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Remarksonthenotation

In thisthesiswewill almostexclusvely uselinear, discrete-timdilter andchannel
descriptions. A scalarand causal,discrete-timefilter can be representedby an
infinite power seriesin the unit delayoperatorg—!:

Tt = Z tng " .
n=0

Forary signalz(k), ¢ 'z (k) = z(k — 1). Theoutputof thelinearfilter 7 (g 1) is
givenby

y(k) = T(g )a(k) =) taq "z(k) = Y taz(k —n)
n=0 n=0

when the time seriesz(k) is appliedto its input. In general,the coeficients
{tn}22, will be comple-valued. Whendiscussingrequeng domainproperties

n=0
of thefilters, we will oftenreplacetheoperatory—! with thecomple variablez—!.

A linearfilter of finite ordercanbe describeddy a ratio betweertwo polyno-

mialsin g~

where
B ENAY -1 —éa
Alg )=14a1q " +--- +asq
A _ _
B(g ) =by+big b+ +bsg .

Whenthe time seriesz(k) is appliedto the input of a filter describedoy sucha
rationalfunction,the outputwill begivenby

da &b
y(k) = — Z any(k —n) + Z bpz(k —n) .
n=1 n=0

Xi
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Thefilter is calledstableif all therootsof A(z 1) = 0 have magnitudesvhichare
strictly lessthanone.

Many importantfilters have finite impulseresponsesSuchFIR filters will be
describedy polynomialsn ¢!

y(k) = P(q~")a(k) = poz(k) +prz(k — 1) + - +psz(k — 5p) .

The parametebp is calledthe degree of the polynomial. A polynomialis saidto
be monicif pg = 1.

A causalmultiple-inputmultiple-output(MIMO) filter with n, inputsandn,
outputscanbedescribedy theinfinite series

Tl =) Toug "
n=0

whereT,, arematriceswith n, rows andn, columns.Proceedingsfor thescalar
filters,a MIMO filter of finite orderwill bedescribedy therational matrix

'Tll(q_l) 'Tlnm(q_l)
T = : 5
Tol@™) oo Tayna (g
where
-1 _Bij(qfl)
ﬂ(q )_Aij(q_l)

are scalarrational functionsas describedabove. The rationalmatrix 7 (¢~ 1) is
calledstableif all its elementsare stable. Also, an FIR MIMO filter will be de-
scribedby the polynomialmatrix

Pi(g7h) ... Py (gh)
P(g') = : : ;
Poyi(g™") -or Payna(g7h)

or equivalently by the matrix polynomial
P(q_l) =Py+ qu_l +--+ P(qu_JP .

The parametep P is calledthe degreeof the polynomialmatrix (andthe matrix
polynomial),andequalghehighestdegreeof ary of theelementsn thepolynomial
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matrix. The polynomialmatrix P(q ') is saidto bemonicwhenP, = I, wherel
is theidentity matrix
Specialcasesof MIMO filters are single-inputmultiple-output(SIMO) and
multiple-input single-output(MISO) filters, which will be describedby rational
(polynomial)columnvectorsandrational(polynomial)row vectors respectiely.
A rationalmatrix maybe representetdy a matrix fractiondescription(MFD),
which canbeeitherleft

orright

T@H)=BgHA (@ ").

Above, A(q~1), B(qg™'), A(¢~!), andB(¢~!) arepolynomialmatricesof dimen-
SiONSTy X Ny, Ny X Nig, Ny X Ny ANANy X 114, rESpectiely.

Forary linearMIMO filter 7(¢~") = "7, T,,g~", wedefinethenon-causal
filter

A oo
T(9)=) T/q",
n=0

where(-)¥ denotesomplex conjugateranspoself we applythis definitionto ary
rationalmatrix 7 (¢~*), we obtain

T.(q9) = B«(9)A, ' (q) = A, (9)B.() -
Above, we have usedconjugatepolynomialmatrices which aredefinedas
A
P.(¢) =Py +P{lg+---+Pjpg’”

for ary polynomialmatrix P(g~!) Spy+ Pig '+ +Pg°P. For polynomial
matriceswe will alsousetherecipiocal polynomialmatrix, definedby

= _ A _ _ _
P(g)=q¢PPq) =Pjp+Pip_1g  +---+P{qF.

Then, x n. identity matrixwill oftenbedenoted,, .
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CHAPTER 1

‘ Introduction

VER sinceAlexandeiGrahanBell patentedhetelephonen 1876,it hasbeen

possiblefor peopleto have private communicatioralsowhenthey aregeo-
graphically separated.With the invention of switching, householdsould have
theirown telephoneonnectionandwhenthe switchingwasautomatediuringthe
1930sand1940s telephoy becamea massmarlket.

Duringthenext few decadesalthoughthetelephonesystemexpandedandthe
quality of thetransmittedspeecltkeptimproving, the consumersiotedfew funda-
mentalchangesn the operationof thetelephonesystem.However, the numberof
subscribersindthe amountof telephoneusagewere constantlygrowving. As the
demandfor transmissiorcapacitygrew, it becameapparenthat someof the cur-
renttechnicalsolutionswerebecomingmpractical.In particular this wastrue for
the multiplexing. Multiplexing is the processwvherebyserveral calls arecombined
andsentin parallelover acommoncommunicatiodink. The multiplexing of the
callswasbaseddn frequeny division, atechniquahatwasbecomingncreasingly
comple with thegrowing traffic.

New solutionswerebasedntimedivisionmultiple-acces§TDMA). However,
TDMA is very difficult to implementin a systemwherethe multiplexed informa-
tion is analog. Gradually the decisionwasmadeto corvert telephonesystemso
usedigital transmission.The processvas pushedorward by the developmentof
cheapbut powerful digital circuits.

Theintroductionof adigital transmissiofiormatbroughtseveraladditionalad-
vantagesThe amplifierscould be madesimpler andit becameeasierto maintain
the quality of the transmittedsignalsover long distances. The digital hardware
provedto be cheapemandmorereliablethanits analogcounterpart.Also, thein-
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troductionof new transmissiommediawith very high transmissiorcapacitywas
greatlysimplified.

However, themostimportantconsequencef thedigitalizationof thebackbone
network wastheability to handlenew servicesn aflexible way. Thisis particularly
apparentoday whenthe voice traffic in the “telephone”systemis lessthan half
of thetotal traffic. Therestis generatedby variousflavors of datacommunication,
which is inherentlydigital. For suchinformation,digital transmissions the only
reasonablalternatve.

Handlingthestill increasingamountof digital traffic is todayalargeandimpor
tantresearctarea.Also, theexplosive growth of digital cellulartelephowy provides
new researclthallenges.

Wewill now introducesomeof theseissuesbeforeintroducingandmotivating
themainthemeof thisthesis:themultivariabledecisionfeedbak equalizeDFE).
ThisDFEis atoolfor suppressingwvo speciakypesof interferencevhichis present
in digital communicationThethesishastwo main parts.Chapter® and3 present
the theoreticalbackgroundand discusspropertiescommonto all applicationsof
the DFE,whereasn Chaptergt and5, two specificapplicationsareinvestigated.

We beggin, howvever, with anintroductionwhich providesthe necessarypack-
groundaboutdigital communicationcellular systemsand multivariable channel
models.

1.1 Digital communications

Figurel.1shavs anoverviev of a digital communicatiorsystem.In this section,
wewill briefly discuseachof theblocksin Figurel.1with emphasi®nthechan-
neldescriptions.

The source deliversthe informationto be transmitted. This informationmay
be analay or digital. Speechaudioandvideo are examplesof informationfrom
analogsourcessincethey canonly be exactly representethy analogwaveforms.
Ontheotherhand,digital sourcegleliver a streamof quantizedvalues. The most
importantexampleof sucha sources acomputerbut in the futurewe canforesee
several scenariowvith machine-to-machineommunication.

The non-trivial task of the souice encoderis to representhe transmittedin-
formationusingasfew bits aspossible. For analogsourceswe try to modelthe
unquantizedvaveformascloselyaspossible.Somemodelingerrorsarethenun-
avoidablyintroduced andthe encodeidesignalwaysinvolvesa trade-of between
fidelity of reproductiorandthe bandwidthof thetransmittedsignal.

For a digital sourceon the otherhand,we cannotallow ary error: Thetrans-
mittedsignalmustbeperfectlyreconstructiblettherecever. Thesourceancoding
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__| Source | ¢ | Channel b Modulator
encoder encoder
noiseand
interference
ér Channel

b | Channel | @ | Source
decoder decoder

Demodulator

Figurel.1: A digital communicatiorsystem.

mustin this casebe losslessandconstituteslatacompressionThe mostfamous
exampleof suchdatacompressioris the Huffmanalgorithm([39].

The sourceencoderdelivers a streamof bits to the channelencoder which
in turn addsredundang to the bit stream.With this redundanyg it is possibleto
performerrordetectionanderrorcorrectionattherecever.

Channetodeswithoutmemoryarecalledblodk codes Theencodefor ablock
codeindependentlymapsoneblock of k£ informationbits onto a block of n bits,
calleda codeword. Theratio k/n is calledthe coderate Sincethe encodingis
memorylesspoth encodingand decodingcan be efficiently implementedwith a
combinationalogic circuit. Famousblock codesincludethe Hamming,the BCH
andthe Reed-Solomoroded48].

A convolutional codeon the otherhandhasmemory A corvolutionalencoder
alsoacceptdlocksof £ informationbits from the sourceencoderandmapsthem
ontoblocksof n bits. However, the outputof the encodeidependsot only onthe
presenblockof informationbits, but alsoonthem precedinglocks. Theconstant
m is knowvn asthe constaint lengthof the code. The encoderfor a corvolutional
codecanbeimplementedvith a sequentialogic circuit, containingshift registers
andexclusve-ORgates.Convolutionalcodesaremostoftendecodedy meansof
theViterbi algorithm[30].

The next stepin the communicatiorprocesss the modulation The purpose
of themodulatoris to transformthe streamof bits from the channelencoderto an
analogwaveformthatcanbetransmittedover the communicatiorchannel.

The modulationcan be further separatednto digital and analogmodulation.
Thedigital modulatorcollectsablockof bitsfrom thechannekncodeanduniquely
mapsit ontothesymbolconstellation Eachblock of bits arethustransformednto



4 Chapterl. Introduction

oneof M symbolswhich may be complex valued. Examplesof suchmappings
areshowvn in Figurel.2. Thesecomplex-valuedsymbolswill be usedasinputin

(@) Mapping for binary (b) Mappingfor quaternary (c) Mapping for 16-
phase-shiftkeying (BPSK) phase-shiftkeying (QPSK) quadiature amplitudemodu-
(M =2) (M =4) lation (16-QAM)(M = 16)

Figurel.2: Examplef differentmappings.

thediscretetime channeimodelsusedthroughouthis thesis.

The purposeof the analogmodulationis to superimposéhesesymbolson a
radio frequeng carrier The modulatorfirst splits the symbolinto its real and
imaginaryparts.Eachof thesesignalsghenpasghrougha pulseshapingfilter. The
continuoudime signalsat the outputof thesetwo pulseshapingfilters areknown
asthein-phaseandquadiature componentsespectiely. Theimpulseresponsef
the pulseshapindfilter is choserto controlthe bandwidthof thesesignals.

Thein-phaseandquadrature&eomponentgonstitutea basebandr equivalent
lowpassepresentationf the signal. Thebasebandignalmayalsoberepresented
by its complex ervelope Thecomplex ervelopeis a comple-valuedsignalwhose
real partis the in-phasecomponentand whoseimaginarypart is the quadrature
component.

The next stepin the communicatiorprocesss to cornvert the basebandignal
into a passbandsignal, which is real-aluedand containsmuchhigherfrequen-
cies. This is doneby the last stepin the analogmodulation,the frequeng up-
conversion. By multiplying thein-phasecomponenby cos 2« f.t andthe quadra-
ture componenby sin 2« f.t andaddingthem,the centerfrequeng of the signal
is shiftedfrom 0 to f.. Thechoiceof f. dependon the application,but is often
much larger than the bandwidthof the basebandignal. The passbandgignalis

INot all communicatiorsystemsisehigh frequeny carriers.See[73, p. 186] for a discussiorof
systenmusingonly basebandignals.
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thentransmitted.The procesof analogmodulationis depictedn Figurel.3.

] ——

d(k) V2 cos 27 f.t

[im ()}

V2 sin 27 f,t

Figure 1.3: Analog modulationfor linear modulation. The comple-valued
symbols are separatednto its real and imaginary parts and corvertedinto a
continuous-timevaveformthatcanbe transmitted.

Whenthe basebandignalis not generatedy linear filtering of the real and
imaginarypartsof thesymbolsthemodulationis callednon-linear Thebasicnon-
linear modulationmethodis frequency-shifkeying (FSK), wherethe information
symbolscontrolthecarrierfrequeng.

Themajordisadwantageof FSKis thatit occupiesalarge bandwidth.To rem-
edy this problem, several modificationsof FSK have beenused. The mostim-
portantis continuouphasemodulation(CPM). In CPM, theinformationsymbols
controlthecarrierphaseandthemodulatomparameteraretunedto trade-of band-
width consumptiorfor detectorcompleity.

When the signal travels throughthe channel,it experiencesa dampingand
phaseshift thatis in generaffrequeny dependenandtime-varying. In awireless
channelthefrequeng selectvity is causedoy multipathpropagation thatis, the
signaltravelsvia severaldifferentpathsfrom thetransmitterto therecever. When
the passbandignal passeshroughelectricalwires, variouscapacitanceandin-
ductancegausethe frequenyg selectve damping. Even optical communications
suffer from this effect, sincethe propagatiorvelocity in the opticalfiber depends
onthewavelength.This phenomenois known aschromaticdispesion?

In thetime domain the effect of thefrequeng selectvity is thata singletrans-
mitted pulseis receved asa pulsetrain. The durationof this pulsetrainis called
the delay spread of the channel. Whena digital signalsignalis sentover a fre-
queng selectve channel,the receved signalis saidto suffer from intersymbol
interfelrence

The temporalvariationsin the channelare causedby the movementof the
recever or thetransmitte? The carrierfrequenyg will thusexperiencea Doppler

2This effect canbe avoidedby clever designof thetransmittecbulse.See[47, p. 141]
3Any mismatchbetweerthe carrierfrequeny and the frequeng of the local oscillatorin the
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shift for which therecever maybe unableto compensateWhenthe transmission
is distortedby severemultipathpropagatiorin sucha non-stationargcenariothe
signalwill evenexperiencea Dopplerbroadening A singlesinusoidmaythenbe
recevedasa signalwith non-zerdobandwidth.

The communicationis alwaysimpairedby noise The stochasticnoise pro-
cessis describedy its distribution andcolor. Noiseis almostalwaysassumedo
containa componenthatis Gaussiardistributed. To describethe noisecolor, the
power spectrablensityis mostoftenused.Themostcommonnoisemodelassumes
thatthe power spectraldensityis constaniover somefrequeny intenal andzero
outsideit. Sucha modelis appropriatefor the thermalnoise which is causedy
thethermalmotionof the electrondn the material.

Thecommunicationrmayalsobeadwerselyaffectedby co-channelinterference
(CClI), multiple-accesiiterference(MAI) or cross-talk Thesethreetermsareused
in differentapplicationscenariogo describethe sameimpairment: interference
from othersignalsthatsharethe samechannel.

At the recever, the stepsare carriedout in reversedorder The demodula-
tor corvertsthe signalto an equivalentlowpassrepresentationThe in-phaseand
guadraturesignalsaresampledandadiscrete-timeomple signalis formed. The
demodulatomustthensuppresghe impactof noiseandinterferenceo produce
anestimateof thetransmittedsymbol. This estimatemaybe passedlirectly to the
decoderor it may be quantizedo producea hard decisionon what symbolwas
transmittedIn thelatter casewe have detectedvhatsymbolwastransmitted.

Thechanneldecodethentriesto find the mostprobablesequencef informa-
tion bits, usingthe symbolestimatesindtheredundang introducedoy thechannel
encoder Whenthe decoderusesunquantizedsymbol estimatesthe decodingis
saidto be soft whereawith quantizedsymbolestimatesit is calledhard. Finally,
thesourcedecoderestoresheoriginalinformation.

The performanceof a digital communicationsystemis usually expressedn
termsof errorrates. Two bit streamswhich shouldideally be identical,arecom-
pared. The numberof bits thataredifferentin the two streamds divided by the
total numberof bits to obtaintheBit Error Rate(BER) Referringto Figurel.1,we
canfor instancecomparethe bit streamsata anda’ to obtainthe codedBER. We
mayalsocomparehebit streamsatb andb’ to obtaintheuncodedor raw BER. In
thisthesiswe will usetheuncodedBER asaperformanceneasure.

receverwill alsocauseatime-varyingchannel.
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Equivalent discrete-timechannels

It shouldbeevidentfrom theabove discussiorthatacommunicatiorsystermis very
comple, evenif we only studythe detectionproblem. Therefore several simpli-
ficationsarecommonlyusedwhendesigningandanalyzingdetectionproblemsin
thecontext of communicatiorsystemsOnesimplificationis theconsequentiseof
basebandgignalsand models. Modeling the frequeng up- anddown-corversion
thenbecomesinnecessanA disadantageof thisapproaclis thatwe have to work
with systemswvherethetransferfunctionparameterarecomple-valued Thisun-
expectedpropertyis explainedin for instancg85].

Analysisof the detectionprocescanbe furthersimplifiedif we useanequv-
alentdiscrete-timehannemodelto describehetransmissionThischannemodel
relateghecompl-valuedsymbolsto thesampledrersionof thereceved comple-
valuedsignal. This channeimustthenmodelnot only the equivalentlowpassrep-
resentatiorof the passbanahannel,but also effects of the modulationandthe
transmitandreceve filters.

We will further constrainthe channelmodelto be linear. At discrete-time
instantk, thechannekanthusbe describedy theinfinite series

MHi(g™) = hmpg™ (1.2)
n=0

This meanghatin generalnon-linearmodulationmethodssuchasCPM cannot
be accommodatedSomeCPM schemegan, however, with a simplenon-linear
transformatioratthechannebutput,be corvertedto a systenmthatcanbe modeled
aslinearwith goodapproximatior{46].

In generalthe model(1.1)is of infinite order It is impossibleto estimatethe
parametersf aninfinite-orderlinear modelusinga finite numberof data. There-
fore,wewill assumehatthechannekanberepresentetly alinearmodelof finite
order Suchamodelcanbedescribedy arationalfunction

Bi(g )

Hi(g™) = g D) (1.2)

where

LA _ _
Bi(q ) Sbog +bigg "+ + bep g™

A _ _
A(@HYE1 v arpg ™+ + apa kg™

arepolynomialsof finite orderin ¢! with comple coeficients.
Usingthelinearchanneimodel(1.2), we canexpresstherecevedsignalas

y(k) = Hi(g (k) + v(k) , (1.3)
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wherey(k) is therecevedsignal,sampledhtthediscretetime instantk. Similarly,
d(k) is the symboltransmittedat time &, andv(k) constitutesnoiseandinterfer
ence.

Throughouthisthesiswewill usediscrete-timehannebescriptiongo design
detectorsNo optimizationis performedfor the continuous-timdilters thatarein-
evitably presentin a communicationsystem. In particular no continuous-time
matchedfilter is usedasan a priori componenin the detectordesign. Instead,
we assumehatthe anti-aliasindfiltering andsamplingis fixed,andwe designde-
tectorsthat optimally procesghe sampledsignal. Sincewe have no control over
the sampling,we cannotguaranteghatthe sampledsignalconstitutesa sufiicient
statisticof therecevedsignal[72, 76]. Themainreasorfor refrainingfrom opti-
mizationof the continuougimefiltersis thatin arealcommunicatiorsystemponly
fixedanalodfilters canbeused.

Thedescription(1.3) incorporatesnostchanneimodelsdiscussedn theliter-
ature.Below we briefly discusghethreemostcommon,andshav whatadditional
propertieshe channemodel(1.2) hasin eachcase.

1. Theadditivewhite Gaussiamoise(AWGN)channel. For the AWGN chan-
nel, therecevedsignalcanbe modeledas

y(k) = bod(k) + v(k)

wherev(k) is white Gaussiamoisewith variances?. Thecoeficientb is a
fixedconstant.

2. Theflat fading channel. For the flat fadingchannel the receved signalcan
bemodeledas

y(k) = bod(k) + v (k)

wherew (k) is noisewith varianceo?. Often the noiseis assumedo be
Gaussiarmandwhite, but thisis nota prerequisitdor thechannemodel. The
coeficient by is nolongerafixedconstantRatherit is a stochasticzariable,
with aspecifieddistribution. Thetwo mostcommoncasesare

e TheRayleighfadingchannel In this casethe channekoeficientby is
azeromeancomple circular Gaussiardistributedstochasticariable,
or equialently

by € CN(0,0’(,) .
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e TheRiceanfading channel In this casethe channelcoeficient by is
a comple circular Gaussiardistributed stochastiovariablewith non-
zeromeanor equivalently

by € CN(mb,O'b) .

For boththesefadingchannelsthe namesarederived from the distribution
of theabsolutevalueof by: FortheRayleighfadingchannelby| is Rayleigh
distributed,whereast for the Riceanfadingchannehasa Ricedistribution.
Seeg[37].

3. Thefrequencyselectivdadingchannel. A generafrequeng selectve chan-
nel is describedby (1.2) with da > 0 or éb > 0. However, especiallyin
wirelesscommunicationsit is commonto usea modelwith afinite, rather
thananinfinite, impulseresponsein which caseja = 0. Thechannekoef-
ficientsin afrequeng selectve channebrefrequentlymodeledasstochastic
variableswith Rayleighor Riceandistributedamplitudes.

For thetwo lastchannelsthechannekoeficientswill in generabetime-varying.
Remark 1. Notethatthetermfadingcanmeantwo things:

¢ A channels saidto befadingif it varieseitherwith time or frequeng.

e A channels alsosaidto befadingif the parametergvhich describehechan-
nelarestotasticvariables dravn from a specificdistribution.

In this thesis,all considerecchannelswill be frequeng selectve. The pro-
cessof combatingthe effectsof frequenyg selectve fadingis the topic of the next
section.

1.2 Equalization and the decisionfeedbackequalizer

Suppressingtersymbolinterferencepr equivalentlyremoving the effect of a fre-
queng selectve channels known asequalization In the processthe spectrunof
therecevedsignalbecomedlat, hencethe nameequalization.

ExamMPLE 1.1

The intersymbolinterferencecanbe quite severe. As an example,considerthe
detectiorof aQPSKmodulatedsignal transmittedbver afour-tapchannel b =
3, da = 0in (1.2)). In Figurel.4,thereceved comple-valuedsampledsignal
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is displayedbeforeandafterequalization Withoutintersymbolinterferencethe
receved signalshouldappearssmall clouds,centeredaroundthe pointsin the
symbolconstellationdepictedn Figurel.2(b).

2 2
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(a) Realandimaginarypartsof the 500 re- (b) Realandimaginarypartsof the 500 re-
ceivedsampledefoe equalization. ceivedsamplesafter equalization.

Figurel.4: Scatteiplots of therecevedsignalbeforeandafterequalization Prior
to equalizationjt is impossibleto seethatthe transmittedsignalis QPSKmodu-
lated.

We seethatwe have to compensatéor the intersymbolinterference.Any
attemptto detectthe transmittedsymbolswithout suchcompensationvould be
futile: Thereis notraceof the QPSKconstellatiorin Figurel.4(a).

Thefirst attemptto solwve the equalizatiorproblemwasthe linear transvesal
equalizerwhichis depictedn Figurel.5. Thereceved sampledbasebandignal,

d(k — t|k -
(k) — Trafri}f:;rsal (k — k) £(-)  —dk—o

Figure 1.5: The linear trans\ersalequalizer in which the receied signalis fed
througha singleFIR filter to produceanestimateof the recevedsymbol.

corruptedby ISI andnoise,is usedasinputto an FIR filter. The coeficients of
thisfilter areadjustedo producean estimateof the transmittedsymbol. This esti-
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mateis thenquantizedo produceoneof the symbolsin the symbolconstellation.
Althoughthis equalizeris ableto remove mostof the IS, its performances poor

for channelsB(¢~1) for which the zerosof B(z~!) arecloseto the unit circle.

Thelinearequalizewill alsotendto amplify thenoise whichwill leadto frequent
decisionerrors.

Much betterperformances obtainedwith maximumlikelihood sequences-
timation (MLSE) The MLSE searcheamongall possibletransmittedsequences
for the sequencevith which the conditionalprobability of the received signalis
maximized. This statementanbe formally expressedasfollows: Considerthe
sequencef receved sampledsignalsY = {y(k)}#_,. Assumethata channel
modelandanoisedescriptiorareavailablesothatwe cancalculatehe conditional
probabilityp(Y|D) of thereceved sequenc& for ary admissiblanput sequence
D = {d(k)}i_,. Themaximumlikelihoodsequencestimates then

{d(k)}=1 = arg maxp(Y|D) .

When the noiseis Gaussianmaximizing the conditional probability p(Y|D) is
equialentto minimizing the sumof the squaredlifferencedetweerthereceved
signalsandthe correspondingnodeloutputs. Furthermorewhenthe impulsere-
sponseof the channels finite andthe noiseis white, the MLSE canbe efficiently
implementedusingthe Viterbi algorithm[29]. Still, the compleity is very high
for long channelsaindlarge symbolalphabetsWhen M -ary modulationis usedin
a channelwith L taps,the numberof multiplicationsnecessaryor detectingone
symbolis approximatelyequalto AM~.

An equalizerthat performsalmostaswell asthe MLSE at a compleity only
slightly higherthanthelinear equalizeris the decisionfeedbak equalizer(DFE).
Thus,the DFE — depictedin Figure1.6 — constitutesan attractve compromise
betweercompleity andperformanceTherecevedsignalis hereusedasaninput

| Feedforvard d(k — £|k) -
Y =1 ikter f(-) ~d(k =)
Feedback
filter

Figurel.6: ThescalardecisionfeedbackequalizefDFE).

to thefeedforwad filter. Fromtheoutputof thefeedforvardfilter, theinterference
from previously detectedymbolsareremovedvia the outputof thefeedbak filter.
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Thedifferencebetweernthesawo filter outputsconstitutesanestimateof thetrans-
mittedsymbol. This estimatds sometimegalledsoft, sinceit is notyetquantized.
The decisiondevice quantizeghe soft estimateandthe resultinghard estimates
usedasinputof thefeedbacKilter to remove its effect on futuresymbolestimates.
The constant/ is knovn asthe decisiondelay or the smoothingag. It specifies
howv mary futuremeasurementshich areprocessetbeforea decisionis madeon
thepresensymbol.

For a thoroughunderstandingf the equalizationprocesswe will studythe
impulseresponséetweerthe transmittedsymbolsandthe varioussignalsin Fig-
ure 1.6. Startingat the channeloutput,we, of course pbtaintheimpulseresponse
of thechannelasdepictedn Figurel.7.

b
Figurel.7: Theimpulseresponsef the channel.

Thepartly equalizecchanneht the outputof thefeedforvardfilter is depicted
in Figurel.8. The purposeof thefeedforvardfilter in aDFE s to suppresshefirst
£ — 1 tapsin the equalizedchanneimpulseresponsethe so-calledprecussor ISI.
Thefeedforvardfilter mustalsotry to keeptap/, theso-calledrefeencetap close
to unity.

Precursor Reference Postcursor
ISI tap ISI

< > < >

¢ 1 |

Figure 1.8: The signalat the outputof the feedforvardfilter: The precursothas
beensuppressedyhereaghereferenceapis closeto oneandthe remainingtaps
arearbitrary

The feedbackfilter will be tunedso that its impulse responsematchesthe
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postcusor ISI, thatis, the taps? + 1,£ + 2 andso forth in the partly equalized
channel Whentheoutputof thefeedbacKilter is subtractedrom the outputof the
feedbacHilter, we obtaintheimpulseresponseshavn in Figure1.9. Thisimpulse
responseelateghe symbolestimateo thetransmittedsymbols.

} Precursor Reference
ISI tap
/ o . o o o

Figure1.9: The completeequalizedchannel. Note that the postcursothasbeen
obliterated.

Theuseof decisionfeedbacko combatintersymbolinterferencevasoriginally
proposedoy Austinin [10]. However, it wasMonsen[63] who put the DFE on
a soundmathematicabnd practicalbasis? The threemajor contritutionsin the
paper63] were

e Theassumptiorof correctpastdecisionsMonsenassumedhatall previous
outputsfrom the decisiondevice coincidewith thetransmittedsymbolsthey
estimate.

e TheMMSEdcriterion. Monsensuggestethatthe DFE coeficientsshouldbe
tunedsothatthemean-squarerrorof thesoftsymbolestimatas minimized.

e Thestructue of the DFE. Monsenshavedthatthe optimumDFE with infi-
nite smoothingag hasa feedforvard filter with a matchedilter asa factor
Both the feedforvard and the feedbackfilters will belIR filters. He also
suggestedhatin practice,a DFE with FIR filters in the feedforvard and
feedbaclkpathsshouldbe usedandhe shaved thatthe coeficients of these
filters canbetunedfrom the WienerHopf equations.

Most DFE derivationsduringthelast30 yearsusethesethreeproperties.

The assumptiorof correctprevious decisionswill almostsurelybe violated.
Therefore the performancesf a DFE thatis tunedassumingcorrectdecisionsbut
implementedusingreal decisionswill almostalways be suboptimum.However,

“For acomprehense review of thefirst tenyearsof DFE researchsee[13].
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finding a DFE without the assumptiorof correctdecisionsis much more diffi-
cult. Also, moreelaborateschemes— for instancethosethatmodelthe effect of
incorrectpastdecisionsasanadditive noiseterm[80] — oftengive only minorim-
provements.Themainreasorfor thisis thatin realisticcommunicatiorscenarios,
the probability of erroris sosmallthatalmostall previousdecisionsarecorrect.

Whenanincorrectdecisionis made theprobabilityfor subsequerdecisioner-
rorswill increasesinceall postcursotSl cannotberemoved. A singleerroneous
decisionmaythuscauseanerror burst Sucherror propagation degradeghe per
formanceof theDFE, andconsiderableffort hasbeenspenionderiving boundson
the DFE errorprobabilitywhentheerrorburstsaretakeninto accoun{15, 26, 44).
However, even whenerror burstsare consideredthe performanceof the DFE is
still superiorto thatof thelinearequalizeP In Chapter3, we will seethattheerror
propagatiorbecomesvorse,asthelengthof theimpulseresponsef thefeedback
filter increases.

Virtually all papersaboutDFEsuseoneof the structuressuggestedby Mon-
sen. Thisis a bit remarkablesincethe optimumstructurewith infinite smoothing
lag cannotbe implementedn practiceandthe performanceof a DFE with FIR
structures suboptimum.

This dilemmawasresolhedin 1990,whenSternadand Ahlén publisheda pa-
per[79] thatdealtwith the optimizationof the DFE structureunderthe constraint
of realizability This work hasreceved little attention,andsubsequenproposals
of realizableDFEswith IIR filters aremoread hoc[21].

The purposeof this thesisis to provide a multivariablegeneralizatiorof these
scalarDFEs. Sucha multivariable DFE canbe usedin a system,whereseveral
measuremensignalsare usedto estimatethe symbolstransmittedfrom several
sources.This situationoccursfrequentlyin mobiletelephonesystemsandChap-
ters4 and5 are devotedto the study of two suchscenarios.To facilitate under
standingof thesetwo chapterswe will now give a shortintroductionto mobile
telephoneor cellular systems.

1.3 Cellular communications

In the last decadeof the 19th century the 21-yearold Italian studentGuglielmo
Marconi broughtthe world into the eraof wirelesscommunication.He managed
to transferamessagbetweertwo stationausingradiowaves.Only six yeardater,
in 1901, Marconi succeededh transmittinga messagecrossthe Atlantic. For
theseachi&zementsMarconisharedhe Nobel Prizein physicsin 1909.

SThisis truefor scalarchannelsFor channelswith a singleinput andseveral outputs the differ-
encebetweeralinearequalizeya DFE andeventhe MLSE tendsto diminish[20].
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By thetime Marconireceved the Nobel Prize,radio transmitterdhadalready
beeninstalledon shipsall overtheworld. Thewirelesstelegraphwasablessingor
themaritimefleet: For thefirst time, it waspossibleto senddistresscallsirrespec-
tive of theweatherconditions.It alsobecamepossibleto receve weathermreports
and othermessagefrom shore. On the Titanic in 1912, it was even possibleto
sendpersonaladiomessages.

During thenext few decades;adiotransceiersfoundtheir way into moreand
more areas. In 1946,the world’s first [60] public mobile telephonesystemwas
introducedn St Louis. Theideawith this systemwasto supplythe sameservices
to mobile terminalsthat wereavailablein the fixed telephonenetwork. Within a
year 25 otherAmericancitieshadmobilenetworksin operation Eachcity hadone
basestation whichwasdesignedo cover aslarge areaaspossible.Every mobile
in thisareacommunicatedvith thebasestation whichrelayedthecallsthroughits
connectiorwith thefixednetwork.

With this systemthe numberof simultaneousgallsthatcanbe handleds lim-
ited by the availablespectrum Anotherdisadwantageis thatthe transmittempower
of themobileterminalsmustbe ratherhigh to reachthe basestation.

Already in 1947, a solutionto thesetwo problemwas devised: the cellular
system.

The cellular concept

The startingpoint wasthis: How do we provide private wirelesscommunication
servicesto mobile customerswithin a certainarea? The original solutionwith a
singlepowerful basestationtransmitteris depictedn Figure1.10. Thesystemhas

Figure1.10: A cellularsystenwith a singlecell.

acces$o N frequencieswhich canbeusedio communicatevith themobilesin its
coveragearea. Half of thesefrequenciesare usedfor transmissiorfrom the base
stationto the mobiles,and the remainingfrequenciesare usedfor transmission
from the mobilesto the basestation. Theformerlink is known asthe downlinkor
forward link, andthelatteris calledthe uplink or reverselink. In total, the system
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canaccommodatéV/2 users.
Anothersolutionis to build several basestationswithin the area,asdepicted
in Figure1.11. Eachof the basestationscannow use N/6 frequenciego setup

Figurel.11:A cellularsystenwith 6 cells.

communicatiorwith at mostN/12 mobilesin its coveragearea. The systemasa
whole canthusstill handle(atmost)6 x N/12 = N/2 simultaneousalls.

However, sinceeachbasestationonly coversa smallerarea,it is possibleto
reducethe antennaheightandthe transmitterpower sothatthe rangeof the base
stationsis reduced.This leadsto reducednterferencérom neighboringransmis-
sions,makingit possibleto reusefrequenciesTakingthe network in Figure1.11
asan example,basestationsA andF may usethe samefrequenciesandso may
basestationsC andD. Theavailablefrequencieganthenbedividedinto only four
groupswith N/4 frequenciein each.Thesystencanthenhandlebx N/8 = 3N /4
simultaneousalls. By building additionalbasestations,we have thusincreased
the systemcapacity As a bonusthe mobilescanlower theirtransmitpowers,and
hencetheir powver consumptionwhich extendsthe batterylife time.

This is the cellular concept A geographicabrea,which can be arbitrarily
large, is divided into a numberof cells With eachcell, we associatene base
station,which provideswirelessaccesgo all mobilesin the cell. The basestation
is equippedwith atransmitteranda recever andis connectedo a fixed network.
Thefrequenciesisedby the basestationfor transmissiorandreceptionarereused
by abasestationsomedistanceaway. Thesmallerthereusedistancethelargerthe
systemcapacity

Whenamobilemovesacrossacell boundarycontrolof the call mustbetrans-
ferredfrom onebasestationto another This processs knovn ashandwer or hand
off. Making a handaer withoutinterruptingthe telephonecall wasoneof the ma-
jor problemghatdelayedheintroductionof afully automaticcommerciatellular
systemuntil theearly 1980s.
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Multiple-accessmethods

In the systemwe have describedsofar, the usersare grantedexclusive accesso
a communicationchannelby assigningto eachusera differentfrequeng. This
methodis known asfrequencydivision multiple-acces¢$FDMA), andwasusedin
the so-calledfirst generatiorsystems.Thesesystemaisedanalogtechnologyand
frequeng modulation.Examplesof suchsystemsarethe Nordic standardNMT®,
the British standardrACS’ andthe North AmericanstandardAMPS8.

Modern cellular systemsare digital and use a combinationof FDMA and
TDMA/CDMA In aTDMA (timedivisionmultiple-accegssystemdifferentusers
areassignedlifferenttime slots The durationof sucha time slot differs among
differentstandardshut is typically on the orderof milliseconds.In eachtime slot,
one usertransmitsa burst of digital data. Examplesof cellular systemswhich
useTDMA areGSM, the North Americanstandard$S-54 and|S-136which are
sometimesollectively labeledD-AMPS! andthe Japanesstandard®DC!, All
thesesystemselongto thesecondyeneratiorof cellularsystems.

In asystememplg/ing codedivisionmultiple-accesser CDMA, all userswithin
acell concurrentlysharethe samebandwidth.The mostcommonCDMA flavor is
calleddirectsequenc&DMA (DS-CDMA). In DS-CDMA, the signalfrom each
useris multiplied by a uniquesignatue waveformprior to transmissiona process
known asspreading Sincethe signaturewaveform hasa muchlarger bandwidth
thanthe informationbearingsignalfrom the user the CDMA signalconstitutesa
spreadspectrunsignal.

At the recever, the sumof all the transmittedbroadbandsignalsis receved.
Corventionally the signalsfrom the differentusersareextractedby cross-correla-
tion with the respectie signaturesequenceslnderideal conditions,the spread
spectrunsignalscorrespondingp differentuserswill beorthogonahttherecever.
Theoutputof eachcorrelatomwill thenbethetransmittedsignalof thedesireduser
This correlationrecever is knowvn asthe corventionalreceiver

In practice,the spreadspectrumsignalscorrespondindo differentuserswill
be non-orthogonakt therecever, andthe outputof all correlatorswill have con-
tributionsfrom all thetransmittedsignals.This interferencas known asmultiple-
accessnterference(MAI) in the CDMA literature. Still, the corventionalrecever
will work well underthefollowing two conditions:

®Nordic Mobile Telephone

"Total AccessCommunicatiorSystem
8AdvancedMobile PhoneService

®Global Systentfor Mobile communications
Opjgital AdvancedMobile TelephoneService
UpersonaDigital Cellular
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e Thecorrelationbetweerthe signaturesequenceis small.

e Thesignalsfrom differentusersarereceved with approximatelythe same
power.

Thefirst conditioncanbe fulfilled by carefuldesignof the signaturewaveforms.
The secondcondition can be fulfilled by accuratepowercontiol, which implies
thattherecever measuretherecevedpowerandinstructsthetransmitteto adjust
its outputpower to obtainthe desiredperformancé? Without power control, the
powersof thereceved signalsmay differ significantly Thisis the so-calledhear
far problem A strongsignal,typically originatingneartherecever, will outpaver
aweak(far) signal.

All majoroperationalCDMA baseccellular networks arebasedon the IS-95
standard84]. Fortheupcomingthird generatiorof cellularsystemsCDMA is the
multiple-accessethodchoserfor mostproposals.

The challenge:to increasesystemcapacity

Thegoalof ary cellular systemmustbeto provide powerful andflexible wireless
servicef high qualityto asmary usersandataslow acostaspossible Needless
to say this goalis easierto accomplistthe largerthe systemcapacityis.

