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ABSTRACT OF THE DISSERTATION

Noncoherent Multicarrier Communicationsand

Multiuser Detection

by Rajnish Sinha

Dissertation Dir ector: ProfessorRoy D. Yates

The Internetrevolution hascreatedhe needfor wirelesstechnologieghatcandeliver
dataathighspeedsn aspectrallyefficientmanner However, supportingsuchhigh data
rateswith sufficientrobustnesgo radiochanneimpairmentsequirescarefulselection
of modulationtechniques.Currently the mostsuitablechoiceappeargo be OFDM
(OrthogonalFrequeng Division Multiplexing). OFDM is currentlybeingusedin Eu-
rope for digital audio andvideo broadcasting.In the U.S., OFDM is beingusedby
wirelessLANs operatingin the unlicensedbandsandis also being consideredas a

seriouscandidatdor fourth generatiorcellularsystems.

In orderto sene multiple userssimultaneouslyan OFDM basedsystermwould require
amultiple accessechnology OnesuchaccesschemealledMC-MFSK (Multicarrier
Multilevel Frequeng Shift Keying) is proposedn thisthesis.TheMC-MFSK scheme
is anew spread-spectrunmultiple-accesschemendit sharesomeof theadwantages

of bothFH (Frequeng-Hopping)andDS (Direct-Sequenceypread-spectrumsystems,



while overcomingsomeof their disadwantages.The MC-MFSK schemeransmitsa
symbolin parallelover multiple sub-channelasingOFDM andhasthedesirablgrop-
ertiesof frequeng diversity, nearfar resistanceandmultipathimmunity. This thesis
contendghat the above benefitsnot only make MC-MFSK a simple yet competitive
spread-spectrurtechnologybut alsomalke it a strongcandidatefor future high-speed

wirelesssystems.

Systemsoperatingin the unlicensedbandscan experiencerapidly changing,uncon-
trolled interferenceérom otherco-locatedsystemsThis rapid variationof the channel
can make phaseestimation,and hencecoherentdetection,extremely difficult if not
impossible.Insteadnoncoherendetectionschemesnaybe morefeasiblein suchsce-
narios. Sincethe proposedViIC-MFSK schemeusesnoncoherentletection,it canbe

anattractve alternatve for theunlicensecdandsaswell.

This thesisalsoinvestigateshe generalareaof noncohereninultiuserdetection.Mul-
tiuserdetectorsareusefulin jointly demodulatinga superpositiorof signalsreceved
from differentsourcedo yield improvedperformanceThis thesisinvestigatesonco-
herentmultiuserdetectiortechniqueshatachievze nearoptimumperformancevhile re-
tainingreasonableompleity. A techniquecalledselectivdiltering is proposedvhich
exploits certaina priori informationregardinga users transmittedsignal. It is shavn
thatselectve filtering offersimprovedperformanceverthe noncoherentounterparts
of the existing nearoptimummultiuserdetectors.Both deterministicaswell asblind
adaptie implementation®f selectvefiltering areconsideredNumericalcomparisons

areprovidedto demonstrat¢éhe nearoptimumperformancef the proposedietectors.
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Chapter 1

Intr oduction

Today wirelesscommunicatiorhaspermeatedall aspect®f life throughdevicessuch
ascellularphones802.11basedNirelessLANs, andBluetooth to nameafew. Through
thesedevices, userswish to have high-speedaccesso informationanywhereat ary-
time. Thechallengdor communicationgngineerss to try andmeetthis demandwith

aconstrainedudgeton systenresourcesuchasbandwidthandtransmissiorpower.

Two key componentf any multiusercommunicationsystemare the physicaland
mediaaccessontol (MAC) layers. In wirelesscommunicatiorsystemsall the RF
relatedsignalprocessing@ndthetransmission/receptioof theactualsignaltake place
at the physicallayer The MAC layerresideson top of the physicallayer, andasthe
namesuggestst is responsibldor efficiently controllingthetransmissionsf multiple

users.

The MC-MFSK systemproposedn this thesisis intendedto sene asa MAC technol-
ogy for an OFDM-basedhysicallayer. In the following sectionswe will discusghe
benefitsof OFDM andMFSK systemsandthenshav theway in whichthe MC-MFSK

systemeffectively combineghetwo.

In wirelesssystemswherea recever may receve signalsfrom multiple users,mul-
tiuserdetectorcanbeemployedto jointly processhesignalsto improve performance.
Sincethisthesismakescontritutionsin theareaof noncoherenmultiuserdetectionan

overview of multiuserdetectiorwill alsobegivenin this chapter



OFDM Systems

Most wirelesscommunicatiorlinks aresubjectedo conditionsin which the transmit-
tedsignalarrivesat therecever via multiple propagatiorpathsat differentdelays[1].
Themultipathphenomenarisesn differentwaysdependingipontheapplication.For
example,in cellularradioit arisesout of reflectionandscatteringrom buildings,trees
andotherobstaclesalongthe path. Signalmultipath generallyresultsin intersymbol
interferencgSl) in digital communicatiorsystemsMoreover, the signalcomponents
arriving via the multiple propagatiorpathsmay add destructvely resultingin a phe-

nomenorcalledfading

Typically, in single-carriersystemsgqualizersare usedto combatthe channeldistor
tion causeddueto ISI. However, the compleity of therecever increasesasthe span
of thelSl increasesin adispersve channelto avoid ISI, theroot-mean-squardelay
spread o placesa limit on the signalingrate R. A delay spreadof o. corresponds
to a coheencebandwidthof B; =~ 1/0c. Thus,it is desiredto have R < B in order
to reducesusceptibilityto ISI. In the time domain,this corresponds$o having a sig-
nal time-periodT > o.. Therefore|n a single-carriersystem after transmittingeach
pulse,the transmitterhasto wait for at leasto. time units before sendingthe next
pulse.A multicarrieror parallelapproachpn the otherhand,splitstheincomingdata
streaminto parallel streamstherebyreducingthe rate on eachof the branchesand
makingeachbranchlesssusceptibléo delayspread2]. Also, thedataon eachbranch

is transmittedon mutually orthogonalrequeny channels.

OFDM is a physicallayer technologythat implementsthe multicarrier modulation
scheme. Initially, the implementationof OFDM was prohibitively complex due to
the requirementof a bank of analogoscillators[3-5]. However, advancesin signal
processinchave nowv madeit a viable technology andtoday OFDM can be imple-

mentedby usinglFFT/FFT operationsin OFDM, thefrequeny channelsareallowed
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Figurel.1l: BasicOFDM transmitter

to overlappartially while still maintainingorthogonalitywhich allows for higherspec-
tral efficiency Consequentlyin contrastto the majority of wirelesstechnologiesn
usetoday OFDM is capableof providing high datarateson awirelesschannelwithout

succumbingo ISI problems.

An OFDM-basedransmittertransmitsmultiple symbolsin parallelover a channelas
shavnin Figurel.1. For asetof N sampleg(0),...,d(N— 1), thesampledsersionof
the OFDM signals(t) canbewritten as

N-1 o

s(m):Re[%d(n)eJW”m] m=0,...,N—1. (1.1)

=
Thus,theresultingsequence(m) is seenasthe realpartof the IFFT of the sequence
d(n). Although (1.1) could have written asan FFT equation,it is more desirableto
think of the samplesd(n) asbeingin the frequengy domain. Thatis why most of
the OFDM implementationsshov an IFFT operationin the transmitterand an FFT
in therecever, asshavn in Figure1.2. In orderto sene multiple usersefficiently,
an OFDM-basedsystemwould requirea multiple-accessechnology The MC-MFSK

spread-spectrutechniquesenesthis purpose.
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Figurel.2: BasicOFDM recever

Spread-SpectrumMultiple Access

Sincethe proposedMC-MFSK systemis a spread-spectrurbasedmultiple-access
scheme we first briefly discussthe merits of spread-spectrurtechnology Spread-
spectruntechnologyhasbecomehetechnologyof choicefor commerciakystemsop-
eratingin boththelicensed6] aswell astheunlicensedpectrun{7,8]. Thekey prop-
ertiesof this technologythat make it desirableareasfollows: First, spread-spectrum
signalsare effective in combattingand suppressingertaintypesof interferencethat
arisein wirelesschannels.Secondthe pseudo-randomnegsherentin the designof
spread-spectrursignalsenableshesesystemsto achieve a high degreeof security
Third, a frequeng-reusefactor of one allows for easyplanningand deployment of
spread-spectrurbasedsystems. Among the differentimplementationf this tech-
nology, the mostpopularare FH andDS spread-spectrursystemg9]. The proposed
MC-MFSK schemesharesomeof theadvantage®f bothFH andDS spread-spectrum

systemswhile overcomingsomeof their disadwantages.

The MC-MFSK schemds partly motivatedby a variantof an M-ary FSK basedrFH
system.In this section,we discussan M-ary FSK based~H systemandthenlater, in

Sectionl.1.1,explainthe connectiorbetweerthis schemeandthe MC-MFSK system.



In anM-ary FSK basedmodulationschemethe modulatorselectsone of M frequen-
ciescorrespondingdo thetransmissiorof log, M bits. TheresultingM-ary FSK signal
is translatedn frequeng by anamountthatis determinedy the outputof afrequeny
synthesizemwhich is in turn driven by a PN generatof1]. Therecever hasaniden-
tical PN generatoisynchronizedvith the transmitter The PN generatodrivesa fre-
gueng synthesizertheoutputof whichis mixedwith therecevedsignalto removethe
pseudo-randorfrequeng translationintroducedby thetransmitter Oncethe signalis
at basebandit is passedhroughan M-ary FSK demodulatorto recover the desired
log, M bits. It is difficult to maintainphasecoherencéothin the synthesisof the fre-
guenciesisedin thehoppingpatternaswell asin the propagatiorof thesignaloverthe
channelasthe signalis hoppedover multiple frequencies ConsequentlyM-ary FSK
modulationwith noncoherentietectionis usuallyemployedwith FH spreadspectrum

systems.

Multiuser Detection

In multiple-accessystemsmultiuserdetectoranbe usedto exploit the structureof
thereceved signalsto improve systemperformance In this section,we first develop
a generalframevork for multiuserdetectionandthendiscusghe specialcaseof lin-
ear modulationwith coheent detectionand nonlinear modulationwith noncoheent

detection.

ConsideraK-usersystemwhereuserk transmitsmessagen (dravn from anarbitrary
finite alphabetq) by transmittinga signalsc(t; my), t € [0, T]. Denotethe phaseshift
associatedvith userk asel®. Then, assumingthat the signalsof the K usersare
recevedsynchronouslytherecever obsernesa sumof theusers’signalsembeddedn
noisen(t), i.e.,

K

rt) =Y e%s(t;my) +n(t). (1.2)
k=1

Denotem = [my---mk]" and@= [@---@]". If the noisen(t) is white andGaussian



then, the optimal decisionrule in the maximum-likelihood (ML) senseis to select
the setof symbolsandphasegm, @) correspondindo the signalsthatresemblemost
closely(in themean-squarsense}herecevedwaveformr(t) [10,11],i.e.

M, ) = arg min min
(M, @) =arg min o

K .

rt-> e“‘"&(t;rrk)H (1.3)
k=1

where(fh, @) is the estimateof (m, @). Next, we considersomespecialcases.

e Linear Modulation with Coherent Detection

Linearmodulationpertaingto the casewherethe signals(t; my) is alinearfunctionof

themessagsymbolmy, for example,

stmd=ms(t) k=1,...K (1.4)
We define
;
Yk = /()&(t)r(t) k=1,...,K (1.5)
T
Ri = [ sOsi) (1.6)

whereR;j is theith row, jth columnelementof amatrix R.

Coherentdetectionassumegknowledgeof the phasevector ¢. Therefore,for linear
modulationwith coherentletection(1.3) reducego [11]

M =amg max2m'y—m'Rm. (1.7)
me.gK

The maximizationin (1.7) is a combinatorialoptimizationproblemandno algorithm
is known whosecomputationatompleity is polynomialin the numberof userg10].

This hasmotivatedthe developmentof lesscomplex suboptimaldetectorsuchasthe
decorrelatarMMSE detectorandsoftinterferencecancellergl1]. Referencgl2] con-
structsaninsightful, nonlinearprogrammingrasedapproactio theoptimummultiuser

detectionproblemin (1.7) andshaows thatthe popularsuboptimalmultiuserdetectors



proposedn the literaturecanbe derived as solutionsto relaxationsof the problemin

(1.7).

¢ Nonlinear Modulation with Noncoherent Detection

Nonlinearmodulationwith noncoherentletectionis often necessaryvhen phasees-
timation is difficult due to rapid changesn the channelconditions[1]. A popular
exampleof nonlineamodulationis M-ary FSK. In thiscasem, € 4 = {0,...,M -1}
andsc(t; my) is notalinearfunctionof my. Hence sc(t; my) cannotbedirectly written
in theform shavn in (1.4). However, usingthe approachof [13], the K-userchannel
employing M-ary nonlinearmodulationcanbewritten asan MK -userpseudo-linearly
modulatedchannelwherethe dataof the different“users” aredependent.If we de-

fine [11]

Mvk-1)+] = & (1.8)
~ 1 j=nx
Pvk-1+j = (1.9)
0 otherwise
Swk-1+j(t) = (i) (1.10)

then,(1.2) canbewrittenin thelinearform
MK _  _
rt) =3 bne!™sy(t) +n(t). (1.11)
n=1
Thelinearrepresentatiomllows the useof popularlinear multiuserdetectorssuchas

thedecorrelatoandthe MMSE recever.

As in the linear modulationcase the implementatiorof the optimal detectorfor the
recevedsignalin (1.11)alsorequiresan exhaustve searchover possiblevectorsﬁ =
[by- --bwk]T. Further sincethe phasesrenotknown in the presenscenariothe prob-
lem becomesven more comple. In this thesis,in orderto obtain suboptimalnon-

coherenidetectorswvith reasonableompleity, we relax the constraintsetof the ML
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Figurel.3: FH MFSK transmitter

noncoherenimultiuserdetectionproblem. This approachs similar to thelinear mod-
ulation counterpartgonsideredn [12,14,15]. Otherapproache the literaturewill

bediscussedhn the next sectionandin Chapter3.

1.1 RelatedWork

1.1.1 MFSK Spread-SpectrumMultiple-Access Systems

SincetheMC-MFSK systems motivatedby anothef~H-basedystemwefirst explore

thisrelationshipn alittle moredetail.

Themostpopularimplementatiorof the FH spread-spectrumsystems theM-ary Fre-
gueng Shift Keyedsystemwhichis alsoknown asthecorventionalFH-MFSK system
[16—18]. At theFH-MFSK transmitterlog, M bits form amessagene {0,...,M —1}.
Messagan is mappedto the transmissiorof a tone on sub-channem. For the FH-
MFSK system the total durationof the log, M-bit messagavill be referredto asthe

signaling-intervalandwill be denotedy T.

Ideally, in asingle-usererrorfree ervironment thetransmittewould transmitasingle



toneon sub-channeinfor adurationof T secsandtherecei’erwould beableto decode
the messageeliably. However, in non-idealchannelconditions,the transmittermay
needto employ bothtime andfrequeny diversityto increaseéhe probability of correct
reception. An exampleis shovnin Figurel.3. In Figurel.3(a),atwo-bitmessagél 0’
is transmittecasatoneonsub-channain= 2 (shavn asshadedoxesin Figurel1.3(b)).
Thetotalsignalinginterval T is keptthesameasthatof thetwo-bit messageTo achiere
time diversity, the signalinginterval T is divided into L intervals known ashopping-
intervalsandthe toneon sub-channein is repeatecdver the L hopping-interals. In

theexample L = 4.

Figuresl.3(c)and(d) illustratetheway in which frequeng diversityis achieved. The
entire systembandwidthW is partitionedinto N = 4 orthogonalchannels with each
channelcomprisingM = 4 orthogonakub-dhannels(in this example,we have chosen
L = M = N = 4; they do not have to bethe same).During eachof the L = 4 hopping-
intervals,a channeis choserpseudo-randomlin accordanceavith a hopping-address
f =[f;---ff]T asshown in Figure1.3(c). Then,asshavn in Figure1.3(d),duringthe
Ith hopping-interal, atoneis transmittecbn sub-channeM(fj — 1) +m, | = {1,...,L}.
In our example,M(f; — 1) + m= 4(f, — 1) +- 2, andsincef = [1 23 4], thetonesare
transmittecbn sub-channelf 6 1014]T. Thetransmittedonesarerepresentedy the

shadedoxesin thefigure.

