitsitspracticalityforapplicationswithspecificrequirements.

TheFCSDalgorithmsupportstheparallelhardwareimplementationandalsoprovidesa

flexibletrade-offbetweendecodingcomplexityandBERperformance.Toclearlyunderstand

theconceptoftheFCSDalgorithm,atree-searchfortheSM-SCMAshouldbeconstructed

first.

7.4.3.1 SM-SCMATree-search

TheMLdecoderoftheSM-SCMAin(7.7)canberepresentedasamulti-leveltree-search,

asinFig.7.2.Eachofthetree-searchlevelscorrespondstoanORE(i.e.,thenumberof

levelsequalsR).Ateachlevel,thereisacertainnumberofnodesrepresentingthedistance
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Algorithm7.2TheproposedMSUDalgorithmpseudo-code.

•Storecodebooksforallusers;

•Inputchannelmatricesforallusers;

•PerformAlgorithm7.1toobtainΘ̂SUD;

•InitializêΘMSUD=Θ̂SUD;

1:Fork=1:K,do
2: Foru=1:U,do

3: Assignȳrnr←y
r
nr− ù∈Λr\u

hr,̀u
nr,̂ǹut
cr,̀um̂

k

;

4: Find{̂cum,̂nt
u}(k)thatsolvesthefollowing:

argmin
j&l

{ r∈Ωu

Nr
nr=1
|̄yrnr−h

r,u
nr,nut(j)

cr,um(j)|
2}

s.t.j=1,...,Ntandl=1,...,M;
5: UpdateΘ̂MSUDbasedon{̂c

u
m,̂nt

u}(k);
6: endFor
7:endFor

•OutputΘ̂MSUD.

metricbetweenthereceivedsignalatther-thOREandpossiblecombinationsoftheusers

messagesthatsharethisORE.Eachnodeatther-thlevelisexpandedintochildnodesatthe

nextlevel.

Themathematicalformulationofthei-thnodeatther-thlevel,dri,is

dri=d
r−1
i +eri, r=1,...,R, (7.20)

wheredr−1i isthemothernodeofdriande
r
iisgivenby

eri=
Nr

nr=1

yrnr−

u∈Λ̀r

hr,unr,̂nutc
r,u
m̂ −

u∈Λr\̀Λr

hr,unr,nut(i)
cr,um(i)

2

. (7.21)

Atthefirstlevel(i.e.,r=1),d0i=0incalculatingd
1
iandi=1,...,(MNt)

df.From

(7.20)and(7.21),itshouldbenotedthatanodeisanaccumulationofthedistancemetric
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Fig.7.2:Theproposedtree-searchfortheSM-SCMAsystem.

ofallprecedingnodesinthesamebranchandthatthevalueoferiincreasesasrincreases,

respectively.

UnliketheconstructionoftheSMtree-search[25]andMIMOtree-search[31]-[33],the

numberofexpandednodesforeachmothernodeoftheSM-SCMAtree-search,asseen

inFig.7.2graduallyreducesacrosstheOREs,reachingalimitofone.Consequently,the

SM-SCMAtree-searchconsistsoftwostages.Theupperstageinwhicheachofthemother

nodesisfullyexpandedtomultiplechildnodes,isreferredtoasfullyexpandedstage(FES).

Thelowerstageiscalledsingleexpandedstage(SES),inwhicheachofthemothernodes

isexpandedtoonlyonenode.Typically,eachlevelofFEShasatleastoneormoreusers

messagesthathavenotbeenestimatedfromthepreviousOREs;thenumberoftheseusers

messagesgraduallydecreasesastheOREincreases,

df≥Ù
2≥···≥Ùr>1, r∈FES. (7.22)

Itisworthnotingthatthenumberofnodesatthefirstlevelis(NtM)
dfsincetherearedf

userssharingORE1andnousersmessageshavebeenestimatedpreviously.
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7.4.3.2 TheFCSDAlgorithm

Inthetree-searchprovidedinFig.7.2,theMLsolutionin(7.7)(closetotheMPAsolu-

tion)canbeachievedbyvisitingallnodes,whichisextremelyhighintermsofdecoding

complexity.ThebasicconceptoftheFCSDalgorithmistoreducethedecodingcomplexity

oftheSM-SCMAsystembyreducingthesearchspaceinsidethetree-searchbasedona

predeterminedprunedradius(i.e.,threshold).Forthat,ateachlevel,thenodesthathave

valuessmallerthanacertainthreshold(i.e.,prunedradius)aretheonlyoneswhichare

expandedatthenextlevel.Itisworthnotingthatthetree-searchlevelsofFig.7.2canbe

orderedbasedon(7.15)beforeperformingtheFCSDalgorithm.