At this point, it importantto remembethatwe aretrying to increasethe ca-
pacity of the systemasa whole. The channelcapacityis limited by the available
bandwidthandthesignal-to-noiseatio. Thechannekapacitythusprovidesanup-
perboundonthecapacityof asingle-cellcellularsystemwith asinglebasestation
antennaOntheotherhand thecapacityof a multi-cell cellularsystemis in theory
infinite.

To increasehe capacityof a cellular system several routesare possible.We
mentionjustafew:

1. Decreasethe cell size Thisis the standardwvay of increasingthe capacity
of a cellularsystem.An additionaladwantagewith this approachs thatthe
life time of themobilebatteriess increasedHowever, reducingthecell size
is expensve. This wascertainlytrue for the simple exampledescribedoy
Figuresl.10and1.11: Thecapacityincreasedy only 50 percentwhenwe
increasedhe numberof basestationby a factorof six. Furthermorethe
numberof handwersfor rapidly moving terminalsincreasesvhenthecells
aremadesmaller

2powercontrolcanalsobeusedio alleviatefading: By adjustingthetransmittepower of asignal,
we cancontrolthe SNRattherecever.
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2. Hierarchical Cell Structues(HCS)solvesthe hand@er problem,by having
two setsof cellscoveringonearea.Thefirst setusedargecellsto supplyser
vicesto rapidly moving mobiles,andtheothersetconsistof smallcellsthat
provide thewirelessservicego mary stationaryor slowly moving terminals.
The large disadwantagewith HCSis that the frequeng planningbecomes
morecomple.

3. Smartantennas. By using antennaswith several antennaelementsat the
recever and/ortransmitter it is possibleto increasethe systemcapacity
without reducingthecell size.In TDMA systemsthereusedistancecanbe
reducedwhereador CDMA systemswe cansimply allow more usersin
eachcell.

4. Betterreceiverstructues. With betterrecever structuresthe impactof co-
channebr multiple-accesmterferenceanbereducedfor agivencell plan-
ning and antennaechnology The goalis to increasethe systemcapacity
by improving the signalprocessingoftware, without having to install nev
hardwvare.

In this thesis,itemsthreeandfour will be discussedandwe shav that a multi-
variableDFE canbe usedasatool for thelasttwo capacityenhancingeaturesin
Chapter4, the DFE is usedin conjunctionwith anantennaarray In Chapters, a
multiuserdetectorfor CDMA systemss derivedbasedn a multivariableDFE.
Thekey propertythatmakesthe multivariableDFE suitablefor theseandother
purposess its ability to simultaneoushhandlesignalsfrom severalmeasurement
sensorandseseraldatasourcesTo accuratelydescribeherelationbetweerthese
datasourcesandmeasuremergignals we needa multivariablechannelmodel

1.4 Multi variable channelmodels

A multivariable channelor multiple-inputmultiple-output(MIMO) channelis a
channelvith severalinputsand/oroutputs.Suchchannel®ccurfrequentlyin mod-
elsof moderncommunicatiorsystemsin this section,we will give five examples
whereMIMO modelscanbeusedto provide anaccuratesystemdescription.
Channelswith multiple inputs are often introducedto give a more exact de-
scriptionof the detectionscenario.ln situationswhereseveral signalswereactu-
ally affectingthe channebutput,the channelsverepreviously modeledwith only
asingleinput. A largeamountof additive noisewasthenusedo describegheeffect
of theremainingsignals.Suchsingleinput modelinghaspreviously beenusedin
thescenarioglescribedn all thefollowing subsections.
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In the casegdescribedn Subsectiond.4.1and1.4.5,the multiple outputsof
the channelsoriginate from different sensors. Thesechannelsare “true” multi-
ple outputchannels.Otherchannelsare not truly multivariable,in the sensethat
the receved signalis actuallyscalar The multiple-outputcharacteiis generated
by sometransformatiorof the receved signal. The channelmodelsdescribedn
Subsectiong.4.2-1.4.4areexamplesof suchchannels.

Acquiring MIMO models

Channelmodelsare rarely knowvn a priori. Instead,they have to be estimated.
For unambiguougstimationof the IR modelsdescribedn this thesis,a knovn
trainingsequencés generallyrequired'® We thusassumehata trainingsequence
is present.

With SISOmodels,this assumptiorwould be sufiicient to ensurethatwe can
estimatethe channels. However, for MIMO modelsadditional problemsarise.
Sincemultivariablemodelscanbe parametrizedn mary differentways,ordinary
predictionerrormethodg54, 82 maybeinappropriatedueto thelarge numberof
structuradesigrvariablesnvolved. In thisrespectsubspaceédentification[68] of-
fersa solution. With subspacéentification,only onedesignvariableis used:the
orderof therealization.The estimatednodelis a minimal statespacerealization,
which canthenbe corvertedinto ary suitableform [40].

Fortunately multivariateFIR modelsaresitill relatively easyto estimatepsing
least-squaremethods.Oneremainingproblemis thatthe numberof parameters
to estimatemay be unnecessariljarge. In particular this is the casefor the mul-
tivariablechannelmodelsdescribedn Subsectiorl.4.1. Thesechannelscanin
factoftenbedescribedy areducedankmodel[52]. Thislow-rankpropertycan
alsobetakeninto accounwhenthe channeis estimated53, 81], leadingto more
accurateanodels.Anotherway to improve the channelestimatess bootstapping
which is describedn [91]. By letting the channelestimatorwork in tandemwith
a symbol estimator the channelestimatesanbe improved iteratively, usingthe
whole detecteddataburst, not only the training sequence.This methodwill be
usedbothin Subsectiond.4.3and4.5.

In this thesis,we will assumethat all modelsare knowvn without error In
practice,of course modelsareuncertainandbetterperformancanay be obtained
with robust methods.With suchmethodsdetectorghatexplicitly take the model
uncertaintyinto accountcanbedesignedSee[80] and[110] for examplesof such
designs.

Bldentificationis sometimepossibleevenwithout a known trainingsequenceThis is known as
blind identification[59, 65, 78,94, 97].
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1.4.1 Multi-element antennas

In cellularcommunicatiorsystemsinulti-elemengntennasalsoknown asantenna
arraysor spatialdiversity recevers, are frequentlyusedto rejectinterferenceand
to reducethe effect of fadingandnoise[6, 64]. They canalsobe usedto increase
systemcapacity{106].

Theintroductionof antennasvith several elementsat the recever resultsin a
channelwith multiple outputs. Assumethatthe receved signalis sampledat the
symbolrate. The signalreceved at antenna: is denotedy;(k), andthe additve
noiserecevedat the sameantennas denotedv; (k). Furthermoreassumehatthe
scalarchannefrom thetransmitterto recever antenna is describedy thetransfer
operatori{;(¢—'). To obtaina collective representatioof the antennasignals,we
form thefollowing vectors:

yk)2 (k) (k) ooy, (R))" (1.4a)
Hig )2 (Halg™) Holg™) oo Hoylg™)" (1.4b)
v(k) £ (vi(k) wva(k) ... va, (k)" , (1.4c)

wheren,, is the numberof antennaelementsdn the array The vectorof receved
samplecanthenbeexpressedas

y(k) = H(g™")d(k) + v(k) (1.5)

whered(k) is the transmittedsignal. The model(1.5) is a single-inputmultiple-
output(SIMO) model,andis depictedn Figurel.12.

The model (1.5) can be usedas a basisfor designof a detectorperforming
interferencerejection This approacthasbeenthoroughlyinvestigatedijn for in-
stance[11, 14, 64]. In all theseinvestigationsinterferenceejectionimprovesthe
performancssignificantly

In ascenariovhereseveralusergransmitsimultaneouslywe canmodify (1.5)
to explicitly incorporatemultiple users.For this purposeywe assumehatthesignal
d;j(k) is transmittedrom userj, anddefine

T

d(k) 2 (di(k) da(k) ... dn,(k)) (1.62)

We also denotethe scalarchannelfrom transmitterj to recever antenna as
Hij(g ') anddefinethe matrix

Hi(g™h)  Hile™) oo Hingle™)

High) 2 H(a™) Heala™) . HQ"“:(q_l) . (1.6b)

7-lnyl(qil) H'fby2(q71) ot Hnynd(qil)
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Ulgk)
T4y () =B — ()

Ug(k)
Ha(g™) _;é,)_, y2 (k)

Un?(k)
Hy (07) |- i, ()

Figure1.12: The presencef an antennaarray at the recever resultsin a single-
input multiple-output{SIMO) model.

Using(1.4a) (1.4c) (1.6a)and(1.6b) we cannow expressthe signalreceved at
theantennarrayby the multiple-inputmultiple-outputmodel

y(k) =H(g")d(k) +v(k) - (1.7)

Of coursethemodel(1.5)is aspecialcase(ng = 1) of (1.7).

The channelmodel(1.7) canbe usedasa basisfor designof a multiuserde-
tector, which simultaneouslyetectshe symbolstransmittedrom all users.This
approachwasfirst studiedby Wintersin [104] andmorerecentlyby Tidesta et
al. in [92], wherein addition, multiuserdetectionandinterferenceejectionwere
comparedThis scenariowill beinvestigatedn detailin Chapter.

1.4.2 Fractionally spacedsampling

We shall now turn our attentionto fractionally spacedsampling Fractionally
spacedsamplingimplies that the received signalis sampledsereral, sayp, times
duringasymbolperiodT}, asdepictedn Figurel.13.

Ts/p
— LP — ()

Figure 1.13: Fractionallyspacedsamplingleadsto a stationarymultiple output
model.

The samplingrate of the discrete-timesignal j(-) equalsp/T. Fractionally
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spacedsamplingcanbe usedto reducethe sensitvity of the recever to synchro-
nizationerrors,or simply to improve detectomperformance.

Sincethe samplingrateis not equalto the symbolrate, the signalg(-) is not
stationarybut cyclo-stationarylts momentsvary periodicallywith a periodequal
to p. Sinceanewv symbolis transmitteconly onceevery p samplesye canexpress
therecevedsignaly(-) as

gkp+71) = E[(q*l)d(kzﬂ—r) +o(kp+ 1), k=0,1,..., . (1.8)
r=01,...,p—1

In (1.8), we have introduceda scalardiscrete-timanputd(-), definedby

. {d(k) r=0

dlkp+r) = )
(kp ) 0 otherwise
andascalarchannel
H(gY)=Hy+ Hiqg '+ Hoqg2+....

Note that the samplingrate of the time-series] andthe model H(¢~!) equalsp
timesthesymbolrate.

To transformy(kp + r) to astationarysignal,we collectp consecutie samples
of g(-) in thevector

y(k) 2 (§(kp) G(kp+1) ... Ghp+p—1)" . (1.9)

Thevectorvaluedstochastiprocesg, (k) is stationaryandhassamplingrateequal
to thesymbolrate1/T;. To obtainthe desiredmultivariablemodel,we introduce
thesingle-inputmultiple-output(SIMO) transferoperator

H(g)2Hy +Hig ' +Hag 2 + ... (1.10)

where

A = ~ ~ T
Hy,.= (Hpp Hmpt1 --- Hppipo1) -

Analogousto (1.9), we stackthe noisesamplesi(kp + r) to form the vector
v(k):

v(k)E (B(kp) (kp+1) ... Skp+p—1))7 . (1.11)
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Using(1.10)and(1.11) we canexpressy(k) as
y(k) = H(g)d(k) +v(k) , (1.12)

which is a SIMO modelwhoseinputsand outputsare stationaryand sampledat
thesymbolrate.

Whenseveral signalsaretransmittedover acommonchannelanoversampled
versionof the receved signalcanbe usedto detectall of them. This canbeim-
plementedn CDMA systemsasdescribedn [1, 2, 86], andin xDSL systemsas
describedn [36, 71]. Theresultingmodelwill have multiple inputs,aswell as
multiple outputs.

In Chapter5, the CDMA detectionproblemwill beinvestigatedn detail. The
model (1.12)will be generalizedo represenmultiple users,andto modelrapid
time-variations.

1.4.3 Multiuser detectionin DS-CDMA

In DS-CDMA systemsgetectiorcanbeimprovedif we explicitly modelthemulti-

ple-accesmterferenceTheresultingMIMO modelwill havethesymbolsfrom all

theusersasinput. The outputof theMIMO modelwill bethesymbolratesampled
outputsfrom ng filters, eachmatchedo the signaturesequencef a specificuser

We thuscollectthe sampledutputsof the matchediltersin a vector:

V)2 (k) wolk) ... yn, (k)" (1.13)

Forachannelvithoutdelayspreadthisvectoris relatedto thevectorof transmitted
symbolsd(k) andavectorof noisesamples/’(k) through,see[57],

Y (k) = R(1)Wd(k + 1) + R(0)Wd(k)
FR(-1)Wd(k — 1) +'(k) . (1.14)

In (1.14) thematricesR (m) containpartialcross-correlationsetweerthespread-
ing sequences;(t):

A Ts+7;
R(m));,; 2 / si(t — )83 (t + mTy — 7)dt
Ti
where Ty is the symbol period, 7; € [0, 7] is the propagationdelay of users
and (-)* denotescomplex conjugate. It is hereassumedhat s;(t) = 0 outside
t € [0,Ts[. Theelementsn thediagonalmatrix W representhe amplitudesand

phaseshiftsof therespectie signals.
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ThemodAeI(1.14)is non—_causal'.l'o thainacausamodel,we definey (k) 2 y'(k—
1) andw(k) =v'(k — 1), which canbeinsertednto (1.14)to yield:
y(k) = H(g™")d(k) +v(k) ,
with aMIMO FIR channebf secondrder:
H(g ') =R(1)W + R(0)Wq ' + R(-1)Wq 2.

Unlike the modeldescribedn the precedingsubsectionthis channelmodel
assumeghat the receved CDMA signalis first correlatedwith the signaturese-
quence®f theusergo obtainanew setof measuremersignals.This hasimplica-
tionsfor the detectordesignwhichwill bediscussedn Chaptelb.

1.4.4 Separationof I- and Q-channels

Considerascalarchannebf theform (1.3). Wenow separat¢hetransmittedsignal,
the channelthe receved signalandthe noiseterminto their real andimaginary
parts:

d(k) 2 d (k) + jd' (k)
Mg EH (¢ + (g

y(k) 247 (k) + jy (k)

w(k) 207 (k) + joi (k) -

We realizethatwe canwrite

y(k) = H(q™")d(k) + o(k)

with
k)2 (v (k) yi(k)"
d(k) = (ar(k) d'(k))"
a(k) = (v (k) vi(k))"
and
u<q-1>é(§j§§gi)) gﬁz(q‘if))). (1.15)

We have thusconvertedthecomple-valuedSISOchanneto areal-\aluedMIMO
channel.This approacthasbeeninvestigatedn [28]. For real-valuedtransmitted
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signals the modelreducego a SIMO model. In this case usingthe multivariable
real-\aluedformulation, ratherthan the original scalarcomplex-valuedone, can
be adwvantageoussincewe gettwo measuremergignalsinsteadof one. Seefor
instanceg51].

This separatiowill beusedin Chapters.

1.4.5 Magneticrecordingchannels

Informationstorageresemblegommunication.Storingthe informationthencor
respondgo transmittingthe data,andthe informationretrieval correspondso the
reception.A databit which cannotbe readfrom aninformationstorages equv-
alentto a bit errorin communicationanderror correctingcodingmustbe usedto
correctthis bit.

Keepingthisin mind, it is not surprisingthatsignalprocessinganbe usedto
increasehe areal densityof a magneticstoragedevice, suchasa harddisc. The
arealdensitydescribesiow mary bits canbe storedandreliably retrieved from a
givenareaof the harddisc.

Theinformationbits on aharddiscarestoredalongconcentriccircles,known
astradks Thesebits areretrieved by letting the discrotateunderareadhead.The
outputof thereadheadis determinedy the databits storedbelowv the head.

Unfortunately the outputof thereadheadis affectednot only by the valueof
the databit storedright below it: It alsodependon the valuesof adjacentits.
Both bits onthe sametrackandbits on neighboringracksdeterminehe outputof
thereadhead.Theformercausdantersymbolinterferencewhereaghelattercause
intertradk interference.The outputof the readheadcanthusbethoughtof asthe
outputof a MISO channel: The inputsare all the storedinformation bits which
affectthe currentoutput.

To retrieve the information, it is alsopossibleto usean array of readheads,
mountedsideby side. This arraycanreadseveral trackssimultaneouslythusin-
creasingthe maximumrate of datatransfer At the sametime, the readprocess
maybecomemorereliable.

To be specific,assumédhatthearrayhas N readheadsandthat M tracksare
readsimultaneouslyasdepictedn Figurel.14.

Onestoredinformationbit in track j will resultin asignalp;;(t) atthe output
of readheadi. Thecontinuoudimeimpulseresponsé&om trackj to readhead; is
thusequalto p;; (). After lowpasdiltering andsymbolratesampling the discrete
time model#;;(g ') is obtained.

We canrelatetheinformationbits storedat the M tracksto thesampledbutput
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Headl
.
Trackl Head? —
Head3 —
Track?2 >
Head4 I
M tracks{ . . " N heads
. .
[ ]
HeadN — 2 s
Track M HeadN — 1 —
“ HeadN |

7

Figurel.14:A configuratiorwith N headssimultaneouslscansM tracksof the
magneticstoragedevice. The mediamovesbelav the headsproducinga stream
of measurementectors.

y;(k) of theith readhead:

where

d;(k)
v (k)

Theinformationbit storedattrack ;.
Thenoiserecevedatreadhead;.

> 1

We cannow combinetheoutputsromthe N readheadgo obtaintheMIMO model

y(k) = H(g™")d(k) +v(k) ,

where
y(k) 2 (k) (k) yn (k)"
d(k) 2 (dy (k) da(k) due (k)"
v(k) 2 (vi(k) wvalk) ... won(k))"
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and

N Hilg ) ... Himlg )
H(g™)= : :

Hyi(g™h) ... Hymlg™)

This modelhasbeenusedby Voois and Cioffi in [101] to derive a multivariable
DFE, which extractsthe informationstoredon the harddisc.

1.5 Outline of the thesis

The ambitiousgoal of this thesisis to give a thoroughtreatmeniof multivariable
decisionfeedbackequalizers Propertiesvhich apply equallywell to scalarDFEs
areonly briefly discussear not discussedt all. Theseimportantpropertiesn-
clude, for instance error propagatior[15, 43], combinationof equalizationand
coding[18, 19], andperformancéoundg26, 44]. Instead this thesisfocuseson
the multivariablenatureof the equalizatiorproblem,and,in particulay the useof
the DFE asatool for multiuserdetectiorandinterferenceejection.

The thesisis divided into two major parts. The first part consistsof Chap-
ters2 and 3, wherea concisetheoreticalfoundationis laid for the later chapters.
ThreemultivariableDFE structuresareintroduced.Designequationdor all three
structuresarepresented@ndtheir relative performancearecomparedn a numer
ical example. TheseDFEsare all multivariable generalization®f scalarDFEs.
Thefocuslies on minimummean-squarerrorandzero-forcingdesignsunderthe
assumptiorof correctpastdecisions.

The secondpart of the thesistreatsthe applicationdn Chapterst and5. The
propertiesof the DFE asa multiuserdetectorandaninterferencaejectorarede-
scribedanddiscussedn detailin two applicationscenariosSomegenerakonclu-
sionscanbedravn from theresultsin thesetwo chapters:

1. Multivariableequalizationin general,and the multivariable decisionfeed-
backequalizerin particular is very powerful. Theintroductionof multiple
sensordeadsto an enormousnterferencerejectioncapability far beyond
thanthe capabilitiesof ary scalaffilter.

2. With mary receversandfew transmittersthe differencebetweendifferent
equalizergendsto decreaseln particular this is true for the decisionfeed-
backequalizersliscussedh Chaptergt and5. An indicationof this property
is thattheconditionsfor theexistenceof azero-forcingsolutionto theequal-
ization problembecomeessrestrictve for situationswherethe numberof
transmitterss smallrelative to the numberof recevers.
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3. Whenthe numberof transmittersand/orrecevers increase the parameter
estimationbecomesnuchmoredifficult. This is true in particularfor the
estimationof the noisecolor. Dueto aninsuficientnumberof trainingdata,
theestimateof thenoisecovariancefunctionmaybecomesounreliable that
betterdetectionperformances obtainedif the detectoris designedbased
on theincorrectassumptiorof temporallywhite noise. This is the casefor
severalof thescenariosn Chapter.

The specificscientific contritutions in the thesisare describedn the following
subsection.

1.5.1 Contributions

TheDFEsin Sections3.1and3.2 aredescribedn

ClaesTidesta, AndersAhlén,andMikael Sternad;RealizableMIMO
decisionfeedbaclequalizersstructureanddesigri, submittedo IEEE
Transactionon SignalProcessing

Seealso[90]. The DFE presentedn Section3.1 resembleshe DFEs presented
in [23] and[28], but differsin two aspects:

1. The DFE in Section3.1 canbe straightforvardly appliedto channelswith
differentnumberof inputsandoutputs. Hence,it includesthe DFE in [11,
12] asaspecialcase.

2. Colorednoisecanbehandledn anoptimumway.

The DFE in Section3.2is a novel, multivariablegeneralizatiorof the scalarDFE
publishedin [79]. Closedform minimummean-squarerrordesignequationsare
presentedor this DFE. The zero-forcingcriterionis alsodiscusse@ndwe derive
conditionsfor the existenceof a multivariablezero-forcingDFE.

Theresultsin Section3.3 have beenpublishedn [92]:

ClaesTidesta, Mikael Sternadand AndersAhlén, “Reusewithin a
cell—interferenceejectionor multiuserdetection?, IEEE Transac-
tionson Communicationsvol. 47,no. 10, pp. 1511-15220ct. 1999.

The structureof this DFE is identicalto that of the DFE publishedby Voois and
Cioffi in [101]. A specialcaseof the DFE in [92] was independentlyderived
in [85]. Thederivationof theminimummean-squarerrorDFEsin [92] and[101]]
are equivalent, whereasthe derivation of the zero-forcingDFE in [92] is novel.
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The preciseconditionfor the existenceof a DFE which complieswith the zero-
forcing conditionhasnot beenpreviously published.Also, theimplicationsof the
non-«istenceof azero-forcingequalizethave never beendiscussed.

Partsof Chapter4 arealsopublishedin [92]. Seealso[88, 89, 93]. Thecom-
parisonbetweemultiuserdetectiorandinterferenceejectionwith antennarrays
involves novel insightsaboutstructuralaspectsand estimationproblemsfor both
detectors.

In Chapter5, a linear time-varying modelof transmissiorandreceptionin a
DS-CDMA systemis introduced. A similar modelwasintroducedby the author
in [86, 87]. Themodelin itself is not new, but the extensionto long codesis. The
ideaof actuallyusingthe modelasa basisfor detectordesignis alsonovel.

This linear modelis usedto derive a family of MMSE detectorswith various
degreesof decisionfeedback.As a bonus,we obtainnovel designequationgor
atime-varying versionof the FIR DFE introducedin Section3.3. We alsoprove
thata linear MMSE detectorwith or without decisionfeedbackjs nearfar resis-
tantif andonly if its parameterganbe adjustedo complywith the zero-forcing
condition. Theresultsin Chapters will be publishedn

ClaesTidesta, “Implementatiorandnearfarresistancef chip-spaced
DS-CDMA detectors,in preparation.

In additionto thejournalpapersmentionedabove, theauthorhaspublishedhe
following conferencepapersall of whichtreatvariousaspect®f the multivariable
DFE:

e ClaesTidesta, AndersAhlén,andMikael Sternad; Narrowbandandbroad-
bandmultiuserdetectiorusinga multivariableDFE," in Proceeding®f the
IEEE InternationalSymposiunon Personal,IndoorandMobile RadioCom-
municationsToronto,Canadasept.1995,vol. 2, pp. 732—736.

¢ ClaesTidesta, “Linear basebandhodelingof direct-sequenceode-dvision
multiple accesssystems, in Proceedingf Radiovetenskampadh Kommu-
nikation96 (RVK96), Lulea, Sweden,Junel996,pp. 156-160.

o ClaesTidesta, “Designingequalizerdasedon explicit channeimodelsof
DS-CDMA systems, in Proceeding®f the 5th IEEE InternationalConfer
enceon Universal Personal CommunicationsCambridge MA, Oct. 1996,
pp. 131-135.

e ClaesTidesta, AndersAhlén,andMikael Sternad,“RealizableMIMO de-
cisionfeedbackequalizers, in Proceeding®f the 1999InternationalCon-
ferenceon AcousticsSpeeh and SignalProcessingPhoenix AR, 1999,pp.
2591-2594.
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e ClaesTidesta, Mikael Sternadand AndersAhlén, “Reusewithin a cell—
interferenceejectionor multiuserdetection?, in Proceedingf the 49th
IEEE VehicularTechnolgyy Confeence Houston,TX, May 1999,pp. 1618—
1621.

e ClaesTidesta, AndersAhlén,andMikael Sternad,“A comparisorof mul-
tiuserdetectionandinterferenceejection, in Proceedingf Radioveten-
skapoch Kommunikatior®9 (RVK99), Karlskrona SwedenJunel999,vol. 1,
pp. 446-450.

The resultsin the following conferencepapersare also briefly discussedn the
thesis:

e ClaesTidesta andErik Lindskog, “Bootstrapequalizatiori, in Proceedings
of the 1998|EEE InternationalConfeenceon Universal PersonalCommu-
nications Florence]taly, Oct. 1998,pp. 1221-1225.

e Erik Lindskog andClaesTidesta, “Reducedrankspace-timequalizatiori,
in Proceedingof the 9th IEEE International Symposiunon Personal, In-
door and Mobile Radio CommunicationsBoston, MA, Sept. 1998, pp.
1081-1085.

e Erik Lindskog andClaesTidesta, “Reducedrank channelestimatiori, in
Proceedingf the 49th IEEE Vehicular Technolagy Confeence Houston,
TX, USA, May 1999,vol. 2, pp. 1126-1130.
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CHAPTER 2

‘ Problemstatement

N this chapter we beagin by giving an overvien of the detectionproblem. We

thenpresenpropertieghatarecommonto all the decisionfeedbaclkequalizers
discussedh thethesis.Thecriteriausedwhentuningthe equalizerparameterare
thenintroduced.Finally, we describeanddiscusghe channelmodelsthatwill be
usedasbasisfor equalizerdesignin Chapter3.

Considerthe receved sequenceof measurementectorsy(k). Eachvector

canbe describedasthe sumof the outputfrom a dispersie, linear multivariable
channelanda multivariatenoiseterm:

y(k) = H(g™")d(k) + (k) . (2.1)

In (2.1), thechanneis describedy thelinearMIMO operator

Hi(g™')  Hialg™) ... Hinglg™)
M2 Hoi(g™')  Haelg ) Hong (g
Hogt (7)) Hoa(a™) o Hagngla™)

whereagy(k) andv(k) arecolumnvectorswith n, elementsandd(k) is acolumn
vectorof dimensionng. The modelis depictedin Figure2.1} We sav in Sec-
tion 1.4 thatthis modeloffers considerabldlexibility to copewith alargenumber
of situationsoccurringin digital communicationWe will thereforeusethis model
asa startingpoint.

INotethatthis modelcannotbe usedto describenon-linearchannelsr non-additve noise.

33
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noise

|

d(k) =— ’H(q_l) :®:y(k)

Figure2.1: A linearmodelof a dispersie channel.

Ourprimarygoalis to reconstructheinputvectord(k — £) to thechannelsing
the measurement§y(n)}£_,. The constant/ is the smoothinglag or decision

delay andmaybeinfinite.

2.1 The multivariable decisionfeedbackequalizer

As a symboldetector we introducethe multivariabledecisionfeedbak equalizer
(DFE):

d(k — tk) = R(¢ )y(k) = F(g ")d(k — £ —1)

- . (2.2)

d(k —¢) = f(d(k — £|k)) -
TheDFE consistof two linearmultiple-inputmultiple-outpufiltersandadecision
non-linearity The measurementectorsy (k) areusedasinputto the feedforwad
filter R(¢~'), andthe detectedsymbolsare fed into the feedbak filter F(¢~1).
The differencebetweenthe outputsof the feedforvard and feedbackfilters is a
soft estimateof the input vectord(k — ¢). This soft estimated(k — £|k) is then
guantizedto the closestpoint in the signal constellation,and the resultinghard
estimatel(k — ¢) is fed to thefeedbacKilter to remave its effecton futuresymbol
estimatesTheDFE is shawvn in Figure2.2.

= R T () e

Feedforvard

—¢'Flgh) —
Feedback

Figure2.2: The multivariabledecisionfeedbackequalizer

Remark 1. Theoutputof the decisiondevice is alwaysbounded.Therefore as
long astheindividual filter R (¢ ') andF (g ') arestablethe DFE will bestable
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in the sensehatall internalvariablesareboundedvheny(k) is boundeddespite
thepresencef thefeedbacHink.

The function of this multivariableDFE is the sameasthat of the scalarDFE
introducedn Sectionl.2. The maindifferenceis thatfor multiple users boththe
feedforvardandthefeedbacHilters canbedesignedo reduceandcancelinterfer
encebetweerusersaswell asintersymbolinterference.

Wewill consideDFEswith adecisiondevice wherethedecisiondor all users
are madesimultaneoushand independentlyof eachother For a multivariable
DFE, thereis, however, a possibility to usemore elaboratedecisionrules. For
instance|f we allow decisionsto be madeconsecutiely on individual elements
in thevectorestimatewe canremaove theinterferencérom detectedsymbolsnot
only on estimate®f future symbols but alsoon the estimate®f the presensym-
bolsfor otheruserq25]. In casesvheresomeor all of thesymbolsin atransmitted
vectorarecorrelated, it may be advantageouso jointly mapseveral elementsn
the vectorsymbolestimateto the closestpoint in the (vector) constellation. This
procedures similar to the decodingprocessn a systememploing vectorquanti-
zation[67].

Evenwith the simpledecisiondevice usedin this thesis,closedform expres-
sionsfor optimal equalizercoeficientsareimpossibleto obtainfor realisticcrite-
ria. To make the determinatiorof usefulDFE parameterpossible we adoptthe
commonassumptiorthatall pastdecisionswhich affect the currentestimate are
correct. Underthis assumptionpptimal DFE parametergan be obtained,since
the symbolsfed back from the decisioncircuit can be treatedas a feedforvard
connectiorfrom delayedransmittedsymbols asdepictedn Figure2.3.

R O ()

Feedforvard

y(k)

dk—0—-1)— —.7-'(q—1)
“Feedback”

Figure 2.3: The decisionfeedbackequalizerwith the decisionfeedbackfrom
d(k — ¢ — 1) replaceaby feedforvardfromd(k — £ — 1).

Remark 2. Asdiscussedh Subsectiorl.2,aninherentdravbackwith the multi-
variableaswell asthescalaiDFE structurds errorpropagationaproblemwhichis

2For instance this could be the casein a DS-CDMA system wheremulticodetransmissioris
usedin conjunctionwith precodingo reduceenvelopevariations[67]
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illuminatedby theassumptioron correctpastdecisions Whenincorrectdecisions
arefed back, the probability of future decisionerrorsincreasespossiblycausing
additionaldecisionerrorsandanerrorburst.

The parametersn the feedforvard andfeedbackfilters cannow be tunedto
obtainthe desiredpropertiesof the soft estimated. In a digital communication
system,it may seemmorenaturalto adjustthe propertiesof the hard estimated,
for instanceto minimize the probability of error However, controlllng the prop-
ertiesof d is muchmoredifficult than controlling the propertiesof d, and often
the two approachesgive essentiallythe sameperformancd63]. Also, in adigital
communicatiorsystemwith coding,the soft ratherthanthe harddecisionsshould
beusedin thedecodingorocessControllingthe propertiesof the softdecisionsn
this casemakessense.

We will now presentthe two schemedor parameteadjustmentusedin this
thesistheze-forcing (ZF) criterionandtheminimummean-squarerror (MMSE)
criterion.

2.2 Parameter adjustment criteria

Originally, equalizersn generalndDFEsin particularwereinventedto suppress
the channeldistortion. To describethe ability of the equalizergo carry out this
task,the peakdistortionmeasurés commonlyused.Thepeakdistortionis defined
asthe absolutevalue of the worst caseresidualintersymbolinterferenceat the
outputof the equalizer Obviously, the minimum value of the peakdistortionis
zero.An equalizethatmanages$o achisre zeropeakdistortion,thatis, to remove
all intersymbolinterferenceis calleda zeo-forcing equalizer

When extendingthe definition of a zero-forcingequalizerto a multivariable
scenariojs is naturalto requirethatbothintersymboland co-channeinterference
be removed. Whenthis happensthe estimationerror will be uncorrelatedvith
all transmittedcsymbolvectors.A multivariablezero-forcingequalizercanthusbe
definedasfollows:

I?efinition 2.1 Considera multivariableequalizerthat produceghe softestimate
d(k — £|k) of atransmittedsymbolvectord(k — £). If

E[(d(k o) — d(k —E|k)) H )]:o Vm, (2.3)
thenthe equalizeris saidto be zero-forcing

In mary casesazero-forcingequalizemprovidesadequat@erformancein par
ticularwhenthe SNRis high. In othercasesthe noiseenhancemertausedy the
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zero-forcingequalizermay be unacceptableA designthat balancesnterference
suppressioagainsinoiseamplificationmaybe bettersuitedfor sucha scenario.

This is exactly what a minimummean-squar error (MMSE) equalizerdoes.
The parametersf suchanequalizeraretunedso thatthe estimationerror covari-
ancematrix

P2 Ee(k — 0)eH (k — 1) (2.4)
wherethe estimatiorerrore(k — £) is definedas
e(k — 0)2d(k — £) — d(k — £]k) (2.5)
is minimized? An equalizetthatminimizes(2.4) alsominimize$
trP = Etr(d(k —£) — d(k — £|k))(d(k — £) — d(k — £|k)) T
= Etr(d(k — £) — d(k — £|k))® (d(k — e) —d(k — £]K))

M
=B |di(k —0) — di(k — £|k)|? ZE|dk 0) —di(k — 0)k)|? .

The equalizerthusminimizesthe sumof the MSEsfor all thetransmittedsignals,
hencethe nameMMSE equalizer

2.3 The channelmodels

Althoughit is possibleto designa DFE directly from thereceved dataandatrain-
ing sequenceye will assumehatamodelof thechannehasbeenmadeavailable
to us prior to the equalizerdesign. Suchmodelbasedor indirect designhastwo
distinctadwantages:

1. The channelmodelcanoften be describedusingfewer parametershanthe
correspondingequalizer Given a limited amountof data, more accurate
equalizertuning is obtainedby first estimatinga channelmodel,andthen
performinga model-base@qualizerdesign.SeeChapter3in [51].

2. In time-varying scenariosthe parameterof the channelwill vary more
smoothlythanthe correspondingequalizemparametersTrackingthe chan-
nel parameterss then easierthantracking the equalizerparameters.See
Chapter2in [49].

3The covariancematrix is minimizedin the sensethatary otheradmissiblechoiceof equalizer
parameterwill resultin anestimatiorerrorcovariancematrix P suchthatP — P is positive definite.

“An estimatorthat’minimizes’ P actuallyminimizesary non-decreasinfunctionof P, suchas
det P or tr WP for ary positive definiteweightingmatrix W. Seg[82, p. 234].
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In our designof decisionfeedbackequalizersn Chapter3, we will usetwo time-
invariantchannemodels:

1. A full parametricdescriptionusing an IIR channeland an ARMA noise
model.

2. A descriptionbasedon an FIR modelof the channelanda non-parametric
modelof the noise.

Thesemodelswill bedescribecandmotivatedin the following subsections.

2.3.1 A generalfinite-order linear model

A generalinearmodelof finite orderis depictedin Figure2.4. Both the channel

Figure2.4: The generaimultivariablechanneimodel. Both the multivariablelIR
channeblndthevectorARMA noisemodelareparametrizedsleft matrixfraction
description{MFDs).

modelandthe noiseprocessare parametrizedby left matrix fraction descriptions
(MFDs) [40]:
y(k) = A~Hg ) B(g )d(k) + N~H (g~ )M (g e(k) . (2.6)

The polynomialmatrix B(g~!) hasn, rows andn, columns,whereasA(g~'),
M(q~") and N(¢~!) are squarepolynomial matricesof dimensionn,,. These
threematricesareassumedo have full normalrank[40] andto bestablyinvertible
thatis, therootsof

det A(z71) =0
det M(z 1) =0 (2.7)
det N(z71) =0

all lie insidethe unit circle |z| = 1. For FIR channeimodelsA(g!) = I, while
N(q ') = I for moving averagenoisedescriptions.
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In general,we assumehat the leadingmatrix coeficient My in M (¢ !) is
non-singulaP The denominatormatricesA(qg~!) and N(¢~!) are assumedo
be monic. To simplify the presentationA(¢—!) and N (¢~ ') arealsoassumed
to be diagonal Comparedio using full matrices,this will resultin muchless
comple« MMSE designequationsbut mightleadto unnecessariliiigh polynomial
degreesin the matrix element$. The polynomial elementsn the matricesmay
have complex coeficients,andareassumedo be correctlyestimated The degree
of A(q 1) is 0 A, whereaghe matrix polynomialsB(q 1), M (¢ ') andN (g 1)
have degreess B, 0 M, andd N, respeciiely.

We will assumehateachelementd;(k) in thesymbolvectord(k) is astochas-
tic variablewith zeromean. The vectord(k) is alsouncorrelatedwith the noise
vectore(k):

Eld(k)e" (m)] =0 Vk,m. (2.8)
Finally, without restrictionwe assumehat
Ed(k)d® (m) =1 6 , (2.9)

where

o1 ifk=m
k=0 otherwise

Theassumptioron temporalwhitenesof thetransmittedsymbolsis generally
validin acommunicatiorsystememploying interleaving[48, Ch.9]. Differentele-
mentsin thesymbolvectord(k) areuncorrelatedvhenthey correspondo different
users.Theextensionto correlatedsignalsis straightforvard.

Thenoisevectore(k) in (2.6)hasn, elementslt is apossiblycomple-valued,
white stochastiprocesswith zeromeanandcovariancematrix

Ele(k)ef (k)] = AI. (2.10)
Thismodelis generaknoughto handlemostscenario®f interestandwill beused
asabasisfor thedesignof two typesof DFEsin Chapter3.
2.3.2 A finite impulseresponsemodel

In casewherethegeneraimodel(2.6)is consideredoo difficult to obtainwe may
considemsimplerstructure Suchastructures depictedn Figure2.5. In thiscase,

5Sincethe noisemodelis only uniquein the sensethatit accuratelymodelsthe noisespectral
density we canalwayschoosean M (g~ ') with Mo non-singulamndstill obtainthe desirednoise
spectrum.

®HenceneitherA=" (¢~ )B(q~") nor N~ (¢~ ') M (¢~ ') constituterreducibleMFDs.
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atk) = B(q™") —(H—v(®)

Figure2.5: The FIR channelmodel. The channelis describedby a polynomial
matrix, whereaghe noiseis describeay its matrix-valuedcovariancefunction.

therecevedsignalcanbedescribedy themodel
y(k) = B(g ")d(k) +v(k) (2.11)

whereB(¢™!) is a polynomialmatrix of degree L with n, rows andn, columns.
Thepropertiesof thesignald aredescribedn Subsectior?2.3.1,whereaghenoise
termis describedy its matrix valuedcovariancefunction

A
Yk—m = E[v(k)v™ (m)] . (2.12)

Furthermorey is uncorrelatedvith d:
E[d(k)vZ(m)]=0 Vk,m. (2.13)

This modelis the most commonmodel usedfor designingadaptve equalizers.
Its structurepermitsan accuratedescriptionof wirelesschannelsandthe chan-
nel B(¢q~!) canbe easilyestimated However, estimationof the covariancefunc-
tion (2.12)canbe very difficult. As we shallsee this modelis closelytied to the
third type of DFE thatwill bedescribedn Chapter3.