Therecever knows the hoppingaddresd and canthereforetranslatethe signalback
to basebandsin Figure1.3(c). However, sincethe recever doesnot know the sub-
channelon which the tonewastransmittedjt performsthresholddetectionon all the
M sub-channelsver the L hopping-interals. The receier thenaddsup the L entries
in eachof the M sub-channelgrows in Figure 1.3(c)) andthen selectsthe index of
the sub-channelith the maximumentriesasthe desiredmessageln the presencef
noiseand/ormultiuserinterferencetheremay be significantenegy on the undesired

sub-channelaswell which could potentiallyleadto decodingerrors.
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Figurel.4: Multilevel FSK transmitter

In theFH-MFSK systemsinceeachhopping-interal is of Iength‘F/I: thesub-channel
spacingis assumedo be L/T Hz. Sincetherearea total of MN sub-channelin a
bandwidthof W Hz, W = LMN/T Hz. Also, by definition, R, = log, M /T bits/sec.f
W andR, areassumedo be fixed, the spectralefficiency of a userdefinedasR,/W

bits/sec/Hzs alsoa constantindcanbewritten as

Ry log;M
=W = ThN [bits/sec/Hz] (1.12)

In theexamplein Figure1.3,we chosen = 1/32andL = N = 4 whichyieldedM = 4.

A variationof FH-MFSKwith N = 1 wasproposedn [19] andtermedFH Multilevel-
FSK.Here,thesystembandwidthcomprise®f justonechanne(N = 1), but with afar

greatemumberof sub-channel# thanthe FH-MFSK system.In this case,

R, log,M
Y

~w

[bits/sec/Hz] (1.13)

Figurel.4shavs anexamplewith n = 1/32,( = 8, M = 16,andlog, M = 4 bits-per
messageAlthoughthesignalingmechanisnis similarto thatof FH-MFSK, sincethere
is only onechanneltonesaretransmittedon a pseudo-randomlghosensub-channel
during eachof the L hopping-interals. The signalinginterval for FH Multilevel-FSK

will bedenotedby T. Sincewe have assumedhatthe bit-rateR, is constantsois the
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Figurel.5: MC-MFSK transmitter

bit-durationT, = 1/R,,. Thereforethefour-bit messagén Figurel.4is transmittedn
T = 4T, secsasopposedo theT = 2T, secgaken by thetwo-bit message Figurel.3.
This highlights the fact that the signalinginterval in the two casescan be different

dependingiponthe chosersystemparameters.

In the examplein Figure 1.4, the message0 1 0 O’ is transmittedas a sequencef
[ = 8 tones.The messageodavord is denotecby m-1 wherel is a vectorof onesof
lengthL. In the example,the messageodavordis [44 4 4 4 4 4 4]T. The address
vectoris denotedby a length L vectora with elementsd[l] € {0,...,M —1}. In the
exampleshovn in Figure1.4(c),a=[01234567]". Thetransmittedsignalassoci-
atedwith messagenis obtainedassy = (m-1) @ &, where® representsectoraddition
moduloM. Thereceier usesthe samealgorithmasthatusedby the FH-MFSK sys-
temdiscussedbove. Sinceits inception,Multilevel-FSK hasbeenstudiedby several
researcherf20-23]. It hasbeenshavn that Multilevel-FSKis capableof offering a

highercapacitythancorventionalM-ary FSK basedsystemg23,24].

TheMC-MFSK schemegroposedn thisthesiss partlymotivatedby theFH Multilevel-
FSK system.As in FH Multilevel-FSK, the transmittedsignalin MC-MFSK is also
Sn=(m1)®a whereme {0,...,M — 1} andthe vectorsareof lengthL. However,

in contrasto the FH-MFSK andFH Multilevel-FSKschemesonsideredbove,in the



12

MC-MFSK FH Multilevel FSK FH M-ary FSK
BITS [1[2[3[4]5[6]7[8] 1 [2[3[4] [s[6][7]8] (1]2] [s]a] [s]6] [7]8]
M-1 M-1 T ] 3 o |
I |
—— "
(8}
5 _ aE
© — £ o
w ©
o3 S
= Wi N
1
0 = ol im
1 L 1 L 1L 1L 1L 1L
T T T
TIME TIME TIME
Pseudo-Random Hopping Pseudo—-Random Hoppin

Figurel.6: Comparisorof FSK-basedransmissiorschemes

MC-MFSK systemthe elementf the addresyvectora, andhences,, represenpar-
allel tonesshavn asshadedoxesin Figurel.5. The single-usespectrakfficiengy in
this cases

R, log,M

W= N [bits/sec/Hz] (1.14)

Figurel.5shavs anexamplewith n = 1/32, whichyieldsM = 256 andhencea mes-
sagecomprisinglog, M = 8 bits. Themessageurationin MC-MFSK is denotedby T

andis the sameasthe signalinginterval.

Figure 1.6 compareghe transmissiorschemeof MC-MFSK with thoseof FH Multi-

level FSK andFH MFSK. Sincethe single-usespectralefficiengy n is constrainedo
bethe samein all the casesthe eightbits aretransmittedn the sametotal durationof
8Ty, secsoverthe samebandwidthof W Hz in all the casesHowever, notethatdueto
the constraintg1.12-1.14) differentnumberof bits canbe sentduring eachsignaling
interval in the threecasesdueto which the signalingintenvals T, T and T canbe of

differentlengths.

Eventhoughthe single-usespectralefficiengy n is constrainedo be the samein all
the casesit will be seenlaterin Chapter2 thatdueto the differencesn the signaling

techniquesthe total numberof usersthat canbe supportecdat a target messagerror
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ratecanbedifferentin eachcase.Consequentlyif we denotethetotal numberof users
supportedn a systemby K, thenthetotal systemspectralefficiency nT = Kn canbe

differentin eachcase.

A block diagramof the MC-MFSK systemis shavn in Figure1.7. Someof the po-
tential advantageof usingMC-MFSK over its FH counterpartireasfollows: Since
theMC-MFSK systemis an OFDM-basedechnology[3, 4], the IFFT/FFT operations
eliminatethe needfor banksof oscillatorsandhenceprovide for easeof implementa-
tion [5] comparedo FH Multilevel-FSKsystemsTheauthordan [19] alsomentionthe
susceptibilityof theFH Multilevel-FSKsystento largedelayspreadsThe MC-MFSK
system,on the otherhand,helpscombatthe effects of large delay spreadsy reduc-
ing the signalingrateon individual sub-channelsThe MC-MFSK andFH systemsdo

however sharethe desirablepropertieof frequeng diversityandnearfar resistance.

Although the MC-MFSK and DS-CDMA systemssharethe ability to resole mul-
tipath, they differ in their resistanceo the nearfar effect. Unlike a matched-filter
recever basedDS-CDMA system,the MC-MFSK is not susceptibleto the nearfar

problem.

1.1.2 Noncoherent Multiuser Detection

In orderto improve the efficiency of multiple accessystemghatemploy noncoherent
detectionnoncoherentultiuserdetectorsnaybeused.In this sectionwe discusghe

relatedwork in theliteraturein this particulararea.

As discussedh Sectionl, theML detectorfor multiusernoncoherentommunications
with nonlinearmodulationthat estimatesall users’messagegintly, hasprohibitive
compleity. ML multiuserdetection for bothlinearandnonlinearmodulation,is NP-

hardin thenumberof userstherefore no efficientsolutionmethodologys known [10].

For noncoherensystemsthe compleity of optimal detectionhasdirectedattention
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Figurel.7: An MC-MFSK communicatiorsystem
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toward suboptimalinterferencesuppressionechniqueg13,25-28]. Thework in [13]
introduceda pseudo-linearepresentatioril.11)in which the signalspaces spanned
by MK signalscorrespondingo theM possiblemessagefor eachof theK users.This
approacHed naturallyto two-stepdetectorsn which decorrelatie [13,27] or MMSE
[26] linearfiltering for userseparationms followedby noncoherensingle-usedetection
asshowvnin Figurel.8. Alternatively, [25,28] employeddecision-directethethodghat
useprior decisiongo suppressheinterference The approachof [25] is to decorrelate
againstall possibleinterfering signals. Prior decisionsreducethe spaceof possible
interfering signalsin thatif a decisionis madethat userk transmittedsignalm, then
thereis no needto decorrelategainsthe otherM — 1 possibletransmissionsf userk.
In [28], the approachis to decorrelateagainsthe known interferingsignalsidentified
by previous decisions. The resultingoutputis then passedo a bank of single-user

matchedilters followed by a maximummagnitudedetectorto determineghe symbol.

In this thesis,we follow the stratgy of [25, 28] and examine approacheshat com-
binefiltering with decision-directethethods We proposdow-compleity, suboptimal
noncoherentietectorghattake advantageof certaina priori informationavailablere-
gardingthemultiusersignalg29,30]. Weincorporatehis structureinto thealgorithms
of variousdetectorclassesndprovide numericalcomparisonso demonstratéhenear

optimumperformancef the proposedietectors.

1.2 ThesisOverview

This thesisis divided into two parts. The first part discusseshe MC-MFSK system

andthe secondoartinvestigate®fficient noncoherenmultiuserdetectiontechniques.

In Chapter2, we outline the basicsystemmodelof the MC-MFSK system.Sincethe
MC-MFSK schemaes partly motivatedby the FH Multilevel-FSK system we review

this systemaswell. We develop upperboundsfor the probability of word error for



mq
USER 1 » SIGNATURE
Mg
USER K » SIGNATURE
N N
mq MAX-MAG X1
R RULE .
AN n .
MK | MAX-MAG X
= RULE

MULTIUSER
FILTER

Figurel.8: Noncoherenimultiuserdetector

16



17

the MC-MFSK schemeandthentranslatehesento lower boundson the capacityand
spectrakfficiency of the system Next, we evaluatethe performancef the MC-MFSK
systemin Rayleighfadingchannels Sincethe MC-MFSK systememplo/s noncoher
entdetectionfollowed by a combiner the optimal combiner(in the ML sense)s also
derived in a multiuserscenariofor Rayleighfading channels. As the optimal com-
biner doesnot have a closed-formexpressionjts approximationswill be dervedand
evaluated.Sincethe approximationgo the optimal detectorusea detectionthreshold,
its selectionis also discussed.Lastly, the performanceof the MC-MFSK systemis

comparedo thatof FH M-ary FSK andFH Multilevel-FSKsystems.

In Chapter3, we investigateefficient techniquegor noncoherentnultiuserdetection.
First, we establistotationfor the additive-noise synchronousCDMA systemmodel
anddescribeghe ML detector Next, we discusrior work on decorrelatoandMMSE
detectorgproposedn theliterature.We thenintroducethe constrainedletectorsvhich
embedmaximumamplitudeinformationfor the receved signalcomponentsas con-
straintsfor nonlinearprogrammingelaxationsof the ML multiuserdetector Follow-
ing this, we introducenoncoherentletectorsbasedon differenttypes of soft inter-
ferencecancellers.In orderto further improve the performanceof the noncoherent
multiuserdetectorswe exploit additionala priori informationregardingthe signalin
the form of selectivefiltering techniques.To illustrate the feasibility of the selectve
filters in scenarioswith limited informationregardingthe interferers,e.g.,a CDMA
down-link, a blind adaptve implementationof the selectve MMSE detectoris also
presentedWe alsosuggest successieinterferencesuppressioschemewhich,when
usedin conjunctionwith selectve filtering, yields improved performancen nearfar

scenarios.
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1.3 NewResults

This thesisproposesa new spread-spectrurbasedmulticarrier multiple-accessech-
nique for OFDM systemswhich shareshe desirablepropertiesof both FH and DS

spread-spectrursystems.

Thedecodingheuristicproposedor the MC-MFSK system althoughpartly motivated
by the FH Multilevel-FSK system,is alsonew. It is shovn thatin high-SNR,single-

userchannelsthedecodingheuristicis in factthe optimalcombiner

In contrasto otherrelatedworks, this thesisdevelopsupperboundson the probability
of word errorandthentranslatesheminto lower boundson usercapacityandspectral
efficiengy. Thelower boundsprovide a minimum systemperformanceguaranteend

henceareof importance.

Theboundon usercapacityderivedin the thesishasa simpleclosed-formexpression.
This enablesusto estimatewith considerableccurag, importantsystemparameters
suchasthefrequeng diversityfactorL to beemployedby the active usersin the MC-
MFSK system. Properestimationof this parameteiis of importancein a practical

system.

Most of the FH-MFSK basedschemegproposedn theliteratureemploy ervelopede-
tectionin their recevers. To comparetheir performanceawith the MC-MFSK system
in Rayleighfadingchannelsthis thesisproposesa techniquefor the selectionof the

detectionthresholdfor the MC-MFSK system.

This thesisalsoinvestigatesandproposesechniquego improve performancef non-
coherentmultiuserdetectors.The performancemprovementis gainedby exploiting

certaina priori informationregardingthe structureof the multiple-accessignal.

This thesisproposeghe applicationof nonlinearprogrammingtechniquego obtain

approximationgo the optimalnoncoherenmultiuserdetectors.
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Several soft interferencecancellation(soft-1C) techniquedor noncoherenmultiuser

detectorsarealsoproposedn thisthesis.

Oneof themajorcontributionsof thisthesisin theareaof noncoherenmultiuserdetec-
tion is the useof selectvefiltering. This techniqueusesa priori informationregarding
a users signalto reducethe spaceof possibleinterfering signals. Selectve filtering
is appliedto the decorrelatarMMSE detectoraswell asthe soft-ICsto illustrateits

versatilityandeffectiveness.
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Chapter 2

Multicarrier MFSK: A Spread Spectrum Multiple
AccessSchemefor OFDM-based Systems

2.1 Intr oduction

In thischapterwe developthe OFDM basedMC-MFSK systemmodelandevaluateits
performancean variouschannelconditions. Performance&omparisonsare alsomade

with otherMFSK basedsystems.

OFDM basednulticarriersystemshave recentlygainedpopularitydueto their ability
to offer high datarateson a wirelesschannelwithout succumbingto inter-symbol-
interferencgroblemscausediueto channeimpairmentg2,31]. Multicarrier systems
allow thetransmissiorof multiple symbolsin parallelover achannekherebyreducing
the susceptibilityof the transmissiongo delay spreads. In orderto sere multiple
usersefficiently, an OFDM basedsystemrequiresa multiple-accessechnology The
MC-MFSK schemeproposedn this chapterseeksto sene this purpos€g32,33]. An

MC-MFSK basedcommunicatiorsystemis shovn in Figurel.7.

We usethe frameavork developedin [34] to derive the optimal combiningrule in the
MaximumLikelihood(ML) senseWe shav thatin Rayleighfadingchannelsthe op-
timal combinercanbeapproximatedby a soft-limiterin amulti-userscenarioandby a
linear-combinerin asingle-usescenario.Thesimilarity betweerthedecodingheuris-
tic proposedor MC-MFSK and the optimal combineris also highlighted. Optimal

combinersarealsoderivedfor the specialcasef a singleuserin Rayleighfadingand
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AWGN channelsSincethe soft-limiter andotherapproximationgo the optimalcom-
binerinvolve adetectiorthresholdtechniquesreproposedor selectinghisthreshold

for thedifferentcases.

The spectralefficiency of a system,definedas the total numberof bits/sec/Hzthat
can be transmittedreliably, is an importantmeasureof a systems performance. A
lower boundon the spectralefficiengy of the MC-MFSK systemis obtainedandcom-
paredto spectralefficiency obtainedfrom simulations. The spectralefficiengy of the
MC-MFSK systemis alsocomparedo thoseof other MFSK basedspread-spectrum

systemsuchasFH Multilevel-FSKandFH M-ary FSK.

2.2 SystemModel

Wefirst considerasingle-usersynchronou$/C-MFSK systemandasignalingscheme
wherethe usertransmitsone of M signals.At the MC-MFSK transmittey the bit rate
is denotedby Ry, andit is assumedhatevery T secondsB messag#its areloaded
into a shift registerandtransferredasa B-bit word m € {0,...,M — 1} to the buffer,
whereM = 2B, It is assumedhat the available systembandwidthW is divided into
M orthogonalsub-channelas shavn in Figure2.1. The mth messages mappedto
the transmissiorof a toneon the mth sub-channelln the absencef AWGN, Multi-
ple Accesdnterferencg MAI), or fading,the transmittercould simply sendthis single
toneandthe recever would correctlydecodem asthe desiredmessage However, if
the detectionof the transmittedoneis proneto channekerrorsor MAI, thenthetrans-
mitter would needto useredundanyg in its transmissiorscheme.ln MC-MFSK, the
transmitterusesfrequency-divesity to introduceredundang by transmittinga signa-
ture vectorg,, of L paralleltonesfor everytonem. Thesignaturevectory, is obtained

by addinganaddressectorda = [d]0]---&[L — 1]] " (with distinctelements}o thetone
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Figure2.1: MC-MFSK transmitter
m asfollows:

(ml)@a

g;z
I

= [m--m' @[&o0--aL-1]"

= [&[0]--&n[L—1]]" (2.1)

wherel is a vectorof onesof lengthL, & representsvectoradditionmoduloM and

eachaddres&lement]l] € {0,...,M —1}.