Letusconsiderthattheprunedradiusisdenotedbyγ∈RR−1=[γ1...γr...γR−1]and

keeps[ρ1...ρr...ρR−1]survivednodes,whereγristheprunedradiusandρristhenumber

ofsurvivednodesatther-thlevel.Atthefinallevel(i.e.,theR-thlevel),theminimumnode

ischosentobethesolutionofthealgorithm.Consequently,ρrfortheupperR−1levelsis

givenby

ρr= dri≤γr|i=1,...,ρr−1(NtM)
Ùr , 0≤Ùr≤df,1≤r≤R−1, (7.23)

whereÙr=0atr∈SES,0<Ùr≤dfatr∈FES,andρ0=1atthefirstORE(i.e.,

r=1).Atthelastlevel(i.e.,r=R),thenumberofnodesisρR−1,sincethereareonlyρR−1

survivednodesfromtheR−1-thlevel.Thus,theFCSDalgorithmdeclarestheargumentof

theminimumnodeatthelastlevelasthesolution,whichcanberepresentedas

Ĉ,̂j = argmin

i=1,...,ρR−1

dRi . (7.24)

Itisworthnotingthatahighervalueoftheprunedradiusmayleadtoexpanding
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Algorithm7.3TheproposedFCSDalgorithmpseudo-code.

•Storecodebooksforallusers.

•Inputchannelmatricesforallusers.

•Inputρ=[ρ1...ρr...ρR−1]∈R
R−1;

•OrdertheOREswhichshouldbevisitedbasedon(7.15);

•Assign∇rasanemptyvectorthatcontainsthedistancemetricnodesatther-thlevel;

•Define rasthetotalnumberofnodesinther-thlevel;

1:While r≤R−1,do
2: Fori=1: r,do
3: Computedrifrom(7.20)and(7.21);
4: Storedriin∇

r;
5: endFor
6: Keepthesmallestρrnodesfrom∇

r;
7: ExpandthesurvivedρrnodesfromLine#6
into∇r+1;

8: Setr←r+1;
9:endWhile
10:Findtheminimumnodein∇R;

•OutputΘ̂FCSDasthemessagescorrespondingtotheargumentoftheminimumnode
inLine#10.

unnecessarynodes,whichincreasesthedecodingcomplexity.Ontheotherhand,asmaller

valueoftheprunedradiusmaycauseanearlydroppingoftheoptimumsolution,which

deterioratestheBERperformance.Thus,theappropriatechoiceoftheprunedradiusisa

crucialprocessintheFCSDalgorithm.Formoreclarifications,theaccumulatednode,dri,in

(7.20)isanon-centralchi-squaredrandomvariablewith2rNrdegreesoffreedomandits

pdfisgivenby[34,(Ch.2)]

fdri(d
r
i)=

1

σ2
dri
α2r,i

(rNr−1)/2

exp −
α2r,i+d

r
i

σ2
IrNr−1




driα

2
r,i

σ2n/2



, (7.25)
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whereIrNr−1()isthefirstkindmodifiedBesselfunctionwithorder(rNr−1)andthe

non-centralityparameterα2r,iis

α2r,i=
Nr

nr=1

r

r̄=1 u∈Λ̄r

hr̄,unr,nutc
r̄,u
m −

u∈Λ̀̄r

hr̄,unr,̂nutc
r̄,u
m̂ −

u∈Λ̄r\̀Λ̄r

hr̄,unr,nut(i)
cr̄,um(i)

2

. (7.26)

Sincedrihasanevendegreesoffreedomvalue,theprobabilityofnotdroppingtheoptimum

solutionearly,dri|opt,canbecalculatedas[34,(Ch.2)]

P(dri|opt≤γr)=1−QrNr
αr,i

σ/
√
2
,

√
γr

σ/
√
2
, (7.27)

whereQrNr(,)isthegeneralizedMarcumfunctionoforderrNr.Asseenfrom(7.27),by

increasingthevalueofγr,thevalueofP(d
r
i|opt≤γr)becomesclosertounity.