In the next chapter we will shav how to adjustthe equalizercoeficientsac-
cording to the criteria introducedin Section2.2, using the channelmodelsde-
scribedin this sectionasa basis.



CHAPTER 3

‘ Themultivariabledecisionfeedbackequalizer

N this chapter three multivariable decisionfeedbackequalizerswill be pre-
sented:

1. Theoptimum,non-realizabl®FE.Thesmoothindagof thisDFEis infinite,
which is equialentto allowing a non-causafeedforvard filter. The scalar
versionof this DFE wasoriginally derived by Monsenin [63], andthe mul-
tivariableversionwasfirst derivedin [28] for a channelwith two inputsand
two outputs,andin [23] for amoregeneramultivariablechannelwith equal
number=f inputsandoutputs.This DFE will bepresentedn Section3.1.

2. The optimumrealizableDFE, which hascausalfeedforward and feedback
filters. The decisionson the symbolsare madeafter a finite delay This
multivariableDFE wasoriginally publishedn [90], andwasageneralization
of the scalardesignpresentedyy SternacandAhlénin [79]. This DFE will
bediscussedh Section3.2.

3. The FIR DFE, whereboth feedforvard andfeedbackfilters aretranswersal
filters. The degreesof the feedforvard andfeedbackfilter are designvari-
ables. This DFE wasfirst derived in [101] andindependentlyn [85]. See
also[88, 92]. Section3.3will bedevotedto the studyof this DFE.

As mentionedin Chapter2, we will considertwo criteria for filter optimiza-
tion: the minimummean-squar error (MMSE)criterionandthe zeo-forcing (ZF)
criterion. A ZF equalizemmay provide adequatgerformancevhenthe noisecan
be neglected,but atlow to moderatesignal-to-noisegatios, the performancef an

41
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MMSE equalizerwill be superior Therefore,an MMSE equalizeris often pre-
ferredfor practicalimplementation.

However, studiesof themultivariableZF criterioncanprovide importantinfor-
mationaboutthe correspondindMSE solution. Whena ZF solutionexists, the
MMSE solutionwill approximatea ZF solutionfor low noiselevels. In situations
whereno equalizerfulfills the ZF condition (2.3), an MMSE equalizerwith the
samestructurewill notwork well. Its estimationerrorwill notvanishfor avanish-
ing noiselevel. Thelack of a zero-forcingsolutionmaybe causedy anill-posed
problemand/oraninappropriatdilter structure.

Thiseffectwill bemostclearlyvisible with very disparateecevedsignalpow-
ers. Thisis known asthe nearfar problemin the CDMA literature. The ability to
detectaweaksignal(typically originatingfar from therecever) in the presencef
strong(near)interferingsignalsis a distinguishingpropertyof CDMA detectors.
In this chapterwe will studyunderwhatconditionssolutionsto the multivariable
zero-forcingproblemexists. In Chapter5, we will seehow the non-eistenceof
a zero-forcingequalizerwill affect the nearfar propertiesof the corresponding
MMSE equalizer

3.1 The optimum MMSE decisionfeedbackequalizer

We will first derive theoptimumMMSE DFE with no constrainion thesmoothing
lag. The only restrictionwe imposeon the DFE is thatthe feedbackilter mustbe
strictly causat:

Allowing aninfinite smoothingag is equivalentto allowing an arbitrarynon-
causafeedforvardfilter. To shaw this, we rewrite (2.2) as

d(klk +£) = ¢"R(q")y(k) — F(q~")d(k — 1)
d(k) = £(d(k|k + 2)) .

We now let £ tendto infinity to obtainthe optimumnon-realizabléViIMO DFE:

d*(k) = R™(¢,q y(k) — F=(¢ ")d(k - 1)

- . 3.1
d(k) = £ (k) G5

LIn [23], this assumptioris relaxed. Presensymboldecisionsaboutonesignalare usedto im-
prove the estimate®f othersignals.
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wherewe have defined
d® (k)2 lim d(k|k + ¢)
=0
R(¢,¢7") = lim ¢"R(¢™)
A l—o0
FX(gH = lim F(g™).
l—o0
Notethatthefilter R*°(q, ¢ ') representanarbitrarynon-causalilter. Thestruc-

ture of the DFE now matcheghe structureof the DFE discussedh [23].
We introducethefollowing polynomialmatrices:

T(g )= A(g HM(gY) (3.2a)
SN Y)B(gY). (3.2b)

We alsodefinethe polynomialmatricesI’(¢~!) and#(¢~!) by thematrixidentity
L el 1, _
g O (¢ ) =T""(¢ 7)), (3.3)

whichis equialentto thelinearpolynomialmatrix equation

T(g " )7(g") =7(g HT(g").

Solving (3.3) impliesfinding a right MFD from a left MFD. Without restriction,
we assumehat,7(¢ )T ' (¢~!) (in contrasto T'~(g 1)~ (¢~ 1)) constitutesan
irreducibleMFD [40].

The coeficients of the optimumMMSE DFE canthenbe obtainedusingthe
following theorem:

Theorem 3.1 Assumehata multivariablechannelis describedy (2.6), andthat
the transmitteddata is describedby (2.9). Furthermog, assumethat the noise
is describedby (2.10) with A\, > 0 andthat (2.8) holds. Assumingcorrect past
decisionsthenon-causafeedforwad filter R*°(¢, ¢~*) andcausalfeedbak filter
F>(q 1) of theoptimumnon-ralizableMIMO MMSEDFE (3.1) are givenby

1 -~ -
R®(q,q7") = T ToW '8, L. T M TN (3.4a)
e
1 ~
= )\—I‘oW_lﬂII%*M_lN (3.4b)
e

FX(q") = q(TofT ™ —T), (3.4c)
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whee Ij is theleadingcoeficientof I and 3 is the monicand stablesolutionto
thematrix spectal factorization

A
BWB =TI+ —7.7. (3.5)
e

In (3.5), W is a constant,positivedefinitematrix which has beenintroducedto
male 3 monic.

Proof: SeeAppendixA. |

Remark 1. Notethatsincel', and+, have nocommonleft factors equatior(3.5)
hasa uniquesolution {3, W}, whereg is causallyinvertible. See[109] for a
discussion.

Remark 2. Thefilter F*°(¢~!) will be causal,sincethe leadingcoeficient in
TyBT ' equalgheidentity matrix.

We cannow determingheresidualMSE for theoptimumDFEwhenit is apinedto
the outputof thechannel(2.6). Assumingcorrectpastdecisionswe insertd® (k)
from (3.1)into (2.5)andusetheoptimumfiltersin TheorenB.1togethemith (3.3).

1 . e
e(k) = —)\—I‘oW’IB*’l%*M’lNy(k) + 0BT d(k) .

€
We now insertthechanneimodel(2.6).

e(k) = —% CoW '8, '7. M ™' N (A™'Bd(k) + N~ Me(k))

€
+ 0BT d(k) .
Keepingin mind that N and A ! arediagonaland hencecommute we usethe
definitions(3.2a)and(3.2b)andrearrange:

(k) = (foﬁf

1 ~
t )\—I‘OWI,B*I%*I‘17-> d(k)
e

— ifOW*lﬂ,:l%*e(k) .
Ae
Making useof theidentity (3.3), we canrewrite thisas

(k) = Ty (ﬁ— L

- 1 -~
3 \AEn 1?#) I d(k) — /\—I‘OW_l,B*_li-*e(k)
e

e

5 1 __ 1.
= ToW™ 8.t (mwg — A—ﬁ%) I d(k) - )\—I‘OW_I,B*_l%*e(k)

. e 1 .
— ToW 8710, IT "d(k) — ToW 1B F (k)
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wherewe in thelastequalityusedthe spectrafactorization(3.5). Thefinal expres-
sionfor the estimatiorerrorthenbecomes

- - 1
e(k) = ToW™ig ! (I‘*d(k) — /\—‘he(k)) :
€
Keepingin mind thatd(k) ande(k) areuncorrelatedwe useParseal’s relation
for complex signalsto obtain an expressionfor the estimationerror covariance
matrix (2.4).
1 - -1 d
P— _— FoW—187! (r*r + —%ﬁ-) giw-HR Y
271'] |z|=1 )‘e ¥4
For adescriptionon how Parseal’s relationis usedto evaluatethesecorrelations,
see[3. Finally, we againusethe spectrafactorization(3.5).

1
- L4 mowis s wesw Ry L

275 J)z1=1
=T,W-HT] . (3.6)

The filter 7,I'; ' M~1 N that appearsas a right factor of (3.4a)constitutes
a bank of whiteningmatdedfilters. This meansthat the receved signalfirst is
passedhroughafilter thatwhitensthenoise.Thenoisewhitenedsignalis thenfed
to afilter thatis matchedto an equivalentchannel. To seethis, we introducethe
noise-whitenedneasuremergignal

yu(k) 2 M~ ()N (g )y (k) -

If weinsert(2.6)into this expressionyve obtain

yuw(k) = M g )N(g ") (A (¢ HB(g ")d(k) + N~' (¢ )M (g e(k))
=M (g ")N(g A (¢ )B(g ")d(k) + e(k)
=M ¢ YA (g )N (g ")B(g ")d(k) + e(k)
-

Ha™hr (g Nd(k) +e(k)

sinceN (¢~ ') andA~!(¢~') arediagonalandthuscommute Thesignald(k) has
thenpassedhroughthe equivalentchannel

g Hr(™),

andafilter matchedo this channeis equalto

()T (q) -
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Hence,whenthe smoothinglag tendsto infinity, thereis no performanceenalty
associatewvith theintroductionof suchafilter prior to theoptimizationof theDFE.
However, it is not possibleto prove this whenthe feedforvardfilter is requiredto
becausal.

Remark 3. The DFE describedn this sectionresembleshe DFE presentedy
Duel-Hallenin [23]. However, thereare alsoimportantdifferenceswhich make
comparisorof theresultingdesigndifficult:

e TheDFEin [23] usegpresentecisiondrom oneuserto improve theestima-
tion of thesymbolsfor otherusers.The DFEsdiscussedh thisthesisdo not:
only pastdecisionsarefed back.

e TheDFE in [23] assumesvhite noiseand correlatedsymbols,whereagshe
DFE describedn this sectionassumesolorednoiseanduncorrelatedsym-
bols.

e TheDFEin [23] doesnotallow ary polesin thechannedescriptionInstead,
thechannels describedy anall-zerofilter with infinite impulseresponse.

Dueto thefirst property we cannotchoosea setof systenmparameterso obtainthe
samedesignequations.

Of course,an infinite smoothinglag is not admissiblein practice. The only
reasonfor studyingthis non-realizabledDFE is thatit providesa lower boundfor
theachierable MSE with ary realizableDFE.

3.2 The optimum realizabledecisionfeedbackequalizer

If aDFE is to beimplementedit hasto berealizable.Oneway of achieving this
would beto useTheorenB.1to designa DFE with anon-causaleedforvardfilter.
A suitabledelaycouldthenbeintroducedandthefeedforvardfilter couldbetrun-
catedto malke it causal However, abetteroptionwould beto includetheconstraint
of realizabilityalreadyin the DFE designasdescribedelon. The performancef
sucha DFEwouldbebetterthanor equalto thatof a DFE obtainedrom truncating
thenon-realizabl®FE.

3.2.1 The MMSE design

In this casewe will usethe DFE (2.2)directly, with afinite smoothingag £. The
feedforvard andfeedbackilter of the MMSE optimumrealizableDFE canthen
be calculatedusingthefollowing theorem
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Theorem 3.2 Assuméhat a multivariablechannelis describedoy (2.6), andthat
thetransmitteddatais describedby (2.9). Furthermoe, assumehat the noiseis
describedby (2.10)with A, > 0 andthat (2.8) holds. Assumingcorrect pastde-
cisions,the optimumrealizablemultivariable DFE (2.2) minimizeghe estimation
error covariancematrix (2.4)if andonlyif

S(gHM g )N (3.7a)
a1,

(@ T (¢ h). (3.7b)

Above S andQ, of dimensions,; x n, andng x ng4 respectivelytogetherwith the

polynomialmatricesL; and L, of dimensions:; x ng andn, x ng respectively

can be calculatedas the uniquesolutionto the two coupledpolynomialmatrix
equations

Bl
Q\ >QI
[
o

I —¢'S7+¢'Q=L.,T (3.8a)
q “L1.T. — X\ST, = gL, (3.8b)

whee the dggreesof the unknownpolynomialmatricessatisfy

0SS =1 (3.9a)

6Q = max (T, 67) — 1 (3.9b)

6L, =1¢ (3.9¢)

0Ly = max(éT,6l") — 1. (3.9d)

Proof: SeeAppendixB. |

Remark 4. The degreeslisted in (3.9a)-(3.9d) are sufiiciently high. When 7
(andhencert,) hasfull rank,thesedegreeconditionsarealsonecessary

Remark 5. It isdemonstrateth AppendixB thatthedesignproceduradescribed
in Theorem3.2 alwaysprovidesa uniquesolution.

Remark 6. Notethatthe feedforvardfilter R (¢~!) will alwayscontaina noise-
whiteningfilter asaright factor It will, however not containary matchedilter for

¢ < oo. Thesignalafterthenoisewhitening
yo(k) 2 M~ Ny(k) = M~'N A~ Bd(k) + (k)

is thenequalizedy anFIR feedforvardfilter S(¢—*) whichminimizestheprecur
sortapsof the equalizedchannelanda feedbackilter F(g~!) which cancelsall
postcursotaps.



48 Chapter3. Themultivariabledecisionfeedbackequalizer

Remark 7. From(3.7a)and(3.7b) we seethatboththefeedforvardandthefeed-
backfilters have thezerosof thenoisedescriptioraspoles.Whenthesenoisezeros
arelocatedcloseto theunit circle, theimpulserespons®f bothfilters will bevery
long.

Remark 8. Thetwo coupledDiophantineequationq3.8a)and(3.8b)areunilat-
eral, sinceall the unknavn polynomialmatricesappearon the same(in this case
left) side of their respeciie coeficient polynomial matrices. Solving theseuni-
lateral Diophantineequationscorrespondso solving a block-Toeplitz systemof
linearequationsasdemonstrateth AppendixB, equationgB.19)-(B.22)

Remark 9. The smoothinglag ¢ is a designvariableand shouldbe chosenas
a trade-of betweencompl«ity and performance.In generalthe smoothinglag
shouldbe chosenso that “enough” signalpower canbe collectedby the feedfor

ward filter beforea decisionis made. Actually, a performancecloseto that of

the unconstrainedolutionin Theorem3.1 is obtainedwhen/ is chosena few

times the settling time of the impulseresponseof the noise-whitenecchannel
M-'NA-'B =TI, Also, the performanceenaltyof usinga matchedilter

asana priori componentn the designof anoptimumMMSE DFE diminishes.

Remark 10. In thenext section,we will considera DFE wherefeedforvardand
feedbackfilters are constrainedo be FIR filters. Theorem3.2 tells us that this
structue is optimal only whenthe channelhasa finite impulseresponseandthe
noiseis white or autorgressie.

Whenthe channelis equalizedusingthe optimum MMSE DFE, the estimate
of thetransmittedvectorwill be givenby

d(k — €)k) = R(q "y(k) — Flg d(k —£—1)
=R(qg (A (g )B(g Nd(k) + N~ (g~ )M(q " )e(k))
— Fg Hd(k—2-1)
= (R HA (¢ )B(g") —q T F(g7"))d(k) + S(g"e(k)

whenall previousdecisionsareassumedorrect. We now insert(3.7a)and(3.7b)
into this expression We alsousethedefinitions(3.2a)and(3.2b)to obtain

d(k —€lk) = (S(a T Mg (@) —a QU HT (g7 h))d(k)
+S(g Ve(k) .
We now utilize thefactorization(3.3)togethemith (3.8a)to obtain
d(k —£lk) = (¢~ T~ La(g~")d(k) + S(g~e(k) , (3.10)
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whereL(q ') = ¢ *Li.(q) = L{j+ L{,_¢ ' +--- + Lijq *. Theequivalent
equalizedcthannelis thusgiven by

Ceglg) =q¢T—Li(g™).
Note thatthe polynomialmatrix — L1 (g~ ') representshe deviation from a zero-
forcing solution.

Also, from (3.10) we can calculatethe resultingestimationerror covariance
matrix (2.4). Usingtheassumption$2.8)-(2.10) we readilyobtain

¢ ¢
P=> LiLi,+X Y S.S). (3.11)
n=0 n=0
Thefirsttermin (3.11)is causeddy residualintersymbolandco-channeinterfer
encefrom thefirst £ tapsin the equalizedchannel.The deviation of the reference
tapfrom the identity matrix alsocontritutesto theterm. Thelasttermin (3.11)is
causedy thenoise.
To illustratethedesignprocedurewe will considera specificexample.

EXAMPLE 3.1

We will determinean optimumrealizableDFE with smoothingag 4 = 1 when
thechannels describedy the FIR model

A(gh =1
B(g ) = 0.979+ 0.204~! 0.826+ 0.563;* (3.12)
9 )= \_-0.843- 0538 0.403+0.915 ') °
andthenoiseis describedy the MA process
N(g =1
Mg ) = —0.409— 0.179' —0.535+0.71%! (3.13)
~ \-0.507+0.36~! 0.761—0.18%~' ) -

With A\, = 0.1, we obtainan SNR of 10 dB at eachof the channeloutputs.For
this system,we obtainT(¢~!) = B(¢~!) andT'(¢~!) = M(q~!). To deter
mine the right MFD #(g~1)T' ' (¢~') from theleft MFD T (¢~ )7 (¢~!) =
M~1(¢ ") B(q~") we usethefunctionsof the PolynomialToolboxfor usewith
MATLAB TM, describedn [35]. Theresultis

S —0.698+ ¢! —1.87

T(g ) :( 0822  —149% q1>

s = (0830 1541 3143357\
0.649-0.1g! 3.35+1.6%
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We now obtainthe degreesof the polynomialmatriceshat satisfythe Diophan-
tine equationg3.8a)and(3.8b)from (3.9a}-(3.9d)

08 =0L1 =¢=1andéQ = 6L, =0

We cannow insertthepolynomialmatricesB, M, 7, andT into (3.8a)and(3.8b)
TheseDiophantineequationg€anbesolvedby first solving(B.22)in AppendixB
for §(¢~!) andL; (¢~ '), thencomputingheright-handsideof (B.19)andfinally
obtainingQ(¢~") from (B.23). Thesolutionis

S = 0.0331+ 0.11%~! —0.0563— 0.662
9 )=\ _0.067—0.59%~! 0.0634+ 0.169~!

1, _ (—1.0606 —0.706
Qg )_<0.8696 —2.6606/ -

With

1, 1 -1.715 0.761-0.18y~! 0.535-0.717%!
M= (¢ )=
1—0.848-1 + 0.38g~2 \0.507— 0.36g ! —0.409—0.179*

_ 0.388 ~1.49+ ¢~ 1.87
T 1-08481+0388 2\ -0822 —0.698+¢""

.1

I (¢

we cancalculatethefinal filters with theaid of (3.7a)and(3.7b}

0.0057140.398 1 —0.3732 0.07-0.549~1—0.0589 2
'R(q‘l) _ 1-0.848-1+0.38g—2 T 7 1-0.848-110.38§?
0.0322+-0.646~1—0.079 2 0.1064+0.646;=1—0.67%2
1-0.848~-1+0.38—2 1-0.848~-1+0.38g~2
0.838-0.41%! —0.579-0.275~1
.7:(q_1) _ (10.8481—1+0.388q—2 10.8481—1+0.388q—2>
0.348+0.33g~ 1! 1.35-1.03~1
1-0.848,-1+0.388¢—2 1-0.848~1+0.388¢2

We canalsocomputethe equivalentchannefrom (3.10})

Cla ) = 0.0645+ 0.946~"  —0.0235+ 0.0269
7 )7 \-0.0578+0.0269~!  0.0694+ 0.95;

andtheresidualMSE from (3.11)

pP_ 0.0539 —-0.026
- \—0.0269 0.0503) -
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3.2.2 The ZF design

To derive the conditionsunderwhich the optimumrealizableDFE satisfieq2.3),
wefirstneedanexpressiorfor theestimatiorerror Forthispurposeweinsert(2.6)
into (2.2)to obtain

d(k —f)k) =R (A7'Bd(k) + N"'Me(k)) — Fd(k—£—1)  (3.14)
— (RA—lB - q—@—lf) d(k) + RN~ Me(k) (3.15)

wherewe onceagainusedtheassumptiommn correctpastdecisionsWe now insert

~

d(k — £|k) into theexpressiorfor the estimatiorerror:
e(k — &) =d(k — ) — d(k — £)k)
- (q—‘fI ~RAB+ q—‘f—ly-') d(k) — RN~ Me(k) .

To ensurethat the zero-forcingcondition (2.3) is fulfilled, we mustthusrequire
that

¢ I-RA'B+q'F=0
or, equvalently
RA'B ¢ l'F=¢g1. (3.16)

This conditionis both sufiicient and necessandue to the assumptionsn (2.9)
and(2.8).

Sincethedetectiorperformancef a zero-forcingequalizeis inferior to thatof
aminimummean-squarerror equalizerwe areusuallynot interestedn actually
finding a solutionto (3.16) However, we areinterestedto seeunderwhat con-
ditions a solutionto (3.16)exists, sinceit would thenrepresenthe limit towards
which an MMSE solutionwill corverge for a vanishingnoisevariance. As will
be discussedn Subsectiongl.3.2and 5.3.2,the existenceof sucha limit is an
importantindicationfor the soundnessf anMMSE solution. The existenceof ZF
solutionsis thetopic of thefollowing theorem:

Theorem 3.3 Thee existsa solutionto (3.16)if and only if every commorright
divisor of A~!B and ¢~ ¢"'1 is a right divisor also of g~“I. Theright divisors
shouldbe membes of thering of stableand causalrational matrices.

Proof: Thetheoremfollows from the generaltheory of Diophantineequa-
tions,see[45]. |
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The theoremcan be usedto find out if thereexists a zero-forcingMIMO DFE
for ary givenchannelandsmoothinglag. However, we canusethe theoremalso
to find trivial channelcharacteristicshat precludethe existenceof a zero-forcing
DFE. Thefollowing two corollariesareexamplesof suchcases.

Corollary 3.1 If rank A™'B < ng, thenA~! B and¢—¢~'I will alwayshavea
commorright divisor thatis nota right divisor of g~ 1.

Proof: SeeAppendixD. |

The exactprocedurdor finding the rank of a rationalmatrix canbe foundin [40,
Sec.6.5]. Threeimportantsituationswvhentherankis smallerthann, are:

e More channelinputsthanchanneloutputs.Since
rank A™' B < min(ny, ng) < ny,
we realizethatrank A~' B is smallerthann, wheneern, < ng.

e Linearlydependentolumns Whenthechanneldrom someof thetransmit-
tersarelinearly dependentA=! B will looserank.

e Morethann, — ny linearly dependentows. In somecasesthe channelgo
someof thereceversmay be linearly dependentThis could happenwvhen
the multivariablechannelmodelis obtainedby excessie oversamplingof
aband-limitedsignal. Whenmorethann, — n, of theserow channelsare
linearly dependentherankof thechannelwill belessthann,.

For theseconccorollary we define
A; 2 the propagatiordelayof user: in ary channel. (3.17)

Thus, A; is the largestnumbersuchthat the first A; columntapsin the matrix
polynomialrepresentationf column; in B(g~!) areidenticallyzero. This leads
to thefollowing formulation:

Corollary 3.2 If A; > ¢ for somei, then A~ B and ¢~ 'T will alwayshavea
commorright divisor thatis nota right divisor of g—¢I.

Proof: SeeAppendixD. |
Remark 11. Fromtheperspectie of adetectordesignerCorollary3.2is enlight-

ening. Whendesigninga multiuserdetectorit is vital to choosea smoothinglag
thatis guaranteetb exceedthe bulk delayof all users.
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Additional insightsinto the problemof finding zero-forcingDFEscanbe obtained
by rewriting (3.16)as

¢ I=(I+¢'F)'RA'BEH N . (3.18)
with’H = A~'B and
H=1+q¢'F)'R.

Here,H’ isaleftinverseof # for ¢ = 0 andit representageneralizedeft inverse
for £ > 0. Sinceboth F andR arerequiredto be causal,4’ mustbe causal.
However, ' is notrequiredto be stable:Evenif F is stable(I + ¢~ ' F)~! may
very well be unstable Thus,the classof admissibleH."sis muchlargerfor DFEs
thanfor linear equalizer{F = 0): Unstablezerosof B cannotbe canceledoy
R, sinceR is requiredto be stable.See[33] for conditionsfor the existenceof a
multivariablezero-forcinglinearequalizer

Another reformulationof (3.16) also provides someadditionalinsight. We
realizethatwe canwrite

A™B ) . (3.19)

q_ZI = (R f) (_q—K—II

We thusseethatit is the propertiesof

A~'B
_q—Z—II
ratherthanthe propertiesof A~! B alonethat determinethe existenceof a zero-
forcing solution.

3.3 Theoptimum FIR decisionfeedbackequalizer

In practice implementatiorof the optimumrealizableDFE may be deemednap-
propriate.Thisis truein particularwhenanadaptve implementations considered,
since, for instance stability monitoring hasto be performed. Also, acquiringa
parametrianodelof the noisemaybetoo computationallyntensve. In theperfor
mancecomparisorattheendof thischapterwe will seethaterrorpropagatiomnmay
severely degradethe performancef the DFE derived from Theorem3.2, whichis
yetanothereasorto considera differentDFE structure.

An attractve alternatve is to usea DFE wherebothfeedforvard andfeedback
filters aremultiple-inputmultiple-outputFIR filters of predeterminedegrees.We
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will call this equalizetthe FIR or corventionalDFE. In this DFE, we thushave

R =8¢ ) =So+S1g +---+Sseq (3.20a)
FlaH=QgH)=Q+ Qg+ -+ Qsoq 9. (3.20b)

whereds is a designvariable,whereasi@ will be a function of §s, the channel
degreeL andthesmoothingag 4. The FIR DFE is thusimplementeds

d(hk — £Ik) = S(a™"y(k) ~ Qg d(k — £~ 1) (3.21)
d(k — £) = f(d(k — £|k)) .

3.3.1 The MMSE design

To obtainaconventionaMMSE DFE,thematrix coeficientsin (3.20a)and(3.20b)
areadjustedso thatthe MSE (2.4) is minimized. The resultingdesignequations
aregivenin thenext theorem.

Theorem 3.4 Considerthe multivariableDFE describedby (3.21) the FIR chan-
nel model(2.11) and the input signal statistics(2.9). Assumehat the noiseis
describedby (2.12) with vy beingnon-singularand assumehat (2.13) holds. If
all pastdecisionsare assumedorrect,thenthe uniquematrix polynomialsS(qg—!)
andQ(q~!) in (3.21)of orders §s andéQ = L+ds—£—1 respectivelyminimizing
the MSE(2.4), are obtainedasfollows:

1. Thefeedforwad filter S(¢g~') = Sg + S1¢~' + - - - + Ss,4~°* is determined
by solvingthe systenof n, (ds + 1) linear equations

sk B_é

(FFE+m) | | =| (3.22)
st Bo
s 0

with respecto then,, x ng matrix coeficientsS, whee F is then, (ds +
1) x ng(£ + 1) matrix

B, Bi ... B,
0 By ... By

Fo|l: o (3.23)
0 0 By
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andwhese

o ... s

T = (3.24)

VAR

2. The coeficients of the feedbak filter Q(¢7!) = Qo + Qug ' + --- +
Qsoq @ are givenby

min(ds,l+n+1)

Qn = Z SmBet1-m+n (3-25)
m=max(0,n—L+{+1)

wheedQ =L+ s — £ — 1.

Proof: SeeAppendixC. |

Remark 12. The conditionthat the noise covariancefor lag zero, 1, hasfull
rankensureshatthematrix FF? + ¥ in (3.22)is non-singularA uniqueMMSE
solutionwill thusalwaysexist.

Remark 13. For a given detectionscenario,the structureof the DFE is deter
mined by the decisiondelay ¢ andthe degreesof the feedforvard and feedback
filters. Theimpactof thesethreevariabless outlinedbelow.

e Thedecisiondelay/ is chosenasa trade-of betweencompleity and per
formance:the larger decisiondelay the betterthe performance.However,
choosing/ largerthanthe delayspreadl. only leadsto minorimprovements
in performance. This is in accordancewith the rule of thumbin Subsec-
tion 3.2.1:¢ shouldbechosersothat“enough”signalpower canbecollected
by thefeedforvardfilter beforea decisionis made.

e Thedegreeds of thefeedforvardfilter shouldbechoseraslarge aspossible,
atleastequalto the decisiondelay?. Whenthe noiseis assumedo betem-
porally white (¢, = 0, n # 0), equation(3.22)will giveS,, = 0 forn > £.
This is however not true whenthe noiseis temporallycolored,andchoosing
afeedforvardfilter lengthwhichis largerthanthe decisiondelaywill in this
casegive betterperformance.In fact, for a fixed feedforvard filter degree,
performanceanevenbeimprovedif thedecisiondelayis decreased!

e The dgyreed( of the feedbackfilter shouldbe large enoughto cancelall
postcursottapsin the linearly equalizedchannelS (g )B(¢ !). A lower
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degreewill leadto alossin performanceandahigherdegreewill notimprove
performanceThenumberof postcursotapsequalsl+ds—£, sowe conclude
thatd@ = L + 6s — £ — 1.

It is enlighteningto comparethe above rule of thumb for selectionof §s with
the deggreeconditionsin Subsectior8.2.1. Whenthe noisecanbe modeledasan
MA or ARMA processthefeedforward filter of the optimumrealizableDFE has
aninfinite impulseresponseThe performancef the FIR DFE will thenimprove
with increasingis. Ontheotherhand,if thenoiseis describedy anautorgressie
model,thelengthof thefeedforvardfilter of the optimumrealizableDFE equals

0s+0N =4+ 0N

whichiis finite. In this case theresultingMSE at the outputof the FIR DFE does
notdecreas@sds isincrease@boel + dN.

TheresidualMSE at the outputof the DFE describedn Theorem3.4is given
in thefollowing corollaryto Theorem3.4:

Corollary 3.3 Whenthe FIR MMSEDFE designedrom Theoem 3.4 is applied
to theoutputof thechannel(2.11) theresidualMSEis givenby

P=1—FL, (FF + )" Fpres (3.26)
whee F and ¥ are definedn (3.23)and(3.24) respectivelyand
By
Fpres 2 BO
0
Proof: SeeAppendixC. |

In the next chapterthe corventionalDFE will be usedasa multiuserdetector
in conjunctionwith anantennaarray In Chapter5, we will derive atime-varying
versionof theFIR DFEin Theorenm3.4,whichwill beusedasa multiuserdetector
for DS-CDMA.

3.3.2 The ZF design

To derive thedesignequationgor anFIR DFE thatfulfills the zero-forcingcondi-
tion, we proceedasin Subsectior8.2.2:Weinsert(2.11)into (3.21)andrearrange
to obtaintheequation

d(k — o)k) = (SB - q*HQ) d(k) + Sv(k) . (3.27)
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As always,to obtainthe above equationthe assumptioron correctpastdecisions
hasbeenused. For the estimator(3.27) to be zero-forcingas definedin Defin-
tion 2.1,we mustrequire

¢ I=8B—-Qq . (3.28)

This conditionis sufiicientandnecessarydueto theassumption$2.13)and(2.9).
The solvability of (3.28)is discussedh the next theorem.

Theorem 3.5 Thee existsa solutionto (3.28)if and only if every commorright
divisor of B(¢~!) and ¢~¢~'T is a right divisor also of ¢~“I. Theright divisors
shouldbe membes of thering of polynomialmatrices.

Proof: Thetheoremfollows from the generaltheory of Diophantineequa-
tions,see[45]. |

Thesametwo situationsasin Subsectior8.2.2causeheconditionin TheorenB3.5
to be violated. For completenessye formulatethe correspondingorollariesbe-
low.

Corollary 3.4 If rank B < ng, then B andg— ¢~ will alwayshavea common
right divisor thatis nota right divisor of ¢~ *I.

Proof: SeeAppendixD. |

To determinethe rank of a polynomial matrix, the proceduredescribedn [40,

Sec.6.3] canbeused.Seealsothe MATLAB ™unctionsin the PolynomialTool-
box[35].
As in Subsectior8.2.2,werealizethattherankof B is smallerthann, when

o ny < ng,
e someof thecolumnsin B arelinearly dependentor

e morethann, — nq of therows of B arelinearly dependent.

Corollary 3.5 If A; > ¢, definedin (3.17)for somei, then B and ¢—¢~'T will
alwayshavea commorright divisor thatis nota right divisor of g “I.

Proof: SeeAppendixD. |

The conditionfor the existenceof a zero-forcingFIR DFE is alot milderthan
the correspondingonditionfor alinearequalizer For azero-forcinglinearequal-
izerto exist, theremustbeno commonfactorin ary columnof B(g ') otherthan
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g ", n < L. Seg[34] for adiscussionSuchcommonfactorscaneasilybehandled
by theDFE.

Whenthe conditionin Theorem3.5 is fulfilled, we know that a zero-forcing
FIR DFE exists, for somedeggreesof the filters S and Q. In Theorem3.6, the
requireddegreeof thefeedforvardfilter S is specified.

Theorem 3.6 Considerthe MIMO channelmodel(2.11)with ny soucesandn,
measuementsignalsand assumehat the conditionin Theoem3.5is fulfilled. A
generically necessary condition for the existenceof a zeo-forcing FIR MIMO
DFE (3.21)with decisiondelay/ andfeedforwad filter degreeds is thenthat

_ Tq
5s > M+ 1) . Lzt Bm (3.29)
Yy

whee A,, is definedn (3.17)

Proof: SeeAppendixE. |

Whenthe deggreeof the feedforvardfilter is chosersmallerthanthe degreespeci-
fiedin Theorem3.6,the DFE will have inadequatelegreesof freedomto suppress
all intersymbolandco-channeinterference.

3.4 A comparisonof the MMSE DFEs

To comparehethreeMMSE decisionfeedbaclequalizersntroducedn this chap-
ter, we will considera specificexample: the channeland noise descriptionin-
troducedin Example3.1. To comparethe performance®f theseDFEs, we will
evaluatetheir respectie estimationerrorcovariancematrices.In Subsectior8.4.1,
all previousdecisionsareassumedo becorrectandtheestimatiorerrorcovariance
matrixis evaluatedrom (3.6)and(3.11) In Subsectior8.4.2,wedirectly estimate
thecovariancematrix. To obtainasuitablescalamperformanceneasurewein both
subsectionsisetr P andnormalizewith the numberof transmitters.

3.4.1 A comparisonof the optimum and the optimum realizableDFE

We will startby comparingthe optimumDFE determinedrom Theorem3.1 and
the optimumrealizableDFE determinedrom Theorem3.2. Our objectie is to
addresghe performancepenaltyassociatedvith the realizability constraint,that

2Genericnecessityof the degree conditionin Theorem3.6 shouldbe interpretedas follows:
When (3.29) is violated, a zero-forcingequalizerexists with probability zeroif the channeltaps
Bo,...,B arerandommatrices.Seealso[82, p. 266]
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is, how muchthe performancelegradesvhenthe feedforvardfilter is requiredto
be causal.More specifically we will investigatethe performancef the optimum
realizableDFE asafunctionof thesmoothindag,andcomparat to thatof thenon-
realizableDFE. As shavn in Section3.1, the non-realizableDFE canbe thought
of asarealizableDFE with aninfinite smoothingag.

Theoren®.1is thususedto determineanoptimumnon-realizabléMMSE DFE
for thechannel3.12)andthenoisedescription(3.13) TheSNRequals, 5 or 10
dB andis definedby

E [SJH (k)sj(k)]

A
SN = BT B

(3.30)

where

A1, - 1, ~
si(k) = A Yg 1)Bjlg d;i(k); w(k)=N g Mg elk),
andB,(g ') is columnj in B(g~'). In this section,we assumehatthe SNRis

equalfor thetwo usersandhenceindependenof ;.
From(3.6), we obtainthefollowing residualMSEs:

SNR trP

0dB 0.2292
5dB 0.1029
10dB 0.0389

For thechannelndnoisedescriptionn Example3.1,we evaluatetheresidual
MSE alsofor theoptimumrealizableDFE using(3.11) Thesmoothindag/ varies
betweerD and10,andthe SNRis 0, 5 or 10 dB. Theresultis shavn in Figure3.1
togethemwith theresidualMSE for the non-realizabl®FE.

It is clearfrom Figure 3.1thatit is suficient to usea rathersmall smoothing
lag in the optimumrealizableDFE to obtaina performancehatis very closeto
the performanceof the non-realizableDFE: The curves are indistinguishabldor
£> 6.

Thedifferencan performancéetweerthetwo DFEsis remarkablysmall. Ap-
parently having a smoothinglag ¢ = 6 is sufficient for the realizableDFE to be
ableto captureenoughsignalenegy. Keepingin mind the rule of thumbthatwe
introducedn Remark9 on page48, we realizethatthe smoothingagthatthe opti-
mumrealizableDFE requireso obtainthe performancef the non-realizabl®FE
grows with the settlingtime of the impulseresponsef the noise-whiteneahan-
nel. In this example,the polesof the noise-whitenedhannelarethe zerosof the
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Figure3.1: Comparisorof theoptimumandoptimumrealizableDFE asafunction
of thesmoothingag of therealizableDFE.

noisedescriptionM (¢~ '), which arelocatedat 0.4244 0.457j = 0.623:10823
The closerthesezerosare to the unit circle, the larger the performancediffer-
encebecomedbetweerthe optimumandthe optimumrealizableDFE with afixed
smoothingag.

Finally, we comparethe tuning compleities of the two DFEs. Both DFEs
requireoneoperationthatthe otherdoesnot:

e To determinethe non-realizableDFE, the spectralfactorization(3.5) must
besolwed.

e TodetermindgherealizableDFE, the systenof linearequationgB.22) must
besolwed.

The relative compleity of thesetwo operationsgdependsn the relationbetween
ny andng. Whenn, is largein comparisorto ng, solving(B.22)is morecomple,
but whenn, andn,, areequal themultivariablespectrafactorizatioris morecom-
putationallyintensve. Seg[38] for anefficientimplementatiorof the multivariable
spectrafactorization.
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3.4.2 A comparisonof the optimum realizableand the FIR DFE

We will now comparethe performanceof the optimumrealizableDFE (2.2) and
theFIR DFE (3.21) Again,we areinterestedn how the performances degraded
by the a priori selectionof a structurethatis inappropriatefor the equalization
problemin this example. In this subsectionthe impactof usingdecisionsfrom
the decisiondevice is alsoinvestigated.Finally, we addresghe influenceof the
additionaldesignvariableds.