Letabeabinaryvectorof lengthM with al atpositionsd[l], | =0,...,L—1. Hencea
representghe spectralbccupanyg of thevectora. Similarly, let the signaturevectorsy,
representhespectralbccupang of thevectors,,. Let Cx andC_ denotethe operators
which shift avectorcyclically by k and—k, respectiely. Usingthesenotationswe can
write (2.1) alternatvely as

Sm=Cma. (2.2)

Thereforeasshown in Figure2.1,the messagen is specifiedby the m-positioncyclic
rotationof theaddreswectora. Therecever ontheotherhand,performsnoncoherent
detectionon eachof the sub-channel$ollowed by a nonlinearoperationG(-). The
outputsof G(-) arerepresentedy the vectorv. Using (-, ) to denotethe dot-product
of two vectors,an estimateof the desiredmessagés obtainedby usingthe following

matched-filteringpperation
m=arngy mkax(a, C_kV). (2.3)

Thedecodingrule (2.3) will bediscussedn moredetailin Section2.4.
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2.3 Review of FH Multile vel-FSK

As mentionedin Section2.1, the MC-MFSK systemis partly motivatedby the FH
Multilevel-FSK systemproposedin [19]. From (1.13), we seethat the single-user

spectralkefficiency is
_ Ry _log,M
n=% = TN [bits/sec/hz]

andhencel = Wlog,M/Ry,M. Thisimpliesthatfor a givenbandwidthW, a certain
datarateRy, andafixednumberof bitslog, M, thetime-diversityfactorL is alsofixed.
Thereforejn the FH Multilevel-FSK systemwe cannotusea higherL to compensate
for apoorchannel.This limits the flexibility of the system.Anotherimpairmentasso-
ciatedwith FH Multilevel-FSKis that of delay-spead[19]. The delay-spreaaf the
multipath channelmakesit difficult to preciselysynchronizethe arrival times at the
basestation. Consequentlythe sub-channelsnay no longer be mutually orthogonal
andenepy spillovers may occuramongadjacentsub-channelsausinginter Channel
Interferenc€IClI). To avoid ICI, guard-bandsayhave to beintroducedetweerchan-
nelswhich would requiremorebandwidthandhencereducethe spectralefficiency of

thesystem.

The MC-MFSK system,on the other hand, hasthe following advantagesover FH
Multilevel-FSK. We canchoosel, the frequeng diversity parametein this case,to
be whateser the channelrequires(within constraintson total transmitterpower). This
givesus anadditionaldegreeof freedomin designingour systemandthe opportunity
to improve the performancedynamicallyasthe channelconditionsvary. The parallel
approacttanalsopotentiallyalleviate the problemsof delayspreadandsynchroniza-
tion asfacedby the FH Multilevel-FSK system.Sinceour OFDM basedmulticarrier
approachwould reducethe datarateson the individual sub-channelghe delayspread
would be lessthanthe signalinginterval andhenceit may be easierto maintainsyn-
chronization[2]. This would help maintainthe orthogonalitybetweensub-channels

andhenceallow for higherspectrakfficiengy. Hardwareimplementationssuesshould
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Figure2.3: An OFDM basedecever for MC-MFSK

not posea seriousproblemfor our systemsinceit canbe implementedwith readily

available,off theshelfIFFT/FFT productg5] asshown in Figures2.2and?2.3.

2.4 MC-MFSK Decoder

At therecever, let R bethe outputof the noncoherentletectortunedto sub-channel
i. As will be seenin Section2.5, in the presenceof channelimpairmentssuchas

AWGN and/orfading,R; needgo be passedhroughalimiting functionG(:) whichis
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anapproximatiorof theoptimallimiter for the specifiedchannekondition.We denote
v =[G(Ro)---G(Ru-1)] - (2.4)

We first proposea heuristic-decodefor a single-useiscenarioandthenlater, in Sec-
tion 2.6.1,shaw its optimality in ahigh-SNRchannel.Underthe heuristic thedecoder
first formsanLxM matrix with thelth row consistingof thevectorC_g; v. Then,the
decoderddsup the entriesin eachcolumnanddeclaresheindex of the columnwith
the maximumentriesasthe desiredmnessageln caseof ties,atie-brealeris used.Let

[x]j denotethe jth positionin vectorx. Thedecodingrule canthenbe mathematically

expresseas:
L-1
M= argmax C_amv (2.5)
: I; all |
Notethat(2.5) maybere-writtenasa circularcross-correlatiofunction,i.e.,
L-1 L-1
Coav| = Y valll+]]
|; Al i |;
M—1
= %a[n]v[n-i—j]
n=
= (a,C_jv). (2.6)
Thedecodingrule canthenbe written as
M= argmax(a,C_;v). (2.7
j

As will be shavn later in Section2.6.1,in a high-SNR channel,the limiter G(R))
reducedo anactiity detectorandyields a non-zeroconstantvalue G(1) on the sub-
channelswvherethereis at leastoneuserpresentandzerootherwise.For the single-

userscenariothisimpliesthatin a high-SNRchannel
V= G(1)sm= G(1)Cna. (2.8)
Substituting(2.8) andtheidentity C_jCa= C—jain (2.7),we have

M= arg mjax(a, G(1)Cmn-ja) = amg mjax(a, Cm-ja). (2.9)
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Sincea hasa Hammingweightof L, aTa= L. Moreover, on applyingthe Cauchy-

Schwarzinequality[35] to theRHS of (2.9),
(a,Cm-jay<L (2.10)

with equalityiff Cm—ja= a. If ais suchthatCja = a only for i(modM) = 0, thenthe

maximumin (2.9) is uniqueandnoiselesslecodingwill bereliable.

2.4.1 Probability of Word Err or

We now considera multi-userscenariowith K users.Userk is assumedo bethe de-
sireduserandthevariablesassociatedvith it areindexedby theletterk. For example,
the desiredmessagés denotedby my. In this section,we evaluatethe impactof only
interfererson the performanceof the desireduser The performancemetric chosenis
the probability of word error of the desireduser Sincewe are mainly interestedn
guantifyingthe extentto which thesystems interference-limiteda high-SNRchannel

is considered.

In high-SNRchannelssincetheconstantG(1) is justascalingfactorappliedto all the
sub-channelw/herethereis atleastoneuserpresentye canignoreit in theprobability-
of-error calculations.Therefore,in this section,we assumehatthe elementf v are
Bernoullir.v’s: v[i] = 1 indicatingthe presencef at leastone useron sub-channel,

andvli] = 0,anabsence.

We now introducenotationto enableusto represent/ asa function of the users’ad-
dresses.Let xAy denotethe AND operationbetweenary two scalarsx andy, and
let xAy denoteelement-by-elemer&AND operationbetweenary two vectorsx andy.

Also, let x vy denotethe OR operationbetweenscalarsx andy, andlet x vV y denote

element-by-elemer®R operationfor vectorsx andy. For vectorsxy,...,Xk, define
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ViXk = X1 VX2 V...V Xk. Usingthesenotationsjn a high-SNRchannelwe have

K

=1

From(2.7)themessagestimatefor thedesireduseris
My = agmax{ay, C_;V). (2.12)
j

Since(ay,C_jv) = (Cja, V), this canalsobe viewed asa matched-filteringoperation
where,in orderto determinethe candidatedor the transmittedmessagethe desired
users recever correlatesv with all M possiblerotationsof the desiredusers address
a, retainingonly the shiftsthatyield the maximumcorrelationvalue. The outputof

thekth usersith correlatorcanbewritten as

S = (a,C_iv) (2.13)
andlet
S = maxSg. (2.14)

Sincethe Hammingweightof ay is L andthatof v is atleastL (from (2.11)),
(ak,C_iv) < L. (2.15)

Therefore S; = L for all k. We define
1 if i==L
Wi = S =% (2.16)
0 otherwise

Thedesiredmessageés thenestimatedas
me=i if Wgi=1 (2.17)

and,in caseof ties,atie-brealeris used.We now evaluatethe probability of word error

basedon (2.17). Denotethetotal numberof ties by

M-1

Zk= ) Wi (2.18)
m,



28

If P(Zx = 2) is the probability of z ties, thenthe probability of decodingthe desired

usercorrectlycanbewritten as

P = sz(O)+%sz(1)+...+%sz('\/|—1) (2.19)
M-1 1
= I; |+—1PZK(')' (2.20)

Theerrorprobabilityis definedas
Pv=1-P.. (2.21)

Sinceit is hardto obtaina closed-formexpressiorfor theright sideof (2.20),we use

thelowerboundP. > P, (0). Thereforefrom (2.21),R, canbe upperboundedy
Pw < 1— P (0). (2.22)

Assumingthatuserk transmittednessagen = 0, we have from (2.18)and(2.22):

Pim=0 < 1-P (mi#ﬂk{\M@i =0}me = O) (2.23)
= P (Uizm {Wk; = 1}|mc = 0) (2.24)
< 3 P(Wy=1m=0 (2.25)
iy
M—1
= Zl P(Si = LImc=0), (2.26)

where,in goingfrom (2.23)to (2.24),we usedtheidentity thatfor arny two eventsA and
B, P(ANB) = 1— P(AUB). In goingfrom (2.24)to (2.25),the unionboundwasused.
The last equality in (2.26) follows from (2.16). We now investigatethe expression

P(S = L|m¢ = 0) in alittle moredetail.

Substituting(2.11)in (2.13)yields

K
Si = <ak,C_i \V Cma4>

=1
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K
= <ak,Cm<_iakVVCm_ia|> (2.27)
1 £k
K
_ <ak,Cw_iakv\/Cn,a|> (2.28)
1 £k

where,in going from (2.27)to (2.28), we usethe factthat sincemy is uniformly dis-
tributedover {0,...,M — 1}, sois nj = (m — i) mod M. Sincevf;kcnla is indepen-

dentof index i, it canbe written simply asarandomvector

K
u=\/Cna. (2.29)
1#£k
Substituting(2.29)in (2.28)yields
Si = (ak, Cm—iax V U). (2.30)

For any two binary elements andc, it canbe shovn usinga truth tablethatbv c =

b+ c— bAc. Applying it to (2.30),we have
Si = (8 Cm—idk + U — Cm—iaAU) (2.31)

Expandingthe right side of (2.31), substitutingm, = 0, and usinga] (C_jax A u) =
u' (ax AC_jay), we have

Si = (& Coiak) + (ak, u) — (a, C_iakAu) (2.32)

= g Ciax+agu—u' (axAC_jay) (2.33)

Sincethedistributionsof thefirst andthird termsontheright sideof (2.33)aredifficult
to formulate,we considerthe limiting caseL/M — 0 to make the analysistractable.
Thelimiting caseis characteristiof the MC-MFSK systemandhenceits assumption
is avalid one.Theway in whichL/M — 0 is asfollows: Typically, for the MC-MFSK
systemM is very large bothin absoluteermsaswell ascomparedo L. Also, aswe
shaow later, theoptimalvalueof L thatmaximizeghenumberof userssupportedy the

systemis proportionalto In(M/Ry). ThereforeasM — o, L/M — 0. Defining

o = a, C_jay, (2.34)
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from (A.9) in AppendixA.1, we have

L/lmop(ai =0)=1 i#£0. (2.35)

Notethat(2.35)alsoimpliesthat

L/Illvlrrl)OP(ak/\C_iak:O):1 i#0 (2.36)

where0 is an M-dimensionakerovector Incorporating(2.35)and(2.36)into (2.33)
yields
lim P(sk,i =a{u) —1 i#0. (2.37)

L/M—0

Let usrepresent

p=a, u. (2.38)

Note that Pyjm—o = Pv by symmetry Substituting(2.37)in (2.26), for L/M — O we

have
M—1
Py < Zi Plo=L) <MP(p=L) (2.39)
i=
We now evaluateP(p = L). Sincethe entriesof & representhelocationof theL 1's
in ax, we have
L-1
p=S u&]] (2.40)
2,

whichis asumof dependenBernoullirandomvariables.The expressiorfor P(p = L)
is derivedin (A.29) in AppendixA.2. Since(A.29) doesnot have a closedform, it
makesit difficult to proceedwvith theright sideof (2.39). However, it isshavnin (A.31)
in AppendixA.2.1thatfor smallvaluesof L/M (truefor the MC-MFSK scheme),

P(o=L)~ po" (2.41)

wherepg is theprobabilityof atleastoneof theK — 1 interferersoccupying aparticular

sub-channelFrom (A.15) in AppendixA.2, we have po = 1— (1—L/M)X-L,
For0 < x< 1andK > 1, we havetheidentity

1-(1—x)"1 < (K-1)x (2.42)
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Theproofis simple:Let
f(X)=1-(1—-x1—(K-1)x

Thus, f(0) = 0 and f’(x) < 0 whichyieldstheidentity. Therefore,pp < (K —1)L/M

andtheright sideof (2.39)canbewritten as

MP(p=L) = Mp§ (2.43)
(K—1)L\"
< M 2.44
< m(%5 (2.49)
KL\ "
< M(M> (2.45)
whichyieldsalower boundfor K of theform
A M [Py 1/L
K > Kjp(L) = T (ﬁ) . (2.46)
Further we define
L* = agmax<;p(L) =In M (2.47)
L Pv

In Figure2.4,we plot Kjp(L) in (2.46)versusL for differentvaluesof M andcompare
with resultsobtainedfrom simulationsfor R, = 0.001. In the simulations Knax repre-
sentsthe maximumnumberof usersthat could be admittedinto the systemat a given
L andM underthe constraintthat Ry, < 0.001. We canseethatin spite of the large
M assumptiorbehindthe derivation of (2.46), the formula behaesqualitatively sim-
ilar to the resultsfrom the simulationseven for small valuesof M andprovidesgood

estimate®f L atwhich Kyax peaksfor a particularM.
We definethe spectrakefficiency nt of asystemas[23]

Nt = % [bits/sec/HZ] (2.48)

For theMC-MFSK systemgsubstituting(1.14)in (2.48)yields

Klog, M
o= S (2.49)
Klb(L) IOgZ M (2 50)

M
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At theintegervalueof L = [L*],

nr (L)

(@) L log, M

M

>

>

log,M ( Ry YL
L M '

log, M [ Py e
e ()
l0goM 1/
o

0goM 4
S

llog,M a
elrr1 T

(2.51)

(2.52)

(2.53)
(2.54)
(2.55)

(2.56)

In going from (2.53)to (2.54), we usedthe factthatsinceL* = In(M/Ry), Py/M =

e L.