IntheFCSDalgorithm,thevalueofγrisempiricallyselectedtochooseafixednumber

ofnodesfromeachleveltoincreasetheprobabilityofincludingtheoptimalsolutionbased

on(7.27).Accordingly,ateachlevel,thevalueofρrintheFCSDalgorithmisfixedfor

1≤r≤R−1.Finally,theFCSDalgorithmselectstheminimumnodeamongallexpanded

nodesatthelastleveltobedeclaredasasolution.Thus,thesetofestimatedmessagesfor

allUusers,Θ̂FCSD,is

Θ̂FCSD= ĉ1m,̂nt
1 (R),...,{̂cUm,̂nt

U}(R) , (7.28)

where{̂cum,̂nt
u}(R)istheestimatedmessageoftheu-thusercorrespondingtotheminimum

nodeattheR-thlevel.Algorithm7.3summarizestheprocedureoftheFCSDalgorithm.
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7.5 ComplexityAnalysis

Inthissection,thedecodingcomplexitiesoftheconventionalMPAandtheproposed

algorithmsfortheSM-SCMAsystemarediscussed.Inthischapter,thedecodingcomplexity

ismeasuredbythenumberofrealadditionsandmultiplicationsrequiredtoperforma

particularalgorithm.FortheconventionalMPAdecoderoftheSM-SCMAsystem,the

requirednumberofrealadditionsandmultiplications,Add(MPA)andMul(MPA),respectively,

aregivenby[29]

Add(MPA)=Rdf(NtM)
df(2Nr(2df+1)−1)+KRdf (NtM)

df−1, (7.29)

and

Mul(MPA)=Rdf(NtM)
df(2Nr(2df+1)+Kdf+1)+NtM(dv−1)(KRdf+U).

(7.30)

7.5.1 TheSUDAlgorithm

IntheSUDalgorithm,thecostof(7.15)isR(2Nrdf−1)realadditionsand2RNrdfreal

multiplications.Thecostofonepossiblecombinationofjandlin(7.16)forNrreceive

antennasisNr(4df+2)−1realadditionsandNr(4df+2)realmultiplications.Thenumber

ofpossiblecombinationsbetweenjandlin(7.16)variesfromoneOREtoanotherbasedon

thesystemindicatormatrix.Thus,therequirednumberofrealadditionsandmultiplications,

Add(SUD)andMul(SUD),respectively,oftheSUDalgorithmcanbewrittenas
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Add(SUD)=R(2Nrdf−1)+(Nr(4df+2)−1)
R

r=1

Ùr=0

(MNt)
Ùr, (7.31)

and

Mul(SUD)=2RNrdf+Nr(4df+2)
R

r=1

Ùr=0

(MNt)
Ùr. (7.32)

Thesummationtermin(7.31)and(7.32)dependsontheindicatormatrixofthesystem.2

7.5.2 TheMSUDAlgorithm

TheMSUDalgorithmiterativelyupdatestheestimatedusersmessagesoftheSUDalgorithm

atanextracostofKUMNt(Nr(4df+2)−1)andKUMNtNr(4df+2)realadditionsand

multiplications,respectively.Thus,therequirednumberofrealadditionsandmultiplications,

Add(MSUD)andMul(MSUD),respectively,oftheMSUDalgorithmaregivenby2

Add(SUD)=R(2Nrdf−1)+(Nr(4df+2)−1)
















KUMNt+
R

r=1

Ùr=0

(MNt)
Ùr
















,(7.33)

and

2Inthischapter,thesystemin(7.6)isconsidered.Consequently,theresultofthesummationtermin(7.31)
and(7.32)becomes(MNt)

3+(MNt)
2+(MNt)

1.

151



Mul(SUD)=2RNrdf+Nr(4df+2)
















KUMNt+

R

r=1

Ùr=0

(MNt)
Ùr
















. (7.34)

7.5.3 TheFCSDAlgorithm

TheFCSDalgorithmvisits(MNt)
dfnodesatthefirsttree-searchlevel,whereeachnode

costs(Nr(4df+2)−R−2)andNr(4df+2)realadditionsandmultiplications,respectively.