Again,weuseTheoren.2to determingheoptimumrealizableDFEwith £ =
1 for thechannein Example3.1. To determinghe FIR DFE, we useTheoren.4.
To computethe covariancefunctionof thenoisetermu(k), we use

v(k) = M(q ')e(k) .

This canbeinsertednto (2.12)to obtain

1.0000 —0.393
Yo = Ae (MoM{ + M;M{) =\, ( 8)

—0.3938 1.0000

—0.3103 0.6366)

—_ H pr—
Y1 =AMiMy = A (_0.0512 —0.3207,

Y, =0, n>1.

Optimumcoeficientsof the MMSE FIR DFE cannow beobtained.

TheoptimumrealizableandtheFIR DFE arenow simulatedvith BPSKmodu-
latedsignals.The MSE is averagedver 200realizationseachconsistingof 50000
transmittedsymbols.

SNRdependence First,we addressheperformancef theseDFEsasa function
of the SNRwith s = 2. This feedforvard filter degreewaschosenso that both
DFEs are describedby the samenumberof parameters.The resultis shavn in
Figure3.2for anSNRbetweerD and15dB.

We seein Figure 3.2 that the optimal realizableDFE is only slightly better
thanthe FIR DFE: With correctdecisionsthe differenceis only 0.6 dB over the
entireinvestigatedrangeof SNRs. With real decisionsthe FIR DFE is actually
better thanthe “optimum” DFE for low SNR! Thus, the DFE determinedrom
Theorem3.2 seemdo be moresensitve to incorrectdecisionghanthe FIR DFE.
However, for SNRsover 4 dB, the optimumrealizableDFE is better At this SNR,
aboutthreepercenof thedecisionsareincorrect.

Dependenceon location of noise zeros For the consideredrIR channel,the
structureof the FIR DFE is optimal whenthe additive noiseis temporallywhite.
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-o-  FIR DFE (real)

.47\ —e— Optimal realizable DFE (real)
N ---  FIR DFE (correct)

035 "\ —— Optimal realizable DFE (correct)|

Residual MSE
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N
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0.1

0.05
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Figure3.2: Comparisorof the optimumrealizableandthe FIR DFE asa function
of the SNR. The residualMSE is estimatecdbver 200 realizations.eachconsist-
ing of 50000transmittedsymbols. The DFEs are executedusing either correct
decisiongcorrect)or decisiongrom the decisiondevice (real).

White noisecorrespond$o noisedescribedoy a moving averageprocesswhose
zerosare locatedin the origin. Therefore,the differencebetweenthe optimum
realizableDFE andthe FIR DFE shouldbe smaller the closerto the origin the
noisezeroslie. Correspondinglywhenthe noisezeroslie closeto the unit circle,
thedifferenceshouldbelarger

Toinvestigatehis assumptionthelocationsof thezerosof thenoisemodelare
variedaccordingo

z12(r) = 179823 + = 0.01,0.1,0.2,...,0.9,0.95,0.98,0.99

while the SNR,asdefinedn (3.30) is keptconstanat5 dB. Thus,thenoisemodel
zerosaremoved alongaradius,from the origin towardsthe unit circle. All other
conditionsfor the simulationscenaricareasin Figure3.2. Theresultis depicted
in Figure3.3.

Thelocationof the noisezerosclearly affectsthe relative performancesf the
two algorithms. Whenthe zerosare closeto the origin, the performanceof the
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Figure3.3: Comparisorof theoptimumrealizableandthe FIR DFE asa function

of thepositionof thenoisezero. The SNRis 5 dB. TheresidualMSE is estimated
over 200 realizations eachconsistingof 50000transmittedsymbols. The DFEs

areexecutedisingeithercorrectdecisiongcorrect)or decisiondrom thedecision

device (real).

two DFEsareidentical, but the further out towardsthe unit circle the zerosare
moved, the larger the differencebecomesvhen correctdecisionsare used. One
interestingdiscovery is the performancef the optimumrealizableDFE with real
decisionswhenthe noise zerosare locatedvery closeto the unit circle: In this
scenariogrror propagatiorcausesadperformance. Thereasons thatwhenthe
noisezerosarecloseto the unit circle, soarethe polesof thefeedbackilter. The
impulseresponsef thefeedbacKilter thenbecomewserylong,leadingto ahigher
probability of errorbursts.

Dependenceon feediorward filter degree For the presentexample,the struc-
ture of the FIR DFE approacheshe optimumstructurewhends — oo. Theper
formanceof the FIR DFE shouldthenapproachhe performanceof the optimum
DFE with increasingfeedforvard filter degree. We thereforeinvestigatethe per
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formanceof the FIR DFE for feedforvardfilter degreesbetweeroneandten, that
isfor 1 < §s < 10. Theresultis depictedn Figure3.4for anSNRof 5 dB.

0.22
-o-  FIR DFE (real)
—e—  Optimal realizable DFE (real)
0.2¢ ---  FIR DFE (correct) ]
% —— Optimal realizable DFE (correct)
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Degree of feedforward filter

Figure3.4: Comparisorof the optimumrealizableandthe FIR DFE asa function
of thedegreeof thefeedforvardfilter of theFIR DFE. The SNRis 5dB. Theresid-
ual MSE is estimatedver 200realizationsgachconsistingof 50000transmitted
symbols.Notethe lower limit on they-axis. The DFEsareexecutedusingeither
correctdecisiongcorrect)or decisiondrom the decisiondevice (real).

For this example,the performancef the FIR DFE is good,alreadyfor rather
smallds, bothfor correctdecisionsandrealdecisiongrom thedecisiondevice. For
realdecisionsthebestperformances obtainedwith afeedforvardfilter degreeof
four: With a lower ds, the lower noiserejectioncapability degradesthe perfor
mance,whereasfor larger ds, the performancds (to a small degree) adwersely
affectedby errorpropagation.

To concludethis subsectionywe comparethe compleities of the optimumre-
alizableDFE andthe FIR DFE.

Complexity To determinethe optimumrealizableDFE, we have to solve (3.3)
andsolwve a systemof linearequationdor the/ + 1 matrix coeficientsof S(¢ ).
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To determinghe FIR DFE, we have to solve the systemof linearequationg3.22)
for the §s + 1 matrix coeficientsof S(g~!). Sinceds > ¢, this systemis larger
thanthe correspondingystemfor the optimumrealizableDFE. However, for re-
alistic s and/, the additionalcompleity is small relatve to the compleity of
solving(3.3).

For the optimumrealizableDFE, the noisewhiteningpartsof the feedforvard
filter (M ~' N') andfeedbackilter (T') mustbeexecutedwhereagor theFIR DFE,
thefeedforvard andfeedbacHilter eachhave s — £ moretaps.We concludethat
theexecutioncompleities of thetwo DFEsareroughlythesaméeor a“reasonable”
choiceof §s.



66

Chapter3. Themultivariabledecisionfeedbackequalizer



cHAPTER 4

Reusewithin cell usingantennarrays

4.1 Intr oduction

HE high capacityof a cellularcommunicatiorsystems obtainedby the divi-

sionof a geographicahreainto cells. Eachcommunicatiorchannél is used
in afractionof thecells,andby decreasinghecell size the capacityof thesystem
canbeincreased.

Reducingthe cell sizeis however expensive andleadsto increasechumberof
handwers. Instead multi-elementantennasalsoknown as antennaarrays can
be usedat the recever to increasehe capacity Antennaarrayscanenhancehe
desiredsignalandsuppresshe interferenceso that eachcommunicatiorchannel
canbeusedmorefrequentlyacrosshe network, therebydecreasinghe so-called
reusefactor. Whenall channelsreutilizedin every cell, thesystenis saidto have
reusefactorone.

Toincreasdhecapacityof anFDMA oraTDMA cellularsystenthathasreuse
factorone,several userswithin a cell would have to shareeachavailablechannel;
the systemmustsupportreusewithin a cell.> This will causesevere co-channel
interferenceat therecever. Antennaarraysarethenindispensabléoolsfor sepa-
rating the signalsfrom differentusers.With an antennaarray beamforming95]
canbe usedto suppresgo-channeinterference.However, in situationswith fre-
queng selectve fading,beamformerghatoperateonly in the spatialdomaincan
suppres®nly afew interferers.In this chapterwe illustrate,compareandexplore

We usetheterm“communicatiorchannel’asa shorthandor a particularcombinatiorof carrier
frequengy, time slotandcode,dependingn the multiple-accesscheme=mplog/ed.
2This concepis alsoknown asSpatialDivision Multiple-Acces§SDMA)

67
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two moreelaboratewaysof usingan antennaarray at the recever to accomplish
channefeusewithin acell:

1. Detectthe signalfrom oneuserat a time while treatingthe otherusersas
interference. In the following, this approachwill be denotedinterfeence
rejectionor interferencecancellation

2. Detectthesignalsdromall userssimultaneouslyThisapproactwill becalled
multiuserdetection

Interferenceejectionhasbeenthoroughlystudiedfor mary differenttransmis-
sion ervironmentsusing differentdetectors.In [20], interferencerejectionusing
linearreceversis studied,whereaglecisionfeedbackequalizersare usedfor the
samepurposeby Monsenin [64] andby BalabanandSalzin [11, 12]. Decision
feedbackequalizersarealsothe topic of [55], but in anadaptve setting. In [14],
Bottomley andJamalusemaximumlik elihoodsequencestimatiorwith spatialin-
terferencenhiteningto suppressntersymbolandco-channelnterference.In [7],
the authorsprovide a unified analysisof interferenceejectionusinglinearequal-
izers,decisionfeedbaclequalizerandmaximum-likelihoodsequencestimation.
Thereferencd51] providesa comprehense investigationof space-timgrocess-
ing andthe associategharameteestimationproblems.Interferenceejection,that
is, takingthe covariancematrix of theinterferencento account/eadsto substantial
performancémprovementsn all thesepapers.

Multiuser detectionwithin a cell usingantennaarrayswasfirst suggestedy
Wintersin [103] and[104]. The emphasiof thesepapersis on frequeng non-
selectivechannelsandlinear detectors.In [75] extensionsare madeto frequenyg
selectve channelsLinearandnon-lineamultiuserdetectorhiave beenextensvely
investigatedor applicationin CDMA systemssee for instance[57, 96, 99, 105
andotherworksdiscussedh Chapters. Most multiuserdetectorfor CDMA sys-
temsareblock detectorsSuchdetectorarealsobecomingncreasinglypopularin
TDMA systemdor multiuserdetectiorin conjunctiorwith antennarrayg83, 98].
However, block detectionhaslimitationsfor time-varying channelssincethe de-
tector parametersn that casemay have to be updatedon a symbol-by-symbol
basis.In general block detectorsarealsomorecomple andmemaoryconsuming
thantheir symbol-by-symbotounterparts.

Aswill becomeavidentin thefollowing sectionsthe performancef multiuser
detectords mostly superiorto thatof interferencecancellers.This is dueto two
reasons:

1. Non-linear multiuser detectorscan suppressdnterferencemore efficiently
than non-linearinterferencecancellers. (This is in contrastto MSE opti-
mal linear detectorssuchasthoseusedin [104]. An optimally tunedlinear
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multiuserdetectoris exactly the samedetectorasa setof optimally tuned
linearinterferencecancellersSeeRemarks on pagel20for adiscussion.)

2. Thechannekstimationis improved: Whenutilizing trainingsequencesom
all usersinsteadof treatingall exceptoneasnoise,the estimate®f channel
andnoisestatisticswill bebasedn moredata.Thereforethemodelquality
is in generaimproved, which leadsto moreprecisetuningof the detector

In this chapterwe will usedecisionfeedbackequalizergo illustratetheinflu-
enceof thesetwo factorsby comparingwo equalizerstructures:

1. The DFE presentedn [55] andoutlinedin Section4.3, which rejectsinter
ference.

2. The DFE of Section3.3,which detectanultiple signalssimultaneouslySee
also[88].

Thesealgorithmswill be comparedandstudiedby analysisin Section4.3 andby
extensve simulationsin Section4.4. In Section4.5, we apply the algorithmsto
experimentaldatacollectedat anantennarraytestbed.

To usethe multiuserdetectorpresentedere,the channeldrom eachuserto
eachantennalemenimustbe estimatedin a TDMA systemthisin turnrequires
that burstsfrom all usersareroughly synchronizedandthat differentuserssend
differenttrainingsequencethatareknown attherecever. Theserequirementsire
not hardto fulfill for userswithin a cell. Therefore someform of multiuserdetec-
tion seemso beafeasibletool for attainingchannereusewithin acell. Exploiting
multiuserdetectiorto reducenterferencdrom transmitteroutsidethecellis more
difficult, sincethe basestationsn adjacentellsmustin thatcasebesynchronized.

4.2 Channelmodels

We shallnow introducethe channeimodelsuponwhich we basethe derivation of
thedetectorsThesebasebandnodelsareassumedo be linearandsampledatthe
symbolrate’. They arealsoassumedo includethe effects of pulseshapingand
analogmodulation. The symbolrateis equalfor all users. Finally, we assume
the channeimodelsto betime-irvariant over the durationof a TDMA burst. The
motivation for the last assumptioris solely simplicity of presentation.In prac-
tice, thechannelwill betime-varyingdueto carrierfrequenyg offsetsandfading.

3Sincethe bandwidthof the signalis atleastatlargeasthereciprocalof thesymbolrate,symbol
rate samplingactually constitutesundesampling Someof theinformationin the continuous-time
signalsis thusinevitably lost.
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The channelmodels,detectorsanddesignequationgpresentedherecaneasilybe
generalizedo thetime-varying case seeChapters.

4.2.1 A multiple-input multiple-output basebandchannelmodel

We consideracasewith M transmitter&ndN receverantennasln theuplink, the
M transmittersepresenf\/ differentmobiles,eachof which beingequippedvith
oneantennaEachmobile transmitsa signalto the basestation,which usesan N
elementantennaarrayto detectall the signals.For downlink transmissionwe as-
sumethatthe basestationis equippedvith M antennasgachof which transmitsa
separatenessageEachmobilehasarecever with N antennas/dersity branches,
which areusedto detectone(or several) of thetransmittedsignals.

The signalfrom transmitter;j propagateshroughthe discrete-timebaseband
channelB;;(¢~!) to recever antenna. ThechannelB;;(g~') is givenby

Bij(q™") = By + Bl 4+ + Biq (4.1)

whereB;; arecomple-valuedconstants.
Thedigital signalrecevedatantenna atthediscreteime instantk is denoted
yi(k) andcanbe expresseas

M
yi(k) = Bin(q™)dn(k) + vi(k) , (4.2)

n=1

whered,, (k) is thesymboltransmittedrom usern andthetermu; (k) corresponds
to noiseandout-of-cellco-channeinterferenceNotethatsignalsrom transmitters
within the cell are explicity modeledin (4.2). The signalsd, (k) andthe noises
v;(k) areassumedo be mutually uncorrelatedzero meanwide sensestationary
stochasticsignals. Furthermoreall signalsd;(k), j = 1,..., M areassumedo
be mutually uncorrelatedandwhite with zeromean. The situationis depictedin
Figure4.1.
To obtainaMIMO model,we introducethe signalvectors

y(k) = (k) 1) .. yn(k)" (4.3a)
d(k) = (di(k) da(k) ... du(k))" (4.3b)
w(k) = (vi(k) va(k) ... on(k))" . (4.3c)

Thevectoruv(k) of noisesampless characterizetby its matrix-valuedcovariance
function

Vh—m = Elo(k)o" (m)] (4.4)
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Figure4.1: The MIMO channeimodel,whered; (k) is the symboltransmittedat
discrete-timanstantk from usernumberj, while y;(k) is the receved sampled
basebandignalat antennd. Thesignalv;(k) representadditive noiseandout-
of-cell co-channeinterference.

and canbe both spatially* and temporallycolored. The vectory(k) of sampled
antennautputscannow beexpressedis

y(k) = B(qg ")d(k) + v(k) (4.53)
= Bod(k) + Byd(k — 1) + --- + Brd(k — L) + v(k) (4.5b)

wherewe have introducedhe MIMO impulseresponse

Bu(g™) ... Bim(g™?)
B(qg') = : : (4.6)

Bni(g7") ... Bam(g™h)
with individual matrix coeficients(taps)

By, ... BY,
B, = : : . (4.7)
BY, ... BR.

“Thenoiseis spatiallycoloredwhenary of the off-diagonalelementsf +,,, arenon-zeroWhen
1m is diagonalfor all m, the noiseis saidto be spatiallywhite.
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In (4.5b)

L = max Li;
2y

representthe maximumorderof all scalarchannelg4.1).

Remark 1. The model(4.5b)is rathergeneral,n thatit incorporatesnary dif-
ferentantennaconfigurations:

1. Phasedarray recevers, wherethe antennaelementsare placedclosely to-
gether

2. Spatialdiversity recevers, wherethe antennasre usually placedfar apart.
Thelarge antennaseparatiomelpsto reducetheimpactof fading.

3. Macro diversity wheremultiple basestationscommunicatesimultaneously
with a singlemobile. Thisis a specialcaseof a diversity system described
above.

4. Polarizationdiversity recevers, wheretwo orthogonalpolarizationsof the
recevedsignalaremeasured.

Remark 2. Thenumberof measurementsanbeincreasedy othermeanghan
increasinghe numberof antennasFor instancethereceved signalmaybe sam-
pledfasterthanthe symbolrateasdescribedn Subsectiori.4.2.By samplingthe
receved signalp timesduring a symbolperiod,a p-fold increasen the effective
numberof antennass obtained. Excessre oversamplingof a bandlimitedsignal
will, however, leadto high correlationamongconsecutie sampleswhichin turn
mayleadto anill-conditionedproblem.We canalsochoosedo handlethel- andQ-
channelseparatehasdescribedn Subsectiorl.4.4. Eachscalarcomple-valued
channelsthentransformedo areal-\aluedchannetiwith two outputs andthenum-
berof measurementsanthusbedoubled.Sincetherealandimaginarypartsof the
inputsymbolsconstituteseparaténputsto this real-valuedchannelthe numberof
channelinputsis alsodoubledwhenthe symbolsare comple-valued. However,
for one-dimensionaymbolconstellationssuchasBPSK,the numberof channel
inputsdoesnotchange.

Remark 3. Althoughthefocusof this chaptemwill be on reusewithin acell, in-
terferersoutsidethe cell could be includedamongthe M usersthatare explicitly
modeled. The fact that transmissiorin adjacentcellsis in generalnot synchro-
nizedon a burst-by-turst basiswill in that casebe a major problemfor multiuser
detectordor two reasons:
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1. Channekstimatiormustbe performedor oneuseratatime, sincethetrain-
ing sequencesnay not overlap. This will reducethe estimationaccurag,
whichwill leadto worsedetectionperformance.

2. Duringthetransmissiorof ary singleuser differentuserswill interferedur
ing differentpartsof the burst. Whenthe interferencescenariacchangesthe
multiuserdetectomustberetuned

4.2.2 Reducingthe MIMO modelto a SIMO modelwith colorednoise

If we explicitly modelthe signalfrom only one of the transmitterswe have to
considerthe remainingsignalsasinterference Assumingthe signalof interestto
be signalnumberl, we definea disturbancevector V' (k) asthe sumof all co-
channeinterferenceandnoise:

M
V(k) =Y Balg ")dn(k) +v(k) (4.8)

n=2

whereB,,(¢~!) is columnn in (4.6). Sinceall signalsd,, (k) arewhite with unit
varianceand mutually uncorrelatecaswell asuncorrelatedwvith the interference
v(k), thematrix-valuedcovariancefunctionof theinterferencd/ (k) is givenby:

M min(L,L—k+m)

Dhm = B[V (k => Y BBy Ly, (4.9)

n=2 p=max(0,m—k)
whereB?, is columnn of theimpulseresponseoeficient (4.7) for lag p:
B, = (B, B ... B% ). (4.10)
The completesingle-inputmultiple-outputchanneimodelthusbecomes
y(k) = Bi(g~)di (k) + V (k) . (4.11)
TheDFE performinginterferenceejectionwill bebasedn this model.

Remark 4. If themodel(4.11)is usedasa basisfor detectordesign,estimation
of the matrix-valuedcovariancefunction of V' (k) is vital. This becomesa major
problem,sincedirect estimationof 1, will provide poor accurayg for the short
training sequencegypically presentin cellular systems.In fact, the estimateof
the covariancefunctionwill besounreliable thatwe in Subsectiort.4.3andSec-
tion 4.5 areforcedto exploit only the spatialstructureof V (k), thatis, we will
assumehat E[V (k)VH (m)] = 0 for k # m.

%In fact, this is a problemalsofor interferenceejection,see[41].
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4.2.3 Antennacorrelation

Spatialdiversity hasfor a long time beenusedto mitigate fading. The ideais
to openmultiple uncorrelatecchanneldrom the transmitterto the recever. By
combiningthe signalsrecevedthroughthe differentchannelsthe effect of fading
canbereduced.If the channelsare correlated the adwantageof usingdiversity
decreases.

With correlatedasestationantennaghestatisticapropertieof theuplinkand
downlink channelswill differ. In theuplink, M mobile usergransmitM separate
messagesyhich are detectedusing N recever antennasat the basestation. In
the scenariadepictedin Figure4.2,the channeldrom onetransmitterto different
receverswill becorrelated but thechanneldrom differenttransmitterdo asingle
recever will beuncorelated

For downlink transmissionthe situationis the opposite. Recallthat in the
downlink, M differentmessagearetransmittedrom differentbasestationanten-
nas. Eachmobileis equippedwith N recever antennaswhich areusedto detect
oneor severalof thetransmittedsignals.Thechanneldrom two differenttransmit-
ter antennago a singlerecever antennawill now be correlated but the channels
from onetransmitterantenndo differentrecever antennasvill beuncorelated

Wewill now derive thecorrelationbetweersignalsrecevedattwo basestation
antennasThis correlatiorwill thenbeusedto generateorrelateduplink channels.
Dueto thereciprocityof the radio frequeng propagatior{102], we canalsouse
theresultto generateorrelateddownlink channels.

The actualcorrelationwill dependon the distribution of the scattererghat
causethe fading, but differentscatteredistributions give similar results[8]. We
will useamodelfirst suggesteth [6], whichassumes uniformlineararrayatthe
basestationandalarge numberof scattererdocatedon acircle aroundthemobile.
This situationis depictedn Figure4.2.

Eachof the scatterershatsurroundthe mobileis treatedasa secondaryrans-
mitter.  Assumingthat the transmittedsignalis narravband, the signal replicas
originatingfrom onesuchsecondaryransmitterandreceved at differentantenna
elementswill beidenticalexceptfor a phaseshift. The complex correlationco-
efficient betweerthe receved basebandignalsy; (k) andy;1(k) attwo antenna
elements and: + 1 respecitiely is givenby

Elyi (k)y}, (k)
Ellyi(K) 1 E[lyi1 (k)]
We insertthe expression(4.2) with M = 1 andw;(k) = v;+1(k) = 0 into (4.12)

Wefirst considethecasewith nointersymbointerferencethatis, L;; = L(i—|—1)j =
0. By assuminghatthechannetapsareindependentf thetransmittedsignal,the

2 5(6,R,7,0) . (4.12)
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—]
X

Scatterers 0ok 'T‘
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Figure4.2: Geometryof local scatterersurroundingthe mobile transmitterthat
resultsin correlationamongthe signalsreceved at differentantennaelementof

auniformlineararray

expression4.12)reduceso
EBY(B),,),)")

BIBY BB, 1,

p(5, R,r,6) = (4.13)

For the circular scatteredistribution depictedin Figure4.2, Fulghumet al. [31]
obtainedhefollowing approximatiorfor the channekorrelation:

2mOR
r

p(6,R,7,0) = Jy ( Cos 9) g~92mosind (4.14)

where
¢ =theantennaeparationexpressedn carrierwavelengths
R = theradiusof thering of scatterers
r =thedistanceébetweertherecever andthetransmitter
0 =theangleof theincomingsignalwith respecto antennéroadside,

andwhereJ, is theBessefunctionof thefirstkind andorderzero.Equation(4.14)
is agoodapproximatiorwhend and R arebothsmallrelative to r.

In a cellularsystem theremay be scatterershatarelocatedfar from boththe
transmitterandthe recever. Thecorrespondingpathswill have differentpropaga-
tion delays,leadingto a delayspreadL > 0. To modelthis frequeng selectve
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fading, we usethe model proposedn [8]. Seealso[27]. We will still assume
that (4.14) canbe usedto describethe correlationwithin eachvectortap. With
eachof theseL + 1 vectortapsin the impulseresponsewe associate separate
circularcluster

Theimpactof antennaorrelationrontheperformancef themultivariableDFE
will beinvestigatedn Subsectior.4.2.

4.3 Deployed DFEs

Oneof the main objectivesof this chaptelis to comparethe performancef mul-
tiuserdetectionandinterferencerejection. Decisionfeedbackequalizersof both
kindscanbederivedusingTheorem3.4andthemodelsin Sectior4.2:

1. With themodel(4.5a)andthenoisedescription(4.4), anFIR DFE perform-
ing multiuserdetection(MU-DFE) canbe designed.

2. With themodel(4.11)andthenoisedescription(4.9), anFIR DFE perform-
ing interferenceejection(IR-DFE) canbedesigned.

Theorems3.5and3.6 canbeusedto determinevhetheror nota zero-forcingMU-
DFE existsfor agivenscenarioHowever, we have notyetderivedacorresponding
conditionfor the IR-DFE. Also, the compleity of the two approacheshouldbe
comparedThesawo issueswill bedealtwith in theremaindeiof this section.

4.3.1 The ZF IR-DFE

In this subsectionwe will investigateunderwhat conditionsthereexists an FIR

IR-DFE thatcompletelyeliminatesbothintersymbolandco-channeinterference.
In anIR-DFE, thefeedforvardfilter hasV inputsandasingleoutput,whereaghe

feedbackilter is a SISOfilter:

di(k — £|k) = 8D (¢ )y(k) — Qii(g ") di(k —£—1) . (4.15)

Above, §) (¢ 1) is a polynomialrow vectorwith N' elementsywhereas;; (¢ 1)
is ascalampolynomial.

To derve thezero-forcingconditionfor the IR-DFE, we assumehatall previ-
ousdecisionsarecorrectandinsertthechanneimodel(2.11)into (4.15)

di(k — £|k) = 89 (¢ ) B(qg )d(k)

Qua - -+ SO ).
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We introducethe unit row vectore® , whosekth elemenis givenby

0 otherwise
Theestimator(4.16)cannow berewritten

di(k — £|k) = 8@ (¢ 1) B(q ")d(k) — Qii(g "ed(k — £ —1)
+ 8D (g N (k) = di(k — £) — ei(k — £)

with

ei(k—0) = (q‘fe(i) —- 8O ™)B(g™) + q‘ﬁ‘lQii(q*)e(i)) d(k)
— SO (g (k) .

To complywith the zero-forcingcondition(2.3), we have to requirethat
¢~ =SB +¢ T Qulg e =0 (417)

This conditionhasto befulfilled for every user thatis,fori =1,..., M.
We cannow formulatethe conditionfor existenceof a setof M zero-forcing
interferenceejectingDFESs:

Theorem 4.1 Thee existsa setof M ze-forcing IR-DFEsif andonlyif for every
i=1,...,M,everyrightdivisorof B(¢~') andg—¢'e(?) isaright divisoralsoof
g te® . Theright divisors shouldbe membes of thering of polynomialmatrices.

Proof: Thetheoremfollows from the generaltheory of Diophantineequa-
tions,see[45]. |

The situationsdescribedn Corollaries3.4 and 3.5 precludethe existencealso of

a zero-forcingDFE performinginterferencerejection. In fact, the conditionsin

Theoremd.1lis alwaysatleastasstrictasthe conditionin Theoren.5. To seethis,
assumehat no solutionto (3.28) exists, thatis, assumehat B(¢~') andg~¢"'I

have acommorright divisor, say R, (¢~ ') thatis notafactorof ¢—*I. In this case,
ary row m of R,(¢~") is thenaright divisor of B(¢~") andg—¢'e(™), but not
of g~te(™) which meanghatequation(4.17)cannothave ary solutionfor m = i.

We thusrealizethatassoonthereexistsaright divisor thatprecludeshe existence
of asolutionto (3.28) no zero-forcinglR-DFE canexist.
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It remaingo derive aconditioncorrespondingo Theorem(3.6). As aprerequi-
site,we needthefollowing definitions.We first factorizeB (¢~!) into threematrix
polynomials:

B(¢") =B(g HG(g HA(g™). (4.18)

Thefactorsof (4.18)aredefinedas

Alg™h 2 diag (q_Al q_AM) (4.19a)
G(¢™)2 diag (Gi(a™) ... Gulg ™) (4.19b)
B(g)EBy+Big +---+Bzg " (4.19¢)

whereA; is definedin (3.17) and

Gj(qfl) 2 thegreatestommonpolynomialfactorotherthang =% (4.20)
of thechannelsBy;(¢™?), ..., By;(g~') fromuser; to
all antennaelementsWithoutrestriction,G;(¢ 1) is
assumedo bemonic.

We alsodefine
A _
9; = deg Gi(g™h) (4.21a)
Ej = max Lz'j - Aj —gj (421b)
(2
L2 maxI; (4.21c)
J

We arenow readyto formulateTheoremd.2.

Theorem 4.2 Considerthe MIMO channelmodel(2.11)with M soucesand N
measuementsignalsand assumehat the conditionsin Theoem4.1 are fulfilled.
A genericallynecessargonditionfor the existenceof a zeo-forcing FIR IR-DFE
describedby (4.15)with decisiondelay/ and feedforwad filter degreeds is then
that

1 (4.22)

whee L; is definedn (4.21b)and A, is the propagationdelayfor userj, defined
in (3.17)

Proof: SeeAppendix4.A. |



4.3. DeployedDFEs 79

Considercolumnj in (4.18) Fromthevectortapsin theimpulseresponsef
userj, we canform the channelmatrix

B, = (B B! ... BY) (4.23)

whereL; = max; L;; andwhereB, is definedin (4.10) Therankof thechannel
matrixin generakquals

min(N,L; +1) .

However, whenL,; < L;, we canrewrite (4.23)as

[B;] = [B;] [G}] (4.24)
with
B2 (8 B} ... B})
. 0 0 1 GY Gy 0
[Gj]: : : " " - .. . :
0O ..0 .. 0 1 &% ..GY

wherein [G;], thefirst A; columnsareidenticallyzero.
We seethattherankof [B;] is L;. Thislow rankpropertycanbe exploitedin
two ways:

1. It canbeusedto simplify detectotuningandexecution,asdescribedn [52].

2. It canalsobe usedto improve the estimationaccurayg, asdescribedn [53,
81].

As hasbeendemonstrate@bove, an interferinguserwhosechannelis described
by alow rankmodelcanbe moreeasilyrejected:With arank L; channelpnly L;
spatialnulls arenecessaryo completelysuppressheinterference.

4.3.2 The zero-forcing solution and well-posedequalization problems

An MMSE equalizerbalancegejectionof intersymboland co-channeinterfer
enceagainstoiseamplification. Theresultingestimatiorerrorat the input to the
decisiondevice hastwo componentsonecausedy residualintersymbolandco-
channelinterferenceandonecausedy noise.This canbeseerexplicitly in (3.11)
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For ary equalizerit is desirablethatwhenthe noisepower tendsto zero, the
estimationerror shouldvanish. In this situation,errorfree communicatioris pos-
siblewhenthe SNRis sufficiently high, irrespectie of the symbolalphabet.Un-
fortunately this is not alwaysthe case sincethe structureof the detectormay be
inappropriatdor the considereaqualizatiorproblem.

On the otherhand,the estimationerror of a zero-forcingequalizeronly hasa
noisecomponent.By definition, all intersymboland co-channeinterferencenas
beenrejected.Hence,whenthe noisevariancetendsto zero,sowill theresidual
MSE of a zero-forcingequalizer

However, the residualMSE of the MMSE equalizercannotexceedthe MSE
of the zero-forcing(or ary other)equalizemwith the samestructure.Furthermore,
the MSE cannot,of course be lessthanzero. Hencewe concludethat whenthe
residuaMSE of thezero-forcingequalizetendsto zero,somusttheresidualMSE
of the MMSE equalizer Theexistenceof an equalizerthat fulfills the zeo-forcing
condition (2.3) thusguaranteesthat the correspondingMSE equalizerwill be-
havewell for high SNR The existenceof a ZF equalizerthusindicatesthat the
equalizationproblemis well-posedin the sensehat a useful solutioncanbe ob-
tained: Goodperformancds guaranteedvhenthe noiselevel is sufiiciently low.
Also, the lack of a zero-forcingequalizersuggestshatthe correspondingMSE
equalizemay not work well, not even for very high SNR. This effect is particu-
larly apparentwvhenthe interferingsignalshave high power. Thisis the so-called
nearfar problem whichwill bestudiedin moredetailin Chapters.

Thus,whena zero-forcingsolutionexists, good performanceanbe achiered
whenthe signal-to-noiseatio goesto infinity. Theconsequenced this factmust,
however, beinterpretedvith somecare. Whenthezero-forcingoroblemis in some
sensewell-conditioned the correspondingMSE equalizerwill work well also
at realisticsignal-to-noiseaatios. However, whenthe zero-forcingproblemis ill-
conditioned, the correspondingMSE solutionmaynot provide adequat@erfor
mancedespitehefactthata zero-forcingsolutiondoesexist. We believe however,
thatthelikelihoodfor this situationto occuris small.

The simulationsin Subsectiont.4.2 demonstraténow the MMSE DFE per
formsin amild nearfar situation.

4.3.3 Complexity comparison

To computethe MMSE MU- or IR-DFE, we needto solve the systemof linear
equationg3.22) anddeterminethe feedbackfilter via (3.25) The numberof re-
quiredcomplex multiplicationsareindicatedin Table4.1 for both multiuserand

5Thiswould occurfor instancef the channel®f differentuserswerealmostidentical.
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interferenceejectingDFEs.

MU-DFE IR-DFE
For thefeedforvardfilter S :
CalculateF F7 + ¥ INZM(L+1)(6+2) TN M2(£+1)(£+2)
FactorizeFFH + ¥ tN3(6s+1)3 tN3M(8s +1)3
Solwe for the coeficients N2(6s+1)°M N2%(6s + 1) M?

For thefeedbacKilter Q :
Computethecoeficients M2N(L +1)(6Q +1) MN(L+1)(6Q + 1)

Equalizationof onesymbolvector:
Feedforvardfiltering MN(6s+1)
Feedbackiltering M2(6Q + 1) M(5Q +1)

Table4.1: The numberof complex multiplicationsnecessaryo computeandrun
the MU-DFE anda setof M IR-DFEsfor M usersandN sensors.Thedecision
delay of the DFEsis ¢, the degreeof the feedforvardfilter is ds andthe delay
spreads L. Thedegreeof thefeedbacKilter isdQ = L + és — £ — 1.

FromTable4.1, we seethatthe feedforvard filter tuningis morecomple for
asetof M IR-DFEsthanfor oneMU-DFE, whereaghefeedbacKilter tuningand
executionis morecomple for oneMU-DFE thanfor M IR-DFEs. To determine
which DFE hasthe higheroverall compl«ity, we have to considerthow oftenthe
DFE mustberetuned.

Thereis howvever oneimportantcasewhenthe interferencerejectingDFE is
considerablylesscomple thanthe multiuserDFE. If only one of the impinging
signalsis of interestto us,we canuseasinglelR-DFEto detectthatsignal. When
usinga MU-DFE, we still have to detectall the signals,so the compleity of the
multiuser DFE is determinedby the total numberof impinging signals,not the
numberof impinging signalsof interest.In the uplink, this situationwould not be
relevant, sincethebasestationmustalwaysdetectall impingingsignals.However,
in the downlink the mobile only needsto detectits own signal. In that case,a
detectomperforminginterferenceejectionwill be considerabljfesscomplex than
amultiuserdetector

4.4 Monte Carlo simulations

To explore the performanceof the MIMO DFE asa tool for joint multiuserde-
tection,extensie simulationexperimentsareconducted.The experimentsarede-
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signedto illustrateseveralkey aspect®of arealworld implementatiorof a system
emplg/ing reusewithin acell. Both uplink anddownlink casesireconsideredWe
alsocomparethe performanceof a multiuserdetectionapproachwith the perfor
manceof aninterferenceejectionapproach.

In all scenarioswe compareheperformancef twvo MMSE DFEs:

e OneMU-DFE, performingmultiuserdetectiornon all the signals.

e OnelR-DFE, detectingonesignalwhile rejectingthe remainingasinterfer
ence.

4.4.1 The simulation scenario

All the simulationshave somepropertiesn common,andwe will begin this sub-
sectionby describinghem.

In all simulations,one, two, threeor four transmitterssimultaneouslysend
BPSKmodulatedsignals. The signalsarereceved at an arraywith four elements
in the presenc®f Gaussiamoise.The noiseis temporallywhite anduncorrelated
atdifferentantennalements.

Thechannelarefrequeng selectve with threetaps. Thetapsin eachchannel
fadeindependently andthe channeldrom differenttransmittergo onerecever
areuncorrelated.

Both IR and MU DFEs have smoothinglags and feedforvard filter lengths
equalto thelengthof thechanneimpulseresponse.

In differentsimulations the systemspecifiedabore is investigatedunderthe
following additionalconditions:

e Known channelgSubsectiort.4.2)with

— EqualaverageSNR of all usersanduncorrelatecntennas.
— EqualaverageSNRof all usersandcorrelatedantennas.
— DifferentaverageSNR of theusersanduncorrelategntennas.

e EstimatedchannelgSubsectio.4.3):

— Estimationusingthetrainingsequencenly.
— Estimationusingdetectediata,with aso-calledbootstap method91].

"We thusassumaincorrelatedscattering 73, p. 706]. Seealso[42] for anexperimentalerifica-
tion. We alsongglectthe impactof the pulseshaping.In practice the pulseshapingwill introduce
somecorrelationamongadjacentaps,but with full-responsesignalling,this correlationis small,and
will notaffecttheresultsin thesimulations.
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4.4.2 Performancewith known channelcoefficients

In this subsectiorwe shall studythe idealizedcasewhenall channelcoeficients
areexactly known. Effectscausedy differencesn detectorstructurecanherebe
studiedin isolation,sinceeffectsof channelestimatiorerrorsareavoided.

Equal averageSNR for all usersand uncorrelatedantennas

This is the basicscenariowhereall usershave the sameaverageSNR, andthe
channeldrom a singletransmitterto differentantennaslementsare uncorrelated.
In practice the conditionof all usershaving the sameaverageSNR canbefulfilled
by using slowv power control that compensatefor the propagationioss and the
shadwv fading, but not for the Rayleighfading. The condition of uncorrelated
antennagresupposea sufiiciently large antennapacing’ in Figure4.2.

Theabove scenarids simulatedfor anaverageSNR perbit betweerD and15
dB, wheretheaverageSNR perbit [73, p. 728]for usery, '758, is definedas

1 BIBY +|BY? + | B PIE(d; (k)
BTN ElJv; (k)?]

(4.25)

for three- tap:hanneIsWeassumehatyb is equalatdifferentantennalementsand
thusindependenof i. Notethatsignalsfrom otherusersdo not affecty] Adding
userswill only affecttheresultingBER for aﬂxedfyb andtherebydemonstrat¢he
performancealegradationasa functionof the systemload.