In going from (2.54) to (2.55), we usedthe identity —L*/[L*] > —1, andin

goingfrom (2.55)to (2.56),we usedtheidentity1/[L*] > 1/(L* + 1). Simplifying the
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expressiorfor Ny in (2.56)yields

nr

1 log,M

1 log,M
eln(Me/Ry)
log, e

elin(M/R,)+1

log, M

e log,e+log,M —log, Ry

0.53log, M
log,M +11.41

(2.57)
(2.58)
(2.59)

(2.60)

In going from (2.58) to (2.59), we usedthe identity Inx = log,x/log,e. Equation

(2.60)is the expressiorfor n3 at Ry = 0.001. Figure2.5 compares)y in (2.60)with

simulationresultsfor differentvaluesof M.
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2.5 Performancein Rayleigh Fading Channels

Wirelesssystemsare susceptiblego channelimpairmentssuchaslog-normalfading,
Dopplerandmultipath.In this sectionwe consideronly the effect of multipathfading
on an MC-MFSK system.It is assumedhatthe envelopeof a users multipathsignal
is Rayleighdistributedandindependenbetweersub-channeldlt is assumedhatuser
k is thedesireduserandm, = m the desiredmessageWe definethe signaturevectors

correspondingo the kth users mth messagas

Sm = [Sm[0]--SmL—1]]" (2.61)

Sm = [Scm[0] - ScmM — 1]] T = Cma (2.62)

where§ ] € {0,...,M — 1} ands m[-] € {0,1}. We definean indicator variable
chm= 1if sub-channehis oneof theL sub-channelasedby userk in thetransmission

of messagen andzerootherwise.Thatis

%m:{:tne{@@mww@mn—u} .69

0 otherwise
Sinceeachof theK — 1 interfereran the systemoccupiesa sub-channeblith probabil-
ity hop = L/M independenbf the otherusers the numberof usersJ on sub-channeh

hasthebinomial distribution

PJ(j):B(K_lajahO) j=0,....K-1 (2.64)
where,
K—1\ ] K—1—j
“ha(1—=h I j=0,...,K-=-1
B(K -1, j,ho) = SR ’ (2.65)
0 otherwise

For theith user theattenuatiord; andphasep areassumedo bei.i.d randomvariables
with A; beingRayleighdistributedwith E[)\iz] = 1 and@ beinguniformly distributed

over|[0, 2ry. It is alsoassumedhatall theusershave the sameaveragerecevedenegy
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Es. The aggreatefadedreceved signal from the desireduserandJ interfererson

sub-channeth is then

2E; 2Eg
rn(t) = ?cnm)\k cogwnt + @) + - .Zl)\i cogwnt + @) +w(t) (2.66)

wherew(t) is an AWGN processwith meanzeroandvarianceNy/2. The outputsof

thein-phaseandquadraturéoranche®f the matchedilters tunedto sub-channeh are

Xn = \/%/()Trn(t)cos(uht)dt

= ComMkCOS () +Zl)\. cog @) + Wy (2.67)
Y, = ’/ET/ rn(t) sin{wnt)dt
S
= ComMkSIN(Qk +Zl)\.sm @) + Wy (2.68)

wherew, andwy, arenormalizedAWGN r.v.swith meanzeroandvarianced/2 where
di No/Es. SinceA; cog@) andA; sin(@) have zeromeansX, andY,, have zeromeans
aswell. Moreover, sincethe termson theright sideof (2.67)and(2.68)aremutually
independenGaussiar.v.s, X, andY, are Gaussiandistributed aswell. Also, the
varianceof both X, andY;,, conditionedonJ = j, is (com—+ j +d)/2. Theoutputof the
nth detectoris definedas

Ry = X2+ Y2, (2.69)
Sinceboth X, andY,, arezero-mean.i.d Gaussiam.v.'s, R, is exponentiallydistributed

with meanyj = cym+ j +d andPDF

mwmn=%—er>a (2.70)

Thecharacteristidunctionof R, is givenby [1]

‘&' B(K—-1,j,ho)
Ry
[el me=m| = %1 iw(Chm+ j+d)

(2.71)

which canbeinverseFouriertransformedo give the PDFs

K—1,j,ho)e —Rn/(j+d)

_ Kk-18 _
manr:{ folfn) =3 )= J+d Gom=0 (2.72)

B(K—1,],hg)e~Rn/(1+i+d)
fr(Rn) = 3 og BRI Com= 1.
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2.5.1 Optimum Combining

Severalcombiningtechniquedor FH Multilevel-FSKhave beenproposedandstudied
in theliterature[22,34,36-43]. The authorin [34] discusseshe optimumcombining
methodgin the ML sensefor the FH Multilevel-FSKsystem We usethis framewvork

for the MC-MFSK systemaswell.

SincethedetectomutputsRy, n € {0,...,M — 1} have beenassumedo be statistically
independentthe PDF underhypothesiHy, i.e., the mth messagevastransmitteds

the productof theM densities:

M—1
P(Ro,-..,Ru_1/m) = l_L p(Ry|m). (2.73)
n=
The ML testis thento chooseH, if

B(Ro, -+ Ru_1]m) > p(Ro, .., Ru_1]l), foralll #m (2.74)

Let usassumehatof theL positionswheres,m = 1, therearel’ positionswheresy

is azero.Thesepositionsarebeindexedby elementof thevectore. Thisalsoimplies
thatthereis a differentsetof L' positionswheres, m is a zerobut . is aone. These
positionsare indexed by elementsof the vectord. The L — L’ positionswhereboth
S m andsg| area oneareindexed by elementsof the vector{. Note thatthe PDFs
correspondingo thesel. — L’ positionsare the sameon both sidesof (2.74). In the
remainingM — 2L’ — (L — L") positionswhereboths, ,, ands,| arezero,the PDFson

bothsidesof (2.74)arethesame andin this casenve cancethemout. Therefore(2.74)

canberewritten as
L’ L’ L—L' Hy L L’ L—L'
f . f : f f . f : f for all |
Dl 1(Rs,)i|1 o(Rs,) Q 1(Rg,) > ]]1 o(Rs,)il:l 1(Rs) Q 1(R,) foralll #m

(2.75)
Dividing bothsidesof (2.75)by 5=+ fo(R;,) andrearrangingerms,we obtain

! ! !
L' f1(Re,) L= f1(Ry HmL f1(Rs )

I_Lfo I_Lfo l_!fo |‘L (E‘Z) for all | £ m (2.76)
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Figure2.6: OptimumnonlinearityG(R) for differentcombination®f total userK and
SNR/bityy

or,

L/ L-L' L L-L' R..)
zm[fo ] 3 [ ] Z'”[fo ] 5.0 [ ] (2.77)
Ontheleft sideof (2.77),notethatthe L’ elementwf € andthe L — L’ elementsof ¢
togetherepresentheL positionsindexedby § m= [§m[0]- - -&m[L — 1]]T. Thesame
appliesfor theright sideof (2.77). Therefore theleft sideandright sideof (2.77)can

berewritten assinglesummations

f1(R)) ] f1(R)
jE;,mIn [fO(RI)] ~ ie%q In [fo(R'):| foralll # m. (2.78)

Thesummandn theright sideof (2.78)canberepresentetdy the nonlinearfunction

fl(Ri)]
) =1In 2.79
o(R) = | (43 279
which canbenormalizedto have aninterceptof zeroandslopeof unity to yield
i) —0(0
G(R) = M (2.80)

g'(0)
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G(R) is plottedin Figure2.6for differentcombination®f totalusersK andSNR/bityj.
Notethatthe optimumnonlinearityG(R) resembles linear-combinerfor asingleuser
(K = 1) andasoft-limiter (alsoknown asclipper) for K > 1. Hence,from (2.78-2.80),
the optimum combiningmethodis to apply the function G(-) to the detectoroutputs
andthensumtheL outputsto obtainthe statistic

No= % G(R)
€8

M—1
= 3 CRsall (2.81)

Recallingfrom (2.4)thatv = [G(Rp)---G(Ru-1)]", (2.81)canberewritten as
N =v"s = (v,Ca) = (a,C_V) (2.82)

where,the secondequalityin (2.82)follows from (2.62). Therefore the decodingrule
canbewrittenas

M = amg mlax/\| =amg mlax(ak, C_v). (2.83)

Notethatthe decodingrule in (2.83)is similar to the heuristicproposedn the single-

usercasen (2.7).

Next, we considersomespecialcasesFirst, we shov mathematicallythatthe optimal
combinerfor asingleuserin Rayleighfadingchannelss alinearcombiner Following

that,we derive the optimalcombinerfor a singleuserin an AWGN channel.

2.5.2 SpecialCaseof a SingleUser in a Rayleigh Fading Channel

For zerointerferers(hence K = 1 total users)in (2.72)and(2.79),the optimumnon-

linearity reducego

g(R) = In (2.84)

4 eR/1+d)
14+d e R/

_ d R
- In[l+d]+d(1+d)' (2.85)
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Sinced is a constantindependenbf the transmittedmessageit canbe ignoredin
calculatingthe optimumcombiningrule:
N :.Z Ri. (2.86)
IS
Therefore for the specialcaseof a singleuserin a Rayleighfadedchannelthe opti-
mum combiningrule is to linearly combinethe squaredutputsof the sub-channels.
This obsenationis consistentvith thoseregardingotherMFSK systemsn thelitera-

ture[41,44].

2.5.3 SpecialCaseof a SingleUserin an AWGN Channel

In this case,on the sub-channelsvherethe useris presentR, hasa noncental chi-
squaed PDF[1] with noncentralityparametes® = E2[X,] + E?[Y,] = 2 andX, andY,

bothhave the commonvarianced/2. Thereforethe correspondind®DFsin (2.72)are

givenby
fO(Rn) le Rn/d Cnm:O
p(Ro|m) = i - (2.87)
fl(Rn) % (2+Rn)/d| ( an) Com= L.
Thereforefrom (2.79)and(2.87),the optimumnonlinearityis givenby
d e (3+R)/
gR) = In 12d oR/d lo(2v/2R; /d] (2.88)
d
= |n1+—d+—+|n|o 2\/ /d (289)
d -2 22
~ '”1+—d+F+T\/§ (2.90)

where,in goingfrom (2.89)to (2.90),we usedthe approximationio(x) ~ €* [44]. Ig-

noringtheconstantsthisyieldsthewell known resultthatthe optimumnonlinearityfor
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Figure2.7: SimulatedWER for a singleuseratlow SNRsin differentchannelcondi-
tionsat (L, M) = (20,1328)

a singleuseremploying noncoherentletectionin an AWGN channelis the envelope-
detector{1]. Theoptimumcombiningrulein this cases

N = z VR. (2.91)

€S

Figure 2.7 comparesthrough simulations,the performanceof a single userat low
SNRs,in RayleighfadingandAWGN channelconditions.The linearcombiner(2.86)
wasusedfor the Rayleighfading caseandthe ervelopedetector(2.91) wasusedfor

the AWGN case.

2.6 Selectionof DetectionThr eshold

In Section2.5.1it wasshawn thatthe optimaldetectorcanbe approximatedy a soft-

limiter (2.80). The soft-limiter usesa detectionthresholdto clip the signal. In this
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Figure2.8: SimulatedWER versugetectiorthresholdor thesoft-limiterfor (K, L, M)
=(25,20,1328)aty, = 15dB
section,we discussthe selectionof this thresholdfor the soft-limiter aswell asother

detectors.

2.6.1 ThresholdSelectionfor Soft Limiter

From (2.71) sinceE[Ry|m| = cym in the absencef interferersand AWGN, we select
G(1) asthedetectionthresholdfor the soft-limiter. As alsoobseredin [34], the Word

Error Rate(WER) is not very sensitve to the selectionof this threshold.As anillus-

tration of this, considerthe plot of WER againstthe detectionthresholdat y, = 15dB
showvn in Figure2.8. Fromthefigure,it canbe seenthatthe thresholdthatyieldsthe
minimum WER of 5.78e— 3 is 0.31 whereas selectingG(1) = 0.25 asthe thresh-
old yieldeda WER of 6.25e— 3, a differenceof 8.06%. Using G(1) asthe detection

thresholdthe soft-limiter detectorcanbe definedas
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Gs(R) = (2.92)

GH(R) = - (2.93)

GL(R)=R 0<R< . (2.94)

Thehardandsoftlimiterswill jointly bereferredo asthelimiters. Figure2.9compares
the WER versusy, performancef thevariousdetectorsn amoderateljjoadedsystem
in a Rayleighfading channel. Figure 2.10 plots the samefor only the limiters in a

heavily loadedsystem.It is shovn thatin the high-SNRregime, the systemsecome
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heavily loadedsystenfor (K,L,M) = (40, 20,1328)

interferencdimited, asaresultof which, thelimitersasymptoticallyapproachthesame
WER. This is dueto the factthatfor high valuesof vy, the detectionthresholdG(1)

approachegeroasshawn in Figure2.11. Moreover from (2.69), at high-SNRs,the
normalizednoise varianced =~ 0 yielding R = 0 on sub-channelsvhereno useris
presentThisreduceshelimitersto simpleactvity detectorsyieldinganon-zerovalue
of G(1) on the sub-channelsvhereat leastone useris present,and zero otherwise.

Thereforejn ahigh-SNRchannelthechannereducedo anOR channelyielding
G(R) = G(1) \/ sjm i) (2.95)
j
Furthey usingthe definitionof v = [G(Ry)- - -G(Ru-1)] " from (2.4)yields
v=G(1) \./sj,mj =G(1) \/ij a;. (2.96)
j j

In asingle-usescenario,

v=G(1)Cra (2.97)
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Figure2.11: DetectionthresholdG(1) asafunctionof y, for differentnumberof total
usersK

which is exactly the sameas (2.8). Hence,(2.83)and (2.97) togethershaw that the
decodingheuristicproposedn Section2.4is optimalin the ML sensdor asingleuser

in high-SNRchannels.

2.6.2 ThresholdSelectionfor an EnvelopeDetector

Later, in Section2.7,theMC-MFSK systenwill becomparedo otherFH-MFSK sys-
tems[19,23]. Sinceall the FH-MFSK systemdliscussedn this chapteruseenvelope
detectionfor afair comparisonthe performancef the MC-MFSK systenshouldalso
be evaluatedwith anenvelopedetector In this sectionwe developa methodfor deter

mining the detectiornthresholdfor anenvelope-detectoin a Rayleighfadingchannel.

If we denotethe numberof userson a particularsub-channeby the randomvariable
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N, then,from (2.64)
Pu(n) =B(K,n,hg) n=0,...,K. (2.98)

Theoutputof the ervelopedetectortunedto sub-channem is definedas
Umn= vRmn=1/X2+Y2 (2.99)

whereX,, andYy, aredefinedin (2.67-2.68).Therefore conditionedon the numberof

usersN, Uy, is Rayleighdistributedwith CDF [1]
Funn(Uin) = 1—e /(D y> 0, (2.100)
ThecomplementarfCDF is denotedby F_Um“\, (u|n).

After performingenegy measuremerdnall theM sub-channelghereceverperforms
ahypothesigeston eachof them. For eachsub-channelHp = {N = 0} is the hypoth-
esisthat only noiseis presentwhereasH; = {N > 0} is the hypothesighat at least
oneuseris presentLet P[Hg] andP[H1] bethea priori probabilitiesof Hy andHs, re-
spectvely. A false-alarmis saidto occurwhentherecever declareH; givenHp was
true,anda deletionis saidto occurwhenthe recever declareHg given H; wastrue.
Thefalse-alarmanddeletionprobabilitiesaredenotedby Pra andPy; ss, respectiely.

Givenadetectionthresholdd,

Puiss = FUnH, (G1H1) (2.101)

Pea 2 Ry (01Ho)- (2.102)

From(2.100),the PDFsof u underthetwo hypothesesare:

2
Ho & fugrp(ulHo) =S/ u>0 (2.103)
2
Hy :fum|H1,N(u|H1,n)=M—Ude‘”z”””) u>0,n>1  (2.104)

An exampleof thetwo PDFsis plottedin Figure2.12.

Theerrorprobabilityon a sub-channetanbewritten as[45]

Pe = PwissP[H1]+ PeaP[Ho] (2.105)
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Fup 2 (O] H2) P[H1] + Ry, o (0] Ho) P[Hg] (2.106)

K J—
= > Ry, N(0H1, M)P(N = n[H1)P[Ha] + Fu,,(4/Ho) P[Ho]
n=1

K —
= 3 Funn(@NP(N = n) + Ry, (G]Ho) P[Ho]- (2.107)
n=1

We now evaluatethe optimum detectionthresholdl = 3, which minimizes(2.107)
above. Sincethereis no closed-formexpressiorfor thefirst termon the right side of
(2.107),we developanupperboundinsteadto obtaina simpledecisionthresholdthat

yieldsgoodperformanceFrom (2.100)we have
Funn(@n) = 1— e #/(m0), (2.108)
Obserethatfor afixedd, Ry, (0/n) decreasewith increasing, or that
Fumn(0In) < Ryn(012). (2.109)

Thereforefor afixedd, anincreasan nleadsto adecrease Py ss while P-4 remains
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unafected.Also,

K
Y P(N=n)=1-P(N=0) £ P[Hy].
n=1

Substituting(2.109)and(2.110)into (2.107)yields

Pe <

[I>

Let

FUIN (01 )P[H1] + Fu,, (0] Ho) P[Ho]

(1- e /@49 plHy + (e7/¢) Pl
Pe.

1 E

Vsza—N—o

(2.110)

(2.111)
(2.112)

(2.113)

(2.114)

bethe averageSNR peruserpersub-channelAs canbe seenin Figure2.13,for high

Vs, the upperoundFTe is very closeto P, andhence we canminimize P, insteadto

obtainthe normalizecthreshold

o= arom[(1+3) 2]

(2.115)
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[I>

P[Ho] (2.116)

[I>

P[H1] = 1—P[Ho]. (2.117)

We denotethe bit-enegy by Ey. Sincelog, M bits aretransmittedasL paralleltones,

eachwith enegy Es, we have

Eplog,M = EqL. (2.118)

Therefore substituting(2.114)in (2.118)yields

log, M Ep

Substitutingd = 1/ys in (2.115),for ys > 1

Leta = Py/P;. From(2.102)

andcomparing(2.105)and(2.111),we have

Since

o= R (2.119)
log, M

- ng Vb (2.120)

Br y—lsln (%’0). (2.121)
,atl= 3, we have

Pep = e P/d (2.122)

= g (k) (2.123)

Puiss < 1—eP/(+d) (2.124)

= 1— e w0 (2.125)

Jim '”(;’So‘) —0, (2.126)

s—© S

asys — o, both Py ss andPr-a approaclD asexpected.