Then,fortherestofR−1levels,theFCSDalgorithmvisitsafixednumberofnodesat

eachlevelaccordingtoρr.Thus,therequirednumberofrealadditionsandmultiplications,

Add(FCSD)andMul(FCSD),respectively,oftheFCSDalgorithmaregivenby

Add(FCSD)=R(2Nrdf−1)+(Nr(4df+2)−R−2) (MNt)
df+

R

r=2

ρr−1(MNt)
Ùr ,

(7.35)

and

Mul(FCSD)=2RNrdf+Nr(4df+2) (MNt)
df+

R

r=2

ρr−1(MNt)
Ùr . (7.36)

7.6 SimulationResultsandDiscussions

Inthissection,theproposeddecodingalgorithmsandconventionalMPAdecoderin[28]

areassessedusingMonte-CarlosimulationsfortheSM-SCMAsystem.Theassessment
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includesthestudyofparameterssensitivityfortheproposedalgorithms,BERperformance

anddecodingcomplexitycomparisons.TheRayleighfadingchannelcoefficientsbetween

thetransmitandreceiveantennasforallusersareassumedtobeperfectlyknownatthe

receiverside.AnSM-SCMAsystemofsixusersthatsharefourOREsbasedon(7.4)or

(7.6)isconsideredfortheassessment(i.e.,U=6,R=4,df=3anddv=2).Twouser

spectralefficienciesbasedon(7.1)areconsideredintheresults:ηu=3bpcu(Nt=4and

M =2)andηu=4bpcu(Nt=4andM =4),andtheM-QAMschemeisusedinthe

simulations.

ThreeMIMOscenariosarestudiedforeachuserspectralefficiency:under-determined

MIMOsystem(e.g.,Nr=2),determinedMIMOsystem(e.g.,Nr=4)andover-determined

MIMOsystem(e.g.,Nr=6).Thus,therearesixscenarioswithinthescopeofthischapter

(i.e.,threeMIMOscenariosforeachofthetwouserspectralefficiencies).Itisworthnoting

thattheBERperformanceoftheconventionalMPAdecoderfortheSM-SCMAconverges

afterfiveiterations(i.e.,K=5)fortheconsideredsixscenarios.Thefollowingsimulation

resultsareobtainedbyrunningatleast105independentrealizations.

7.6.1 ParametersSensitivity

Inthissubsection,theeffectofsomeparametersusedwiththeproposedalgorithmsisstudied.

First,theconvergencebehavioroftheBERperformancefortheproposedMSUDalgorithm

isprovided.Finally,thesensitivityofchoosingγr(orρr)acrossthetree-searchlevelforthe

proposedFCSDalgorithmisincluded.

ConvergenceoftheMSUDAlgorithm

AsmentionedinSection7.4,theproposedMSUDalgorithmisiterative.Thus,afteracertain

numberofiterations,theMSUDalgorithmnolongerimprovestheBERperformance,a
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system.
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pointcalledtheconvergenceoftheMSUDalgorithm.InFig.7.3,theconvergenceofthe

proposedMSUDalgorithmisdepictedforallsixscenarios.FordifferentSNRvalues(e.g.,

2.5,5,7.5,10and12.5dB),theBERperformanceoftheMSUDalgorithmisevaluatedfora

differentnumberofiterations,K.AsseeninFig.7.3,theBERperformanceconvergestoa

particularvalueafterfouriterations(i.e.,K=4)forallsixscenarios.Consequently,the

proposedMSUDalgorithmrequiresafewnumbersofiterationstoconverge.

PrunedRadiusSensitivityoftheFCSDAlgorithm

Asseenfrom(7.27),asγrincreases,theprobabilityofnotmissingtheoptimalsolution(i.e.,

MPAsolution)increases.Thequestionthatarisesiswhichlevelhasasignificanteffecton

theprobabilityin(7.27).Toanswerthisquestion,letusdefinethenumberofmisses(NoM)

asthenumberoftimesthattheFCSDalgorithmmissestheMPAsolution.TheNoMcan

beusedasanindicatortostudytheeffectofselectingγrateachlevel,takingintoaccount

thatasmallvalueoftheNoMisagoodindicatorandviceversa.Thus,theNoMcanbe

formulatedas

NoM=E
U

u=1

P({̂cum,̂nt
u}|FCSD={̂c

u
m,̂nt

u}|MPA) , (7.37)

whereP()in(7.37)equals1or0whentheestimatedmessagesoftheu-thuserusingthe

FCSDandMPAdecodersaredifferentorthesame,respectively.