Figure 4.3 shawvs the estimatedBER as a function of the averageSNR per
bit. With four users,the performanceof the multiuserDFE aty, = 15 dB is
around6 dB betterthanthe performanceof the interferenceejectingDFE. This
differencearisesfrom the factthatthe IR-DFE usesup all its degreesof freedom
to cancelheinterferencdrom theotherusers.This taskis easierfor theMU-DFE
sinceits feedbacKfilter takes careof someof the suppressiomf the co-channel
interferers.For fewer usersthedifferencebetweerthetwo approaches smaller
For example,in the caseof threeusersthe gain is approximately3 dB and for
two usersaroundl dB. This was obsered in [20], wherea linear recever was
comparedo the matchedfilter bound,which is an upperboundon the detector
performance.Whenthe numberof antennass large, the differencebetweenthe
linearrecever andthe matchedilter boundis small.

For 4] = 15 dB, the performancedegradationwhenusinga MIMO DFE is
approximatelyl dB for two users,3 dB for threeusersand5 dB for four usersas
comparedo asingleusersystem.SeeTable4.2for aperformancesummary

8Thus,wedo notusetheSNRperchanneldefinedasf‘yg'éN"yg. Using7! enablesafair compas
isonamongscenariosvith differentnumberof antennas.
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Figure 4.3: Comparisorof the MU-DFE andthe IR-DFE for known channels,
equaltransmittempowersanduncorrelatecgntennas.The numberso the right of

the grapharethe numberof errorsusedto estimatedhe BER for the averageSNR

perbit y,=15dB.

Equal averageSNR for all usersand correlatedantennas

In a realisticuplink scenariothe channelsrom a singleuserto the differentan-
tennaelementwill becorrelated.This makesthe systemmoresusceptibldo fad-
ing. Also, in the correspondinglownlink scenariothe channelsfrom different
transmitterdo a singlerecever will be correlated Separatinghedifferentsignals
thenbecomesdncreasinglydifficult. However, aswe shallsee successfumultiuser
detectionand interferencerejectionis possibleeven with correlatedbasestation
antennas.

In this simulation,we will assuméhata uniform lineararrayis presentatthe
basestation. The correlationbetweenthe channelso two adjacentantennaele-
mentsis givenby (4.14) In theuplink multipathmodel,eachincomingray from
userj will give riseto a cqumnvectong? atlag p in the impulseresponseas
definedin (4.10) Eachof thesecolumnvectorsoriginatesfrom a circular distri-
bution of scatterersisdepictedn Figure4.2. Theangularlocationsd of scatterer
distributionscorrespondingo differentcolumnvectortapsin theimpulseresponse
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are assumedo be independenstochasticvariables,uniformly distributedin the
interval [—90°, 90°].

The channelcorrelations(4.14) will dependon the anglesf, which are not
underthe systemdesigners control. Therefore we shalladdresghe performance
of the DFE as a function of the correlationcoeficient accordingto (4.14) that
would resultif thesignalswould all impingefrom ananglef = 0°, comparewith

Figure4.2:
2
p(8,R,r,0 = 0) = Jp ( ”fR) 25 (57R> . (4.26)

Wewill call thequantityp theantennacorrelation It canbe measuredor a given
environmentanduniform linear array andthe correspondingerformancecanbe
predictedrom thesimulationresultspresentedbelow.

To calculatethe actualcorrelationp betweernthe channelgo two adjacen@an-
tennaelementsn theimpulseresponséor agivenvaluep, of theantennaorrela-
tion, weinserttheratio R§/r correspondindp g, andarealizationof thestochastic
variabled into (4.14) Theresultingvalueof p is usedto form the covariancema-
trix of B,. A realizationof B, is thengeneratedThis procedures repeatedor
eachof M (L + 1) vectortapsin theimpulseresponseThe simulationresultsare
presentedh Figure4.4for asignal-to-noiseatio of 10dB andantennaorrelations
betweerzeroandone.

In thedownlink, the N recever antennasireuncorrelatedywhereashe trans-
mitter antennasre correlated.The procedureor finding the downlink multipath
channels similar to the uplink case:For a givenvalueof the antennacorrelation,
we insertthe correspondingatio Ré/r andarealizationof ¢ into (4.14) There-
sultingvalueof p is usedto form a covariancematrix. Sinceit is the transmitters
thatarecorrelatedthis covariancematrix is usedto generatenerow of atapin
thechanneimpulseresponseThis procedures repeatedor eachof the N (L + 1)
tap rows in the impulseresponse.Note thatthe anglef is equalfor all recever
antenna®f aspecificmobile. Theresultis depictedn Figure4.5.

It is evidentfrom Figures4.4 and4.5 that successfumultiuserdetectionand
interferenceejectionareindeednotdependendn uncorrelatedntennasThe per
formanceof all algorithmsdeterioratesvhenthe antennacorrelationis increased
from zeroto one. For the uplink, this is dueto the diminisheddiversity effect,
resultingfrom a decreaseén the numberof diversity branchedrom twelve (four
uncorrelatecantennagndthreetaps)to three(four perfectly correlatedantennas
andthreetaps)peruser For the downlink, the signalstransmittedfrom different
basestationantennadecomencreasinglysimilar, which makesthe signalsepara-
tion moredifficult. However, in bothlinks the multiuserdetectiorapproachetains
its superiomperformancescomparedo theinterferenceaejectionapproach.
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Figure4.4: Comparisorof the MU-DFE andthe IR-DFE for uplink transmission,
when the basestationis equippedwith a uniform linear array with correlated
antennalements Thechannelsareknown andthe SNRperbit is 4, = 10 dB for
all users.TheestimatedBER is shavn asa functionof the antennacorrelationp.

Remark 5. Noticethatp = 0 doesnot imply thatall channeltapsareuncorre-
lated, only thata signalthatimpingesfrom § = 0° would resultin uncorrelated
taps. Therefore the BER for g = 0 doesnot coincidewith the BER for 4, = 10
dB in Figure4.3,whereall tapsareuncorrelated.

Different averageSNR for the usersand uncorrelatedantennas

In Figure4.3and4.4, we assumedhatpower controlwasusedto compensatéor
the propagatiorioss andthe shadav fading. In the scenarioinvestigatedn this
subsectionye will relaxthis assumptionEventhe averagereceved poverswill
differ amongtheusers.Thiswill generatéhe so-calledhearfar problem

We estimatedhe BER of a userhaving anaverageSNR perbit of 10dB in a
scenariovherethereareone,two or threeadditionalusersgachhaving anaverage
SNRperbit thatis betweer0 dB and10 dB higher, thatis betweenl0 dB and20
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Figure4.5: Comparisorof the MU-DFE andthe IR-DFE for downlink transmis-
sion,whenthebasestationis equippedvith a uniformlineararraywith correlated
antennalements The channelareknown andthe SNRperbit is ¥, = 10 dB for
all users.TheestimatedBER is shavn asa function of the antennacorrelationg.

dB. Theresultfrom this simulationis depictedn theright half of Figure4.6.

In a MU-DFE, decisionsconcerningone useraffect future symbol estimates
of all users.Incorrectdecisionson the symbolsfrom a weakuserwill thusimpair
the decisionsof other strongerusers. In this case,an IR-DFE may yield better
performancesince(possiblyincorrect)decisionsof the wealer users’symbolsdo
notinfluencethe estimateshe strongemusers’'symbols.

To investigatethis effect, we estimatethe BER of a userhaving an average
SNRperbit of 10dB in a scenariovheretherewereone,two or threeadditional
usersgachhaving anaverageSNR perbit thatwasbetweerD dB and10dB lower,
thatis the SNRperbit of theremainingusersvariedbetweerii0 dB and0 dB. The
resultfrom this simulationis depictedn theleft half of Figure4.6.

Fromtheleftmostpartof Figure4.6, it is clearthatfor theinvestigatediffer-
encesn powerlevels,errorpropagatiors notsoseverethatthe BER of aMU-DFE
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Figure4.6: Comparisorof theBER of userl for the MU-DFE andthelR-DFE for
known channelsdifferenttransmitterpowers anduncorrelatecantennas.n this
simulation, 25000 channelswere randomly selected. Over eachchannel, 1000
symbolswere transmitted. Usernumberl hasan SNR per bit of 41 = 10 dB,

while the SNRperbit ¥} of the otherusersareequalandvariesbetweerD and20
dB.

exceedgheBER of anIR-DFE. Ontheotherhand,from therightmostpartof Fig-

ure4.6,it is evidentthatfor the multiuserDFE, four userscancoexist in the cell,

evenwhentherecevedaveragepowersdiffer substantiallyFor two usersthe BER
is hardlyaffectedatall by the powerlevel of theinterferinguser However, theper

formanceof theinterferenceejectingDFE is seriouslyaffectedby theincreaseof

the power levels of the interferingusers,sincethe IR-DFE doesnot comply with

the ZF condition(3.29) Insertingnumericalvaluesinto (3.29) givesthe required
feedforvardfilter degree:

M=1 = ds>-1/4
M=2 = éds> 2/3
M=3 = s> 2.5
M=4 = s> 8.

This meanghatsincewe usedés = £ = L = 2, completesuppressiowf all co-
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channeiinterferersis impossiblewheneer M > 3. As the powversof theseusers
increasethe estimationerror dueto residualinterferenceincreasesresultingin
anincreased®ER. The multiuserDFE on the otherhandis capableof completely
removing theinterferencdrom the strongerusers at the expenseof a slightly in-
creasedoiseamplification.

4.4.3 Performancewith estimatedchannelcoefficients
Estimation usingthe training sequencenly

To demonstratéion the MIMO DFE worksin a morerealisticcase channelesti-
mationis introduced.The datais transmittedn bursts,with a structuresimilar to
thatof GSM: A training sequenc®f 26 symbolsis locatedin the middle of each
burst. Togetherwith datasymboils,tail symbolsandcontrol symbols,this results
in atotal burstlengthof 148symbols? Thechannekstimatioris performedusing
the off-line leastsquaresmethod,andthe spatialcolor of the noiseis estimated
from theresidualf the channeldentification. Thetemporalcolor of the noiseis
not estimateddueto thelimited amountof data.In the MIMO case the channels
from all usersto eachantennaelementare estimatedsimultaneously Apart from
this, thesimulationconditionsarethe sameasin Subsectio.4.2. Theresultsare
indicatedin Figure4.7 onthefollowing page.

Whenwe comparerigures4.3and4.7, we seethatthe differencebetweerthe
MU-DFE andthe IR-DFE is greatetwhenthe channeldhave to be estimated.The
differencebetweerthemultiuserdetectiorapproactandtheinterferenceejection
approachhasnow increasedo about4 dB for two usersandto about7 dB for three
usersandevenmorefor four users.n thiscasetheoverall penaltyfor squeezingn
four userdnto onecell is about7 dB ascomparedo the singleusercase.Table4.2
summarizeshe performancédossof the IR-DFE andthe MU-DFE for known and
estimatecchannelsascomparedo thesingle-usecase.

Impr oving channelestimation using the detectedsymbols

Sincechannelestimatiorerrorsarea major causeof bit errorsin a digital cellular
system,thereis a greatpotentialfor performancamprovementin the reduction
of the channelestimationerrors. Oneway of accomplishinghis would be to use
detectedsymbolsasregressorsn the estimationalgorithm. This approachwould
thusconsistof two passessfollows:

%The pulseshapingusedin GSM resultsin a channelith five highly correlatedaps. We have
notincludedthis featurein the simulation:Only the burststructureresembleshe oneusedin GSM.
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Figure4.7: Comparisorof the MU-DFE andthe IR-DFE for estimatedhannels,
equaltransmittempowersanduncorrelatecantennas.The channelwvas estimated
usingonly thetrainingsequence The numbersat the right edgeof the graphare
thenumberof errorsusedto estimatehe BER for an SNRperbit of 4,=15dB.

Passl:
1. Estimatethe channelsingthetrainingsequence.
2. Designanequalizeusingthesechannelestimates.
3. Detectall thesymbolsin theburst.

Pass2:

4. Estimatethe channelusingthe training sequenceand the symbolsdetected
in passl.

5. Redesigrtheequalizemsingthe updatedcchannekstimates.
6. Repeathesymboldetection.

We thusimprove the channelestimatedy using detecteddatathat are probably
correct. By usingtheseextraregressorsve canincreasehe lengthof thetraining
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sequencdrom 26 to 148 symbolsin the GSM case. This method— which we
call bootstap — is basedon the assumptiorthat when the fraction of incorrect
decisionsfrom passl is suficiently small, the channelestimationin pass2 will
provide betteraccurag thanthe channelestimationin passl. Bootstrapequal-
izationis discussedn [91] for both decisionfeedbackequalizersand maximum
likelihoodsequencestimation.

To testthis algorithm,we repeatthe simulationin Subsectiort.4.3,with the
useof the detectedsymbolsto improve the channelestimatesaccordingto the
bootstrapalgorithmdescribedibore. Theresultsfrom the secondhassof thealgo-
rithm areshavn in Figure4.8.
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Figure4.8: Comparisorof the MU-DFE andthe IR-DFE for estimatedhannels,
equaltransmitteipowersanduncorrelate@ntennas.The channekestimatesvere
obtainedusingboththetrainingsequencanddetectedsymbols The numbersat

theright edgeof the grapharethe numberof errorsusedto estimatehe BER for

anSNRperbit of 4,=15dB.

As canbe seenfrom Figure4.8, the BER wasreducedwhenthe tentatve de-
cisionswereusedto improve the channelestimateslt seemghatthe performance
of the multiuserdetectorwas impairedmore by the poor quality of the channel
estimateghanthe performanceof the detectorperforminginterferencerejection:
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Thedifferencebetweerthetwo approachess largerwhenthe two passalgorithm
is usedthanwhenonly thetrainingsequencés usedto estimatethe channel.This
is dueto thefactthatthe estimationof the covariancefunctionof the noiseandthe
interfererds still inaccuratedespitethefactthatwe now have accesgo atraining
sequenc®f 148 symbols. This impairsthe performancef the IR algorithm,and
largely explainsthe differencebetweerits performancéasedn knowvn channels
andnoisecovariancesn Figure4.3andits performancéasedn estimate®f these
quantitiesn Figure4.7and4.8

The performanceat 15 dB of the bootstrapalgorithmis summarizedn Ta-
ble4.2.

IR-DFE MU-DFE
Numberof users 2 3 4 2 3 4
Known channels 2.6dB 5.6dB 8.9dB 1.2dB 3.0dB 5.0dB

Estimatedchannelsising
thetrainingsequencenly 6.0dB 10.5dB 12.9dB 1.8dB 4.2dB 7.3dB
thebootstrapalgorithm 5.9dB 11.2dB 14.0dB 1.5dB 3.3dB 5.6dB

Table4.2: The performancédossexperiencecascomparedo a singleusersystem
whenaddingusersfor the simulationsin Figure4.3,4.7 and4.8. All valuesare
estimatecaitan SNR of 15 dB.

4.5 Application on measureddata

The simulationsin Section4.4 indicatethatreusewithin acell is indeedpossible.
But will it work in practice?To investigatethis we will apply boththe multiuser
andtheinterferenceejectingDFE to a setof uplink measurements.

45.1 The measuements

The measurementsereperformedon a testbeddesignedy EricssonRadioSys-
temsAB andEricssonMicrowave SystemsAB [5]. Thetestbedmplementsthe
air interfaceof a DCS1800basestation.During all measurementso othertraffic
waspresentndthe carrierfrequeny was1782MHz.

The array hasfour dually polarized(+45°) microstripantennasresultingin
eightantennautputs.A corventionalsectorantennawith two branchpolarization
diversity is alsoincludedin the measuremengetupfor two reasons:to evaluate
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theimpactof usingmoreantennalementsandto estimatethe transmittedsignal
power.

The measurementsrere performedin Kista, a sulurb north of Stockholm,
Sweden.

A singlemobile mountedn avanwasusedfor all experimentsThevandrove
at approximately30—40km/h during the measuremerperiod. The mobile trans-
mitted a burst of datain one of the eighttime slotsin a GSM frame. The base
stationdown-corvertedand sampledthe receved signalandthe resultingdigital
basebandgignalwasrecordedor a large numberof frames. This procedurevas
repeatedvhenthe mobiletraveledthe sameroutebut transmittedanotherdatase-
quence.Thetwo setsof collecteddigital basebandneasurementaereaddedto
represent situationwhentwo mobile userssharethe samechannel. The algo-
rithmsinvestigatedn Section4.4 werethenapplied,bothto the datarecordedat
thearrayantennaandto the datarecordedht the sectorantenna.

4.5.2 Estimation of the averageC/N

We estimatethe averagecarrier-to-noiseratio (C/N)!° indirectly by measuring
therecevedpower atthesectorantennavhenthemobileis inactive. This provides

us with an estimateof the noiselevel. The receved power at the sectorantenna
during the periodswhenthe mobile is active provides an estimateof the signal-

plus-noisepower. Thesepower level measurementare averagedover a sgment

of frames.Dueto the shadev fading,this averagediffersbetweerseggments.Thus

the performanceof the algorithmscanbe addressedsa function of the average
carrierto-noiseratio.

45.3 Results

The frame structurein DCS1800is identicalto the frame structuredescribedn
Subsectiod.4.3.In thiscasefivetapchannelareestimatedandés =/ =L =4
is used.

The MMSE MU-DFE andtwo MMSE IR-DFEswereusedto demodulateghe
signalsfrom the two users. In both casesthe bootstrapalgorithm describedn
Sectiord.4.3wasutilized. Theresultsareshavn in Figure4.9for thearrayantenna
andin Figure4.10for thesectorantenna.

Whenwe comparethe resultsin Figures4.9 and 4.10 with the resultsfrom
the simulationswe seethatthe errorratedecreasemuchmoreslownly with SNR
for the experimentaldatathan for the simulations. This is becausé¢he number

0Thecarrierto-noiseratio correspondso the SNR per channeldiscussegreviously. We usethe
notationC/N ratherthanSNRto stresghefactthatthe quantityhasheenestimatedndirectly.
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Figure4.9: Comparisorof theMU-DFE andthelR-DFE appliedto measurements
fromaDCS180Qestbedn aflat fadingervironment. Theantennaarrayhadeight
outputsandtwo usersweretransmittingsimultaneously

of diversity brancheds considerablylower in this case: The channelis in fact
flat fadingandthe partial responsésMSK modulationcausesll the intersymbol
interference.

Theresultsfrom the experimenton the measurementsom the arrayantenna
arenot surprising. For the lightly loadedsystemwith N = 8 andM = 2, the
performancef a MU-DFE shouldbe only slightly betterthanthe performanceof
two IR-DFEs.

For the sectorantennathe resultsare moresurprising: A MU-DFE performs
slightly worsethantwo IR-DFEs. Thereasongor this aretwofold:

1. Sincethe channelis flat fading,the IR-DFE will have adequatelegreesof
freedom. The intersymbolinterferencanducedby the GMSK modulation
will bepresenin thechanneldo all antennalementsHence eachcolumn
of B(g ') will have acommonfactorof degreeL. For N = 2 andM = 2,
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Figure4.10: Compatrisorof the MU-DFE andthe IR-DFE appliedto measure-
mentsfrom a DCS1800testbedn a flat fadingenvironment. The sectorantenna
hadtwo outputsandtwo usersweretransmittingsimultaneously

thezero-forcingcondition(4.22)thenreducego

S22 1 0+L4+1-0-A
2+1-2

(552 —I:E—Aj

where is the decisiondelay and A; is the propagationdelay of user .
Thereforethe choiceds = £ ensureghe existenceof a ZF IR-DFE for this
scenarioandthe correspondinddMSE detectomwill work well.

2. Whentheamountof intersymbolinterferencecausedy multipathpropaga-
tion is small, spatial-onlyinterferenceejectionis suficient to suppresshe
interferinguser The multiuserDFE tries to rejectco-channelinterference
by meansof an estimateof its spatio-temporatolor. Thiswill hereleadto

worse performancesince parametershat do not improve equalizationare
estimated.
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With thearrayantennaa few multipathcomponentganberesohed, which leads
to a situationwherethe channelgo differentantennaelementswill have no com-
monfactor In this casetheinterferencecancellemwill have to placespatialnulls
in several directions,therebysacrificingsomedegreesof freedom,which leads
to worseperformance.In this case,the multiuserdetectorcan useits additional
degreesof freedomto canceltheco-channeinterference.

It shouldbe noted, that the investigatedscenarioconstitutesa very difficult
detectionproblem: The two mobilestravel exactly the samemeasurementute.
Still, reusewithin a cell is possible,using eitherthe array antenneaor the sector
antennaThedetectomperformancés approximatel\2 dB worsefor two userghan
for oneuser

4.6 Discussion

In our investigationof recever algorithmsdesignedto accomplishreusewithin
cells,we have comparedMIMO DFEsthatwork asmultiuserdetectorgo the use
of interferencerejection,implementedby MISO DFEs. In summary extensie
simulationgndicatethatchannereusewithin acell is indeeda viable option,with
multiuserdetectionproviding superiorperformancelp to four userscould coex-
ist in the samecell if the receversutilize antennaarrayswith only four antenna
elements.With multiuserdetection,the price paid for this in increasedit error
rateis rathersmall. We have testedthe algorithmson experimentaimeasurements
from a DCS1800testbed For theinvestigatedscenarioyeusewithin a cell is pos-
sible usingeitheran eight-elemenantennaarray or a two-branchdiversity sector
antenna.

Differencesn performancéetweemultiuserdetectiorandinterferenceejec-
tion arepartly dueto thedifferencein detectorstructue: A multiuserDFE utilizes
feedbackrom previously estimatedsymbolsfrom all userswhile theinterference
rejectingDFE performsdecisionfeedbackrom theuserof interestonly.

The differencealsoresultsfrom the preconditiondor channelestimation In
the multiusercase input-outputtransferfunctionsfrom eachtransmitterto each
recever antennacan,and must, be estimated.For interferencerejection,the co-
channeinterferenceconstitutescolorednoise,andmultivariatenoisemodelsesti-
matedfrom shortdatarecordswill have pooraccurag.

Thesefactorswill generallyresultin a higher performanceor the multiuser
detector This is particularlyapparentvhenthe detectorsare appliedto heavily
loadedsystems(with mary users/interferersaind when the delay spreadin the
multipathchannels large.

We have alsoproposedhattheexistenceof asolutionto the zero-forcingprob-
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lem canbe usedasanindicationof a well-posedequalizationproblem. Whena
zero-forcingequalizeexists, theresiduaMSE of thecorrespondindMSE equal-
izerwill tendto zeroasthe SNRgoesto infinity.

Our conclusionsare basedon studiesand comparison®f symbol-by-symbol
decisionfeedbackequalizers.We would expectsimilar conclusiongo hold from
a comparisorof joint multiusermaximumlikelihooddetectorg32] to single-user
maximumlikelihood detectorswith spatialinterferencewhitening[14]. There-
sultsin [17] confirmthis assumptionHowever, for maximumlikelihooddetectors
the compleity of thetwo approachesvould differ substantiallyin contrasto the
compleity of thetwo detectorslescribecdere.

Appendix4.A Proof of Theorem4.2

We shall herederive the deggreecondition (4.22) We assumehat the conditions
in Theoremd.1 arefulfilled, which impliesthata zero-forcingsolutionexists for
somedgyreeof thefeedforvardfilter.

We first needto remove the influenceof commonfactorswithin eachcolumn
of B(g~!). For this purposeye insertthefactorization(4.18)into (4.17)

SO(g B )G HA(G ) =g D1 +¢ 'Qulg ).  (4.27)

For thisequatiorto have asolution,therightfactorG(q 1) A(¢ ) of theleft hand
sidemustbearight factoralsoof theright handside,thatis, we musthave

g V1 +¢'Qulg ) =X (¢ )G(g HA(g ) (4.28)

for somematrix polynomial X (¢~1). We realizethat A (g~!) cannotbe a right
divisor of () (1 + ¢~'Qsi(¢™")), sincethe coeficientshaving the lowestdegree
differ whenthe propagationdelay A; is non-zero. However, the left handside
of (4.28)canberewrittenas

eV (1+¢7'Qiila™)) = 1+ ¢ 'Qilg™))g e,

which hasA(¢g~!) asaright divisor, sinceA; < £ for all i. Therefore we can
write

¢ D1 +q'Qilg ™)) = (1+q 'Qilag ))g ‘e
=Y (¢"HA(gHA(g™)

for somematrix polynomialY (¢ 1) andwith

(4.29)

A(q_l) = diag (q*“'AI q*“‘AM) }
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We now chooseY (¢ 1) sothatit hasG'(¢ 1) asaright divisor, or equivalently
gD (1+¢7Qi(¢™) =Y (¢ NG(gHA[GHA(G) . (4.30)

The matrix coeficient with the lowestdegreeon the left handof (4.30) sidemust
be equalto the matrix coeficient with the lowestdegreeon the right handside.
SinceG (g ') is monic, this canonly be satisfiedf

Y@ ) =e1+¢"Qulg ")
for somepolynomialmatrix Q;; (g~!). If weinsertY (¢—!) into (4.30) we obtain
g e (1+q 'Qulg 1) =e® (1+¢ 'Qii(¢ 1))G(¢ HA(g HA(g ).
SinceG(¢~!) andA(g~!) arediagonalthey commute Hence
g D1 +¢Qu(g™) =€ (1+¢'Qui(a ) Alg )G HA(g?) . (4.31)
From (4.31)we seethatg—‘e®) (1 + ¢~'Qii(¢™")) hasG(¢~)A(¢g™!) asaright

factorasrequired.Thisfactorcanthusberemovedin our original equation(4.27)
We mustnow solve

S MBg") =1+q'Qulg)A) (4.32)
with respectto §®(¢~1) and Q;;(¢~!). The polynomial Q;;(¢™!) that solves
the original Diophantineequation(4.27) canthen be obtainedfrom the solution

of (4.31)
We now equatehe M scalarpolynomialsin (4.32)to obtain

Bkm(q_l)Sik(q_l) =0 m=1,...,M, m#i (4.33a)

E

kol

M= T

Brilg™H)Sik(g™) = ¢ i1+ ¢ Qui(g™h) (4.33b)

o

=1

In generalgquationg4.33a)and(4.33b)cannotbe soledif therearemoreequa-
tionsthanthereareunknavns. We mustassurghusthatthe numberof unknavns
equalsor exceedghe numberof equations.

Thefeedforvardfilter of anIR-DFE hasN (és + 1) scalartapsfor eachuser
Eachof thesescalartapscanbe tunedsothatthe zero-forcingconditionis met.
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A systemof linearequationds obtainedby equatingtermswith equalpowers
of ¢~1. Eachof the M — 1 equationsn (4.33a)contritute oneequationfor each
tapin theequalizecchannelgiving a total of

> (65 + L +1) (4.34)
m#i

linear equationswhereaghe numberof equationsoriginatingfrom (4.33b)only
equals

C+1— A (4.35)

sincethefeedbacKilter canbe determinedo fulfill theremainingequationsThis
meanghatwe have to satisfy

> (s + L +1)+L+1—A,
m7#i
M
= (M —1)(6s+1) + (Lm) —Li+£+1—A; (4.36)

m=1

linearequationswith the N'(ds + 1) unknavnsin thefeedforvardfilter. Thus,we
require

Z%:l (Zm)+e+1—E1—AZ

>
0s 2 N_—M+1

~1. (4.37)

To ensurdhatthezero-forcingconditionis fulfilled for every user we mustrequire

Yoot (L) +£4+1-Li—A;

1. 4.
N-M+1 (4.38)

ds > max
7

The condition (4.38)is genericallynecessaryo fulfill the zero-forcingcondition
for all M users.
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CHAPTER B

Multiuserdetectionn DS-CDMA

5.1 Intr oduction

N direct-sequenceodedivision multiple-acces¢DS-CDMA) systemsall users

concurrentlysharethe samebandwidth. The usersaredistinguishedy assign-
ing to eachusera uniquecodeor signaturesequencewhosebandwidthis much
largerthanthatof thetransmittednformation. This codesequenceés usedto mod-
ulatethe datastream.

Conventionally thetransmittednformationis retrievedattherecever by cross-
correlationwith the signaturesequencefollowed by symbolrate sampling. This
matchedilter (or corventional)receveris optimumin thesingle-usecaseor when
all signaturesequenceare orthogonalat therecever. Thefirst caseis obviously
of nointerestandthe seconctases practicallyimpossibleto achieve.

In practice,the detectionwill be adwerselyaffectedby multiple-accesinter-
ference(MAI). Whenthe powversreceved from differentusersare approximately
equal,the detrimentaleffect of MAI will be relatively small. However, the con-
ventionalrecever will be unableto detectweaksignals,typically originatingfar
from therecever, in the presencef strong(near)interferers.This is the so-called
nearfar problem

The nearfar problemcanbe alleviatedby meansof powercontiol. Thetrans-
mitter powersof all signalsarethusadjustedsothatall signalsarerecevedwith the
samepower. However, power control occupieshandwidthandrequiresamplifiers
with high dynamicrangeto beinstalledin all transmitters.

An alternatve to power controlis to replacethe matchedfilter recever with
amoreadwanceddetector Suchmultiuserdetectos have gainedanenormousn-

101
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terestin the academiditeratureduring the last decade. Multiuser detectorscan
be divided into two broadclassesthosethat operateon the sampledoutputof a
bankof matchedilters andthosethatdo not. Thelatterinsteadoperatedirectly on
thereceved signal,samplednceor sereraltimesduringa chip period. Examples
of detectorsn thefirst classarethe optimal detecto99], the decorrelatingletec-
tor [56, 57, 77], themultistagedetecto96] andthe MMSE detectof105] andalso
someschemesasedon multivariabledecisionfeedbackequalizerg24, 25, 8§].1
Thereceversin [2, 16, 58, 61, 70, 74] are examplesof detectordn the second
cateyory.

Operatingon the outputof the matchedilter bankhassomeadwantages.The
sampledsignalconstitutes suficient statisticof thereceived continuous-timesig-
nal. It is thuspossibleto derive a recever that optimally demodulatesll trans-
mitted signals. Also, with few usersactie in the systemthe matchedilter bank
reduceghe numberof measuremergignalsconsiderablyresultingin lower com-
plexity. A third adwantageis that thesedetectorscan easily be modifiedto cope
with so-calledong codesthatis, codesequencewith aperiodthatis muchlarger
thanthe symbolperiod.

However, thetiming accurag requiredwhensamplingthe matchedilter out-
putsis high. In fact,the performancef thesemultiuserdetectorsnay dropdrasti-
cally with synchronizatiorerrors[69, 107]. Also, in mary caseshe signalsfrom
all usersmustbe detectedvenwhenonly oneof themis of interest.

Duringthefirst partof thisdecadeit wasrealizedthatit waspossibleo imple-
mentan adaptivemultiuserdetector This multiuserdetectoroperateslirectly on
therecevedsignal,samplednceor severaltimesduringeachchip period.Sucha
recever is relatively insensitve to errorsin the estimate®f the propagatiordelay
andothersystemparametersAnotheradwantages thatis canbeimplementedn
suchaway thatonly signalsthatareof interestneedto bedetected.

The adaptve multiuserdetectorhastwo major disadwantages.First, it cannot
be appliedin systemswith long codes.Secondjn somecasegherateof corver
gencemaybetoo slow. However, thesetwo issuesarenot problemsthatrelateto
thedetectorstructure put to thetuningprocedure.

In this chapter we shall describehow this chip-sampledietectorcan be de-
signedsothatit canbe usedin a systemwith long codes. Insteadof tuning the
recever directly from the receved signal, we derive a linear filter model of the
DS-CDMA system. This multivariablemodelhasthe symbolstransmittedby all
usersasinput, andthereceved chip-sampledignalasoutput. This modelis then
usedas a basisfor the detectordesign. Both synchronizatiorerrorsand multi-

Thedetectoiin [88] istheMMSE FIR DFE describedn Sectior.3,appliedto themultivariable
channeimodeloutlinedin Subsectiori.4.3.
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path propagatioris incorporatedn the model, and unknavn parameterganbe
estimatedwith relatve ease.Thefilter modelwill betime-invariant— or slowly

time-varying— in a systemwith shortcodes.Whenlong codesareused,thefil-

ter modelwill changeabruptlyfrom symbolto symbol,even whenthe multipath
channeis time-invariant.

This modelwill thenbe usedto designa family of MMSE detectorswith or
without decisionfeedback.We will thenshaw thatfor a given detectorstructure,
thedetectorobtainedoy minimizing the MSE will be nearfar resistanif andonly
if it is possibleto adjustits parameterso that the zero-forcingcriterion is ful-
filled. In thelastpartof the chapterwe will presentMonte Carlosimulationsthat
demonstrat@ow the proposediesignmethodworksin differentscenarios.

5.2 Systemmodel

In this section,we explain how the entireprocesf transmissiorandreceptionn
a DS-CDMA systemcanbe describedby a discrete-timemodel. Our final target
is @ MIMO model, which hastwo inputsfor eachuserin the system,whereas
the numberof outputsequalstwo timesthe processingyain. Both long andshort
codescanbe incorporated. However, if long codesare used,the modelwill be
time-varying. Frequeng selectve fadingandarbitrarypulseshapingcanalsobe
handled.

5.2.1 The DS-CDMA system

Consider singleuserin anasynchronou®S-CDMA system.The symbolperiod
is denotedby T, whereasI, representshe durationof a chip. The processing
gain,thatis, theratio T /T, is denotedoy N,.

It is assumedhatuser; transmitsghe complex-valuedsymbol

d{9(k) = dl (k) + jd* (k)

duringthetime period[kTs, (k + 1)Ts[. Thel- andQ-componentsf eachsymbol
arespreacby two real-\aluedwidebandsignaturesequenceés which aregiven by

¢l (kN, + v) andc? (kN, + v)

Thisreflectstheway the spreadings performedn somesystemsfor instancen the W-CDMA
downlink [22]. The modelsanddetectorgliscussedh this chaptemwould be somavhatsimplifiedif
thecomple-valuedQAM symbolswerespreadirectly by comple-valuedsignaturesequences.
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respectiely, duringthetime period[(kN, + v)T,, (kN + v + 1)T¢[. Thespread-
ing operatiorresultsin acomple-valueddiscrete-timéasebandignal

5iQ(kNe+v) = s{ (kNe +v) + js? (kN + v)

thatcanbewritten as

sT9(kN, +v) = (cI(kN +v) 2(kN, +u)) ( 4.0 ) (5.1)
i ¢ 1 c 1 c ]dZQ(k') . '
Above, k is arunningsymbolindex, wheread) < v < N, — 1 denoteghe chip
numberwithin this symbol. The integer kN, + v thuscorrespondso a running
chipindex. We will usethis notationthroughoutthe chapter:If atime seriesis
indexed with theexpressiork N, + v, thenit indicatesthatthe samplingperiodof
thistime seriesequalsthechip period.

To limit the bandwidthof the transmittedsignal, sz(ch + v) is passed
througha pulse-shapindilter, which is causalwith impulseresponse(t) of du-
ration T,,. The continuous-timebasebandignaliis then modulatedby a high-
frequeng carrier andtransmitted.

The transmittedsignal propagateshrough a wideband,frequenyg selectve
channelwith equialentbasebandmpulseresponsé:f(r;t). This time-varying
impulseresponse&onsistof A; + 1 discretecomponentsvith differenttransmis-
siondelays:

A;
hE(r3t) = D hen(H)8(r — Tim (1)) - (5.2)
m=0

Above, the comple-valued coeficients h§,, (t) modelthe possiblytime-varying
dampingandphaseshift for eachof the A; + 1 taps,whereas;,,, (t) representthe
correspondingropagatiordelay

The recever front end consistsof a corventionallQ-stage,wherethe |- and
Q-signalsare down-corvertedto the baseband.The receved basebandignal is
thenpassedhrougha causakhip-matdedfilter, with impulseresponse(7), — t).
Thesignalatthe outputof the chip-matchedilter is thensampledatthechiprate.
Therecever front endis depictedin Figure5.1 onthenext page.NotethattheI-
andQ-channelarehandledseparatelywhich makesmoreflexible detectortuning
possible.

5.2.2 A discrete-timesingle-userchannelmodel

The entirecommunicatiorsystem from the transmittedsymbolsto the chip-sam-
pledsignal,will now bereformulatedasa discrete-timdinear model. The model
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t =kT, + VT,
- %F p(T, —t) —" —rl(kN, +v)
receved |
passband— /2 cos 27 f.t
signal t = kT, 4 T,
B T
—v/2sin2x f.t

Figure5.1: Thereceverfront end.

will includethe spreadingaswell asthe multipathchannelandthe effectsof the
pulseshapingandthe chip-matchedilter.

We bagin by relatingthe spreadtransmittedsignal sz(ch + v) to there-
cewvedsignal. Thel- andQ- component®f the receved chip-sampledignalcan
bemodeledas

A (rHENA V) negw, - sH (kN + v)
ri(kNe +v) = (r?(km T u)) =6 <s?<ch i u)> (5:32)

= byt (g ) si (kN +v) (5.3b)

wherewe have definedthe equvalentdiscrete-timempulseresponsef the physi-
cal channel

L
v — A ctVv _—m
BNt (gl = Y bt (5.4)

m=0

Thediscrete-timegphysicalchannehasL{ + 1 taps,andincludesthe effectsof the
pulseshapingthe multipathpropagationandthe chip-matchedilter. Propagation
delayscaneasilybeaccommodately allowing anumberof zerosin thebeginning
of b= (g=1). Dependingon the pulseshapingemplo/ed, theimpulseresponse
of the physicalchannelmay be infinite. In practicehowever, a shortFIR filter is
sufiicientto modelthe discrete-timephysicalchannel.

We now make thecommonassumptiotthatthe pulseshapéas symmetricalthat
is, we assumehatp(t) = p(T, — t) Vt. If kS, (t) and7,(t) areapproximately
constanbver atime intenal of length7},, thenthefilter tapscanbe expressedn
theform

A;
bVt £ N RS (KT, + VT P(nTe — (KT +vT2)) . (5.5)
m=0
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Above, we have introducedreal-\alued2 x 2 matricesdefinedby

= A (Reh§ (t) —ImhS, (t)
5,02 (Lei) Rencl)

(comparewith (1.15) andthe scalarreal-\aluedintegral

Ty
P(r)= /0 p(u)p(T — u)du .

A completedervationof this channemodelcanbefoundin Appendix5.A.

Equation(5.3b) describesa completelydiscrete-timemodel. However, asit
doesnot includean explicit modelof the spreadingjt cannotbe directly applied
as a basisfor designof a DS-CDMA detectar Thus, we would like to include
the spreadingn the channelmodel, in sucha way that the detectordesignwill
be simplified. This canbe accomplishedy regardingthe spreadingoperationas
linearfiltering. Designinga DS-CDMA detectowill thenturnoutto beequvalent
to designingafractionallyspacedequalizer

To shav thatthe spreadingpperationcanindeedbe interpretedaslinearfilter-
ing, we studytherealpartof (5.1)

s{ (kN +v) = ¢j (kN +v)d; (k) , (5.6)

over thedurationof onesymbolperiod0 < v < N, — 1. Introducethesignals

~ dl(k =0
F(EN, + ) 2 i (k) v (5.7a)
0 v=1,...,N.—1
I
7 A CZ(ch—l-m) OgyamSNC_l
y ) 2 . 5.7b
z,ch+V( ) {0 otherwise ( )

Thechip-sampledignald (-) is thusequalto d! (-) every N, chipsandzeroother
wise,whereasthesignalcj;’,,C ~.4(m) isthepieceof thecodethatis usedto spread

thesymbold! (k).2 Equation(5.6) canthenberewritten as

Ne—1
SZI(ch + V) = Z cz{kNC—H/(m)dzI(ch +v— m)
m=0

= Cich+u(q_1)Jf(ch +v). (5.8)

Swith shortcodesc{,kNCJr,,(m) is independentf k. Thisis however nottruefor long codes.
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Above, we have defineda spreadindfilter with impulseresponse

N.—1

A _
Clinn(a )= z N (m)g ™. (5.9
m=0
Analogouslywe canwrite
s? (kN +v) = O n. 1, (a7 )dP (N +v) (5.10)
where
d2(kN, +v) & d’(k) v=0 (5.11a)
e 0 v=1,...,N,— 1 '
A N¢.—1
Cgch+u(q_1) = Z Cgch+u(m)q_m (5.11b)
m=0
with

2 (m)é c?(ch—i—m) 0<y,m<N,—1
bkNe+v 0 otherwise |

Notethatthe lengthof the impulseresponsef the spreadindilter is equalto the
processingain.