TheWER versusy, performancef theervelope-detectowvasfoundto bequitesimilar

to thatof the hard-limitet
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Figure 2.14: SimulatedMC-MFSK systemcapacity versusdiversity factor L in a
Rayleighfadingchannelwith a soft-limiter for M = 1328

2.7 Capacity of MC-MFSK and Comparisonwith FH-MFSK Sys-

tems

Figure 2.14illustratesthe usercapacityof an MC-MFSK systemusing a soft-limiter
in a Rayleighfadingchannebasedon simulationresults.In the experimentsthe sub-
channelsveresubjectedo flat anduncorrelatedading. As expectedthe capacityfirst
increasesvith diversityfactorL andthendecreasedueto excessve mutualinterfer
encebetweerthe users.Also, sincethediversityrequiredincreasesvith deteriorating
channekonditions the capacity-maximizingalueof L increasessy, decreasem the

figure.

Next, we comparethrough simulations,the performanceof the MC-MFSK system
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MFSK) usingervelopedetectorfor W/R, = 128andy, = o dB

with thatof FH-MFSK systemsn Rayleighfadingchannelsin eachsystemthe sub-
channelswvere simulatedto experienceflat and uncorrelatedading. Typically, for a
fixed systembandwidthW and bit-rate Ry, the signalingintervals in the FH-MFSK
systemareshorterthanthosein the MC-MFSK systemasshavn in Figurel.6. Con-
sequently the sub-channelsn the FH-MFSK systemare typically wider thanthose
in the MC-MFSK systemand may experiencefrequeng-slectve fading insteadof
flat-fading. However, in the caseof FH-MFSK systemswe madethe optimistic as-
sumptionthatthereceversaredesignedo successfullcombatary frequeng-slectve
fading effectsandare only susceptibldo the flat-fadingphenomenaAs in [23], we
fixedW/R, = 128. Sincetheinverseof this ratio is the spectralefficiengy of a single
user(1.12),for the FH-MFSK system,

_&_Iogzl\ﬁ_ 1

W~ LMN 128 (2.127)
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where,asshavn in Figure1.6, N is the numberof channelsM is the numberof sub-

channelsaerchannelandf is the numberof serial transmissions.

For theMC-MFSK systemfrom (1.14)we have

_Rb_logzM_ 1
n_W_ M = 128 (2.128)

whichyieldsM = 1328.

Figure 2.15 plots Kmax versusthe diversity factor (L for MC-MFSK and L for FH-
MFSK systems)n a very high SNR channel.lt canbe seenthatthe MC-MFSK sys-
tem outperformsthe FH-MFSK systemin all cases.In all caseswe used(2.115)for
selectingthe threshold(with hg = 1/MN for the FH-MFSK systems)and (2.120)for
determiningys. In thesimulationsfor eachvalueof thediversityfactor we keptadding

usersto the systemaslong asthe WER R, < 103. Also, asis evidentfrom thefigure,
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Vb K* SpectraEfficiengy nt
FH-MFSK | MC-MFSK | FH-MFSK | MC-MFSK

15dB 6 13 0.047 0.101

20dB 17 26 0.132 0.203

25dB 24 35 0.187 0.273

35dB 34 45 0.265 0.351

o dB 36 47 0.281 0.367

Table2.1: Simulatedcapacityandspectralefficiency comparison®f MC-MFSK and
FH-MFSK systemsn Rayleighfadingfor W/R, = 128

for a particularM in FH-MFSK, notall pairs(L,N) arealloweddueto the constraint
in (2.127).As in [23], it canbe seenthatfor the FH-MFSK systemfor highervalues
of M, the maximumnumberof userscanbe supportecat N = 1. RecallthatN = 1
correspondso the FH Multilevel-FSK caseproposedn [19]. For example,consider
the caseof M = 64 which resultsin LN = 12 from (2.127). It canbe seenfrom the
figure, that for this case,Kmax peaksat L =12 andN = 1. Hence,the figure also
confirmsthatthe FH Multilevel-FSK systemoutperformshe corventionalFH-MFSK
system.Figure2.16compareghe performanceof MC-MFSK andFH-MFSK systems
in aRayleighfadingchannelatanaverageSNR of 25dB,andasbefore,it canbeseen
thattheMC-MFSK systenputperformgheFH-MFSK systemin all casesln bothFig-
ures2.15and2.16,for the FH-MFSK systemthe casesorrespondingo M = 128and
M = 256 have beenomittedasthe maximumnumberof usersin eachcaseis lessthan
the maximumfor M = 64 andalsothey mapto very few pointsdueto the constraintn

(2.127).

In Table2.1, we compareK*, the maximumnumberof usersthatcanbe supportecht
Ry < 0.001 andspectralefficiency nt (2.48) of the MC-MFSK systemto that of the
FH-MFSK systematdifferentvaluesof SNR.It canbeseernthatthegainof MC-MFSK

overthe FH-MFSK systemis quite significant.

Othervariationsof M-ary FSK have beenpublishedn theliteratureaswell. References
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[46—48] consideran M-ary FSK systemwhere,differentpermutationf a subseiwf
the M sub-channelsvithin a particularchannelaretransmittedn parallel. However,
all the designand analysisconsidersonly a single-userscenario,andit is not clear
how a desireduserwill be decodedn a multiusersetting. Therefore,dueto lack of
multiuserresults,a direct comparisonof suchsystemswith the MC-MFSK system
cannotbe carriedout. Referencd49] also considersan M-ary FSK systemwhere
tonesaretransmittedin parallelwithin a particularchannel. This systemis not very
spectrallyefficientasevenfor Ry = 0.01, with W = 3 MHz andR, = 10kbps,only 15
userscanbesupportedn anAWGN channelyielding aspectrakfficiengy of only 0.05

(comparedo 0.36 at Ry = 0.001for theMC-MFSK system).

2.8 Near-Far Resistanceof the MC-MFSK System

In wirelesssystemsusersnearthe basestationmay overpover usersthat arefarther
away and henceconsiderablydegradetheir communicatiorinks. This phenomenon
is known asthe nearfar problemandis commonin CDMA systemg11]. Oneof the
techniquesusedin practiceto combatthe nearfar problemis power control. Power
controlincreaseghe compleity of the systemand may be difficult to achieve in en-
vironmentssuchasthe unlicensedandswherethe interfererswith unknovn andun-
controllablepowersmay causerapid variationsin the channelconditions. Hence,re-

sistancdo the nearfar problemis a desirableattributein a system.

Figure2.17compareshroughsimulationsthe performancef thedifferentcombiners
in a Rayleighfadingchannelin a scenariovherethe desiredusers power is different
from thoseof the interferers. The systemparameterghosenwerelL = 20 andM =

1328. The desireduserhadan SNR of 10dB, whereaghe SNRsof 9 equal-pevered
interfererswere variedfrom 4 to 20dB asshawn in the figure. Whenthe interferers

are receved with low powerscomparedo the desireduser the AWGN is the main
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Figure2.17: Performanceomparisorof the differentcombinerdan a Rayleighfading
channelwith 9 equal-paeveredinterferers.Desiredusers SNRy, = 10dB

sourceof error, and hence,the linearcombinerbeing the optimal combinerin this
scenarid2.86),outperformshe hardandsoft limiters. However, asthe powersof the
interfererancreasendtheinterfererdoecomehedominantsourceof error, thelimiters
(2.81)outperformthelinearcombinerasexpected Moreover, thefigureillustratesthat
in thenearfarregime (interferers’power > 16dB),the performancef thedesireduser
with hard and soft limiters remainsunafectedby an increasein the powers of the

interferers.

2.9 Chapter Summary

In this chapter we proposeda new spread-spectrummultiple-accesschemecalled
MC-MFSK for OFDM-basedystemsThesystenperformancaevasevaluatedn terms

of anupperboundon the word error probability Ry for a singleuserin a high-SNR,
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multiuserscenario.The upperboundon R, wastranslatednto a lower boundon the
spectrakfficiengy which providesa minimumsystemperformanceuaranteeTheop-
timum combiner(in the ML sense)wvasdevelopedfor differentchannelmodelsand
their approximationsvere alsodiscussed Finally, the MC-MFSK schemewascom-

paredto the FH-MFSK systemsandshown to yield improved performance.
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Chapter 3

Noncoherent Multiuser Communications: Multistage
Detectionand Selectve Filtering

3.1 Intr oduction

In this chaptey we considemoncoherenmultiuserdetectiontechniquedor a system

emplgying nonlineamodulationof non-orthogonasignals.

We follow the generalspirit of [25,28] andexamineapproachethatcombinefiltering
with decision-directethethodsWe proposdow-compleity, sub-optimahoncoherent
detectorghat take advantageof certaina priori information available regardingthe
structureof the multiusersignals.We incorporatethis structureinto the algorithmsof
threedetectorclasseg$29,30]: constaineddetectorssoft interferencecancellersand

selectivdiltering detectorgliscussedbelow.

The constraineddetectorsembedmaximumamplitudeinformation for the receved
signal componentsas constraintsfor nonlinearprogrammingrelaxationsof the ML

multiuserdetector

In the classof interferencecancellersyve explore threevariationsthatarisedueto the
noncoherennatureof the detectionscheme:the serial, clipped, and parallel soft-IC
(InterferenceCanceller). The soft-1C detectoreemploy the samefundamentamulti-
stagedetectionapproachas their linear modulationand coherentdetectioncounter

parts,e.g.,[50]. Eachof thesecancellerembedshe multiusersignalstructurein its
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detectionalgorithmin a differentway. For the mostpart, our resultsshow the soft-
ICs yield betterperformancehanthe non-selectre decorrelatingand MMSE filters,

especiallyin nearfar scenarios.

We furtherimprove theperformancef thenoncoherentultiuserdetectordy exploit-
ing additionalinformationin theform of selectivdiltering. Theselectvefilters usethe
a priori informationthat the desireduserselectsfor transmissioronly one of the M
messageavailablein its constellation.Unlike the non-selectre filters of [13,26,27],
selectvefiltering for the desireduserattemptgo suppres®nly the possiblesignalsof
the interferingusers. Selectve versionsof the decorrelatgrMMSE filter, and serial
soft-IC areimplementedTo illustratethefeasibility of the selectve filters in scenarios
with limited informationregardingthe interferers,e.g.,a CDMA down-link, a blind

adaptve implementatiorof the selectve MMSE detectoris alsopresented.

We evaluatethe performanceof the proposecdconstraineddetectorsthe soft-ICs,and
the selectve detectorsand comparethem with the non-selectre detectorsproposed
in [13,26]. Sincetheexactsymbolerrorrateexpressiongrecumbersomer intractable
for the detectorsconsideredherein,we resortto simulationsfor performancesvalua-

tions.

3.2 SystemModel and Optimal Detection

We considerasynchronou€DMA systemwith K active usersprocessingjainN, and
asignalingschemeavhereeachusertransmitsoneof M signals.A discrete-timanodel
canbe obtainedby projectingthe receved signalonto an N-dimensionabrthonormal
basis. Using the pseudo-linearepresentatiomtroducedin [13], we view the signal
spaceasbeinganexpandedsignalspacespannedy the MK signals:M messagefor
eachof the K users. We concentrateon caseswvherethe possiblewaveformsfor all

messagesf all usersarelinearly independentThe channelis assumedo be AWGN,
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andtherecever obsenesa superpositiorof theK signals.

For userk, the Nx1 vectors,m denotesthe signaturecorrespondingo messagen
while the NxM matrix S¢ 2 [sc1- - sm] denoteghe signaturematrix. It is assumed
thatthesignaturesn S¢ arecomplec-valued have unit norm,andaretime limited. The
amplitudeandphaseof messagen of userk aredenotedoy A, r, and @ m, with corre-
spondingdiagonalmatricesAy = diagAx 1, - --,Axm] anddy £ diagel®1,...,el%wm].
The phaseareassumedo beindependenanduniformly distributedover [0, 217. Let
my be the transmittedmessagef userk. We definethe vectorby = [bkyl---bkym]T

where

1 m=m
bk,m: (3.1)
0 otherwise

We notethatby belongsto the setF = {ey,...,eu} wheree € {0, 1}'\’I haskth entry
&k equalto oneandzerofor all otherentries.It is assumedhatthe M messagesf a
userareequiprobable Thereceved vectorat the outputof the bankof chip-matched

filters canbewritten as
K

r= Z SAAKPbk+n (3.2)
k=1

wheren is anappropriately-sizeWGN vectorwith meanzeroandcovariancematrix
o?l. Further r canbe expressedn termsof the MK-lengthvectorb = [b] ---bg]T,
the Nx MK matrix S 2 [S1---Sk], the MKxMK matricesA 2 diagAi,...,Ak] and
ol diag®4,...,Pk] as

r = SA®b+n. (3.3)

Theaim of themultiuserdetectoriis to recover the messageectorb € FX. For agiven
b, let the vector@ = [ej“’lvml---ej“Kva]T representhe phasesorrespondingo the K
nonzercentriesof b. With known A and®, theML estimateof b givenr is thesolution

to the optimummultiuserdetectof11]. Theestimatanaybewritten as

b = amg maxf(r|b,p,A). (3.4)
beFK
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In the AWGN channeltheoptimization(3.4) becomeshefamiliar distancaninimiza-
tion problem
b = arg min ||r — SA®b||2. (3.5)
beFK

Notethat(3.4)and(3.5)describeacoheentdetectorsinceknowledgeof @ is assumed.

Next, considerthe casewherethe amplitudesA, areknown attherecever asin (3.4),
but both ® andb areunknown. Sinceeachelementof ¢ mustbelongto theunit circle

Cy, thejoint ML estimateof b and@is

(b, ®) = agmaxmax f(r|b, A). (3.6)
beFX @eck

Theimplementatiorof thisdetectorequiresanexhaustve searcloverpossiblevectors
b. Further sinceeachof the elementf @ lie on a unit circle, theinnermaximization
in (3.6) is over anon-cowvex setandhencethereis no guarante®f finding the global
minimumin (3.5). However, relaxingthe constraint@andallowing eachof theelements
of @ to lie on the unit disk C; yields a corvex setfor the inner optimization. The
resultingdetectotis

(b, = arggggg(rpr;ggf(rlb,cp,A)- (3.7)

1

This detectorwill be referredto asthe joint detector The joint detectoreffectively
assumeghat A characterizeshe maximumamplitudesof the signals. Both the de-
tector (3.6) andthe joint detector(3.7) are generalizedik elihood ratio test (GLRT)
detectorghatdiffer in their assumptionsegardingthe receved signalamplitudes.In
particular whenall element®f A becomdarge,the maximumamplitudeconstrainof
thejoint detectobecomedrivial andthe joint detectorapproachethe GLRT detector

in [28] which treatsthe signalamplitudesasunknown.

3.3 Non-Selectve Detection

Recently severaldetectiormethodswith reasonableompleity have beenformulated

that approximatethe solution of the NP-hardML multiuserdetectionproblem[12,
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14]. Furtherresultsusingnonlinearprogrammingtechniquego approximatehe ML
multiuserdetectorfor linear modulationcanbe foundin [15,51,52]. In this section,
similar to the linear modulationcounterpartconsideredn [12,14,15], we relax the
constraintsetof the ML multiuserdetectionproblem. We representhe structureof
the signalin the form of a constraintsetandexplore variousdetectorswith the same

objective functionyet differentconstraintsets.

3.3.1 Prior Work

To placethe constrainednultiuserdetectorsn propercontext, we startby examining
the decorrelatre andthe MMSE two-stagedetectorgproposedn [13,26,27]. These
detectorsombinetwo stageslinearfiltering andsingle-usedetection Wewill denote
x = ®b. Further let z= Ax bethe estimateof the desiredvectorAx. Then,the output

of the matchedilters canbewritten as
y=S"r=RAx+S"n (3.8)

whereR = S'S is the cross-correlatiormatrix. The first stageof the decorrelatie

detectof{13] appliesthe decorrelatindilter R~ to y to obtain
z=Rly=Ax+R1s"n. (3.9)

If thesignalsarelinearly dependentye canreplaceR ! by theMoore-Penrosgener
alizedinverse[53]; however, for simplicity, we will assumehatthesignalsarelinearly

independent.

In thefirst stageof the MMSE detectorwe apply the matrix transformatiorCH to the
outputr to obtainthe estimatez = Ax = CHr thatminimizesthe mean-squaredrror

E [||CHr — Ax||2] . Thesolutionis givenin [26] as

C=H"1SE (3.10)



61

whereH = E[rr 1] = SES™ + 62, E = E[Axx" A] = (1/M)AZ?, andl, is theidentity
matrix of dimensiom. Equivalently, if the MMSE filter is appliedto the matchedilter

outputy in (3.8)insteadof r, thenz = CHy, where
C=(R+0’E™H~ 1L, (3.11)

Note thatin caseof linear modulation,E = A? andthe familiar expressiorz = (R +

0°A~2)~ly is obtained11,54].