Tostudytheeffectofγr,theFCSDalgorithmwith[ρ1 ρ2 ρ3]= [15 15 15]is

consideredtobethebaselineofthisstudyforthethreeMIMOscenariosofηu=3bpcu.

AsdepictedinFig.7.4,theincreaseofρ2to50whenρ1iskept15providesasignificant

improvementintheNoMcomparedtotheincreaseofsurvivednodesinthefirstlevel(i.e.,

ρ1=15andρ2=50isbetterthanρ1=50andρ2=15).Itshouldbenotedthatρ3cannot

begreaterthanρ2sincebothbelongtoSES.Therefore,tostudythesensitivitybetweenρ1
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andρ3,letusconsider[ρ1 ρ2 ρ3]= [15 50 15]asthebaselineforthatcomparison.

AsshowninFig.7.4,thethirdlevelprovidesanoticeableimprovementinNoMwhen

extranodesareconsideredatthatlevelinsteadofthefirstlevel.Consequently,increasing

thenumberofsurvivednodesattheSESlevelsismoreeffectivethanattheFESlevels.

Bytakinganin-depthlookatFig.7.4,onecanobservethattheincreaseinthenumberof

survivednodesatthesecondlevelprovidesbetterNoMimprovements,comparedtothe

increaseinthenumberofsurvivednodesatanyotherlevel.Thereasonisthatonlypartof

userssharetheupperlevelsofFES;thus,thedistancemetricnodesattheselevelsdonot

representallusers.Ontheotherhand,thenodesatlowerlevelsincludethedistancemetrics

ofallusers,whichsignificantlyaffectstheBERperformance.

Fig.7.5showsthesensitivityofρrintermsofNoMforηu=4bpcu.Inthesescenarios,

theFCSDalgorithmwith[ρ1 ρ2 ρ3]= [30 30 30]isconsidered.Asdiscussedfor

ηu=3bpcu,ρ2providessignificantimprovementsintheNoM.Ontheotherhand,ρ1and

ρ3providealmostthesameimprovementsforthethreescenariosdepictedinFig.7.5.In

otherwords,thereisnopreferenceforincreasingthenumberofsurvivednodesatthese

twolevelsfromtheNoMperspective.However,itispreferabletoincreaseρ3ratherthanρ1

fromthedecodingcomplexitypointofview,asseenfrom(7.35)and(7.36).Thismeans

thatincreasingρ3resultsinalowerincreaseinthedecodingcomplexitycomparedwiththe

increaseofρ1.

Finally,increasingthenumberofsurvivednodesatthelowertree-searchlevelshasa

bettereffectontheBERperformanceor/anddecodingcomplexity.Itisworthnotingthatthe

numberofsurvivednodesatthefirstlevelsshouldbeempiricallychosentoavoidtheearly

droppingoftheMPAsolution.Empirically,theFCSDalgorithmwith[35 70 50]and

[110 320 300]providesnearMPABERperformances(i.e.,NoMclosetozero)for

ηu=3bpcuandηu=4bpcu,respectively.
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7.6.2 BERPerformanceAssessment

Inthissubsection,theBERperformanceoftheproposeddecodersiscomparedwiththe

conventionalMPAversusdifferentvaluesofSNRforallsixscenarios.TheproposedMSUD

algorithmandconventionalMPAconvergesatfourandfiveiterations,respectively(i.e.,

K=4forMSUDandK=5forMPA).Moreover,K=1isprovidedfortheMSUDand

MPAtohighlighttheimprovementintheBERperformancewhenusingthevalueofKat

theconvergenceforbothalgorithms.