Whentheperiodof thecodesequences equalto thesymbolperiod thespread-
ingfilterswill betime-irvariant, sincethesamecodeis usedo spreaccachsymbol.
Suchcodesareknown asshortcodes.

Codeswith a periodthatis muchlargerthanthe symbolperiodarecalledlong
or randomcodes. The spreadingn a systemwith long codescanalsobe repre-
sentedasin (5.8), (5.10) In this case,the spreadindilter will be time-varying
sincedifferentsymbolsare spreadwith differentcodes. This meansthat even if
thephysicalchanneis time-irvariant(thatis, if thereis nofastfading),theresult-
ing equivalentchannewill vary very rapidly! This time-variationcanhowever be
perfectlypredicted sincefuture valuesof the codesequencareknown.

We cannow use(5.3a) (5.8)and(5.10)to obtaina combinedchanneimodel

ri(kN. +v) =

ct (¢ 1) 0 d*(kN.+v)
piNetv =1y [ VikNetv (1 ¢ ) . (512
z ) ( 0 CPinesn (@) ) \dP (kN +v) (5.12)



108 Chapter5. Multiuserdetectionn DS-CDMA

Note thatthis modelhastwo real-waluedinputsandtwo real-waluedoutputs* We
canthenintroducethe completeequivalentchannel

T cTV _ A v — CI U(q_l) 0
B?N-f— (q 1):b§N0+ (q 1)< z;ch-E CQkN (@) (5.13a)
1, ctv
L¢+Ne—1
A Z B Netvg—m (5.13b)
m=0

We thusobtainthefollowing modelof therecevedsignalfrom user::

T dl(kN, +v)
(EN _ BENetv ,—m [ % cTV
’I"'L(k c+V) mz_:o im q (d,LQ(k'NC—I—I/)
LE+Ne—1 .
= Y B d; (Ne + v —m) (5.14)
2 o \afeNe vy —m) |

Sinced! (kN,+v—m) andd? (kN,+v—m) arenon-zeronlywhenm—v = nN,,
werealizethat(5.14)canberewritten

L; 7
i d!(kN, — nN,)
kN.+v
Ti(ch + V) = Z Bi,nN—L——l—u (Jb(k MCC _ n]\;c)) ?
13

n=0

wherewe have definedthe numberof non-zeratermsin thesum(5.14)

L+ N, —1

We now usethedefinitions(5.7a)and(5.11a)to expressr;(kN, + v) as

ri(kN. +v) = §Li:Bch+” i (k —n) (5.16a)
? cTV ~ 1,nNc+v dz-Q(k —n) :
nzzo t,nNe+v diQ(k) : :

“Whena usertransmitsone-dimensionalfor instanceBPSK, signalsthe imaginarypart of the
inputin (5.12) will vanish. The modelwill thenhave onereal-valuedinput andtwo real-\alued
outputs. In the following, we will however assumehat all transmittersutilize two-dimensional
signals.
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To obtaina collective representatiomnf the signalsreceved during a symbol
period,we collect N, consecutie samplesf r;(-) in the2 N .-dimensionalector

yi(k) 2 ("T(kN,) rT(kN,+1) ... TT(kN,+N,—1))" .  (5.17)

The vectorvaluedstochastigrocessy;(-) hasa samplingratethatis equalto the
symbolratel/T;. To modely; (k), weintroducethemultiple-inputmultiple-output
transferfunction
L; RkN —
Zinzo E?\’anfq "
1 » c+ —
A > neo inNy+19 "

Bi(gh)= (5.18a)
L; Rk c c— —
2 neo i,jr\L[Nt—IIYNcilq "
S kN,
2,n N,
L BENe+1 Li
=y et g =Y "B g (5.18b)
" Sk -|—:N 1 =0
Bi,nICVC—HCVCfl
with
N _ _ B T
Bf, = (BT BERIDT . BMSENI)T) . (5asg
In (5.18c) thereal-valued matricesﬁfgjvti,y aredefinedin (5.13b)whereaghe
channelsy” i  BENSH g~ areobtainedirom (5.16b) The FIR model(5.18b)

hastwo inputsand2 N, outputsandis of orderL;, asdefinedin (5.15)
We cannow combine(5.17) (5.16b)and(5.18a)to obtain:

) = BEG) (i)  BEG a8 (5.19)

Clearly this modelcan be directly usedfor detectordesign,sinceit relatesthe
transmittedsymbolsto thereceved (vector)signal,sampledcat the symbolrate.

It canbe seenfrom (5.15)that L; > 0 in general.Hencethe receved signal
will suffer from intersymbointerferencalueto multipathpropagatiorandrecever
andtransmitteffilters. Theonly exceptionis when

¢ themultipathchannels flat fading(A; = 0 in (5.2)); and

e thesynchronizations perfect(r;o = 0in (5.2)) .
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However, in mary casesthe amountof inducedintersymbolinterferencds small
and can be ignored. In particular this is true whenthe symbol periodis large
in comparisornwith the delayspreadof the channel.For instancejn a W-CDMA

system22], thesymbolperiodcanbeaslargeas62.5us, whereashedelayspread
in atypical rural or urbanareararelyexceeds us.

EXAMPLE 5.1

Toillustratethe constructiorof the single-usechannemodel(5.19) averysim-
ple exampleis considered We will build the channelmodelfor oneuser(user
1) in anasynchronou®S-CDMA systemwith a processingain N, = 4 where
shortcodesareused® To simplify theconstructiorfurther we make theunrealis-
tic assumptionhatthetapsin thecontinuous-timéasebandhanne(5.2)aswell
asthetransmittedsignalarereal-\alued. Thus,r?(ch + v) = 0, andwe can
modelthechannebsa scalarreal-\aluedfilter. We assumeéhatthechip-sampled
discrete-timeequialentphysicalchannel5.4)is givenby

bi(g ) =05¢"" +0.3¢72.

Notethat L{ = 2 andthatwe have droppedthe superscripk N, + v, sincethe
channels time-irnvariant. Thesymbolsarespreadisingthe code

[+1,-1,-1,+1]/2,
which meanghatthetime-irvariantspreadindilter (5.9)is givenby
Clg ') =05-0.5¢"1 —0.5¢2+0.5¢ 3,

wherewe have omittedthe subscriptt N, + v onthespreadindilter to simplify
the notation. The spreadindilter C!(¢~') andthe channeb; (¢~') cannow be
insertednto (5.13a)to obtainthetime-invariantchip-spaced¢hannel

5
Bi(g7") =) Bing " =025¢"" —0.1¢7% = 0.4¢7* +0.1¢7* 4+ 0.15¢ " .
n=0

From (5.15) the orderof the symbolrate sampledSIMO channelL; = 1 and
using(5.16b)we obtain

r1 (4k + 1/) = Bl,ud{(k) + B1’4+,,d{(k — 1) .

5The constructiorbecomesnuchmoreinvolvedwhenlong codesareused.
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By stackingthe channetapsfor v = 0,1, 2, 3 into a columnvector the symbol
ratesampledSIMO channel5.18b)is obtained:

B, Big 0 0.1
B B 0.25 0.15
-1y _ | P11 Bis | —1_ _1
Bi(q) = B, + By q o1l o |- (5.20)
B1,3 B1,7 —-0.4 0

Notethatthe orderof this channelequalsone.

Thechanneimodel(5.20)will beusedin Example5.3to designa multiuser
detector

5.2.3 A multiple-input multiple-output channelmodel

Accordingto the precedingsubsectionthe entire single-userchannel,from the
real andimaginarypartsof the symbolsequencéo the symbolrate sampledre-
ceivedbasebandectorsequence;anberepresentetly a discrete-timewo-input
multiple-output(TIMO) channelmodel. In a multiuserscenariowherethe pro-
cessinggainsof all usersareequal,eachusercontributeswith onesuchchannel.
Whenthe processingjainsaredifferent,a userwith processingiain N, ; will con-
tribute with N./N.; channelswhereN, is the largestprocessingyainamongthe
active user® Eachof thesechannelscanbe determinecusingthe procedurede-
scribedin the precedingsubsectionThe only differenceis thatthe symbolstream
of the high rate useris convertedto N./N,; symbolstreams.The first of these
symbolstreamss spreadusinga codethatis non-zeroonly duringthe first N ;
chips,whereasheseconds spreadvith acodethatis non-zeroonly in theintenal
[Nei+1,2N, ] andsoon.” Keepingin mindthata userwith processingain N, ;
is equivalentto N /N, ; userswith processingain N, wein thefollowing assume
that K “equivalentusers™with processingyain N, areactie in thesystem.

Therecevedsignalis thusthe sumof the outputsfrom K of the TIMO chan-
nelsdescribedn the precedingsubsectiorandsomenoise,asshavn in Figure5.2
onthefollowing page.

®The procedurecanalsobe generalizedo the casewhenthe quotientN, /N, ; is notaninteger
In this casewe define N, to betheleastcommonmultiple of all the utilized processingyains. We
thendefiney; (k) to containV, consecutie chip-samplesand associatevith eachuserA, /N, ;
channels.

"Providing differentdataratesby varying the processinggain is thus equivalentto multicode
transmissiowith codesthatarenon-zeroonly during partsof thetransmission.
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Equivalent | %1
channefl

d14

Equivalent | ¥2
channepl

da

N
d _| Equivalent Yk /
K ™ channelk
Figure5.2: A multiple-inputmultiple-outputchanneimodelthatrelatesthe sym-

bol sequencesansmittecby K usersto asymbolratesampledecevedvectorof
dimensior2N,.

The entirechannelcanthusbe representethy a linear modelwith 2K inputs
and 2N, outputs. To derie this model, we sum the contritutions y;(k), i =
1,..., K definedin (5.17)alongwith somenoisen (k) to obtain

K K
y(k) 2 S wilk) +n(k) = 3 B (g™ ")di(k) + n(k)
=1 =1

= B¥g (k) + (k) .21)
where
BYq )2 (Bi(¢™) Bia™) ... Bi(g™)  (.223)
L
=Y B¢ (5.22b)
n=0

isa2K-input2N.-outputchannebf order
L =maxL;. (5.23)
The I- and Q-componentsf the symbolsfor all active usersare collectedin the
vector
dk)2 (k) dT(k) ... dL(k))" . (5.24)

Thenoisen(k) is assumedo bezeromeanandwide-sensatationarywith matrix-
valuedcovariancefunction

E [n(i)n” ()] = iy - (5.25)
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Thenoiseincludesthermalnoiseand,in a cellularsystemput-of-cellinterferers.

Equation(5.21)is the desiredmultiple-inputmultiple-outputchannelmodel,
which relatesthe sequencef symbolvectorsto the sampledoutputsequenceln
this multiuserscenario the conditionsfor achieving no intersymbolinterference
becomemoreserere: Thefadingin all channelsnustbeflat, andall transmissions
have to arrive synchronizedittherecever.

If thecoeficientsof theimpulseresponseB* (g—!), alongwith the covariance
function,, canbe estimatedthenwe canusetheseestimatego designanequal-
izer. In generalthis requireshatpilot bits areincludedin all thetransmissions.

5.2.4 Model baseddetectordesign

A specialcaseof themodel(5.19)wasusedin [70] to analyzethe performancef
the so-calledVIMSE detector Also, the analysisin [58, 61] useda modelthatis a
reformulationof themodel(5.21)for the AWGN channel. However, in bothcases
the modelwasusedonly for analysis.For the actualimplementationthe authors
suggestethattheparametersf thedetectordeupdatedirectlyfrom thereceved
datausingeitheratrainingsequencer detectediata.

In contrastwe suggesthat(5.21)is usedor thedesignof aDS-CDMA detector
In this casethe unknavn channelparameterareestimatechndthe detectoiis de-
signedusingmethodsdescribedn Section5.3. This approacthastwo adwantages:

1. Thechannekestimatioris simplified.
2. Long codescanbeused.

In thedetectoiimplementationsuggesteéh [58, 61, 70], theassumptioron short
spreadingodeds vital. However, with theimplementatiorsuggesteth this chap-
ter the signaturesequencesare explicity modeledand the introductionof long
codes‘only” impliesthatthe channelwill berapidly time-varying. Thiswill lead
to highercompleity, but it is not a fundamentaproblem,sincefuture valuesof
thecodesequencareknown.

Thebenefitdor the channekstimatiorarelessobviousandareoutlinedin the
following subsection.

Channel estimation

To usethemodel(5.21)asa basisfor detectordesign,the channeldo the desired
usershave to be estimated.This canbe doneif pilot bits areavailablé. We can

8Whena detectoiis working in tandenmwith the channekestimatorsomeof the pilot bits maybe
replacediy detectecsymbols.
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thenestimatethe coeficients of the model(5.21) usingthe transmittedpilot bits.

However, the numberof unknavn parameterén thesemodelscanbelarge, espe-
cially whenthe processingyainis large. This is true alsofor theimplementation
suggesteth [2, 58, 61, 70]: Thenumberof parametero estimategrows with the

processingain.

If we utilize that the spreadingcodesof the signalswe are trying to detect
are known, thenwe canusespread pilot bits to reducethe numberof unknavn
parametersWe will now derive a model,whereonly thetapsin the discrete-time
impulserespons®f the physicalchannel5.4) hasto beestimated.

For this purpose we use (5.3a)and sumthe contritutions from all K users
alongwith somenoise:

K
A
r(kN,+v) = Z ri(kNe + v) + nepip (KN + v)
i=1

K
= Z BN (g1 si(kN, + v) + nenip (BN, + v)

=1

= bFNet (g1 s (KN, + v) + nehip (KN, + v) (5.26)
where
v({,6 — A v({ — v( —
bNetv(ghy = (BNt (g1 L BENetY (g D) (5.27a)
s(kN,+v) 2 (sT(kN,+v) ... sL(EN,+v))", (5.27b)

andwheren ., (kN.+v) constitutesioise.Notethatthenoiseintroducedn (5.21)
is relatedto n ¢4y, (KN + v) via

T
n(k) = (nhyp(kNe) .. 0l (kNe+Ne—1))7 .

The signalss;(kN, + v), i = 1,..., K canbe computedfor the duration of
the pilot bit transmission. Thesespreadpilot bits canthenbe usedto estimate
the parameter®f the model (5.26) From the residualsof the channelestima-
tion, the covariancefunction of the signaln;, (k) canbe estimated.We would
thenuse(5.13a) (5.18b) and(5.22a)to computethe completechannel. Finally,
we would obtain,, definedin (5.25)from the estimateccovariancefunction of
nenip (KN, + v). Theseentitiescanthenbe usedfor detectordesign.

If we estimatethe coeficientsof the model(5.26) only the parametersf the
discrete-timghysicalmultipathchannemustbeestimatedSincethismaybeonly
afew coeficients,higheraccurag canbe expectedascomparedo directestima-
tion of the parametersf the model(5.21) which hasthe transmittedsymbolsas
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input. Theaccurag of theestimateof the covariancefunctionsy,, definedin (5.25)
shouldalsobehigherwhenit is constructedratherthandirectly estimatedMore-
over, by usingthe spreadpilot bits asregressorsn the estimationalgorithm,we
effectively increasehe numberof trainingdataby afactorof ..

The exactnatureof theactualestimationalgorithmis notcritical. Recursie or
block-basednethodamay be used.Note however thatthe regressors; (kN. + v)
in the model (5.26) are white with equalpower. This propertyis of paramount
importancef LMS is usedfor the channelestimation:Sinceall eigevaluesof the
autocorrelatiomatrixof s(kN.+v) will beequal awell-conditionecptimization
problemis obtained.

We concludethis subsectiorwith an exampleof the estimationaccurag ob-
tainedwith thetwo approachedescribedhbore. We thuscompareheaccurag of
theestimate®f theparameterin themodel(5.21)whenthey are

o directly estimatedand

e constructedrom estimate®f theparametersf themodel(5.26)

EXAMPLE 5.2

The systemunderstudyis a DS-CDMA systemwith processinggain N, = 8.
Only asingleuseris active andtransmitsa BPSKsignalusingashortBPSKcode.
The channel(5.4) hasfour time-invariant Rayleighfadingtaps. The channelis
estimatedusing the off-line least-squaremethodusing either 10 or 100 pilot
symbolsfor anSNRbetweerD and15dB. As aperformanceneasureywe usethe
MSE betweerthe estimatedandtrue coeficientsof the channel5.19)averaged
over 100000channerealizations Theresultis depictedn Figure5.3onthenext
page.

In this scenariothe delayspreadequalshalf the symbolperiod,which is a
large delayspreadior a DS-CDMA system.Whenthe impulseresponsef the
discrete-timghysicalchannels shorterthedifferencebetweerdirectestimation
andchannekestimateconstructiorwould be evenlarger

5.3 Detectordescription

We will now describea family of detectorsthe membersof which are designed
basedon the modelsdescribedn the precedingsection. The detectorsare multi-
variableequalizerghat detectK; of the K presentsignalsandfeedback Ky of
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T T

-o- Directly estimated (10)
—e—  Constructed (10)

: --- Directly estimated (100)
10°® ~ g == Constructed (100) .

SNR [dB]

Figure 5.3: The resulting varianceof the estimatedcoeficients of the chan-
nel (5.21)for directestimatiorandconstructedstimates.

theseK; decision, asdepictedin Figure5.4. Without restriction,we assume
thatthe signalsto be detectedcorrespondo the first 2K; columnsin the channel
B*(¢~!) andthat the decisionsfed back correspondo the first 2K, columnsin

Bf(g7).

d(k|k—0)
9N, ok, — 2K, 2K 2k
y(k) =/~ Sk.(q7t) -~ —/— £(*) _d(k—2)
Feedforvard ZKJL 2K,

_q_lQKz (q_l) =

Feedback

Figure5.4: The structureof the consideredietectors. The feedforvard andthe
feedbackKilters aretrans\ersalfilters, which may have multiple inputsandmulti-
ple outputs.

With differentchoicesof K; and Ko we obtaindifferentdetectors:

®We couldfor instancechooseo feedbackonly the decisionghatareconsideredeliable.
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e With K; = 1 and Ky, = 0 we obtainthe so-calledMMSE detector This
lineardetectohasbeensuggestedor applicationin aDS-CDMA multiuser
scenaridoy Madhav andHonigin [58] andby Miller in [61]. In bothpapers,
a modelrelatedto (5.21) wasusedfor analysisof its performancdor the
AWGN channel.The analysiswasextendedto flat fadingchannelsn [62].
PaterosandSaulnier[70] investigatedhe performancef the linear MMSE
detectorin a single-userscenariowith frequeng selectve fadingand nar
rowbandinterference.

o With K; = Ky = 1 we obtainthe IR-DFE discussedn Subsectiort.3. A
detectorthatis basicallyequivalentto this DFE hasbeensuggestedsatool
for multiuserdetectionn DS-CDMA systemdy Abdulrahmaretal. in [2].
Seealso[1].

e With K; = K, = K, apossiblytime-varying versionof the multiuserFIR
DFE discussedn Section3.3 is obtained. Sucha multiuserDFE hasbeen
usedin a CDMA systemby RapajicandVuceticin [74]. The fractionally
spacedFE discussedh [86] is alsoequivalentto this MIMO DFE.

The detectorfamily we discussin this chapteris closely relatedto the detector
family introducedby Rapajicand Vuceticin [74]. Unlike thosedetectors,our
detectorwill bedescribedy polynomialmatrices. Furthermoresincethedesign
is basedn atime-varyingmodel,long codescanbe handled.

Sincethis channelmodelis in generaltime-varying, so arethe detectorsis-
cussedn this section. However, to simplify the presentationthe time indicesof
thedetectoffilters andtheir parameterbave beenomitted.

As depictedin Figure5.4, the estimateat the input of the decisiondevice is
givenby

d(k — €lk) = Sk, (g y(k) — Q, (g A" (k —2—1), (5.28)
where

A s
Ski@ )= SRq™ (5.292)

m=0

A L+6s—£6—1
Qr,(aH= D, Qg™ (5.29b)
m=0

and

(5.30)
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Herethe feedforvard filter Sk, (¢ !) is a polynomialmatrix with 2K; rows and
2N, columns,whereaghe feedbackilter Q,(¢™') is a polynomialmatrix with
2K, rows and2K, columns. The degreeof the feedforvard filter equalsés, and
the dggreeof thefeedbacKilter equalsi@ = L + ds — ¢ — 1, whereL is defined
in (5.23) Notethatthe detectorn(5.28)usesN.(ds + 1) consecutie chip-samples
of thereceved |- andQ-channelso estimateonetransmittedsymbolvector

Remark 1. WhenK; = 0, Qg,(¢~") will have no columns.This situationwill
occurfrequentlyin this chapterandimpliesthatno decisionfeedbacks present.

In thefollowing section,we will presendesignequationdor a detectorof the
form (5.28)thatminimizesthe MSE:

P12 E[(dED (5 — £) — d(k — k) (5D (k — 0) — d(k — £k))7]  (5.31)
where
A (k-2 (@ k-0 k-0 ... di(k—0)". (632

Themodel(5.21)will beusedasa basisfor thetuningof the detectomparameters.

5.3.1 Designequations

We will nowv describehow to tune the parameteref the MMSE detector(5.28)
so thatthe MSE (5.31) is minimized. As a prerequisitewe needthe following
definitions:

B ... B .0
A
Biot= | . : (5.33)
0 ... Bf% ... Bk
Bllcli Bl;ﬁ(i
N :
Bpres = . . (5.34)
Bf, ... Bk,
0 0
N o - Pss
U= oo (5.35)
Pss - o

and

>

=B ... By .). (5.36)
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NotethatB¥ arethematrixcoeficientsof thetwo-input2N,-outputfilter (5.18a)
whereasB%, arethe matrix coeficientsof thefilter (5.22a) which has2K inputs
and2N, outputs.

We arenow readyto formulateTheoremb.1:

Theorem 5.1 Considerthe multivariable detectordescribedoy (5.28) the chan-
nelmodel(5.21)with K transmittes andprocessingyain N, andthe noisestatis-
tics(5.25) with sy beingnon-singularAssumell K signalsde(k), i=1,....K
to bewhiteandcircular with unit variance to bemutuallyuncorelatedanduncor
relatedwith the noisevectorn(k). If all pastdecisionsare assumeaorrect, then
the uniquematrix polynomialsSk, (g*) and Qg (¢™') in (5.29a)and (5.29b)
with which theestimator(5.28)minimizeshe MSE(5.31) are obtainedasfollows:

1. Thecoeficientsof thefeedforwad filter Sk, (¢~!) are obtainedastheunique
solutionto thesystenof 2N.(ds + 1) linear equations

(Sk)"
(B, Bk, + ) : = Byres (5.37)
(8"
Above By, isthe2N,(ds + 1) x 2K (ds + L + 1) matrix, whose(m, n)th
elements givenby

(Btot)m,n n < 2K(£ + 1)

A (Btot)mn TZZQK’I]—F’Y ’)’:2K2+1 ..., 2K
B = ’ ’ AR 5.38
(BrzJmn n=0+1,...,65+L (5-38)

0 otherwise

whee B, is definedin (5.33) Also, By, and ¥ are definedin (5.34)
and (5.35) respectively

2. WhenkK, > 0, the coeficientsof thefeedbak filter Q ., (g~"') are givenby
min(ds,l+n+1)
Q?fz = Z %1 B?—:lnim—kn (539)
m=max(0,n—L+{+1)

for0 < n < L+ ds — £ — 1, with BX definedn (5.36)

Proof: SeeAppendix5.B. |
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Remark 2. In contrastto the channelparametersye assumethat the covari-
ancefunction v, is time-invariant over a period of §s symbols. In a cellular
DS-CDMA systemwherelong codesare used,this assumptiorwill not be valid,
anddirect estimationof v, is impossible.Using the noisecolor to improve the
detectomperformancaes in this casevery difficult.

Remark 3. Whenlong codesare used,the detectormust be retunedfor every
symboldetection.Thedetectorcompleity thenbecomewery high.

Remark 4. Thistime-varyingDFE is a multi-variablegeneralizatiorof the SISO
DFE derivedin [50].

Remark 5. ConsidetthecaseK, = 0. We seefrom (5.38)and(5.35)that
ByBL +

is independentf K. Sinceeachcolumnof B,,.; is alsoindependentf K, each
columnof the solutionto (5.37)is alsoindependendf K. We thusconcludethat
thetuningof theparametersf alineardetectoiis notaffectedby how mary signals
thataresimultaneoushdetected.Therefore a linear MMSE multiuserdetectoris
exactly the samedetectorasa setof linearMMSE interferencecancellers.

TheresultingMSE whenthe MMSE detectooperate®ntheoutputof thechannel
describedy (5.21)canbecomputedusingthefollowing corollary:

Corollary 5.1 Whenthe MMSEdetectordesignedrom Theoem5.1is usedin the
multiuserscenariodescribeduy (5.21) theresidualMSEis givenby

PX = 1x, — BT, (Bi,BE, + ) Byres (5.40)
whee By, Bk, and ¥ are definedn (5.34) (5.38)and (5.35)respectively

Proof: SeeAppendix5.B. |

As mentionedwhen K; = K5 = K, this detectorreduceso the MMSE FIR
MIMO DFE discussedn Subsectior8.3.1. In this case,Theorem5.1 provides
a generalizatiorof Theorem3.4 to the time-varying case. For a time invariant
channelthe DFEsderivedfrom Theoremb.1andTheoren3.4 areidentical.
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ExXAMPLE 5.3

We will now useTheorenb.1to design

e thelinearMMSE detector(K; = 1, Ko = 0),

e theinterferenceejectingDFE (K1 = Ky = 1) and

e themultiuserDFE (K; = Ky = K)
for the CDMA systemwith shortcodesandprocessingjain N. = 4 discussedh
Exampleb.1.

Two usersare transmittingBPSK signals,the first of which hasthe chan-
nel (5.20) Thesecondiserusegshesignaturesequence

[+1,+1,-1,-1] /2

andthespreadsignaltravelsthroughthechip-sampledanultipathbasebandhan-
nel

ba(qg 1) =—08¢ 24+04¢g 2+0.1¢g 2.

As in Exampleb.1, we have assumedhatthe continuous-timehannel(5.2) for
the seconduseris real-\alued,which meanghatthe single-usecchannelcanbe
modeledby a scalay real-valuedfilter. Proceedingsin Example5.1,we obtain
thesymbolratesampledSIMO channel

0 0.65
| o 025 | 4
Ba(a7) = | _oa| T | —0.25 (5-41)
—0.2 —0.05
Combining(5.20)and(5.41)asin (5.22a) we obtainthe MIMO model
0 0 0.1 0.65
1y _ 11025 0 0.15 0.25 1
B(g7)=Bo+Bu =| 7 4| T| 0 —025]|9 - ©®4
—-0.4 —0.2 0 —0.05

This channelmodelwill be usedto designthethreedetectoranentionedabore.
For the linear MMSE detectorandthe IR-DFE, only thefirst signalwill be de-
tected. All threedetectorshave £/ = ds = L = 1. We begin by building the
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matrix By, definedin (5.33) This matrixis usedasa basisfor the designof all

threedetectorsKeepingin mindthatds = 1 andL = 1, we obtain

[0 0 010 065 0 0 \

0.25 0 015 025 0 0

~0.10 —040 0 —025 0 0

—0.40 —020 0 —0.05 0 0

Bor =1 0 0 0 0.0 0.65 (5.43)

0 0 025 0 015 0.25
0 0 -010 —040 0 —0.25
0 0 —040 —020 0 —0.05

Thenoisen(k) is white andhascovariancematrix 0.03L4, whichimpliesthat

T =003 .

(5.44)

This will give a signal-to-noiseatio of 9.5 dB and14.0dB for usersl and?2,
respectiely.

To determinghelineardetectorandthe IR-DFE, we alsoneed

B,,Tes:(gi):(ﬂ.lo 015 0 0 0 025 —0.10 —0.40)" , (5.45)

whereB, andB;; wereobtainedfrom (5.20) NotethatB,,.s correspondso
columnthreein (5.43) For the linear detector we have K5 = 0, andwe see
from (5.38)that By = By, Inserting(5.43) (5.45)and (5.44)into (5.37) we
obtainthefeedforvardfilter for thelineardetector

Si(g7") = (—0.4488 0.2393 0.0238 0.1011)
+(—0.3784 0.7934 0.1268 —1.6861)q ' .

FromCorollary5.1,we thenobtaintheresidualMSE for thelineardetector:
P! =0.1489 .

For theinterferenceejectingDFE, we obtainwith Ky = 1

0 0 010 065 0 0
0.25 0 015 025 0 0
—010 —-040 0 —-025 0 O
—040 -020 0 —-005 0 O
B, = 0 0 0 0 0 0.65 (5.46)
0 0 0.25 0 0 025
0 0 —010 —0.40 0 —0.25
0 0 —040 —-020 0 —0.05
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Theonly differencebetween, andB; isin theelementg5,5) and(5, 6), which
arezeroin B;. Inserting(5.46) (5.45) and(5.44)into (5.37) we obtain

Si(g7') = (—0.3753 0.2381 0.0162 0.1035)
+ (—0.4020 1.0107 0.2063 —1.5748)¢q '.

UsingB; = (0.10 0.15 0 0)”, we candeterminethe feedbackilter from
equation5.39)

Q:(¢ 1) =0.1114.

Finally, we obtaintheresidualMSE for a DFE with decisionfeedbackrom only
signalonefrom (5.40)

P! =0.1398 .

For the multiuserDFE we have

0 0 0.10 0.65 0 0\
0.25 0 015 025 0 0
—0.10 —040 0 —-025 0 0
—040 -020 0 —-0.05 0 0
By = 0 0 0 0 0 0 (5.47)
0 0 0.25 0 00
0 0 —010 —0.40 0 0
0 0 —040 —020 0 O

Notethatthetwo lastcolumnsnow containonly zeros.Sincewe arenow detect-

ing bothsignalswe have anotheright handsidein (5.37)

0.10 0.65
0.15 0.25
—-0.25
(B Ba1\ —0.05
0.25 0
—0.10 —0.40
—0.40 —-0.20
Wenow insert(5.47) (5.48)and(5.44)into (5.37)to obtain
S ,1)_ —0.4178 0.2105 0.0233 0.0880
249 )7 1.0339 01993 —0.1272 0.1413
0 1.1139 0.0857 —1.5166\ _;
0 —0.3321 —0.5851 o0.1723 )¢ -
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Using
0.10 0.65
- 0.15 0.25
Bi=1" _o2
0 —0.05

we candeterminghefeedbacKilter from (5.39)

. (01671 0.3329
Q2(q )_(—0.0498 0.0547 ) -

Finally, we obtaintheresidualMSE from (5.40)

p2_ (01337  —0.0398
~ {-0.0398 0.0538

TheresidualMSE for usertwo is smallerthanthe residualMSE for userone,
sincethetwo usershave differentSNRs.

We seethatin this example theresidualMSE for useroneis approximately
the samefor thethreedetectors:

K, 0 1 2
MSE 0.1489 0.1398 0.1337
Thisis generallythe casewhenonly afew usersareactve in thesystem.

5.3.2 Near-far resistanceand the zero-forcing design

To addresghe performancedegradationin a multiuserscenariodueto multiple-
accessnterferencewhenthe signal-to-noiseratio is high, Verdi introducedthe
asymptotiefiiciency[99, 104, whichis definedas

mé SUP{OSTS 1; ;I_I}%PZ(O')/Q (@) <OO} (5.49)

where

A1 .
Q(x):\/T_w e /2 du .
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Above, P;(o) istheerrorprobabilityof useri for theconsiderednultiuserdetector
whenthe power spectradensityof the additve white Gaussiamoiseis o2 andthe
bit enegy of useri is w;.

The asymptoticefficiengy relatesthe performanceof a multiuserdetectorop-
eratingin a multiuserscenariao the performancenf an optimumsingle-usede-
tector operatingin an AWGN channel. Whenthe asymptoticefficiencgy is equal
to one,the performancef the multiuserdetectoris unafectedby the presencef
multiple-accesterference.

Intuitively, theasymptotiaefficiengy of the MMSE detectorsliscussedn Sub-
section5.3 is relatedto the increasein the residualMSE when multiple-access
interferencds added:If the MSE only increasesnaginally with the introduction
of MAI, thenthe asymptoticefficiengy is high. A graphicalillustration of asymp-
totic efficiengy is givenin Figure5.5.

BER

—— Single-user bound !

---  Multi-user detector Y
-15 | |
10 0 5 10 15 20
SNR

Figure5.5: An illustrationof asymptoticefficiengy. Theperformancef adetector
with asymptoticefficieng/ n; operatingin a multiuserervironmentdegradesby

—101logn; dBascomparedo theperformancef anoptimumsingle-usedetectoy
operatingn a scenariovithout MAI.

However, the exact mappingfrom MSE to asymptoticefficiengy is compli-
cated!® Still, the asymptoticefficieng can,in principle, be evaluatedfrom the

%This is mainly becausehe noiseat the input to the decisiondevice is not Gaussiansincethe
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statisticsof the soft symbolestimated. Naturally the choiceof codes the exact
multipath channelandthe propagatiordelayswill affect this stochasticvariable
alongwith the detectorstructure.However, thereis anothemperformanceneasure
that canbe usedto describethe performancealegradationof a multiuserdetector
relative to the optimumperformancef a single-usedetector:the nearfar resis-
tance

The nearfar resistancés defined[57] asthe worst-caseasymptoticefficiengy
for ary interferencgower. Wewill investigatainderwhatconditionshediscussed
MMSE detectorshave a nearfar resistancehatis greaterthanzero. Whenthis
situationoccurs the detectotis saidto be nearfar resistant

To determinef theconsideredMMSE detectorsirenearfarresistanttheresid-
ual MSE (5.40)couldbe evaluatedfor the currentscenaridor all transmitterpow-
ersof theinterferingusers However, sincetheresiduaMSE oftenvariessmoothly
with the numberof userstheresultswould be non-conclusie. We needa sharper
instrument.

For this purposewe will usethe multivariablezero-forcingcriterion!* To be
able to usethe zero-forcingcriterion to prove nearfar resistanceof the MMSE
detectorsin Subsectiorb.3.1, we formulatea conditionthat involves the matri-
cesintroducedin Theorem5.1. This conditionis sufiicient andnecessaryor the
fulfillment of the zero-forcingcondition,andis statedn thefollowing lemma.

Theorem 5.2 Considerthe multivariabledetector(5.28)and the MIMO channel
model(5.21)with K uses andprocessingjain N.. Assumehatall previousdeci-
sionsare correct,andthatall K signalsde(k), 1=1,..., K arewhite circular
with unitvariance andmutuallyuncorelated. Thenthere existan estimaton(5.28)
thatfulfills thezew-forcing condition(2.3)if andonlyif the coeficientsof thefeed-
forward filter S, (¢71) = 8%, + Sk, ¢7' +--- + 8% ¢~ satisfy

(8%.)"
B, ; =T. (5.50)
(8%

MMSE detectordalanceVAl rejectionagainsinoiseamplification. The decisionstatisticwill thus
have contritutionsfrom residual(non-GaussianylAl, aswell asfrom (Gaussianpoise.Thecontri-
butionsfrom all interferingusersmustthenbe consideredndividually.

Sincethe detectorstructurediscussedn this chapterclosely resembleghe one discussedn
Section3.3,we areactuallyinvestigatinga variantof the Diophantineequation(3.28)
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Here B, is definedn (5.38) and

0 ... 0
2K¢

>

0 ... 0 (5.51)
2K(5s + L +1—£) — 2K,

2K,
Proof: SeeAppendix5.C. |

Remark 6. As previously mentionedwhenK; = Ky = K andthechannelsre
time-irvariant,the detectoiis identicalto the FIR DFE introducedin Section3.3.
Also, for K1 = K9 = 1 andtime-irvariantchannelsthe detectoris identicalto
the IR-DFE discussedn Section4.3. For thesesituations,equation(5.50) will
thuslack a solutionwheneer the conditionsin Theorem3.5(K; = Ky = K) or
Theoremd.1 (K, = K, = 1) areviolated.

We shavedin Chapter3, thata zero-forcingsolutionnever existswhenng >
ny, thatis, whenthe numberof channelinputs exceedsthe numberof channel
outputs. By imposingthis conditionon the channelmodel(5.21) we realizethat
a zero-forcingCDMA detectorwith the structuredescribedabove cannotexist!?
when

e K > 2N, (realsymbolconstellation)

e K > N, (complex symbolconstellation)

Theseconditionswill berelaxed whenthereceved signalis oversampled How-
ever, excessie oversamplingof a bandlimitedsignalwill leadto high correlation
amongconsecutie channetaps,whichin turnmayleadto anill-conditionedprob-
lem.

To ensurethat a solutionto (5.50) exists, we have to assurethat the number
of unknavns equalsor exceedghe numberof equations We thusderive a condi-
tion correspondingdo (3.29)and(4.22) which stateshe necessarylegreeof the
feedforvardfilter of the zero-forcingCDMA detector:

12strictly speakingwe have only shavn thisfor K1 = K» = K (TheoremB.5)andK; = K» =
1 (Theoremd.1),but formulatingandproving the correspondingonditionsfor ary otherK; and K,
is straightforvard.
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Corollary 5.2 Therexistsa zen-forcing CDMA detectomwith thestructue (5.28)
onlyif

(K — Ky)L+ Ky(£+1)
N.— K+ K>

Proof: SeeAppendix5.D |

§s > ~1. (5.52)

This conditioncanberewritten as

N (0s+1)+ Ko(d0s — £+ L)
ds+L+1 )

K< (5.53)
Sincewe requireds > £, the numberof usersthat canbe accommodateéh a
systemwith N, ds, L and/ fixed decreasewith decreasings,. In this respect,
it is of greatvalueto feedbackasmary detectedsignalsaspossible.We alsosee
thatthelimit increasesvith increasingVe,.

Remark 7. The mostcommonversionof thelinearrecever usesis = 0. If we
insertds = 0 and K, = 0 into (5.53) we obtain
N,
K< ——5 .
-~ L+1

(5.54)

Considera casewithout multipathpropagationthatis, A; = 0 Vi in (5.2). In the
synchronougase ho intersymbolinterferencewill thenoccur(Z = 0), provided
thatthe synchronizatiorns perfect.In this casetheinequality(5.54)reducedo

K <N,.

In theasynchronousasewe needl = 1 to modeltheresultingintersymbolinter
ference.n this caseazero-forcinglinearrecever with s = 0 existswhen

K < N./2.
Again, theseconditionsarerelaxedif oversamplings used.