For bothdecorrelatre and MMSE filtering, the filter outputz is an MK-lengthvector
thatis the concatenatiorz = [z{ ---z|" of M-length componentectorsz,. To de-
scribedecisionrulesfor particularusers,we adoptthe generalcorventionthat zx =
[xM(k_1)+1- --xvk] T denoteghe kth vectorcomponenbf an MK-lengthvectorz. To

addresshespecificelementf z,, we write z, = [z 1-- -zk7M]T.

In the secondstageof thesedetectorswe follow [26,27] who suggestusingthe kth
componentectorzy asa decoupleddecisionstatisticto obtainan estimatety of the
kth users messageThe simplestsuchmethodis the maximummagnitudg MM) rule,
denotedu(zx), anddefinedby

My = H(z) = arg max [zl (3.12)
In the event of ties, the MM rule arbitrarily choosesone of the maximizing entries.
For orthogonakignalingover asingleuserAWGN channelthe MM rule is optimum;
however, sincethedecorrelatre andMMSE filters introducecorrelationin theadditive
noiseand/orinterferencecomponent®f z,, the MM rule is merelya heuristic.Single-
userdecodingrulesfor userk that exploit the correlationstructureare developedin

[13,26].
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3.3.2 Constrained Noncoherent Multiuser Detection

Our startingpoint for the relaxationsof the constraintsis the ML detector(3.6) in
which theamplitudesA areknown but the symbolsb andphasesp, or equialently ®,

areunknown. In this casewe estimatehemjointly asx = ®b. We definethe set
Gz{ej“’e|ee F,0< @< 2n} (3.13)
andobsenethatx € GK. Rewriting (3.6),thejointly optimalestimates
X= argxrg(i;rll Ir — SAX||2. (3.14)

We obsene thatthe minimization (3.14)is difficult becausesX is a non-cowex con-
straintset. Dueto the high compleity associatedvith the ML detectoyreducedcom-
plexity approximationsan be obtainedby solving a relaxationof the original prob-
lem [55]. If we relax the constraintsetsuchthat the new constraintsetis corvex,
thenthe optimizerof thequadraticobjective functionin (3.14)canbefoundefficiently
via a variety of nonlinearprogrammingmethods.This obsenationis the key towards

formulationof the approximatesolutionspresentedn theremainderof this section.

We startwith the casewherethe vectorx containingall the users’messagess con-
strained. Although the constraintx”x = K is non-corex, a relaxationof the form
xHx < K resultsin a corvex set. The estimateX is the solutionto the optimization

problem

minimize Ir — SAX||

subjectto I1X[]? < K. (3.15)

The corvex set ||x||? < K can be thoughtof asthe interior of an MK-dimensional
hyperspheref radiusy/K. Thesolutionto theabove problem derivedin AppendixA.3
is thegenerlizedMMSEdetector{12,14]

=AY R+MA2Yy (3.16)
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whereA* is the optimum Lagrangemultiplier correspondingdo the global constraint
(3.15). Notethat (3.16) reducego the MMSE solution[54] for A* = 6. We applythe
MM rule to thefilter outputX to obtainthe symboldecisionfy = p(Xy). Theresulting
detectoy consistingof thefilter (3.16)followedby the MM rule, will bereferredto as

theglobal constrainedletector

Now we considerocal constraintdor eachindividual userk. Recallingthatx = @b,
the kth vectorcomponenbdf x is xx = ®gby. Sincexy € G, XEXk = 1forall k. If we
relax the local constraintxlt' Xk = 1 to be the corvex seth Xk < 1, which represents
theinterior of an M-dimensionahyperspheref unit radius,thenthe estimatex is the

solutionto

minimize |r — SAX||

subjectto Ixl?<1  k=1,...,K. (3.17)
Thesolutionto (3.17)is (seeAppendixA.4)
x=A"YR+AAYy (3.18)

whereA\* is a diagonalmatrix containingthe Lagrangemultipliers. We then apply
the MM rule describedn (3.12)to the kth componentectorX to obtainriy = p(X).
This detectorwill bereferredto asthelocal constrainedietector Note thatthe local
constrainedietectoris notthesameasthejoint detector(3.7). Althoughbothdetectors
are obtainedby enforcinga maximumamplitudeconstrainton eachuserk, the joint
detectorsearche®nly over vectorsx for which eachcomponentvector xi is of the

form ael%*by whereb, € F and0< a< 1.

Notethattheremaybe othersub-optimalschemesvith differentconstraintghatyield
betterperformancewith lower compleity comparedo the detectorgproposedhere.
Also, it is not clearwhetherusinga moreadequatelgonstrainegearchspaces better
thanthe expandedsearchspacewe have consideredvith virtually all magnitudesand

phaseghat satisfy a maximumenegy bound (local and global constraints). These
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issuegequirefurtherresearch.

Performanceomparison®f the variousdetectorsdiscussedn this sectionwill now
be presentedasedon simulationresults. It will be assumedhatthe M messagesf
userk arerecevedwith equalpower, or that A, m = Ax. The SNRof userk is defined

asAZ/202. In nearfar scenariosall interferersareassumedo beatthe sameSNR.

In thefigures,Ps representshe probability of symbolerror. Figure3.1 plotsPs versus
the SNRfor K = 2 users M = 4 messageper user anda processinggainof N = 20
for the detectorsstudiedin this section. The parameter& andM werechosento be
small dueto the implementationcomplexity of the joint detectorin (3.7). However,
we notethatalthoughthe numberof usersis small, KM itself is a sizeablefraction of
the processinggain N (experimentswith larger processingyainsare consideredater
for the detectorsproposedn this chapter). Note also that the global (3.16) and lo-
cal (3.18) constraineddetectorsperformvery closeto the MMSE detector(3.10). A
similar obsenation hasbeenmadein [12] aswell, andthis may be attributedto the
resemblancef the analyticalsolutionsof constrainedptimization problemsto the
generalizedMMSE solution. Figure 3.2 shows Ps of the desireduserversusthe SNR
of theinterferersin a nearfar scenario.Sincethelocal constrainedletectorperforms
only slightly betterthanthe global detectoy it hasbeenomitted from this figure. In
thefigure, whenthe SNRsof the interferersare high, the asymptoticerror rateof the
desireduserwith the joint detectoris equivalentto the single-usercase. This canbe
attributedto thefactthatwhenthe powersof theinterferersarerelatively high, the pri-

marysourceof errorscommittedin thedemodulatiorof thedesireduseris the AWGN.

3.3.3 SoftInterfer enceCancellation

Multistagedetectorsalsoreferredto asmultistege interferencecancelles, fall in the

classof decision-directednultiuser detectorsand are viable alternatvesto popular
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Figure3.1: Comparisorof variousnoncoherentletectorsvith (K, M, N)=(2, 4, 20)

linear detectorssuchasthe decorrelatoand MMSE detectorsdueto their excellent
BER performanceandreasonablyjow compleity [11]. Several multistagecoherent
detectordor linearmodulationhave beenproposedn theliterature,includingversions
usingserialandparallelimplementationsandversionsusinghardandsoftbit estimates
[12,50,56-60]. The contributions of this sectionare: first, the detectorsproposed
herearenoncoherentealizationf thedecisiondirected honlineardetectorgproposed
in [50,59]; secondnew techniquesreproposedo incorporatehesignalstructurento
the decisionalgorithms. In particular we proposethreedetectors:the serial soft-IC,

theclippedsoft-1C, andthe parallelsoft-IC.

In this section a stagerefersto a singlepasshroughthedetectorsf all users All im-
plementation$iereusethe decorrelatooutputsin thefirst stage followedby multiple
stageof processingf theseoutputs.Thegoal,onceagain,is to obtainX, the estimate

of all transmittedmessagesTo obtainthe estimatexy for the kth users messagesoft
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users SNR= 12dB

estimatesreusedio reconstructheinterferencehatis thensubtractedrom thatusers
matchedilter output. Thedifferencedetweerthesedetectorsarisein theirimplemen-
tation,e.g.,serialor parallel,aswell asin thetypesof decisionghatarecommunicated

betweerthe users’detectors.

In the serial soft-IC detectoy as shawvn in Figure 3.3, the first stepis to determine
sequentialljtheM estimates 1, ..., % m of theM possiblemessagesf userk. In the
secondstep,only the entry X i with the largestmagnitudes retainedwhile the other
M — 1 entriesareforcedto 0. This estimated-and-mappe@ctorfor userk is denoted
by Xk. The mappingensureghat X hasa structuresimilar to that of xx. Following

from (3.8),the estimatefor messagen of userk is (seeAppendixA.5)

 Yem k=1 M

) 1 R 1 m—1 .
Xk’m_Ak,m — Ak—mi;j;ﬁj,ms,in,m,j—Ak—mj;sf,msx,jAk,ij,j
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M

1 K
" Ak7mi= —I—ljZl "

1 M

- m j=m1
wherethe component®n theright sideof (3.19)are(from left to right): the matched
filter output, the estimatesf the previous k — 1 users’messageghe previously de-
tectedestimatef messagesf userk, the not-yet-detectednessagesf userk, and
the not-yet-detectedhessagesf the otherusers.After the M entriesof userk arede-
termined the estimatedrectorXy is thenmappedo X usingthe maximummagnitude

rule
Xk = () Rz (3.20)
This vectorestimateXy is thenusedby userk+ 1 in (3.19) above for estimatingits

vector andsoon. The whole procedurecanbe repeatedor multiple stagego refine

theestimates.
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Theimplementatiorof the clippedsoft-1C detectoremploys the samefirst step(3.19)
asalsoshown in Figure3.3. In the secondstep,however, we incorporatethe relaxed
constraintxyj| < 1 by clippingin accordancevith thefollowing rule:

. R %l <1

Xki = (3.21)
Xiei /1K otherwise

Thus,the differencebetweerthe serialsoft-1C andthe clippedsoft-IC lies in the type

of decisionfed betweertheusers.

Lastly, the parallelsoft-IC differsfrom the serialsoft-1C only in thefirst step.Instead
of serialestimationof eachelement¥ ,, the parallelsoft-IC estimatesll elementsof
Xk = [>Zk71--->?k7M]T in parallelasshowvn in Figure 3.4. From (3.2), we canwrite the
recevedsignalr in termsof thecomponentsy = by as
K
r=7> SjAjxj+n. (3.22)

=1
Thematchedilter vectoroutputfor userk is
yk:S{jr = RiAkXk + ;Rijij-i-S':n, (3.23)
]
whereRyj = §!'Sj. Therefore x, canbeestimatecas
) k—1 K
Xk = (RiAk) ™ | Yk — Z RikjAjXj— RkjAjXj | . (3.24)
=1 j=k+1
The component®n theright sideof (3.24)are(from left to right): the matchedfilter
output,thek — 1 processediserswith their estimated-and-mappeectorsX;, andthe
usersthatareyet to be processedIn the secondstep,the parallelsoft-IC obtainsthe

users’messagelecisionausingthe samemaximummagnitudemappingrule (3.20)as

the serialsoft-IC detector
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Sincethe serialsoft-IC estimatesnessagelements ,m oneat atime, its granularity
is finerthanthatof the parallelsoft-1C which estimatesheentirevectorxy in onestep.
Hence, it is to be expectedthat the serial soft-IC will performslightly better Also,
notethatthe serialandparallelsoft-ICscanbeimplementedvithout the knowledgeof
the individual amplitudesAy . Insteadof estimatingjust X, in (3.19), the element
AmX,m canbejointly estimatedfollowedby (3.20). Sincethe maximum-magnitude
rule usesonly the relative magnitudesthe individual amplitudesdo not have to be
known explicitly. It is easyto obsene from (3.19)and(3.21)thatthis is not the case

for the clippedsoft-IC for which amplitudevaluesmustbe known.

Figure 3.5 compareghe performanceof the varioussoft-ICsproposedn this chapter
(3.19-3.24)to the non-selectie decorrelatre and MMSE detectordn a nearfar sce-
nario. In all the soft-ICs,a decorrelatre first stagewasfollowed by two more stages
of matched-filteroutput processing.Interestingly the non-selectie MMSE detector
(3.10),(3.11)doesnot corvergeto thedecorrelatom the high interfererpower region,
in contrastwith the performanceobtainedby multiuserdetectorshat employ linear
modulation. This is a directconsequencef thefactthat, in the nearfar situation,the
powers of the interferersare high comparedo the powersassociatedvith all possi-
ble messagesf the desireduser Also, the non-selectre detectordake the undesired
M — 1 messagesf the desireduser(with relatively low powers)aswell asall inter-
ferers’signals(with high powers)into accounin decodinghedesiredusers message.
Thus, unlike the decorrelatarthe non-selectre MMSE filter doesnot zero-forcethe
contributionsof the M — 1 undesirednessagesf the desireduser resultingin a per
formanceimprovementin nearfar scenarios.Note that this issuedoesnot arisefor
selectve filters, andthe selectve MMSE and decorrelatie detectorsdo converge in

the nearfar situations.
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Figure3.5: Comparisorof soft-ICsin nearfar scenariovith (K, M, N)=(2,4,20). De-
siredusers SNR= 14dB

3.4 Selectve Filtering

To detectwhetheruserk transmittedmessagem the non-selectre detectorsof Sec-
tion 3.3 considerall possiblesignalsof interferersj # k, aswell asthe otherM — 1
possiblesignalsof userk assourcesf interferenceHowever, it is known a priori that
userk transmitspreciselyoneof its M messagesThereforefor me {1,...,M}, one
andonly oneof the x,m is nonzerofor eachuserk € {1,...,K}. Selectve filtering
makes use of this obsenation. Note thatif the desiredusers signatureqassociated
with the M messagesare mutually orthogonal,thenthe selectve and non-selectie
detectordfor this useryield identical performance.In this section,we will examine
selectve implementation®f thedecorrelatodetectoythe MMSE detectoranda blind
implementatiorthereof,andthesoftinterferencecanceller To furtherenhanceheper

formanceof theselectve detectorsasuccessieinterferencesuppressiofSIS)scheme
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is alsoproposed.

In thefollowing, d(i) will denotetheith elemenif avectord, while D(i, j) andD(i, :)
will denotethe (i, j)th elementandith row of amatrix D, respectiely. For notational
cornvenienceall vectorsandmatricesassociateavith selectvefiltering will bedenoted
by abarabove theentry Withoutlossof generalitywe assumek = 1 to bethedesired
user thus,we focuson the selectve detectionof x; m. Specifically ym is constructed
from y1 m andthe M(K — 1) entriesof y belongingto the interferers,the selectve
signaturesetgm is constructedrom s, m andthe M(K — 1) entriesof S belongingto

theinterferersandthe matrix A_\m is constructedn a mannersimilar to §m

3.4.1 Selectve Decorrelation

To formulatethe selectve decorrelatarwe defineHy, asthe hypothesighat the first
usertransmittedsignal sy m. Our problemis to determinewhich hypothesisamong
{Hg1,...,Hm} is correct.From(3.22),therecevedsignalunderhypothesidy, is

K
Hm: r=sSimAymXim+ Z SAKXK+ N (3.25)
K=2

andthedecorrelatingransformatiorio suppressll usersk # 1is givenby (sgén)‘lsﬁ]

[11]. Thuswe first construct
Ym=Sir = SisAx+Sin (3.26)
followedby the selectivetransformation
Zm = Ro¥m= R-ISISAX+1,, (3.27)

whereRm = $HSy, andn,,, = R1SHn is zero-mearGaussiamwith covariancematrix
02§51_ Sinceonly the first entry of z,, containsthe information regardingthe first

users information,we constructa new vectorv consistingof only the first entriesof
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the M selectvefilter outputs,zy,-- -, zy, asfollows
z1(2) R7Y(1,:)S'SAX+n1(2)
V= : = : = USAX+n (3.28)
zv(2) Rut(1,:) S SAX+Nm(1)
wherethe matrix U consistsof R—1(1, :)§,'j1 asits mth row, andn consistsof the first

elementof n,, asits mth element.Notethatv is alsothe estimate(&l, thereforewe

applythe MM ruleto v to obtainriy. An obsenationthatwill beusefullateronis that
Ril(1,)SHsq =0, k#1,m=1...MI=1...M. (3.29)

Thatis, theinterferencdrom the messagesf theotherK — 1 interfererss suppressed
in the vectorUSAX. However, the cross-correlationbetweenusersdo appearin the

transformechoisevectorn.