Figs.7.6,7.7and7.8depicttheBERperformanceoftheproposedandMPAdecoders

forηu=3bpcuindifferentthreeMIMOscenarios(i.e.,Nr=2,4and6). Asmen-

tionedinSubsection7.6.1andasseenfromthisfigure,theproposedFCSDalgorithmwith

[ρ1 ρ2 ρ3]=[35 70 50] providesaverysimilarBERperformanceasMPA.The

FCSDalgorithmwith [ρ1 ρ2 ρ3]=[5 10 8] isdepictedinthesefigurestoshow

thattheFCSDcanprovideaflexibletrade-offbetweentheBERperformanceanddecoding

complexity.ItisalsoshownthattheproposedSUDprovidesanacceptableBERperformance

withaconsiderabledegradationintheBERperformanceoftheMPA.TheMSUDwith

K=1andK=4bothprovideaconsiderableimprovementintheSUDBERperformance.

Figs.7.9,7.10and7.11showtheBERperformanceoftheproposedandMPAdecoders

forηu=4bpcuinthreedifferentMIMOscenarios(i.e.,Nr=2,4and6).Here,thevalue

of[ρ1 ρ2 ρ3]oftheproposedFCSDalgorithmismodifiedtobe[110 320 300]to

provideaverysimilarBERperformanceasMPA.SameasthefindingsofFigs.7.6,7.7and

7.8,theSUDalgorithmyieldsanacceptableBERperformance,whiletheMSUDalgorithm

significantlyimprovestheBERperformanceoftheSUDalgorithm,asseeninFigs.7.9,

7.10and7.11.
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7.6.3 DecodingComplexityAssessment

Inthissubsection,thedecodingcomplexityoftheproposedandMPAdecodersarecompared

intermsoftherequirednumberofrealadditionsandmultiplications,basedonthededuced

equationsmentionedinSection7.5.

Figs.7.12and7.13showtherequirednumberofrealadditionsandmultiplications,

respectively,forηu=3bpcuforthethreeMIMOscenarios.Ontheotherhand,Figs.7.14

and7.15depicttherequirednumberofrealadditionsandmultiplications,respectively,for

ηu=4bpcuforthethreeMIMOscenarios(i.e.,Nr=2,4and6).Itcanbeinferredfrom

allthesefiguresthattheproposedSUDalgorithmprovidesthelowestdecodingcomplexity

andissignificantlylowwhencomparedwiththeMPAandFCSDalgorithms.Theproposed

MSUDalgorithmslightlyincreasesthedecodingcomplexitycomparedwiththeSUD

algorithm;however,itsdecodingcomplexityisstillverylowwhencomparedwiththeMPA.

Finally,althoughthecomplexityoftheFCSDalgorithmishigherwhencomparedwiththe

SUDandMSUDalgorithms,itisstillsignificantlylowerwhencomparedwithMPA.

7.7 Conclusions

Thischapterproposesthreedifferentlow-complexitydecodingalgorithmsfortheSM-SCMA

system.TheproposedSUDalgorithmisanon-iterativealgorithmthatprovidesabenchmark

forthedecodingcomplexityattheexpenseoftheBERperformancewhichisstillacceptable

forsomepracticalapplications.ThedegradationofitsBERperformancecomesfromusing

onlysomeoftheavailableOREsinestimatingtheusersmessages.TheproposedMSUD

algorithmisaniterativealgorithmthatconsiderablyimprovestheBERperformanceof

theSUDalgorithm,withthecostofaslightincreaseinthedecodingcomplexity.The

MSUDalgorithmusesallavailableOREstodecodetheusersmessages.Theproposed

FCSDalgorithmprovidesacloseBERperformanceasMPAwithaconsiderablereduction
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inthedecodingcomplexity. Moreover,theFCSDprovidesaflexibletrade-offbetween

theBERperformanceanddecodingcomplexity.UnliketheMPA,theproposedFCSD

algorithmsupportsparallelhardwareimplementation.Theseproposedalgorithmscan

fitawiderangeofpracticalapplicationswithspecificrequirementsforbothoperation

andhardwareimplementation.Themathematicalformulation,complexityanalysisforall

proposedalgorithms,andsimulationresultsareprovidedtosupportthesefindings.
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Chapter8

ConclusionsandPotentialDirectionsof

FutureInvestigation

Inthisfinalchapter,Isummarizethecontributionspresentedinthisthesisanddiscussseveral

potentialfuturedirectionsofinvestigation.