We cannow useTheoremb.2 andCorollary 5.2 alongwith thefollowing the-
oremto determinaf oneof the MMSE detectorsaabore is nearfar resistant:

Theorem 5.3 AssumingorrectpastdecisionstheMMSEdetectorn(5.28)designed
from (5.37)and (5.39)is nearfar resistantif andonly if it is possibleto tuneits
parametes sothat (5.50)is fulfilled.

Proof: SeeAppendix5.E. |
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Remark 8. Whenthe detectoremplgys decisionfeedbackthatis, whenK, > 0,
we assumehatall previous decisionsare correct. We are thusinvestigatingthe
ideal nearfar resistancg25].

Thetheoremis intuitive: If no solutionto the zero-forcingconditionexists, all
multiple-accesandintersymbolinterferenceeannotberemovedfrom thesignalat
the input of the decisiondevice. In situationswhenthe power of the interfering
signalsis large,the symbolestimatesnay easilybecomeauseless.

It is not surprisingthatthe conditionfor non-zeronearfar resistancéoecomes
milder whenmoredecisionfeedbackis introduced sincethe feedbackilter helps
to suppressMAI. The resultsin [74] canbe predictedfrom Corollary 5.2: For
ary givenfeedforvard filter degree,a decisionfeedbackrecever canrejectmore
interferers.

5.4 Monte Carlo simulations

In this section theresultsfrom seseralMonte Carlosimulationswill be presented.
In the simulationexperimentsthe modelbasedlesignprocedurgroposedn this
chapteris comparedto the traditional adaptve approach58, 61, 70], which is
discussedn Subsectiorb.2.4.We alsoevaluatethe nearfar propertiesof the con-
sidereddetectorsandcomparehesepropertieswvith the predictionsobtainedrom
consideratiorof the zero-forcingconditionsintroducedin Subsectiorb.3.2. Fi-
nally, we will apply the considerednultiuserdetectorgo the downlink in a W-
CDMA systemandcomparetheir performanceo thatof the corventionaldetec-
tor.

5.4.1 Application in a systemwith long codes

In our first scenariowe will demonstratéhe performancenf the proposednodel
basedlesignin a systemwith long codes.The consideredystemis asynchronous
with a processingyain N, = 8. Themodulationschemds BPSK, andthe pulse
shapingemplg/edis araisedcosinewith roll-off 0.35.

Thetransmittedsignalspasshrougha Rayleighfadingchannelvith four time-
invarianttaps.Thesdapsareindependenandassumedo beknowvn. Thechannels
from differenttransmittersareindependentaswould be the casefor uplink trans-
mission.We assumehatslow power controlensureshatthesignalsfrom different
transmitterarereceived with the sameaveragepower.

At therecever, white Gaussiamoiseis addedo obtainan SNRbetweerD and
15 dB. We evaluatethe BER whenthreeor six usersarepresenin the systemand
considetthreedifferentMMSE detectors:
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e Thelinearrecever describedy (5.28)with Ky = 0.

e ThemultivariableDFE with K; = K5 = 1, whichis relatedto theinterfer
encerejectingFIR DFE discussedn Subsectiort.3. As in Chapter4, this
DFEwill becalledtheinterferenceejecting(IR-)DFE.

e ThemultivariableDFE with K; = K5 = K, which closelyresembleshe
FIR DFE discussedn Section3.3. This DFE will be calledthe multiuser
(MU-)DFE.

For all threedetectorswe useds = £ = 2. Thisis in accordancevith therule
of thumbin SubsectiorB8.3.1,sincewe mustuseZ = 2 in (5.22b)to modelthe
multipath channel the spreadingand a propagatiordelay that may be equalto
N, — 1. Theresultsaredepictedn Figure5.6.

10

Average BER

—— Linear receiver (3 users) : G
H Linear receiver (6 users) | =~ T
[l --- IR-DFE (3 users) :
| -e- IR-DFE (6 users)
Hovee MU-DFE (3 users) :
|| o MU-DFE (6 users) : N
----- Single user : \
10 I I ‘a

0 5 10 15

Average SNR

=
o
@

Figure5.6: Performancef the threedetectorsn an asynchronousystemusing

long codes.Theprocessingainis eight,andthechannehasfour Rayleighfading
taps.

The main objective of this simulationis to shaw that chip-spacedMMSE de-
tectorscanbeimplementedn a systemwith long codes.Theresultsdemonstrate
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exactly that. We also seethat the differencebetweenthe threeinvestigatedde-
tectorsis small, in particularfor the three-usercase. This is in agreementith
the resultsobtainedin Chapter4: With few users,the advantageof introducing
additionaldecisionfeedbacks small.

5.4.2 Convergencecomparison

In this simulation,we will demonstratéow theimproved conditionsfor parameter
estimationaffect the performanceof the detectors. The proposedmodel based
tuning will be comparedto the traditional adaptve setupwherethe recever is
recursvely adjustedo minimizetheMSE. Thismethods proposedn [58, 61, 70,
andwill becalledthedirectapproach.

We investigatethe residualMSE for the linear MMSE detector(Ky = 0) for
two differentparameteadjustmenprocedures:

1. Indirectadjustmentwhenthedesignis basednanestimatedhannemodel
andtheknown codesequenceasdescribedn Subsectiorb.2.4.

2. Directadjustmentwhenthereceveris tuneddirectlyfromthereceveddata.

In bothcasestheunknavn parameterareestimatedecursvely usingtherecursie
leastsquareqRLS) algorithmwith an increasingdatawindow, thatis, with the
forgettingfactorequalto one.

Thecomparisorbetweerthetwo approacheis notcompletelyfair: Themodel
basedlesignassume&nowledgeof the codesequencavhereaghedirectmethod
doesnot. Actually, this is exactly our point: We wantto shav how muchcanbe
gainedby usingthis knowledge.

The consideredsystemis asynchronousKasamisequencesf length 15 are
usedto spreadBPSK symbols,which are subsequentlpassedhrougha raised
cosinefilter with roll-off factor0.35.

Thetransmittedsignalpropagatethrougha Rayleighfadingchannelwith four
time-invarianttaps. The channeldrom differenttransmittersaareindependentand
slow pawer controlis assumedo ensurghatsignalsfrom differenttransmittersare
recevedwith the sameaveragepower.

At therecever, the signalsfrom four, eightor twelve usersareaddedogether
with white Gaussiamoiseto give an averageSNR of 15 dB. We estimatethe
transientMSE for user 1, whosesignal arrives at the recever with zero delay
usingalineardetectowith §s = ¢ = 1. Again, thisis in accordancevith therule
of thumbin Subsectior8.3.1: Sinceonly the signalfrom userl is detectedwe can
useds = £ = L; = 1. TheMSE is averagedover 100 noiserealizationsjn each
of 1000channefealizationsTheresultis depictedn Figure5.7.
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Figure5.7: Compatrisorof therate of cornvergencefor modelbasedindirect)de-
signanddirectestimatiorof the equalizeiparameterfor anasynchronousystem
with processinggain N, = 15. The residualMSE hasbeenestimatedor 1000
channetealizationsgachof which compriseslO0noiserealizations.

FromFigure5.7,we obsenre thattheinitial convergenceis muchfasterfor the
modelbasedapproachthanfor the directapproach.This is quite natural: In the
modelbasedapproachmuchfewer parameterfiave to be estimatedhanfor the
directapproach.The parametergstimatedn the indirect approachdescribethe
channelwell enoughso that a powerful detectorcanbe designed. In this case,
suflicientaccurag is obtainedwith five tapsthatmodelthe multipathchannelnd
the “interchip” interferencethat resultsfrom the asynchronousamplingof the
pulseshapingunctionp(t).

For the direct approach the capability to rejectinterferenceis directly tied
to the numberof parametersve have to estimate. In this simulationscenarioa
detectotthatis powerful enoughis describedy N.(és + 1) = 30 parametersand
all of themmustbe estimated.

At iteration30, the MSE of thedirectapproacthasa local maximum.Before
thisiteration,theestimatedovariancematrix of theregressowectordoesnothave
full rank. The parametershentendto drift off in ary directionin the nullspace
of this matrix estimate.However, asthe convergenceproceedsthis nullspacebe-
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comessmallerandsmaller until it vanishestiteration30 andthe parameterstart
moving towardsthe optimumsetting.

Remark 9. Note thatthe adwantageof the modelbaseddesignlies in the initial
convergence. For very long training sequencedetterperformances obtainedif
the channelmodelhasmorethanfive taps,a propertythat the direct, but not the
indirect,methodutilizes.

5.4.3 Performancecomparisonin a nearfar situation

We now turn our attentionto the nearfar propertiesof the considereddetectors
asa function of the numberof active users. Still, the consideredsystemis asyn-
chronouswith processinggain N, = 15. EachQPSKmodulatedsignalis spread
by a real-\alued Kasamisequenceand raisedcosinefiltering with roll-off 0.35
is usedfor pulseshaping. The transmittedsignal propagateshrougha Rayleigh
fadingchannelwith four time-invarianttaps. Thesetapsareindependenandare
assumedo beknown. Differentusershave uncorrelatedhannelsaswould bethe
casefor uplink transmissionTo modelthemultipathchannelthe spreadinganda
propagatiordelaythatmaybeequalto N, — 1, we mustuseL = 2 in (5.22h)

At therecever, white Gaussiamoiseis addedto give userl anaverageSNR
of 20 or 30dB, whereagheremainingusershave anaverageSNR of 60 or 70dB.
Thenearfar ratiois thus40dB.

We estimatethe residualMSE of userl for the linear MMSE detectoy the
interferenceejectingDFE andthe multiuserDFE whenthe numberof usersvary
betweerl and20. Notethatwe for thedetectorsvith decisiorfeedbackusecorrect
decisions For all threedetectorsye useds = £ = L = 2 in accordancavith the
rule of thumbin Subsectior8.3.1. Theresultis depictedn Figure5.8.

In thisscenariotheperformancef thelinearequalizemandthe IR-DFE arestill
approximatelyequal,whereaghe performanceof the MU-DFE is clearly better
This conclusioncould be predictedf we studythe conditionsfor the existenceof
azero-forcingsolutionfor the presenscenariolf we insertthe systemparameters
(L=¢=46s=2,N, = 15) into (5.53)we obtain

Linear: K<9
IR-DFE: K< 9 .
MU-DFE: K <15

We couldthuspredictthatthe performancef the linear detectorandthe IR-DFE
would be similar. However, theresultsin the simulationsndicatethata few more
thannineuserscanbe accommodateih a systemwherethelineardetectoror the
IR-DFE areemplgyed. Thereasondor this discrepang aretwofold:



134

Residual MSE

10

o || —— Linear detector (20 dB)

Chapter5. Multiuserdetectionn DS-CDMA

F| —e— Linear detector (30 dB)
| === IR-DFE (20 dB) .
[| -©-  IR-DFE (30 dB) ? R
Ll MU-DFE (20 dB)
o MU-DFE (30 dB) S8
SOC\
15 20

Number of users

Figure 5.8: The performanceof the three detectorsn a nearfar scenariowith
processingainN. = 15. Thegraphshaws the estimatedesidualMSE for user

one,who hasan SNRof 20 or 30dB. Theremainingusershave anSNRthatis 40
dB higher

1. The systemin the simulationhasmore constraintshanis assumedn the
discussioron nearfar resistancen Subsectiorb.3.2:

In the definition of nearfar resistancetime-varying signalpowersare
allowed. Thisfeatureis notincludedin the simulation.

The discussionn Subsectiorb.3.2is basedon a completelygeneral
discrete-timechannelmodel,describedby the K N (L + 1) comple
coeficients of the multivariableimpulseresponse.In the simulation,
we usea realistic CDMA model,wheresereral of thesecomplex co-
efficientsare zero. In the impulseresponsd€5.18b) the first part of
thefirst tap B is zeroto modela propagatiordelay whereashe last
partof the lasttap BfLi is zeroto padthe impulseresponse.For in-
stancewhenthechannel5.2) only hasasingletapwith a propagation
delaythatis aninteger multiple of the chip-period,thatis, if A; = 0
and 1;o(t) = nT,, the equivalentdiscrete-timeimpulse responseof
the physicalchannehas(n + 1) taps,whereonly the lastoneis non-
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zero.Whenthe equivalentdiscrete-timegphysicalchannels corvolved
with thespreadindilters (5.9)and(5.11b) we obtaina two-inputtwo-
outputchannelwith n + N, taps,wherethefirst n arestill zero.When
we form the two-input2 N .-outputchannelusing(5.18b) we obtaina
two-tapchannethatis describedy (L + 1) x 2 x 2N, = 8N, param-
eters.However, only 4N, of themare non-zeo. Thepresencef these
zerosmalesit easietto fulfill thezero-forcingcriterion.

2. Thesystemparameterarestochasticariables:Onerealizationmayyield a
systemfor which a zero-forcingsolutionexists,whereador anotherrealiza-
tion, suchasolutionmay not exist.

Thefirst pointis moreimportant.A closerexaminationof thenumberof equations
andunknavns shouldgive a morereliablepredictionon the nearfar resistancef
thedifferentdetectors.

If the degreeof the feedforvard filter is increasedthenthe performanceof
thelineardetectorandthe IR-DFE shouldimprove. If we insertnumericalvalues
into (5.52) we find that a zero-forcinglinear equalizermay exist for K = 14 if
ds > 27 andthatazero-forcinglR-DFE mayexist for K = 15 wheneerds > 31.

As a final comment,we remarkthatinvestigationson nearfar resistancere
mainlyof theoreticalnterest.In aninterferencdimited cellularsystemthe“noise”
is causedy MAI from othercells. Thereforeijt is very unlikely thatthe wealest
userhasan SNR of 20 or 30 dB. Thisis truein particularfor a nearfar scenario,
wherepower controlis not usedto reducethe power of stronginterferers.

5.4.4 Performanceof the multiuser detectorsin a W-CDMA system

As afinal test,the performanceof the multiuserdetectorsn a morerealisticsce-
nariowill beinvestigatedthe downlink in awidebandCDMA systemaccording
to the UTRA W-CDMA proposa[22].13

In this simulation,all usershave processingain N, = 16.1* The codesused
in theW-CDMA downlink aresocalledOVSF codescombinedwith along code.
In this case whenall usershave the sameprocessinggain, the OVSF codesare
simply Walshfunctions. The modulationis QPSKandraisedcosinefiltering with
aroll-off of 0.22is used.

Eachframecontainsl60symbolsandeightof thosearepilot symbols.In this
simulation,we assumehat the frame boundariedor differentusersare aligned,

13The UTRA W-CDMA standards still evolving. However, the descriptionin [22] is accurate
enoughfor the purposeof this simulation.

YThis assumptioris unrealistic: In a real system differentuserswill have differentprocessing
gainsto allow differentdatarates.
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andthatthesignalsto differentusersaretransmittedvith the samepower. We also
assumehatthepropagatiordelayhasbeenestimatedvith anaccurag of onechip
period.

The signalsfrom the basestationpasseshrougha Rayleighfading channel
with threetime-invarianttaps'® Sincethe propagatiordelayhasbeenaccurately
estimatedit is sufiicientto usea channeimodel(5.22b)with L = 1.

The channelis estimatedusing the off-line leastsquaresmethodusing the
spreadilot bits. ThetransmittedsymbolsarethendetectedisingthelinearMMSE
detector the interferenceejectingDFE andthe multiuserDFE. For all threede-
tectors,we chooseds = £ = L = 1. The BER wasthenevaluatedfor anaverage
SNRof 5and10dB, andcomparedo the BER of the cornventionaldetectomwith a
RAKE recever. Theresultis depictedn Figure5.9.

Average BER

---  Conventional detector (5dB)
-©-  Conventional detector (10dB)
102k ... = Multiuser detectors (5dB)

I —e—  Multiuser detectors (10dB)
1 6 11 16
No of users

Figure5.9: Theperformancef thethreemultiuserdetectorsandthe corventional
recever in a downlink W-CDMA scenario. The processinggain is 16 and all
signalsaretransmittedvith the samepower.

A downlink scenariais differentfrom an uplink scenarioin a few important

BTheframelengthin W-CDMA is only 0.625mssothe channels approximatelytime-irvariant
for thedurationof aW-CDMA frame.
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aspects:
e All thetransmittedsignalspassthroughthe samechannel.
e Thereis apossibilityto receve all signalsynchronously
e Thecodescanbealmostorthogonahttherecever.

Thesefactscausehe small performancalifferencebetweerthe investigatednul-
tiuser detectordo disappear Furthermorethe differencebetweenthe multiuser
detectorsandthe corventionaldetectoris relatively small, in particularwhenthe
SNRequalss dB. Thisis a remarkabledact: In a downlink situationwith alot of
noise,the potentialfor improvementin the systemcapacityby introducingmul-
tiuserdetectords small! Only in situationswhereuplink performancdimits the
systemcapacitycanit be adwantageouso deplg/ multiuserdetectors!

Finally, we note a small anomalyin the results: Whenthe numberof active
usersis small,the BER is deceasedwhenthe numberof usersincreasesThis is
becauseén this situation,the performancas limited by the quality of the channel
estimatesandaswe increasethe numberof usersthe preconditiondor channel
estimationareimproved To seethis we insertb®™et” (¢=1) = phNetv(g=1) =

- = bklNeT(4=1) into (5.26)to obtain

K
r(kNe +v) =b5"(¢7) > si(kNe + v) + nepip (kN + v)
=1
= b (g7 u(kNe + v) + nenip (kNe + v)

with
A K
u(kN, + v :Zsz kN, + v)
=1

We seethat the varianceof the input signalu increasesasthe numberof users
increasesleadingto higheraccurag in the channelestimates As the numberof

userkeepsncreasingthedetectomperformancenolongerbecomedimited by the
accurag of the channelestimatesWhenthis happensthe performancéeginsto

degradeasthenumberof usersncreases.

5.5 Discussion

We have proposeda nev methodologyfor the designof DS-CDMA detectors.
Thedesignis basedon alinearfilter model,which hasthe transmittedsymbolsas
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input andthe chip-sampledsignal as output. This modelis constructedfrom an
estimateof the multipathchannelandthe known signaturesequencesMultipath
propagatiorandpropagatiordelayscanbe easilyhandledn this frameawvork.

Similarmodelshave beenusedpreviously to analyzeCDMA detectorg58, 61,
70]. In contrastwe proposehatthe modelbe usedalsofor detectoiimplementa-
tion. Sincethe numberof unknavn parameterss keptlow, theaccurag obtained
whenestimatingheseparameterbecomesigh. Moreover, it is conceptuallysim-
ple to modify the detectorto beusedin asystemwherelong codesareused.

Thelinearmodelcanbeusedto designMMSE detectorswith or withoutdeci-
sionfeedbackasdemonstratedh Section5.3. Thedetectorwill betime-invariant
whenthe multipathchanneis time-invariantandshortcodesareused.Otherwise,
it will betime-varying.

We have alsointroduceda tool for analyzingthe nearfar propertiesof the
MMSE detectors:existenceof a zero-forcingsolution. We have shavn thatan
MMSE detectorwith a certainstructureis nearfar resistantif andonly if the de-
tector parametersan be tunedso that the zero-forcingconditionis fulfilled. A
simpleconditionthatis necessaryor the existenceof a zero-forcingsolutionhas
alsobeenderived. The condition provides a relation betweenimportantsystem
parametergnd detectorparametersin particular the conditionpredictsthat the
nearfar propertieof alinearMMSE detectomandanMMSE detectomwith decision
feedbackfrom only asingleuserarevery similar.

For thecasewith longsignaturesequenceshemodelandtheresultingdetector
are rapidly time-varying. In fact, the detectorhasto be recalculatedor every
symbol. Thecompleity for thedesignthenbecomewery high.

Simulationsin the precedingsectiondemonstrat¢hat:

e Thedetectorcanbeimplementedn a systemwith long codes.
¢ Theimplementatiormakesrapidadaptatiorpossible.

e Thedetectoris neasfar resistantunderconditionsthatareoutlinedin Sub-
section5.3.2.

e The gainsobtainedwhenimplementingthe detectorin the downlink of a
W-CDMA systemarerelatvely modest.

Thefinal pointis alarming,sincethe systemcapacitymay often belimited by the
downlink capacity It appearghatthe implementatiorof a multiuserdetectoris
notworth-whileif thedownlink is thelimiting link. This propertyis alsothe most
importanttopic for futureresearchHow large is thegainin systentapacitywhen
multiuserdetectionis introduced?
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Appendix5.A Derivation of the channelmodel (5.4)

In this appendixwe will derive theexpression(5.5). To simplify the notation,we
will droptheuserindex i, andderie the expressiorfor the channeffrom thereal
partof the transmittedchip sequencéo the receved chip-sampledn-phasecom-
ponent.Theextensionto the otherthreecomponent# the poynomialmatrix (5.4)
is straightforvard.

We will assumehatthe pulseshapingfilter hasa time-invariantimpulsere-
sponse(7) thatis non-zeroonly in theintenal [0, 7}, whereT, is allowedto be
infinite. Thereceverfilter is matchedo thepulseshapindfilter. To obtainacausal
filter, its impulseresponsés assumedo be givenby p(7}, — 7). We alsoassume
thatthe pulseshapds symmetricalthatis, we assumehat

p(Tp — 1) =p(r) V. (5.55)
Thesituationis depictedn Figure5.10.

t =kT.

m(t)

s(k) — p(r) —— Re h®(7;1) ) (T, — ) M—,\r(k)

Figure5.10: Thecomponent®f the equivalentbasebandhanneimodelfrom the
realpartof thetransmittedsymbolto the receivedin-phasecomponent.

Referringto Figure5.10,we definethe following signals

s(k
t
t
t
r(k

herealpartof thetransmittecchip sequence

2¢
2 thereal partof thetransmittecbasebandignal
t
t

3

N
~—~ ~~ ~~

herecevedin-phasecomponenprior to chip-matchediltering
herecevedin-phasecomponengfterthe chip-matchediltering
sampledn-phasecomponent

\3
e 1> 1>

~— ' N~ e

Throughouthisappendixall discretdimetime-seriearesampledatthechip-rate,
andwe usethesingleletterk asanindex in thesdime-series.

At timet, thecontinuougime basebandepresentationf thetransmittedsignal
is givenby

m(t) = p(t)s(0) + p(t — T,)s(1) + p(t — 2T¢)s(2) + ...

N
= 3 plt —nTs(n) (599
n=0
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Thenumberof non-zeraermsin this sumdepend®n therelationbetweerll;, and
T.

Eachtermin thesum(5.56)is attenuatedndphaseshiftedby the A + 1 time-
varying multipathsin theimpulseresponsg5.2), which we repeator easeof ref-
erence:

A
Reh®(r;t) = Y Rehf,(t)6(r — min(t)) -
m=0

Thereceved signalprior to the chip-matchediltering is thengiven by the double
sum

The receved signal is passedhrougha filter matchedto the pulse shapingfil-
ter (5.55) Theresultingoutputfrom the convolutionis givenby

Ty
r(t) = /0 p(u)z(t — u) du

Ty N A
= /0 p(u) Z Z Rehi, (t —u)p(t —u — nTe — T (t — u))s(n) du .

n=0m=0

Note that the integration only takes placeover the intenal [0, T}, sincep(t) is
non-zeroonly in thisintenal.
Finally, thesignalr(t) is sampledatthetime instantt = k7., andwe obtain

N A

Tp
r(k) = /0 p(w) 33 Reht, (KT — u) x

n=0m=0

p(kT. — u — nT, — T (KTe — u))s(n) du .
Theorderof integrationandsummatiorcannow be exchangedo obtain

N

Tp A
) =3 {/0 p(u) 3 Reh, (KT, —u)x

m=0

p(kT. —u —nT, — Ty (kT — u)) du} s(n) .
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With theaid of thedefinition

A Ty A
e A / p(u) 3 Reh, (KT — u) x
0

m=0

p((k —n)T, — u — T (KT, — u)) du (5.57)

therecevedsignalcanbeexpresseds
N L¢

r(k) = Vips(n) =) ths(k—7) =g )s(k),  (5.58)
n=0 =0

wherewe have substitutedy for n — k. We alsoassume(ﬂhatblj =0fory <0Oor
v > L°. Notethat(5.58)coincideswith element(1,1)in (5.3a) We thusseethat
r(k) canbe modeledasthe outputof alinearfilter, whosecoeficientsare given
by (5.57)

If we assumehatRe h¢,(-) andT,(-) areapproximatelyconstanbver a time
intenal of length7,, we can further simplify the expression(5.57) With this
assumptionwe obtainthefollowing approximation®f thefactorsin theintegrand:

Reh$, (KT, — u) = Re hS, (KT,)
T(kTe — u) = 7(kT¢)
since0 < u < T,. ThefactorRe h$, (kT;) canthenbe movedoutsidetheintegra-
tion and(5.57)becomes

A Tp
bi“7 = Z Re hfn(ch)/O p(w)p(vTe — T (KT,) — u)du

m=0
A
= 3" Rehl, (KL)P(YT. — (K1) (5.59)

m=0

with

P(r) = /0 pp(u)p(T —u)du . (5.60)

To returnto the notationusedin therestof thechapterwereplacek by kN, +v =
k(Ts/T.) + v. Equation(5.59)thenbecomes

A
BENT = N " Re b, (kT + VT )P(YT. — T (kT + VL))

m=0

which coincideswith element(1,1)in (5.5).
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Appendix5.B Proof of Theorem5.1and Corollary 5.1
Supposehata linearfinite impulseresponsehannebf order L is givenby (5.21)
andassumehat

Eld(k)d" (m)] = dmI

E[n(k)n" (m)] = tg—m - (5.61)

E[d(k)n" (m)] =0

Theobjectie is to estimatehe symbolvector

Ak — 02 (T (k-0) ... db(k—0)" (5.62)
by meansf theequalizern(5.28) which we repeafor easeof reference:
d(k — k) = Sk, (a7 y(k) — Qi (¢ Hd > (k — 1) (5.63)
= 8% y(k) + Sk,y(k —1) + -+ + 8% y(k — ds)
— QY d®I(k—£—1) — - — QREAEI (k — £ —1-6Q)
= Ofyi - 0545, (5.64)
A5 (k—0) = £(d;(k — £)k)) i=1,2,...,2K, (5.65)

whereS, (¢~') of orderds andQp, (¢~") of orders@ arepolynomialmatrices
of dimension®2K; x 2N, and2K; x 2K, respectiely andf(-) is the decision
non-linearity Also,

oF = (8%, Sk, --- S%) (5.66a)
05 = (Q%, Qk, - Q) (5.66b)
and
vi=(WTk) yTk—1) ... yT(k—2ds))" (5.67a)
dF) (k-2 —1)
d) | = : (5.67b)

dB) (k-0 —1-6Q)

ThefeedbacKilter shouldbe ableto cancelall postcursotaps.The numberof
postcursotapsequals

0s+L+1 — 12 - 1 .
numberof numberof reference
tapsin S, (q—l)Bk(q—l) precursotaps tap
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Thereforewe concludethat
0Q=L+dés—£—1.

The coeficients {S% } and {Q7, } areto be determinedso that the mean-

squareerrorof theestimatei(k — | k) is minimized.Proceedingsin AppendixC,
we obtainthe normalequations

iy AT
Eykyy, By (4%),) (95)
~(K ~(K ~(k2) \T|\©

—Edi_i)_lﬁ Edl(c—z)q (dl(c—2£)—1> @

(B -y
- (—Eé,&f‘;)l(dww—e))T) - 60

Assumethatall previous decisionsaffecting the currentestimateare correct,that
is,

dE)(k —n) =dE)(k—n) V £4+1<n<L+ds
with
d (k) = (@l (k) ., (R)T
Define
d¥2) (k — ¢ — 1)
) = : : (5.69)
d52)(k — §s — L)

Dueto theassumptiomf uncorrelatedymbolsmadein (5.61) andtheassumption
of correctpastdecisionsequation(5.68)canthenbe simplifiedto

( By! -y (dsflel)T) (85)=(Eyk<d<Kz>(k—£))T)_ (5.70)

~Bd{ ) yf L, @ 0

To evaluatetheexpectationsn (5.70) weinvoke thechannemodel(5.21)to write
Yr as

B ... BY ... 0 d(k) n(k)
: : : + : . (5.71)

Yk = : . : :
0 ... BEO . B \dk—ds—1L) n(k — ds)
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Theonly differencebetweerthis equatiorandequation(C.13)in theproofof The-
orem3.4is thatthe channelkoeficientsaretime-varying. To obtaina morecom-
pactexpressiorof (5.71) we introducethe vectorof staclked noisevectors

ng = (nT(k) nT(k—1) ... nT(k-ds))" (5.72)

andthevectorof stacled symbolvectors

dp = (dT(k) dT(k—1) ... d"(k—6s—1L))" . (5.73)
The measurementectory;, is affectedby the symbol vectorsd(k — n), n =
0,1,...,ds+ L. Someof thesymbolsin thesevectorshave alreadybeendetected.

We will now separatehe influenceof thesesymbolsfrom that of the remaining
symbols.

Todothis,wewill rewrite (5.71)with theaid of thedefinitions(5.33)and(5.38)
Introducethe matrix

= A
Bk, = Biot — Bk, , (5.74)

whereB;,; andBx, aredefinedin (5.33)and(5.38) respectrely. Equation(5.71)
canthenberewritten

Yk = Bwtak +ng = BKzak + B~K2(_ik + ng . (575)

Of course the columnsin By, thatarenon-zercarethe columnsof By, thatare
zero. Theindicesof thosecolumnscanbe obtainedrom (5.38)

n=2Kn+~ n=~L+1,....0s+L, ~v=1,...,2K,.

If we pick outtheelementsn d;, correspondingo theseindices we obtainthefirst
2K, elementsn d(k —n), n = £+ 1,...,ds + L, thatis, d &) (k — ), n =
£+1,...,6s + L. Comparingwith (5.69) we realizethat(5.75)canbe rewritten
as

¥k = Biodi + Bio,dfs) |+, (5.76)
where
By, 2 A matrixwith the non-zerocolumnsof By, . (5.77)
Using(5.76)and(5.61) we canevaluatethe expectationsn (5.70})
Elyky,] = Bk, B, + BK2B~7[;2 + 0
K T =~
E[Yk (dgg_%)_l) ] = BKz
E[Yk(d(Kl)(k - e))T] = Bpres
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where¥ andB,,.; aredefinedin (5.35)and(5.34) respectrely. To evaluatethese
expectationswe have used

Br, Eld,(d{"?) )1 =0,

which holds sincethe indicesof the non-zerocolumnsof Bk, are equalto the
indicesof the zerorowsin E[d, (a3 )7].
Thesecomputedexpectationsanthenbeinsertednto (5.70)

BKQB£2 + Z?Kzlgﬂljﬁ + U _B~K2 Os\ [ Bpres (5.78)
_RBT Oo) \ O ' '
BK2 Ik, Q

By observinghat®g = 5}22@5 from thesecondlockrow of (5.78)andinserting
thisinto thefirst block row, we obtain

(B, Bk, + U)Og = Byres (5.79a)

0 = BE,Os . (5.79b)

Here (5.79a)coincideswith (5.37) andif we transposéoth sidesof (5.79b)and
evaluatefor eachmatrixelementQ., , we obtain(5.39)

Proof of Corollary 5.1

To determinethe residualMSE at the outputof the detectordescribedn Theo-
rem5.1, we usethe expression(5.64)for the estimatorandthe expression5.79b)
for its feedbackilter coeficients:

(ke — elk) = OF (yx — Br,d3) )
We now assumehatall previousdecisionsarecorrect.We thusreplacaﬁfff})_l by
d,(fffq)_l definedin (5.69) We alsousethe expression5.76)for y,, to obtain

d(k — £) = ©% (Bi,dy +1ny) . (5.80)

From(5.80)we obtainanexpressiorfor the estimatiorerror, which canbeusedto
determingheestimationerrorcovariancematrix (5.31)

pPKi— [(d(Kl)(k — 1) — 0% (Br,di + nk))

X (d(Kl)(k —0) — 0% (Br,dy + nk))T] i
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The covariancematrix canbe evaluatedo yield

PKL = B4 (k — ) (dFV (k — )T — EdE) (k — 0)dT BE 05
— 0% By, Edy(dFV (k — )" + 0% Bk, Edyd} B, 05 + 0L Engnl 05,

wherewe have used(5.61) Again makinguseof (5.61) andalso of (5.35) we
readilyobtain

PXt =1 - B4 (k — 0)d] BE, 05 — ©% By, Edy(dV (k — £))T

5.81
+ OLB, BL 0 + OLT05 . (>.81)

It remainsto evaluatethe expectationEd¥1) (k — £)d¥. Sincethe symbolsare
white, we obtain

0 ... 0 Edi(k—0d" (k-2 0 ... 0
EdE) (g —pdl = | : : : : :
0 ... 0 Edg,(k—0)d"(k—¢) 0 ... 0
N——r N——
2K¢ 2K (ds+L—8)
0 0 0 ... 0
0 ... 0 0 ... 0
N—— N——r
2K/ 2K(0s+L+1—-4¢)—-2K;

whereZ is definedin (5.51) Theeffect of premultiplyingB%2 with Z7' is to pick
outtherows2K/¢+11t02K/{+ 2K, from B?Q. Comparingwith (5.34) werealize
thatthe productEd %) (k — ¢)d] B}, becomes
Ed*)(k — 0)df B, = "By, = B , (5.82)
which canbeinsertednto (5.81)to yield
P =1-B] 05— O¢Byres + 0% (Bx, Bk, + V) O . (5.83)

If weinsert(5.37)into (5.83) wefinally obtain

-1
PXr =1- Bl (Bi,BE, +T)" Bpres - (5.84)
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Appendix5.C Proof of Theorem5.2

Supposeéhata linearfinite impulseresponsehannebf orderL is givenby (5.21)
andassumehat

Eld(k)dT (m)] = 6gmI  E[d(k)nT(m)] =0. (5.85)

The objectie is to adjustthe coeficientsof the equalizer(5.28) so thatthe zero-
forcing condition(2.3)is fulfilled. For this purposewe insert(5.76)into (5.64)to
obtain

d(k — o1k) = OF (Bicydy + Biyd %) | +ny) - 05a )|
= 0% Bi,dy + 05 Bi,d{?) | + 0%m, — 05dD)

Assgmethatall decisionghataffectthecurrentestimatearecorrectthatis, assume
thatdgclfjll = d,(fle 1~ Theexpressiorabove canthenberearrangedo yield

d(k — €)k) = ©L By, dy + (®£§K2 . eg) a4 efny.
We thusobtainanexpressiorfor the estimationerror
e(k — ) = d5VD(k — 0) — d(k — ¢]k)
= d") (k — ) - ©4Bioydy — (4B, — 65) 45, — ©Fmy
To proceednotethat
d5) (k- 0) = 174,

whereZ is definedin (5.51) Theestimatiorerrord**) (k — ¢) — d(k — £) canthen
besimplifiedto

ek —0) = (27 — ©%Bx,) d — (@53& . @5) alf?) _eln,. (5.86)

The expression(5.86) canbeinsertedinto the zero-forcingcondition(2.3). After
rearrangemente obtain

Ele(k —0)d" (k)] = (Z" — ©%Bk,) E[drd" (k)]
- (08B, - F) B} ()] (5.87)
— OLE[nyd" (k)] .
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Sincen(k) andd(m) areassumedincorrelatedor all k¥ andm, thelasttermvan-
ishes,andby appropriatechoiceof ©¢, we canalsomake the secondermequal
to zero.Also, for k < k — ds — L andx > k, thefirst termvanishesHowever, to
ensurethatthe expectedvalueis equalto zeroalsofor k — §s — L < k < k, we
musthave

" — 0LBgk, =0
or, equialently
Bk,0s=1T,
which coincideswith (5.50)

Appendix5.D Proof of Corollary 5.2

Wewill derve whatdegreeof thefeedforvardfilter is necessaryo fulfill thezero-
forcing condition(5.50) The proofis basedsimply on comparingthe numberof
equationsvith thenumberof unknavnsin (5.50)

Considersinglecolumnof theright handsideof (5.50) To fulfill theseequa-
tions,a singlecolumnof theunknavn matrix

(S%.)"

(8"
mustbeused.A singlecolumnof this matrix has
2N .(ds +1) (5.88)

elements. The numberof equationswe have to fulfill is equalto the numberof

rowsin B, whichis equalto 2K (§s + L + 1). However, we seefrom the defi-

nition (5.38) that2K,(ds — £ + L) of theserows areidentically zero. Equations
that correspondo rows that containnothingbut zerosarefulfilled automatically
Hence we only have to fulfill

2K(0s+ L+1) —2Ky(ds — £+ L) (5.89)
eqguationsFor sohvability, we mustthusrequire
2N (6s+1) >2K(0s+ L+ 1) —2Ky(ds— £+ L),
or, equialently

(K- K)L+Ka(+1)
N, K + K, ’

§s > (5.90)

which coincideswith (5.52)
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Appendix5.E  Proof of Theorem5.3

We will now prove thatthe MMSE detectorsdescribedn Section5.3 are near
far resistantif andonly if the equalizercoeficients can be adjustedso that the
correspondingero-forcingcondition(5.50)is satisfied.

We begin by shawing suficiengy. To thisend,we evaluatethe symbolestimate
attheoutputof the MMSE detectorgivenby (5.64)

d(k — t|k) = ©Fy, — 054 |,

where®s, O, yx, andd\*?)  aredefinedn (5.66a) (5.66b) (5.67a)and(5.67b)
respectiely. We now assumehatall previous decisionsare correct,thatis, we
assumehat

e10:¢ K:
45, = a5

whered\*?) _ is definedin (5.69) We alsoinsertthe expression(5.79b)for the

feedbackilter coeficientsinto the expressiorfor the symbolestimate:
d(k — e]k) = OF (e — Bryd),) .
This canbe simplifiedusingthe channeimodel(5.76)
d(k — £)k) = OF (Bi,dy, + 1) . (5.91)

We will now evaluatethefirsttermin (5.91)with the aid of the expression(5.79a)
for thefeedforvardfilter coeficients:

d(k — £)k) = Blos(Bk, Bk, + ) B, d, + O5ny, .

Sincewe areinvestigatingthe asymptoticefficiengy, we assumehatthe noiseis
white and Gaussiarwith variances?. This impliesthat® = oI, which canbe
insertednto the expressiorfor the symbolestimate:

d(k — £|k) = Bl ..(Bi, Bk, + 0°I) "' Bi,dy, + O%m;, . (5.92)
To proceedye notethat
(dk—0) k-0 ... di(k—-0)" =17dy = dFI(k -0
asdefinedin (5.62) We now addandsubtracd51) (k — ¢) from (5.92)

d(k — ¢k) = dEV) (k — 0)
+ (BL s (B, B, + 0°T) "B, —I7) dj, + ©%n . (5.93)
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We cannow useequation(5.82)

d(k — 0)k) = dED (K — ¢)
+ 1" (B, (B, Bk, + 0’1) "' Bk, — I)dj, + Ofny . (5.94)

Sincethereexistsa zero-forcingsolution,theremustexist amatrix © z  suchthat
0L pBk, =17 .
This canbeinsertednto (5.94)to yield

d(k — 0)k) = dED (K — ¢)
+ 0% r (Bk, B, (Br, By, + 0*1) 'Bg, — Bk,) di, + O5n; . (5.95)

In this expressionthefactor(Bx, B, + o°I)~' Bk, canbeextractedto theright.
After simplification,equation(5.95)becomes

d(k — 0)k) = dED (K — ¢)

—0?0L ;1 (Bk, Bk, + 0’ 1) 'Bi,dy + ©O%In, . (5.96)
~ — > A v
:Sif(k—e) :Enmse(k,Z)

We will now prove thatevery elementof |2/ (k — £)| is smallerthanonefor o2
sufiiciently small. To this end,we define

X = Bi, Bk, +0°1.
We now make aneigemvaluedecompositiorof X to obtain

AL+ o? | \

. 2 T
X = (B B) Ao (El)

where E; containsthe eigewvectorsthatcorrespondo ther non-zeroeigervalues
ALy .-y A Of Bg,. (The matrix BKQBI?(2 may have full rank. In this case,F, is
empty) We cannow invert X:

_ A 0 ET
e (3 ) ().