The selectve decorrelatousesthe MM rule which is basedon a heuristic. Hence,it
is of interestto seehow well it comparego the optimumdecisionrule. The optimum
selectve decorrelators derivedin AppendixA.6. A unionboundonthemessagerror
probability is derived in AppendixA.7. Figure 3.6 comparegshe performanceof the
MM-rule basedselectve decorrelatowith the optimum decisionrule andthe union

bound.

3.4.2 Selectve MMSE Detection

The MMSE detectoris populardue to its amenabilityto adaptve implementation.
Blind adaptve implementation®f detectorsareusefulsincethey only requirethe sig-
natureandtiming of the desireduser They are especiallyattractve for the CDMA
downlink, wheredueto thedynamicervironment,it maybedifficult for amobileuser
to obtainaccuratanformationregardingsignaturesandtimings of otheractive users
in the system[61-63]. In this section,we will first discusghe selectve versionof the

MMSE filter (3.10)andthenwe will formulatea blind adaptie implementation.
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Figure3.6: Performanceomparisorof the MM-rule basedselectve decorrelatgrthe
optimumdecisionrule,andthe unionbound

Theselectve MMSE filter for thefirst useris obtainedusinganapproactsimilarto the
oneusedto obtainthe selectve decorrelatarspecifically we apply an MMSE trans-
formationto the recevedsignal(3.25),undereachhypothesian e {1,...,M}. From

(3.10),the selectve MMSE filter correspondindo the mth signaturds
Cm=H'SnEm (3.30)

whereEn, = (1/M)AZ andH m = SnEmSh + 021 . Thefilter vectorc; m corresponding

to the mth signatureof thefirst useris thefirst columnof Cm .., Cim= C_:m(:, 1).

We will now discussa blind adaptve implementatiorof (3.30)above. A blind adap-
tive implementationof the noncoherenton-selectie MMSE detectorwas proposed
in [26]. We extendthatalgorithmto implementa blind adaptve versionof the selec-
tive MMSE detector Sincethefirst useris the userof interest thefilter coeficientsof

only this userareadaptvely varied. Representinghe mth diagonalentry of E by E,
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thefilter vectorcy m correspondingo themth signatureof thefirst usercanbeobtained

as
Cim= (gmémgm +0?l N)_lsl,mEm- (3.31)

Notethatcy m correspondso thefirst columnof C_:m. If wedenote

Fm= SrAmXm+n (3.32)
then
- —1
cim= (E[rmp]) " SLmEm. (3.33)

Note thatin the non-selectie versionin [26], the filter (3.33)involvesthe term rr 1
which s readily available. In contrast,only a subsebf thatinformationr, is needed
hereandit cannotbe obtainedexplicitly dueto alack of knowledgeof the signature

setSy. This problemcanbecircumwentedby writing r,, as

m = r— ; S1iALiXL,i (3.34)
i£m
= r—SpAm¥m (3.35)

whereS,, is the signaturematrix of thefirst userwithout the mth signature Hence jits
dimensionis Nx (M — 1). ThetermsAm, Ern and%m may be interpretedn a similar

manner It canbe showvn that
Effmi ) = E[rr "] — SnEmSf- (3.36)

Sincethe recever knows the signatureof the desireduser it can constructémlimé,'j1
andextractr,, from therecevedsignalr. Extendingthe stochastigradientalgorithm

in [26], the adaptatiorfor the mth filter vectormaythenbe expresseds
cumn+ 1] = comln] - k[(r [ ] - SeEmS)com] — Enstm] . (3:37)

We usethe NormalizedSquarederror (NSE) criterion [26] to studythe cornvergence
propertiesof thefilter coeficients. The NSE at the nth iterationis definedas

1 3 Jleym—cymn]ll?

NSEn| = — —
=W 2 el

(3.38)
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Figure 3.7: Comparisorof the corvergenceratesof the blind adaptve selectve and
non-selectte MMSE filters with (K, M, N)=(5, 4, 20) andvariablestep-sizeu

Note that sincethe structuresof the non-selectre and selectve MMSE detectorsare
similar, the corvergenceanalysisof theformer[26] canbe easilyextendedo the latter

to obtainthe upperboundon the stepsize to ensurecorvergence.

Figure3.7shavstheNSE(3.38)of theblind adaptve selectve (3.37)andnon-selectie
MMSE detectord26] averagedover 10 runs,for differentstepsizesp. The limiting
MSE (meansquarecerror)of thedetectoiis proportionalto the valueof NSEto which
thefilter coeficientscorverge. The stepsizeimpactsboththerateof corvergenceas
well asthelimiting MSE, andthetradeof betweerthetwo is apparenfrom thefigure.
It canbe seernthatalargerp bringsaboutfasterconvergencebut atthe costof a higher
limiting MSE. Theselectve detectoicorvergesto alowervalueof NSEcomparedo its
non-selectie counterparat p = 0.0001andvice-versaat u= 0.001. The performance
of the blind selectve MMSE detectoris illustratedin Figure 3.8 and comparedwith
that of the blind non-selectie MMSE (Figure 7(b) of [26]) aswell asthe non-blind
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selectve and non-selectie MMSE detectorgFigure 3(a) of [26]). For lower values
of SNR, u= 0.001wasused,whereador the highervaluesof SNR, p= 0.0001had
to be usedto ensurepropercorvergence. The ability of the blind filter coeficientsto

track their non-blind deterministiccounterpartss reflectedin the similarity between

theerrorprobability curvesfor the blind andthe non-blindimplementations.

3.4.3 Selectve Soft-IC

Next, we considerthe selectve implementatiorof the serialsoft-IC schemedescribed

in Section3.3.3.We usea selective

1 k=1 M K M
LI IV AR — 3.39
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then(3.20)is appliedto obtainX, m. Notethatin goingfrom (3.19)to (3.39) above,
selectvefiltering hassuppressethetermscontainingtheotherM — 1 messagesf user
k. Onceall M soft-outputof userk areobtainedn thismannertheMM ruleis applied

to obtainthe messageélecisionry.

Figure 3.9 comparegshe performanceof the selectve and non-selectre filters for a
lightly loadedsystemwith K = 2 usersM = 4 signalsperuser andN = 20dimensions.
Figure3.10compareghe performancef the selectve andnon-selectie implementa-
tionsof thedecorrelatoandMMSE for a fully loadedsystenwith K =5, M = 4, and
N = 20. Notethatthenon-selectre decorrelatoandMMSE curvescomparewell with
thoseof Figure3(a)in [26]. Next, weincreaséoththeprocessingainN aswell asM,
thenumberof messageperuser Figures3.11and3.12shaw therelative performance
of thedetectordor amoderatelyjoadedanda fully loadedsystemyespectiely. It can
be seenthatthe selectve detectorconsistentlyoutperformthe non-selectiie detectors
atall valuesof SNR.Amongthe selectve detectorsthe serialsoft-IC is betterableto

cancelinterferersathigherpowers,hencethecross-eoerin Figure3.12.

3.4.4 Selectve Filtering with Successie Interfer enceSuppression

Althoughit is expectedthatthe selectve filters will yield performanceamprovements
over their non-selectre counterpartsfurther improvementsare possiblethroughthe
useof successie decisions We call theresultingtechniqueselectivdiltering with suc-
cessivanterferencesuppession(SIS).For auserwhosemessagéasalreadybeende-
codedwe needonly to suppresshesignalcorrespondingo thedecodednessageThis
is analogougo the successie interferencecancellation(SIC) schemdn [64] wherea
decodedusers signalis reconstructe@ndexplicitly subtractedrom therecevedsig-

nalr. Thealgorithmfor SISis asfollows:
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systemwith (K,M,N) = (2,4, 20)

1. Selectthe maximum-magnitudenatchedfilter output correspondingo the M

messagesf userk.
2. Sorttheusersn orderof decreasingnaximum-magnitudes.
3. Foreachuserk € {1,...,K}:

e Performselectvefiltering for the kth userin the sortedlist.

e Assumethe messagén of thekth useris correctandretainonly signature

S, in theselectve filter matrix usedto detectthe messagdor userk+ 1.

In the above algorithm,we canpotentiallyemploy ary of the selectve detectorgro-
posedn Section3.4. We will presenperformanceesultsfor theselectve decorrelator
with SISin the next section.Notethatthe selectve decorrelatowith SISandthe non-
coherentdecisionfeedbackdetectorproposedn [25] sharethe similarity thatfor the

userswhosemessagebave beendecodedpoth schemeslecorrelateonly againstthe
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signaturexorrespondindo the decodednessagesHowever, they differ in that[25]
performsnon-selectie decorrelatioragainsthe M-1 signature®f thedesireduserand
it usesa second-stagsingle-useiGLRT detectorinsteadof the MM rule for symbol

decisions.

Figure 3.13Illustratesthe performancegainedby usingthe SIS schemewith the se-
lective decorrelatar Sincethe non-selectie decorrelatois nearfar resistan{13], the
probability of symbolerror for the desireduserremainsunchangedvith interference
power. The selectve decorrelatomalsoexhibits a similar behaior sinceit projectsthe
receved signal onto a spaceorthogonalto the interferers’ subspacevhich remains
unafectedby a changen theinterferers’'SNR.With SIS however, the situationis dif-
ferent. Whenthe interferers’'SNRsarelower thanthe desiredusers SNR,the desired
useris decodedirst andit doesnot benefitfrom the SIS scheme.Hence,in the low

SNR regions, its performancds similar to that of the selectve decorrelatomwithout
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Figure3.11: Comparisorof selectve andnon-selectie detectorswith higherprocess-
ing gainN = 64 in amoderatelyloadedsystemwith (K, M, N) = (4,8, 64)

SIS. In the high SNR regime, the desireduseris decodedast with very high proba-
bility andhenceit benefitsthe mostfrom the SIS schemeg(dueto a reductionin the
spaceof possibleinterferingsignals)yielding animprovementin symbolerror rate of
aroundtwo ordersof magnitudeover the selectve decorrelatowithout SIS. The SIS
curveflattensoutin thehigh SNRregionbecaus¢éhedimensionalityof theinterference

subspaceemainsunafectedby achangan theinterferers’'SNRs.

3.5 Chapter Summary

We shavedthatjudicioususeof a priori knowledgeof theusers’selectvetransmission
mechanisntanyield improvedperformancever the noncohereninultiuserdetectors

proposedn theliterature. To this end,we proposedandinvestigatedhreecateyories



83

P_of Desired User

S
[y
OI

[[|]o--—© NON-SEL DECORR
| o—-—¢ NON-SEL SIC
10*L|e—° SEL DECORR

| *— - NON-SEL MMSE

| = SEL MMSE

| |[6— SEL SIC

10*5 ! ! I ! ! I I
8 9 10 11 12 13 14 15 16

SNR of Users [dB]

Figure3.12: Comparisorof selectve andnon-selectie detectorawith higherprocess-
ing gainN = 64in afully loadedsystemwith (K, M, N)=(4, 16, 64)

of detectors:First, the joint detectorwasderived to provide a benchmarkfor evalu-
ating the performanceof differentdetectors.Secondthe serial,clipped,andparallel
implementation®f noncoherensoft-ICswereproposedandit wasshown thatthe se-
rial soft-1C outperformghe MMSE anddecorrelatre detectorsn all scenariosThird,
we proposedandimplementeda classof detectorghatemployedselectve filtering. A
blind adaptve implementatiorof the selectve MMSE detectorandselectve detectors
basedon decision-directeduccessie usersuppressionverealsopresented Numer
ical comparisonsvere provided to demonstratéhe nearoptimumperformanceof all

the proposedietectors.
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Figure3.13: Performancef selectve decorrelatomwith SIS with (K, M, N)=(3,4,20)
anddesiredusers SNR= 15dB
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Chapter 4

Conclusions

4.1 ThesisSummary

Thisresearchs dividedinto two parts. Thefirst partproposeda noncoherentspread-
spectrummultiple-accesschemdor OFDM basedsystemsThesecondartproposed
efficient multistagedetectionand selectve filtering techniquedor noncoherentnul-

tiuserdetectorsWe considerthesetwo partsseparately

4.1.1 The MC-MFSK Multiple-Access Schemefor OFDM-based

Systems

In the first part of this thesis,we proposeda nen spread-spectrummultiple-access
schemecalledMC-MFSK for OFDM basedsystems.A decodingheuristicwas pro-
posedfor this systemandit was shown thatin high-SNR,single-userchannelsthe
decodingheuristicwasin facttheoptimumcombiner An upperboundontheprobabil-
ity of decodingerror R, wasderivedfor a multi-userscenarian high-SNRchannels.
Although a small sub-channebccupang probability (i.e., a small L/M) assumption
wasusedto obtaina closed-formexpressiorfor the upperbound,the expressionwas
shown to yield qualitatively similar resultsto thoseobtainedfrom simulationsfor rel-
atively large valuesof L/M aswell. A lower boundon the spectralefficiency of the

MC-MFSK systemwas also derived and shovn to comparewell qualitatively with
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simulationresults.

Theperformancef the MC-MFSK systemwasevaluatedn Rayleighfadingchannels
andthe optimalcombiningrule wasderived. Approximationsto the optimalcombiner
which areeasierto implementwerealsodiscussec&ndcompared.Sincesomeof the
approximationgo theoptimaldetectoinvolvedadetectiorthresholdjts selectionwas

alsodiscussedor thedifferentcases.

SincetheMC-MFSK systemis partly motivatedby the FH Multilevel-FSKsystemthe
performanceof the formerwascomparedo the latterin AWGN andRayleighfading
channels.The MC-MFSK systemwas alsocomparedo the corventionalFH M-ary
FSKsystem.It wasshavn thatfor afixedbandwidtiW andbit-rateR,, theMC-MFSK
systemoutperformedoththe FH Multilevel aswell asthe M-ary FSK systemslIt was
alsoshavn thatMC-MFSK systemsbasedon eitherhardor soft limiters are nearfar

resistant.

It wasillustratedthatthe MC-MFSK modemcanbe implementedwith readily avail-
able,commercialFFT products.This easeof implementatiorcoupledwith the simple
yetrobustdetectionschemanakesthe MC-MFSK systema suitablespread-spectrum
multiple-accesgechnologyfor OFDM basedsystems especiallythoseoperatingin

unlicensedspectrunwherepower controlmay beinfeasible.

4.1.2 Noncoherent Multiuser Detection

The secondpart of this thesisinvestigatedefficient noncoherenmultiuserdetection
techniques.It wasshavn that judicioususeof a priori knowledgeof the users’se-
lective transmissiommechanisntanyield improvedperformanceverthenoncoherent
multiuserdetectorgproposedn the literature. To this end, we proposedand investi-

gatedthreecateyoriesof detectors.
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First, a nonlinearprogrammingapproacho noncoherenmultiuserdetectionwas ex-
plored, wherethe structureof the multiusersignalwasreflectedin the variouscon-
straintsetsanalyzed.Usingthis techniquethejoint detectowasderivedto provide a
benchmarkor evaluatingthe performancef differentdetectorsThe global andlocal
detectorsverealsoderived asrelaxationsof the ML detectorbut with differentcon-
straintsets.Thesewo detectorsvereshavn to resemblehesolutionto thegenerlized

MMSE detectoyaspreviously obsenedfor linearmodulationandcoherentetection.

Secondmotivatedby the ability of the soft-IC-basedcoherentdetectorso perform
well in nearfar scenariosthe serial,clipped,andparallelimplementation®f nonco-
herentsoft-ICswere suggeste@ndinvestigated.The threedetectoranainly differ in
themanneiin whichthey incorporatehea priori informationregardingthe structureof
thesignal.lt wasobseredthatthe serialsoft-1C not only outperformshe MMSE and
the decorrelatre detectorsn nearfar scenarioshut thatit doessoin equal-receied-

powerssituationsaswell.

Third, we proposeda classof detectorghat employ selectve filtering. Unlike their
non-selectiie counterpartsthesedetectorsmake useof thea priori informationthatof
theM signalsavailableto auser only oneis transmitted Thedecorrelatre, MMSE and
soft-1C selectve detectorsvereshavn to outperformtheir non-selectre counterparts
in all cases.To illustrate the feasibility of the selectve detectoran scenariosvhere
limited informationregardingthe interferersis available,e.g.,a CDMA down-link, a
blind adaptve implementatiorof the selectve MMSE detectomwaspresentedFinally,
anapproacho improve the performanceof the selectve detectordasedon decision-

directedsuccessie usersuppressiomaspresentedn thisthesis.