8.1 Conclusions

Inthiswork,thefocuswasondesigningefficientschemesforfuturewirelesstechnologies,

suchasSMandQSMinsingle-user,andSM-SCMAinmulti-userscenarios.Mostofthe

proposeddesignsprovidetheoptimumBERperformance.InChapter2,alow-complexity

decodingalgorithmforsquareQSMsingle-userMIMOwasproposed,whichsignificantly

reducesthedecodingcomplexityoftheMLdecoderwithnolossintheoptimalBERperfor-

mance.AfurtherreductioninthedecodingcomplexitywithoptimumBERperformance

wasproposedinChapter3forgeneralQSMandSMsingle-userMIMOsystem.Chapter

4providedfurtheranalysisofthealgorithmproposedinChapter3intermsofexpected

decodingcomplexityandthebehaviorofthealgorithmforperfectandimperfectchannel
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stateinformationatthereceiverside.Furthermore,anovelreliablealgorithmtodecode

single-userSMtransmittedmessageswasproposedinChapter5.TheBERperformanceand

complexityoftheproposedalgorithmweretheoreticallyderived.Theproposedalgorithm

providesasignificantreductioninthedecodingcomplexitycomparedtoML,withoutsacri-

ficingtheBERperformance.Moreover,aflexibletrade-offbetweentheBERperformance

andcomplexitywaspresentedtodemonstratethereliabilityoftheproposedalgorithm.

Alow-costmulti-userSMMIMOsystemwasproposedinChapter6withtheaidofthe

SCMAtechnique.Thisproposedsystemrequiresasmallernumberofthetransmitantenna

withalmostnoadditionaldetrimentstotheBERperformanceordecodingcomplexitywhen

comparedwiththeconventionalSM-SCMA.Moreover,threelow-complexitydecoding

algorithmswereproposedinChapter7fortheSM-SCMAsystem.Thefirstalgorithm

canbeconsideredthebenchmarkforthedecodingcomplexityattheexpenseoftheBER

performance,whichisstillacceptableforsomepracticalapplications.Thesecondalgo-

rithmimprovestheBERperformanceofthefirstalgorithmwiththeaddedcostofslightly

increaseddecodingcomplexity.Finally,thethirdalgorithmnotonlyprovidestheoptimal

BERperformancewithasignificantreductioninthedecodingcomplexity,butalsoprovides

aflexibletrade-offbetweenBERandcomplexity.Thesealgorithmscanfitawiderangeof

practicalapplicationswithspecificrequirementsforbothoperationandhardwareimplemen-

tation.Themathematicalformulation,complexityanalysisforallproposedalgorithms,and

simulationresultswereprovidedtosupportthesefindings.

8.2 PotentialDirectionsofFutureInvestigation

Theworkpresentedinthisthesisopensthedoorforfutureinvestigations,amongwhichIlist

thefollowing:

•Machinelearningmethodscanbeappliedtothesingle-userSM-MIMOsystem.Neural
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networksshouldbeasuitableoption,astheycanapproximateanyfunctionwhenthe

datasetsizeissufficientlylarge.Thenumberoflayersandneuronsforeachlayer

shouldbeinvestigatedaccordingtothegivenproblem,suchassystemsizeandtarget

BERperformance.

•Sincethemulti-userSM-SCMAsystemisapromisingtechniqueproposedvery

recently,moreinvestigationsshouldbeperformedonit,suchasevaluatingthesystem

underdiversetransmissionenvironments.

•NovelschemesmaybeproposedfortheSM-SCMAsystemtoenhancethefunctional-

ityofthetransmitterand/orreceiver.

•Low-complexityreceiversmaybeexploredfortheSM-SCMAsystemforfurther

reductioninthedecodingcomplexity,whiletakingintoaccounttheBERperformance.

•MachinelearningmodelsmaybestudiedfortheSM-SCMAsystemtoreduceits

decodingcomplexity.

Inconclusion,moreinvestigationscanbedoneregardingreducingthedecodingcomplexity

oftheSM-MIMOandSM-SCMAsystems.Theneuralnetworkapproachshouldbeoneof

theavenuestobeconsideredintheseinvestigations.
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