Our resultsindicatethat incorporatingthe informationregardingthe signal structure
offers performanceémprovements.In particulay detectoreemploying selectve filter-
ing have excellentperformanceandemepge asviable solutionsin a variety of system

conditions.
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Appendix A

A.1 Derivation of P(aj = 0)

Let therandomvariablesXy, ..., X, representhelocationof theL onesin theaddress

vectorax. Then,

P(ai=0) = P(aC-ja=0)

= P(élak[xj]ak[ijri]:o) (A1)
= P(Nj=y{aXjladX; +i]=0}) (A-2)
= 1- P( _{adXjla X +i] = 1}) (A.3)
> 1- ZP aXjla[Xj +i] = 1) (A.4)
But,
M-1

P(aXjlaXj+i]=1) = P (a[Xax[x+i] = 1]X; = x) P (Xj = x)

EM

— Y P(add = Ladx+i] = 1% =x) P(X; = X)

= Y P(adstil = 10X =) P (X =¥

L-1
= Z VL (X; =x)
L-1

= VT (A.5)
Therefore substituting(A.5) in (A.4) yields

P(aj=0) >1— LL=—1) (A.6)

M-—1"
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FigureA.1: Comparisorof simulatedvalueof P(a; = 0) with lower boundin (A.6)

UndertheassumptiorthatL is proportionatoIn (M/R,), orthatL = cIn (M/R,) where

cis aconstantjt canbeeasilyshovn that

o L(L-1)
| =0. A7
L/mo M-1 (A7)
SinceP(a; = 0) < 1, we have
1< i Plai=0)<1 A.8
< Jm (aj=0) <1, (A.8)
or,
li P(a; =0) =1. A.9
im o Pt =0) (A.9)

Thisis alsoevidentfrom FigureA.1 whereP(a; = 0) is determinedrom simulations
and comparedwith the lower bounddevelopedin (A.6). In the simulation,although
differentaddressewerechoserfor eachrun,thesamevalueof i = 1 wasusedto com-
putea; for all theruns. As canbe expectedtheresultswerefoundto beindependent

of the particularshifti used.
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A.2 Distrib ution of p

Recallthat the vector ay representshe indicesof the L locationsoccupiedby user
k. Let N; representhe numberof interfererson sub-channed[i]i =0,...,L—1, A
the eventthatN; > 0, A_q the eventthatN; = 0 andhg = L/M the probability thatan

interfereroccupiesa sub-channelWe will now evaluateP(p = L). We have
P(p=L)=P(AoN...NA_1). (A.10)

Also,

P(A)) =P(N; > 1) =1—P(N; = 0) = 1— (1 - hp)*~%. (A.11)

Let h1 bethe conditionalprobability of aninterfereroccupying a sub-channej given
thatit is not presenbn anothersub-channel # j. Therefore,

L L M 1
= = g = he(l+ ) (A.12)

P(Aj|A) = P(N;>0|N;=0)=1—P(N;=0|N;=0) = 1— (1—hy)*~{a.13)

In generalwe define

A Lo _
h'_M—i i=0,...,L—1. (A.14)
We will defineanothewariablep;, i =0,...,L—1,where
L\ K1
po=P(Ao) = 1- (1— M) =1-(1-hg)* (A15)

_ _ L\ K-1
b =PA|AN..NA_) = 1- (1_ﬁ> =1—(1-h)*"1 (A.16)

Notethatdueto symmetry

pp = P(A) i=0,...,L-1 (A.17)
pr = P(AJIA)=P(A|A) i#]. (A.18)

Further define
pi=(1-pi) (A.19)

Theexpressiorfor P(AgN...NAL_1) will now be derivedusingthefollowing Lemma:
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Lemmal For anytwoevents4 and 3B,
P(ANB) = P(4) — P(2|B)P(B)

We will now give a few examplesto give someinsightinto the next Lemma. Using

Lemmal andEquationgA.17-A.18),

P(AoNAL) = P(Ag) — P(Ag|A1)P(Ay)

= Po— P1Po- (A.20)
If we denote
P(AiNAL) = f(K,L,M), (A.21)
then,it canbe showvn that
P(AoNAL|A2) = f(K,L,M —1) = py — pp1. (A.22)
Therefore,
P(ANAINA:) = P(AgNAL) — P(AoNAL|A2) P(Ag)
= [Po— P1Po] — [(P1— P2P1) Po]
= Po—2p1Po+ P2P1Po, (A.23)
and

P(AoNAINANAS) = P(AdNAINAL) — P(AdNALNAz| Ag)P(Ag)

= Po— 3pP1Po+ 3P2P1Po — P3P2P1Po. (A.24)

From (A.23) and (A.24), note that the coeficients of the termsare from a binomial

expansion.Thisleadsusto our next Lemma:

Lemma 2 P(AoN-+-NAw) = Lo (1) (= 1) pi [1j=6 P
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Proof: Theproofwill beby induction. Assumethatthefollowingis true:

P(Aon. . NAo_1) = %(” 1) p.er,

Then,from Lemmal we have

P(AoN. ..0AL_1NAR) = P(AoN...NA_1) — P(AoN...NAL_1|A)P(A,)  (A.25)

SinceP(An) = po from (A.17),
P(AoN...NAy) = Z}(n 1) )' P ]'Lp,: — Po [IZ) (n. 1) ) Pi1 ]‘Lp,]
= ;( i )— piJI:ij_ —[i(n 1) p.+1|'LpJ]

Substitutingthedummyvariablek = i + 1, we have

P(AoN...NAy) = [.; (”?L)(—l)ipi Egj] — Li (E:i) (_1)k—1pk'ji5j]

(A.26)

Substituting = k, we have

e [E o o
_ ;Z( N ) p.]'Lp, + _ii<?:1l>(—1)ipi1r!)m]
- [BICT) ()l e )« ()

"1\ Cyren M A.27
#(n_y) 0] (A.27)
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Thereforefrom (A.10),

L-1

P(p=L)=P(AoN...NA _1) = Z) (LI_ 1) (—1)i pi Il:i)ﬁj (A.29)
1= J=

Sinceit is hardto obtaina closedform for the above expressionwe will approximate

it in thenext section.

A.2.1 Binomial Approximation

From(A.14)

h_ L o_ LM _ h
"“"M-n" 1-n/M  1-n/M

with hp > hy_1. For smallvaluesof hp = L/M,

ho

= 1-L/M

ho(1—ho) "t~ hg(1+hg) =hg+h~hy.  (A.30)

Therefore for smallhg, h, = hg for 0 < n<L — 1 aswell. Thisleadsto pn &~ po,0 <

n<L—1in (A.16), which,uponsubstitutionin (A.29) yields

P(p=L) ~ po-. (A.31)

A.3 Derivation of the Global Constrained Detector

The optimizationproblemin (3.15) involves the minimization of a corvex function
overacorvex constrainset.Hencejt hasa uniqueminimumwhichcanbedetermined
usingthegradientdescenalgorithm. Since(3.15)hasa singleconstraintthereis only
onedualvariable. Thus,a simpleriterative algorithmcanbe found by solvingfor the

dualproblemasoutlinedbelow.

Theobjective functionin (3.15)canbe expandedn termsof y = S'r as

|r — SAX||? = r"r — 2RdyH Ax] + xHTx (A.32)
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whereT = ARA. ThelLagrangiardualfunctioncanbe expresseds
L(x,A) =xHTx — 2Rdy" Ax] + A (x'x — K) (A.33)

whichis to bemaximizedoverx andA > 0. Equatingd] L(X(A),A) = 0 andsolvingfor
X(A) in termsof A, we get

K(\) = (T+A)"1Ay. (A.34)

On substitutingbackinto (A.33), we arrive at:

max L) = —yTA(T+A) Ay - AK (A.35)
>

whichis a one-dimensionabptimizationproblemandcanbe solvedusinga variety of
iterative algorithms[65]. A simpleunconstrainedradientdescentlgorithmis guar
anteedto corverge for a small enoughstep-sizey, which canthenbe projectedonto

the positive axis[12]. Suchanalgorithmis

At+1) = A(t) —p[OLEA),N)] (A.36)
= At)—p [yHA (T+AM)1) Ay — K] (A.37)
which corvergesto A. The maximizerof (A.35) is given by A* = max(0, )_\). Then,

from (A.34), theuniqueminimizerof (3.15)canbere-writtenas

x=A"HR+NAT2 Ly, (A.38)

A.4 Derivation of the Local Constrained Detector

Here, we derive the solution to the optimizationproblemin (3.17). The objectve
functionin (3.17)canbeexpandedsin (A.32). Since(3.17)involvestheminimization
of a corvex functionover a corvex set,it hasa uniqueminimum over this constraint
setwhich canbefoundusingavarietyof iteratve algorithms e.g.,thegradientdescent

algorithm[65]. In addition,thecorvex duality theoren{65] ensureshatnoduality gap
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existsandonecansolve for the dualprobleminstead.Since(3.17)hasK constraints,
thereareK dualvariables.In termsof Ty; = AxSH SjA |, the Lagrangiardualfunction

of (A.32) canbeexpresseds

Lx,A) = xHTx—2Rdy"Ax]+ _i)\i(xini —1) (A.39)

+ i)\i(xini —~1) (A.40)

K K K
= Z\ZXiHTinj—ZRe Z‘yiHAiXi
= i

whichis to bemaximizedoverx andA > 0,whereh =[Aq - -)\K]T. Thegradientvector

associateavith £(x,A) is OL(x,A) =[Oy, L(X,A)--- Oy L(X,A)]T, where

K
Oy, L(X,A) =2 (Z TkjX; —Akyk-i—)\kxk) . (A.41)
j=1
Consequently
OL(x,A) = 2(Tx — Ay + Ax) (A.42)
where

NN= diadz\]_,...,)\]J_,...,z\K,...,)\d
M terms M terms
isanMK xMK diagonalmatrix. Let X(A\) bethe solutionto JL(X(A),A) = 0. Solving

for X(A), we get

K\ = (T+A) Ay (A.43)

whereX(A) = [X{ (A1) --- X (Ak)]T. On substitutingk(A) backinto (A.39), we arrive
at
K
max L(K(),A) = XN TX(A) — 2Ry AX(N)] + ZM (Ki(AW)T%i(A) = 1). (A.44)
>0 i=
Simpleunconstrainedradientdescentlgorithmscanbe usedto iteratively determine

eachelementof A asfollows

Ae(t+1) = A(t) — i [OL, (R(A),A)] (A.45)

which corvergesto )_\k. The maximizerof (A.44) is givenby A* = [A%--- *]T where

& = max(0, }_\k). Then,from (A.43), theuniqueminimizerof (3.17)canbere-written
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as

KA =AYR+AATD) Ly, (A.46)

A.5 Serial Soft-IC

From the matched-filteroutputin (3.8), the elementof y correspondingo messagé

of userm canbewritten as

K M
em=3 3 SamS, 1AL %, + - (A47)
i=1j=1
DecomposindgA.47) to isolatethetermscontainingthe kth users messagesye have
k-1 M K M
Yigm = Zl > S, 1AL, j + Z Sk, Ak Xk + PIPI SamS, 1A X, + .
F1j=1

(A.48)
Note that the secondterm on the right side of (A.48) canbe decomposedurther to

isolatethetermrepresentinghe currentmessage m as

Z$|mskl Xiej = Z s{?mskJAkJXKJ+§:ma<mAkmka+J %1$|msklAklxkl
(A.49)
Sincethe signatureshave unit norm, s'1j'7m5k7m = 1, substituting(A.49) in (A.48) and
solvingfor xm yields

_Wem 1T Ms:jS.Ai.)q._im_lsg S
Xk’m_Ak,m Acm ;Z mo, ALK Acm j; K, K, R

1 K M
Ao

In theserial soft-1C,thecurrentmessagestimatel n, is determinedisingthe previous

- Akmjz Sk, i Ak Xk | —

decisionsto reconstructhe interferencewhich is then subtractedrom the matched
filter outputx m. By rewriting theright sideof (A.50) to distinguishthosex, m which

have alreadybeenestimatedyve obtain(3.19).
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A.6 Optimum DecisionRule for the Selectve Decorrelator

In thissectionwe seekthe optimumdecisionrule basednv (3.28).Letthecovariance

matrix of | be 6°Q, where

a”Q(i, j) = Em(Hnf(L)]- (A.51)

E[nin''] = 0°Gi; (A.52)
where
Gij =R 'SR} (A.53)
andhence,
EMi(1)n;j(1)] = 0°Gij (1, 1) (A.54)

ConsequentlyQ(i, j) = Gij(1,1).

We now follow theapproactof [13] to derive the optimumdecisionrule. Let H; denote
the hypothesighatuserl transmitstheith signal. If we assumesquala priori proba-
bilities for the M signals,thenthe minimum error probability rule reducedo the ML

test,leadingto the optimumdetectorg® (the superscripO standgor optimum),
¢° : 1° = agmax{ f (Arxa|H)} (A.55)
|

with f beingthe conditionalPDF (probability densityfunction) of A/&1|Hi. Theterm

f(A\/&ﬂHi) is evaluatedoy averagingouttheconditionaIPDFf(A/&l|Hi,(p1,i) overthe

phaselet
w = USAX. (A.56)
Then,in termsof P = Q1
1 2n H 2
0 —(v—w)" P(v—w)/20 .
[ argmiax{ (2n)'V'|Q|/0 e dq}l,.} (A.57)

= algmax

1 2n
o b

e_(VH PV—l—WH PW_ZRqVH PW])/ZGZd(pl i } (A58)
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Giventhatuserl transmitstheith messagerom (3.28)and(A.56) we have

w = UspAgje /% (A.59)

wiPw = Af;siUMPUs;. (A.60)

The term w" Pw beingindependenbf @i canbe broughtout of the integral on the
right side of (A.58), but it hasto be retainedfor the final decisionprocessdueto its
dependengoni. Thetermv” Pv ontheotherhand,is completelyindependentf i and
henceit canbe excludedfrom the decisionprocessntirely. Therefore retainingonly

thetermsrelevantto the decisionprocesswe have

i° = amg m_ax{ M /ZneRe["H PW/9 oy ; } (A.61)
i 21 0 ’
Also,
VIPw = A e ®iviPUg; (A.62)
= Ay e ioipHPUs el (A.63)
= Ay @it Hpug . (A.64)

Moreover, in termsof the modifiedBessefunctionof orderzero

1 21
lo(X) = — code+a) A.
o) = 5 [ P (1.65)
thedecisionstatisticis
—wH Pw/202

0 _ argm.ax{e wHPw/20 /zneALi|VHPUSl’i|Cos((pl’i+a)d(P1,i} (A.66)

i 211 0

Ar; [VHPUs;

_ argmiax{e_WHPW/2°2|o (“Tsl")} (A.67)

Substitutingfor w, andtakingIn(-), thedecisionstatisticfinally reducego

A2 1 UHPUS A1 [VHPUs
p:argm.ax{ LisL "+Inlo<—l" = il (A.68)
|

202
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A.7 Union Bound for the Selectve Decorrelator

In thissectionwe will derive anupperboundfor thesymbolerrorratefor userl using
the MM basedselectivedecorrelatarTherefore givenary hypothesid;, the decision
statisticis A\ = |v(i)|2, andanerroroccursif for ary j, j #i, Ai < Aj. Thus,theerror

probability canbe unionboundedas[1]

1 M M
P < 3 SPIA<A) (A.69)
1= J1=1|
1 M M
==
J#

The probability of Py, _,1; canbe obtainedfrom AppendixB of [1]. Giventhatuserl

transmitgtheith messagandthatnm(1),m=1,...,M in (3.28)is zero-meanwe have

E 2 EMi)]=wi) (A.71)
= R(1,)S'sAx (A.72)
= U(i,:)siA e (A.73)
E 2 EM)I=w()) (A.74)
= Rj'(1,))S]'sAx (A.75)
= U(],?)s1iAg e P (A.76)
W 2 ZEV) ~E) (W) - )] (a.77)
= SEMV()]-EE) (A7)
= (B +EMOT(D)] - EE) (A.79)
= 0°Q(i,})/2 (A.80)

wherethe E[-] are expectationsconditionedon the phase. Adapting the definitions

in [1] for our purposeswe have

aij = 2(|E|w;+|Ej[°mi — EFEjwj — BEFH) (A.81)



Bij = |E[*-IEj?
l-lll_u]]

AWk — [b]?)

1

i = W+
) \/ A

= |Wj1?)

-

1
dj = /w?+ +w
! \/ Ak — [ 12)

ZC-Z-di' iidii — Bii
a; = \/ £dij(oijdij — Bij)

(cij +

dj)?

\/ZCijdﬁ(GijCij+Bij)
bij =

(cij +

In termsof the abore variables,
Phi—h; = Q(aij, bij) —

whereQ(-, ) is theMarcumQ@ function.

dij)?

dli
Cij—i-dij

lo

(aijbyj) e~ (@002
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(A.82)

(A.83)

(A.84)

(A.85)

(A.86)

(A.87)

(A.88)
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