5.E. Proofof Theoremb.3 151

where

A1 +o2

1>

Ay
_1
Ar+02

This canbe usedto simplify ¢/ (k — £) in (5.96)

; A. 0 (ET -
E'lf(k — 6) = —0'2®ZF (El EQ) ( 0 _12_1) (E%w) Bszk
o 2

SinceE; containgheeigevectorsof B, thefollowing relationholds
Bk, = Eyvp
for somematrixvp. Dueto theorthonormalityof the eigervectors,we thenobtain
e (k —0) = —6?0zpE A vpdy .

We realizethat every elementin |¢¥/ (k — £)| becomesarbitrarily smallwhen o
tendsto zero.
We will now studyelement in d(k — £|k). With obvious notationswe have

di(k — 0lk) = di(k — 0) + € (k — &) + €17 (k — 1) . (5.97)
For o2 smallenoughwe have
i (k=) <~

for somey < 1. Wewill now shaw thattheconditionalprobability P(d; (k—£|k) >
0|d;(k — £) = —1) is upperboundedby the probability of errorfor a single-user
detectoiin asingle-usescenarioput with a highernoiselevel. We begin by using
e (k= 0)] < :

P(d(k — £)k) > 0]d(k — £) = —1) = P(eM*¢(k — £) > 1 — £ (k — £))
< P(eMse(k — £) > 1 — 7).

The stochastiovariables?*¢(k — £) is Gaussiardistributed with zeromeanand
variancer?, ;¢ - ToobtainanormedGaussiaistribution, wedivideby o/ prs5:

E?Oise(k—@ . 1 — 5

Pt =€) > 1=7) = P( OMMSE OMMSE

). (5.98)
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Unfortunately thelimit (1 — v) /oy se depend®n o in arathercomplex way.

Thereforewe upperboundo s s With the estimationerrorvarianceat the out-
put of the zero-forcingequalizer Sincea zero-forcingequalizeremoresall inter

symbolandco-channeinterferencethe estimatiorerroris only alinearcombina-
tion of noiseterms:

el (k—€) = 0 pny,
where

A .
0z =columniin ©zp ,

thatis, columns in thesolutionto (5.50) The estimatiorerrorof the zero-forcing
detectoiis thusGaussiamlistributedwith avariancer% - thatis proportionato o%:

A
ozr = EllelT (k — ") = po®, (5.99)

for someconstantu > 1. Sincethe MSE of the zero-forcingequalizeris always
largerthanor equalto the MSE of the MMSE equalizerwe have

o > E|5;f(k —OF + oymse = Orvmse -
Thisimpliesthat

1-— 1-—
2 > 2
OMMSE OZF

sincel — v > 0. Usingthis, we canupperboundthe probabilityof errorin (5.98)

with
noise(1. __ _ noise(r. __ _
P( (k-0 _ 1 v)gp@ (k=0 1 7)
OMMSE OMMSE OMMSE OZF
:P(egmse(k—z) . 1—7> |
OMMSE o\l

wherewe in the lastequalityused(5.99) The conditionalprobabilityP(oi(k —
L|k) > 0|d(k — £) = —1) canthusbeupperboundedoy

1— 7)
. 5.100
2 (o (5200
Usingthe sameargumentwe canshav that
R 11—~
P(di(k —l|k) < 0|d;(k —£) = +1 SQ(—>. 5.101
(di(k — £]k) < O[di(k —£) ) i ( )
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AssumingBPSKmodulationwe cancombine(5.100)and(5.101)to obtain

P(Ji(k—ﬁ) ;Adi(k—a) <Q (2\‘/;) (5.102)

where
di(k — £) = sgnd;(k — £|k)

is the binary decisionmadeon the symbol estimated; (k — £|k). If we com-
pare(5.102)with (5.49) werealizethatthe quotient

Pio) _ P(di(k—£) # di(k — )

o(F) el

is finite if
1—~
Vwir = ——
VB
for v < 1. Sincew; = E[|d;(k — ¢)|?] = 1, this canbe simplifiedto yield
N2
I Che))
]

Sincetheprobability of errorfor the MMSE detectoiis upperboundedy (5.102)
we obtainthe following boundfor the asymptoticefficiency:

(1—9)?
Tt

;>

Sincey < 1 andu > 1 is finite, we realizethat the nearfar resistanceof the
MMSE detectolis alwaysgreaterthanzero.Hencethe MMSE detectoris nearfar
resistant.

We now turn our attentionto the proof of necessityWe will thusassumehat
the zero-forcingcondition(5.50) cannotbefulfilled for all usersandshaw thatin
this case the correspondingliagonalelementin PX1, definedin (5.31) will tend
to oneastheinterferencgower goesto infinity. The MSE for useri canonly be
equalto onewhen

di(k — k) =0. (5.103)
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For BPSK modulation,the probability of errorfor this detectoris 0.5 irrespectie
of thenoiselevel. We realizethatthe quotient

0.5
o)
in (5.49)will befinite only for » = 0. Thuswe concludethat
di(k— k) =0 = 1, =0. (5.104)

Theasymptoticefficiency of adetectorthatproducesheestimateii(k —Llk) =0,
irrespectie of the noiselevel andtransmittedsymbols,is thuszero.

We will now shaw thattheresidualMSE at the outputof the MMSE equalizer
indeedtendsto onewhen no zero-forcingequalizerexists. Considercolumnn
of theright handsidein (5.50) We realizethatin columnn of Z, only element
2K{ + n is non-zeroWe define

g 2 column2K ¢ + . in Bk, = columnn in Byres (5.105a)
g = theremainingcolumnsin B, . (5.105b)

Columnn of (5.50)canthenbewrittenas

GTo, =0 (5.106a)
g, =1, (5.106b)
whered, is columnn in
(S%,)"
(8%)"
We alsodefine
JMMSEéeIemenm,n in pKL (5.107)

Sinceg is equalto columnn in By,..s, we canuseCorollary5.1to express/y sk
as

-1
Jumse =1—g7 (BKZB£2 +7) g

=1—g" (GG" + 94" +0) ' g. (5.108)

To fulfill the zero-forcingcondition,equationg5.106a)and(5.106b)musthave a
commonsolutiond,. A situationwhereno suchcommonsolutionexistsmayarise
for thefollowing two reasons:
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1. Theonly solutionto (5.106a)is 8, = 0. This happensvheng hasfull rank,
rank G = 2(ds + 1) Ng.
2. Everysolutiond, # 0 to (5.106ayesultsin g76, = 0. This happensvhen
g" =wg" (5.109)
for somevectorw.

Thesetwo casewill bediscusseadext.

Casel

We will now let the power of the MAI andISI increasethatis, we will studythe
case

g éocGo, a>1 (5.110)
with G, fixed. Insert(5.110)into (5.108)

—1
Jumse(@®) =1—g" (a?GoGl + 99" +T) g

—1
1 7 r 990 ¥
:1—Eg (gogo—F?‘FE g

1
=1-—9' X" (a%)g,
wherewe have defined
T
A g9 v
X(a?)=(GoGg + o + @) .
But
T~ —1 2
g X (a%)g
Ain < g < Araz

wherexX. andAX = arethesmallestindlargesteigevaluesof X ~1(a?), respec-
tively. Thus

Naz9" 9
a?
Sincethe full rank matrix G, hasmore columnsthanrows, GoG{' hasfull rank.

Every eigevalueto X (a?) is thenstrictly positive, whichimpliesthatevery eigen-
valueof X !(a?) is limited for ary . Hence

Jumse(e®) >1—

Lim Jypmsg > 1.
a—00
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But Jiamrse < 1, whichleadsto theconclusiorthat

lim JMMSE =1.
a—00

Whenthe MSE tendsto one,the symbolestimatel; (k — ¢|k) tendsto zero.Refer
ring to (5.103)and(5.104) we concludethatthe nearfar resistancef the MMSE
detectoris zero.

Case?

In this case therank of the matrix G is lessthan2N,(ds + 1), andthereexistsa
non-zerasolutionto equation5.106a) Wewill onceagainexaminetheexpression
for theMSE (5.108) Wewill now introduceafactorizatiorof thematrix gg? + :

gt + T2 LT

Since¥ hasfull rank,sohas£. We now insertthis factorizationinto (5.108) and
rearrange

Jumse =1—g¢"(GG" +£L") g
=1-gr'c T tggT T + 1) 171y

Again, we allow the power of all interfering signalsto increasethatis, we in-
sert(5.110)into the expressiorfor Jasarse:

Jumse =1—g ' L71(L?GGs 71+ 1)Ly
=1-¢"'27TY YHa)L ™y, (5.111)

with
Y(a?) 2oL GGl LT + 1.
Notethatg remaindixed,thatis,
gr = weGl . (5.112)

To proceedye make aneigevaluedecompositiorof the matrix Y (o). We real-
ize that

Y(0?) = (B; E») (O‘ZA(’;J’I (I)) (g;;) , (5.113)
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where

containgher non-zerceigevaluesof thematrix £ 1GoGI £~ . Equation(5.111)
canthenbeexpresseas

2 -1 T
JMMSE —-1— gTL_T (El E2) ((Ol Ar + I) 0) (E]T> E—lg .
0 1) \E!

But accordingto (5.112) g” = woG] . SinceE; formsa basisof eigevectorsof
L71G,, we musthave

g 7T = woET (5.114)
for somerow vector,. We thusobtain

(@A, + 1)t 0) (ElT

Jumse =1 —0E] (E1 Es) ( 0 1)\ gr
2

) Eyidl . (5.115)

We now usetheorthonormalityof theeigevectorbasis:Ef E; = 0 andET E; =1
to simplify (5.115)

Jvymse =1 — ’(I)()(aQAT + I)fl’(f)gﬂ .

Thematrixinversecanbe evaluatedo yield

1
0{2)\1+1 O
Jummse =1— g T (5.116)
0 .
a2, +1

Keepingin mind that the vector, is independentf «, we now let o tendto
infinity in (5.116)to obtain
lim JMMSE =1.
a—r00
Again, thisimpliesthat
lim d(k —£)k) =0.

a—00

Finally, by using(5.104) we realizethatthe MMSE detectorcannotbe nearfar
resistantwhich completeghe proof of the necessity
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CHAPTER O

‘ Concludingremarks

HE heartof this thesisis the three DFE structuredgntroducedin Chapter3.

Thefirst DFEis ageneralizatiomf thenon-realizablenultivariableDFE pre-
sentedoy Duel-Hallenin [23], variantsof whichwerepresentedn [11, 12,28]. In
contrasto theseDFESs,the multivariableMMSE DFE presentedh thisthesishan-
dlescolorednoise,andcanbestraightforvardly implementedn channelsvith arny
numberof inputsandoutputs.

The secondmultivariable DFE is a multivariablegeneralizatiorof the realiz-
ableDFE in [79]. Both minimum mean-squarerror and zero-forcingsolutions
have beenderved. The MMSE DFE hasoptimumstructure,andits coeficients
can be obtainedfrom closed-formlinear designequations.It is notevorthy that
this DFE containsno matchedilter.

Thethird DFE hasmultivariabletrans\ersalfiltersin boththefeedforvard and
the feedbackpaths. Sucha multivariable DFE wasfirst suggestedby Voois and
Cioffi in [101] for the magneticrecordingchannelandby Tidesta et al. in [88]
for applicationin cellularsystemswith multiple recever antennasSeealso[85].
We have presentedlesignequationgor boththe MMSE andthe ZF criterion.

The performancef a minimummean-squarequalizelis superiorto thatof a
zero-forcingequalizer However, studiesof zero-forcingsolutionsprovide infor-
mationaboutthe performancef the correspondindMSE solutions.A desirable
propertyof ary MMSE equalizeiis thatthe residualestimationerror at its output
tendsto zerowhenthe noisevariancetendsto zero. In situationswhenno zero-
forcing solutionexists, this will not happen The lack of a zero-forcingequalizer
thussuggestshatthe problemis in somesenséll-posed. This intuition wasfor-
malizedin Chapters, whereit wasshavn thatfor a time-varying versionof the

159
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MMSE FIR DFE, nearfar resistance&anbe guaranteed andonly if the DFE co-
efficientscanbe tunedso thatthe zero-forcingconditionis fulfilled. This s true
alsofor equalizerghat usedecisionfeedbackirom only a subsetof the detected
signals.

A numericalexamplein Chapter3 indicateghatthedifferencen performance
betweenthe three DFEsis rathersmall: The optimum non-realizableDFE per
forms only slightly betterthanan FIR DFE with appropriatesmoothinglag and
feedforvardfilter degree. Theexactrelatve performancef thethreestructureof
coursedepend®n the scenario.Actually obtainingappropriatevaluesof the de-
signvariablesof theFIR DFE maybedifficult, andimprovedrulesof thumbfor the
selectionof bothsmoothingag andfeedforvardfilter degreeshouldbederived.

Onepropertythatis interestingis thatthe sensitvity to incorrectdecisionss
larger the longerthe feedbackfilter is. Sincethe lengthof the feedbackfilter is
linked to the lengthof the feedforvard filter, a longerfeedforvard filter may not
leadto betterperformancevhenthe error propagations takeninto account.This
conclusionis confirmedin the numericalexamplepresentedn Figure 3.4: With
real decisionsthe smallestMSE is not obtainedfor the largestfeedforward filter
degree.

Possiblggeneralizationandextensiondo the multivariableDFE include

e Decisionfeedbackirom presensignalsbelongingto otherusers.This fea-
turewasimplementedn theDFEin [23]. Thisfeaturewould give smallper
formancemprovementsvhenthe numberof DFE outputsis small,whereas
theextentof theimpulseresponseés large.

o Differentsmoothingagsfor differentusers.With decisionfeedbackthein-
terferencefrom symbolsalreadydetecteds in theory completelyrejected.
On the otherhand,theimpactof symbolsthat are not alreadydetectecare
only partly suppressed.The deviation from completesuppressions con-
veyedin thefirst £ tapsof thefilter L;(¢~!). If onesignalis detectedisinga
smallersmoothingag, additionalcoeficientsin Ly (¢~!) will bezero,lead-
ing to asmallerresidualMSE anda lower errorrate.

e Dependensymbolsdecisions.Whenthe transmittedsymbolscorrespond-
ing to differentchannelinputs are correlatedthe proposedDFE designis
suboptimum.Not only mustthe filters be retunedto take into accountthe
correlationamongthetransmittedsignals:The decisiondevice mustalsobe
redesigned.

In additionto theseenhancementsxtensionghatareapplicableto thescalarDFE
areof courseof interestalsofor the multivariableDFE. For instance designshat
arerobustto incorrectdecisionsshouldbeinvestigated.
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All the designsare basedon modelsof the channelandthe noisethatareas-
sumedto be exactly knowvn. Whenchannelandmodelsareestimatedtheseesti-
matesareusedn placeof thetrueparametersOf coursetheestimatesreproneto
error andbetteraverageperformancenaybeobtainedf theparameteuncertainty
is takeninto accountalreadyin thedesign.

Developingmethodshatimprove thequality of the parameteestimatess also
very important. In particular this is true for the unstructurednultivariablenoise
modelintroducedin Subsectior?.3.2. Onealternatve is to approximatehe mul-
tivariablenoise processhy an autorgressie model, even thoughthe noisemay
be more adequatelydescribedoy a moving averagemodel. This approachwas
investigatedn [9] and[51]. With sucha model,the optimumDFE structurehas
trans\ersalfilters in both feedforvard andfeedbackKinks, which leadsto a lower
sensitvity to errorpropagation.

The study of the decisionfeedbackequalizerwas motivatedby its low com-
plexity ascomparedo the MLSE andits high performanceelative to a linear
equalizer In this thesis,no explicit comparisonhasbeenmadewith the MLSE,
andsucha comparisorshouldbemadein thefuture. Deriving guidelinesor when
aDFE or alinearequalizershouldbe preferredasa tool for multiuserdetectionis
alsoanimportanttopic for futureresearchRegardingthelinearequalizersimula-
tion resultsin Chaptergt and5 indicatethatthedifferencein performances small
whenthe numberof transmitterds small relatve to the numberof measurement
sensors.The differencein complity betweenthe MIMO linear equalizersand
DFEsis alsosmall.

Chaptersd and 5 are applicationsof the DFE to two specificscenarios.In
Chapter4, the multivariable DFE is appliedto the outputsof an antennaarray
to accomplishreusewithin cell. In addition,interferencaejectionand multiuser
detectionis comparedTheresultsconfirmthatreusewithin cellis indeedpossible,
and indicatein what situationsmultiuserdetectionprovides better performance
thaninterferenceejection.Someissuegemainto be addressetiowever. Thetwo
mostimportantare

e Whatis theimpacton the capacityof the cellular systemasa whole? How
is thefrequenyg planaffected?

e How large is the costfor additionalhardware? In particular the proposed
approachassumeshereare severalreceversat the mobile terminal. Is this
technicallyandeconomicallyfeasible?

In Chapter5, the multivariable DFE wasappliedto a DS-CDMA system.As
a basis,we useda possiblytime-varyinglinearfilter model. By usingthis explicit
model,it becomegpossibleto designa detectorthatcanhandlelong codes multi-
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pathpropagatiorandsynchronizatiorin a systematiovay. The linear modelcan
alsobe usedto investigateunderwhat conditionsan MMSE detectoris nearfar
resistant.Nearfar resistances in factguaranteedf andonly if a zero-forcingso-
lution to the equalizatiorproblemcanbeobtained As in Chapted, theimpacton
the systemperformancef the proposedietectoris not addressedin fact, oneof
thesimulationsndicateghatthe benefitsof usinga multiuserdetectormaynotbe
aslargeasis usuallyclaimedin theliteratureon multiuserdetection.

Summingup, themultivariableDFE is a versatiletool for multiuserdetection.
It canbe usedto detectdigital signals,which have beendistortedby ary linear
dispersie multivariablechannel However, thedifferencen performancdetween
the multivariable DFE andthe multivariablelinear equalizerseemgo be smaller
thanexpected Whencomparedo the MLSE, the performancalifferenceremains
to beinvestigatedvhereaghe differencein compleity is evenlargerthanin the
single-usecase.



APPENDIX A

Proofof Theorenm3.1

We will now derive the designequationg3.4a) (3.4b)and (3.4c) We will also
shav that a bank of matchedfilters can constitutea part of the MSE optimum
MIMO DFE if we allow the smoothinglag ¢ to tendto infinity. For this purpose,
we insert(3.1) into the expression(2.5) for the estimationerror To simplify the
notation,we will omit the polynomialargumentghroughouthis appendix.

Assumingcorrectpastdecisionsthatis, d(m) = d(m) form < k — 1, and
usingthe expressiorfor the estimator(3.1) andthe channelmodel(2.6) the esti-
mationerrorcanbeexpresseas

e(k) = d(k) — d®(k)
=(I-RA™ !B+ ¢ 'F®)d(k) - RN ' Mu(k) . (A1)

For this proof andthe proof in AppendixB, we will usethe variational ap-
proad first developedin [3] for scalamproblemsandextendedo the multivariable
casen [4].

We begin by introducingthe alternateestimateaic® (k)

d® (k) 2 d° (k) + n(k) .
Thevariationn(k) is basecbn all signalsthe estimatei™ (k) maybebasedipon:
(k) = (k) + na(k)
with
n1 (k)
na(k)

Ty(k) (A.2a)
Gd(k—1) . (A.2b)

e e
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Above, G{° is anarbitrarystablelinearoperatomwhereagzs° is anarbitrarystable
andcausalinearoperatorIf theestimatiorerrorobtainedwith (3.1)is orthogonal
to ary admissiblevariation(A.2a), (A.2b), thatis, if

Ee(k)ynf (k) =0 (A.3a)

Ee(k)nd (k) =0 (A.3b)
thend®(k) = d*®(k) or equivalently n(k) = 0 minimizesthe MSE (2.4). We
mustthusassurehat(A.3a)and(A.3b) arefulfilled.

To evaluatethe cross-correlationgA.3a) and (A.3b), we will useParseal’s
relation for complex signals[66] and evaluatethe expressiondn the frequeng
domain.Theprocedurds outlinedbelow.

Considertwo comple-valuedstochastigrocesses (k) = T1(qg~!)e(k) and
w(k) = Talg )e(k), whereT1(¢!) andT2(¢~!) aretwo stableand causal

rational matrices. We can then expressthe cross-correlatiorbetweenz (k) and
w(k) as[3, 66]

Ae

o 1\\" dz
27y |z|:1T1(z )<T2 (z*>) z

where) I = Ee(k)ef (k). By usingits Markov parametersthe secondactorin
theintegrandcanbe simplifiedto:

(r ()= (G (L)) - Erter s

Thecross-correlatioganthusbe expresseds
Ae

275 J|z1=1
Wenow insert(A.1) and(A.2a)into (A.3a)anduseParse&al’s relationto obtain

Exz(k)wf (k) =

dz

Ex(k)w" (k) = Tz ) Tae(2)—

Be(k)nt (k) = 2% 7{ {I-R®A™'B+ 2 'F*)B, Al
“ARN'MM.N;'} g;’jd—z . (A4)
V4

SinceA and N arebothdiagonalwe canexpresg(A.4) as

Ee(k)ni (k) = o7 j[{ I-R*¥A™'B+ 2 'F*)B,N,

“AR*N'MM,A,} A;lN*—lgf‘;@ . (A5)
V4
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To find the conditionsunderwhichtheintegral (A.5) vanisheswe needthefollow-
ing lemma

LemmaA.1 Theintegral
d
= H(z, z—l)g*(z)f (A.6)
|z|=1
is zewo for all stableandcausalG(z 1) if andonlyif
271 (z,27) is analyticwithin | z| = 1.
Theintegral
B He (e D (A7)
|z|=1 Z
is zewo for all stableG(z, z~!) if andonlyif
H(z,z 1) =0.

Proof: SinceV; shouldbe zerofor all stableandcausalG(z~!), it shouldbe
zeroin particularfor

G(z')=diag(0 ... 0 2™ 0 ... 0) , (A.8)
N——
j—1
wherem = 0, 1,...,. If weinsert(A.8) into (A.6), we obtainthe condition
f z_l'Hij(z,z_l)zmH@ =0
|z|=1 Z
for element(s, j) in V4. If thisis trueform = 0,1,2,..., then

z_l?-{ij(z, z_l)

is analyticwithin theunit circle, accordingo Lemmal in [108]. Sincei andj are
arbitrary we concludethat 2= '#(z, ') mustbe analyticinside|z| = 1. This
provesnecessitySufiicienoy follows from theresiduetheorem.

We now turn our attentionto V,. Fromthefirst partof the lemma,we know
thatV; is zeroonly if z71#(z, 2 1) is analyticinside|z| = 1. We now usethe
residuetheorento evaluatels:

N
Vo =27y Z Res 27 '"H(z, 27 )G, (271, 2) (A.9)
k=1

Z=ay
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whereay, k = 1,..., N arethe polesinsidethe unit circle. SinceG(z,z 1) is
stable,the only polesof G. (271, ) thatlie inside|z| = 1 arethoseat z = 0.
Equation(A.9) canthusberewritten

Vo = 27j R_eg 2 M1 (2,27 )G (27 2) . (A.10)

Sincez "' (z, 2~ 1) is analyticat z = 0, we canwrite

2 1 H(z Z H,z"
wherem > 0 is the smallestinteger suchthatH,, # 0. We cannow evalu-
ate(A.10)for G,(z71,2) = z~™" L.
Vo =2m5H,,

SinceH,,, # 0, theintegral doesnot vanish. We thusrealizethat V> canbe zero
for all stableG(z, z~!) only whenH,, = 0 V k, or equivalentlywhen

H(z,27)=0.
This provesnecessitySufiiciency is trivial. |

Sinceg{° is allowedto benon-causaindsinceA; ! and N, ! areobviously non-
zero,accordingto LemmaA.1, the only way to ensurethat (A.5) vanishess to
requirethat

I-R¥A'B+ 2 'F°)B,N, - A\R*°N 'MM,A,=0. (All)
Proceedingn the sameway with (A.3b) gives

Ad

Be(k)nf (k) = 7%

7{(1 _R®AIB 4 2L F) ng*—z . (Al2)
Accordingto LemmaA.1, theintegral vanishesf andonly if
I-RPA'B+ 7 'F*=C,,. (A.13)
for somestableandrationalmatrix £;. Insert(A.13) into (A.11):
L1:B.N,—-\R*N 'MM,A, =0.

We cannow expresshefeedforvardfilter as

1
R>® = A—El*B*N*A,leglM_lN.
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If we usethedefinitions(3.2a)and(3.2b) we obtain

R>® = %Cl*T*I‘glM’lN. (A.14)
€

We now insert(A.14) into (A.13) andrearrange:
—1 o0 1 RPN 1 ~-1. _~-1
I+ F* =L (1+—7,D, T 7)) =Ly, | I+ T, 7,77
e Ae

~—1 1

1 . . -

A—ﬂ%) r =, ' 8,War
€

wherewe in the secondequality used(3.3) andin the last equality the spectral

factorization(3.5). We now collect polynomialmatricesin z ! on the left hand

sideandpolynomialmatricesin z ontheright handside:

I+ 2 1F°rg ! = £, ' B,W. (A.15)

The left handside containsonly powersof z—! andthe right handside contains
only powersof z. The only way for this equalityto hold is to requirethat both

sidesequala constanimatrix. Since@ is monic, we seethatthe constanterm of

theleft handsideequalsl'y, the constantermof I'. We mustthusrequire

I+ 2 'FO)rp~! =Ty
L., 8,W =Ty,
or, equvalently
L1, =TW '8,'T, (A.16)
F® = 4(TBD ' —1). (A.17)

Wecannow insert(A.16)into (A.14)to arrive atourfinal expressiorfor theasymp-
totic DFE filters:

1

R>® = )\—~0W_1ﬂ;1f‘*r*F;1M_1N (A.18a)
1 ~
== oWIB A . MTIN (A.18b)
e
F® = 4(TeBT " —1). (A.18c)

If we replacez andz~! with ¢ andg~" respectiely, equation(A.18a) coincides
with (3.4a) equation(A.18b)coincideswith (3.4b)andequation(A.18c)coincides
with (3.4c¢)
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APPENDIX B

Proofof Theoren3.2

Considerthe channeldescribedby (2.6), and the generalmultivariable decision
feedbackequalizen2.2). Insertthe expressiorfor the symbolestimated(k — £4|k)
into the expression(2.5) for the estimatiorerror:

e(k —£) =d(k — ) — d(k — £)k) (B.1)
=d(k—t) — Ry(k) + Fd(k —£—1) . (B.2)

Throughoutthis appendixwe will omit the polynomialagumentsto simplify the
notation.
Assumecorrectpastdecisionsthatis,

dm)=dm) m<k—£—1. (B.3)
Insertd(k — £ — 1) from (B.3) andy(k) from (2.6)into (B.2) andrearrange:
ek —0) =d(k —£) —R(A'Bd(k) + N 'Muv(k)) + Fd(k — £ — 1)
= (¢ I-RA'B+ ¢ "1 F)d(k) - RN Mu(k) . (B.4)
Introducethe alternatve estimated, (k — £|k) éa?(k — l|k) + n(k), wherethe

variationn (k) is alinearfunctionof all signalsthatthe estimatel(k — £|k) maybe
basedipon.Thus,

n(k) 2 n1 (k) + na (k)

where
n1 (k)
ng(k)

Giy(k) (B.5a)
God(k—0—1). (B.5b)

e e

169



170 AppendixB. Proofof Theoreni.2

Above, G, andG, arearbitrarystableandcausalrationalmatrices.If the estima-
tion error obtainedwith (2.2) is orthogonatlto ary admissiblevariationdescribed
by (B.5a)and(B.5b), thatis, if

(B.6a)

(B.6b)

thend, (k — ¢|k) = d(k — ¢|k) or equivalentlyn(k) = 0 minimizesthe estima-
tion error covariancematrix (2.4) For ary estimationerror covariancematrix P
obtainedwith n(k) # 0, P — P will be positive definite. We mustthusassure
that(B.6a)and(B.6b)arefulfilled.

To computehecross-correlation.6a)and(B.6b),weuseParseal’s relation.
Proceedingsin AppendixA, we thusinsert(B.4) and(B.5a)into (B.6a)anduse
Parseal’s relationto rewrite theresultas

1
Ee(k —O)n (k) = — %{(z_zl —-RA'B+ 2 "'F)B,A]!
2mg
~ARN 'MM.N,'} gl*@ . (B.7)
z

SinceA and N arebothdiagonalwe canexpresgB.7) as

1

Ee(k —O)nt (k) = o)

f {(z—‘I —RA™'B + . 'F)B,N,

~ARN 'MM,.A,} A;lNglgl*d—; . (B.8)
FromLemmaA.1, we know that Ee(k — £)nt (k) = 0 if andonly if
%{(ﬂl —RA™'B+ z—f—ly-')B*N*—A;RN—1MM*A*}A;1N;1

is analyticinside|z| = 1. Accordingto the assumptior(2.7), thefilters A= and
N~ arestable.ThisimpliesthatA; ! and N, ! areanalyticinsidetheunitcircle.
Thus,Ee(k — £)nt (k) = 0 if andonly if

(z9-RA'B+2""'F)B,N, -\ RN 'MM,A, = 2L,, (B.9)

for somerationalmatrix £, with all its polesoutsidethe unit circle. Proceeding
in the sameway with (B.6b)resultsin a secondcondition

T I-RAT'B+ 2 F =270, (B.10)
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for somerationalmatrix £, with all its polesoutsidethe unit circle. However,
noneof the termson the left handside of (B.10) canhave polesoutsidethe unit
circle. Thereforewe concludethat £, mustbe a polynomialmatrix. Thus,

T I-RA'B+ 21 F =2"Ly, (B.11)
for somepolynomialmatrix L1... We cannow insert(B.11)into (B.9) to obtain
z L1 ,B.,N, —~\RN'MM.A, = 2L, . (B.12)

We realizethat neitherof the termson the left handside of (B.12) canhave ary
polesoutsidetheunit circle. Therefore £, cannothave ary suchpoleseither and
we concludethat Lo, mustbe a polynomial,ratherthana rational, matrix. Hence
we canexpressequation(B.12)as

2 *Li,B,N, - \RN 'MM,A, = zL,, (B.13)

for somepolynomialmatrix Lo, . In theintegrand(B.13),the polescontritutedby
N~! mustbecanceledy a correspondindactorin R.. Also, the polynomialma-
trix M contrikutespolesin theorigin, which mustbe canceledy acorresponding
factorin R. We thereforensert

R=SM™'N
whereS is anarbitrarypolynomialmatrix, into (B.11)and(B.13)andrearrange:

I-SM'NA'B+2'F =L,

, (B.14)
ztL,B.N, — A\.SM,A, = 2L, .

We now usethat A~! and N are diagonaland hencecommute. We also in-
sert(3.2a)and(3.2b)into (B.14).

I8 v+ 'F=1Ly, (B.15a)
2 tL1yTy — M\ST, = 2Lo, . (B.15b)

Equation(B.15a)canbefurthersimplifiedby usingtheidentity (3.3) andmultiply-
ing with T'(g~!) from theright:

I —2/8% + 27 'FI = L,,T (B.16a)
2 LTy — AST, = zLo, . (B.16b)
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SinceF is theonly remainingationalmatrixin (B.16a) its polesmustbecanceled
by a correspondindactorin T'. We thusconcludethat

F=Qr

whereQ is an undeterminecolynomial matrix. Note that @ andT* may have
commonfactors.We cannow insertthis expressiorinto (B.16a)to yield

I'—2S#¥+2'Q=LyT (B.17a)
2L Ty — A\ST, = zLo, . (B.17b)

If we exchangez for ¢, equation(B.17a)coincideswith (3.8a) whereaqB.17b)
coincideswith (3.8b)

The DiophantineequationgB.17a)and(B.17b)aredoublesided thatis they
containpowersof bothz~! andz. Thus,boththe powersof z~! andz ontheleft
handside mustmatchthe correspondingowerson the right handside. For this
purposeye list thedegreesin z~! andz for eachtermin (B.17a)and(B.17b)

Equation(B.17a)

zt: OT, 68 +07—4, 6Q +1, 6T (B.18a)
z: 0,£,0,0L; . (B.18b)
Equation(B.17b})
z7l: £, 68,0 (B.18c)
z: O6L1+01—4, 6T, 6Ly + 1. (B.18d)

From(B.18b)and(B.18c)we immediatelyobtainthe conditionsfor the degreesof
L, andS respeciiely:

6L1 =0, 6S=1.

If weinsertéS = £ into (B.18a) we obtain(3.9b) Finally, by insertingd; = ¢
into (B.18d) we obtain(3.9d)

It remaingo shaw thatequationgB.17a)and(B.17b)have a solutionwith the
degreesspecifiedby (3.9a)(3.9d) Forthispurposewerewrite (B.17a)and(B.17b)
astwo systemsof linear equations.Two matrix polynomialsareidenticalif and
only if all the correspondingoeficient matricesareidentical. We mustthusad-
just the coeficientsof S, Q, L; and L. so that the expressiondor the matrix
coeficientsfor eachpower of z andz~! areequalon the left andright handside
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of (B.17a)and (B.17b) We thus evaluatethe expressiongor the matrix coefi-
cients,conjugatefransposendequatethe left andright handsides. For (B.17a)

we obtain
~ ~H
7'5[ 0 T,
Tgla 7-5[ I‘éa
0 72 0
wherewe have defined

0\ (St

|| S

0 Ly,
u :

I‘Ja L10
a=T+271Q.

(B.19)

(B.20)

Note that o = max(§7,4T) andthat the leading coeficient of a(z~") is T.
In (B.19),7,, = 0 if m > §7 andI',, = 0 if m > ¢I'. Proceedingn thesame

mannewith (B.17b)resultsin

—AeL51541 0 Tsry41
—XIo —AeLs51,41 To
0 ... ATy 0.

T5L2+1

To

S¢'

sy
Ly,

wherel’,,, = 0if m > 6" andr,, = 0if m > é7.
Neither (B.19) nor (B.21) can be solved directly, sinceunknavn coeficient

matricesappeaon their right handsides.However, we cancombinethefirst (£ +
1)nq equationgrom (B.19)with thelast (£ + 1)n, equationgrom (B.21)to obtain
a systemwith equalnumberof equationsandunknavns

7 0
i 7§
—AeTo —XeTy

0 —XeTo

10
Ty

To

Lo

8¢’

S
L,

\L-IO

Lost,

Lo
0

bl

(B.21)

b

(B.22)



174 AppendixB. Proofof Theoreni.2

whereonly known coeficient matricesappeaion theright handside. We will now
shaw thatthis systemof linearequationdhasa uniquesolutionwheneer A, > 0.
Define

T0 --- T¢ (‘7’0 ‘7’3
TS A = :
\O ... T0 0 7~'0
Ty ... Iy /1”‘0 ... Iy
G2 TN RN S
0 ... Iy 0 ... Iy
02 (So ... s L .. LE) . g2 ... Ty 0 ... 0)".

Equation(B.22) canthenbewritten as

TH GH .
(—/\eG T)HZg'

—_——
w

Thematrix W is non-singulasince
det W = (—1)" det G det (AeG + TG—HTH)
= (—1)" det G¥ det (A\.G + T(G™'T)¥)
= (—1)" det G det (\.GG" + TT") det G™"

where(-)~# = ((-)~1)#. Above, the integer r compensatefor the sign shifts
causedby the elementaryoperationgperformedon the determinant.In the sec-
ond equality we have usedthat TG ! = G 1T, whichis a consequencef the
identity (3.3). Now, sinceboth G andG arenon-singularsoareG—# andG*.
Also, GG is positive definite. Thereforethematrix W is non-singulawheneer
Ae > 0.

After having solhved (B.22) for SE andL;,,, we use(B.19) to calculatethe
coeficientsof a. We thencomputethefeedbacKilter Q with theaid of (B.20).

Q=za-T). (B.23)

Sincethe solutionto (B.22) is unique,and e and Q are determinedexplicitly
from (B.19) and(B.23), we concludethatthereexistsa uniquesolutionto (B.17a)
and(B.17b)

Remark 1. Thesystenof linearequationgB.22)canberewrittensothatonly the
coeficientsof thefeedforvardfilter is obtained.Thisleadsto lower compleity.
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Proofof Theorem3.4andCorollary3.3

Supposéhata lineartime-invariantfinite impulseresponsehannelof order L is
givenby (2.11)andassumehat

E[d(k)d" (m)] = SmI
Efo(k)v™ (m)] = thp—m (C.1)
E[d(k)v™ (m)] =

The objectie is to estimatethe symbolvectord(k — £), by meansof the MIMO
FIR DFE definedin (3.21) thatis

d(k — k) = S(g " y(k) — Qg™ ")d(k —£—1) (C.2)
= Soy(k) + S1y(k —1) + - + Sssy(k — ds)
— Qod(k—£—1) — - = Qod(k — £ — 1 - 6Q)
= O yk — 05 dk—¢-1 (C3)
d(k —€) = f(d(k — |k)) (C.4)

where S(q~') of orderés andQ(¢~') of orders§Q are polynomial matricesof
dimensionsy, x ng andng x ng, respectiely andf(-) is thedecisionmon-linearity
Also,

@{g{:(SO S1 ... Sgs) (C.5a)
05=(Q0 Qi ... Qsq) (C.5b)
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and
e =Tk yT(k—1) ... yT(k—0s)" (C.6a)
dr 1= (dT(k—t—1) ... d(k—0—1-05Q))" . (C.6b)

The feedbackfilter shouldbe long enoughso that all postcursotapscanbe
canceledThenumberof postcursotapsequals

s+ L+1 — 4 - 1 .
N———— N~ N~
numberof numberof reference

tapsin S(¢~1)B(g~') Precursotaps tap
Thereforewe concludethat
0Q=L+dés—4—1.

Thecoeficients{S, } and{Qy } areto bedeterminedothatthemean-squarerror
of theestimatei(k — £|k) is minimized.
Theestimationerror

e(k —0) = d(k — £) — d(k — £|k) (C.7)

is minimizedin the mean-squarsensdf it is orthogonato all signalsthatthe es-
timated(k — ¢|k) may be basedupon,thatis, y; anddy_,_;. The matrix filter
coeficients providing the minimum mean-squarestimationerror arethusdeter
minedby the orthogonalitycondition

E[( Yk >5H(k—e)]:o (C.8)

—dg—r—1

or, with (k — £) from (C.7),

E [(—af'l) d" (k — e|k;)] = E [(—&Zk“> d" (k — e)] .

Next, insertd(k — £|k) from (C.3):

( Eyyf  —Eysdi ) (95) :( Eyxd" (k ) ) . (C.9)
—Edg¢1yfl Edge1df,_1) \O¢ —Ed—¢—1d" (k — )

Assumethatall previousdecisionsaffectingthecurrentestimataverecorrect that
is, assumehat

dk—n)=d(k—n) £+1<n<L+3ds
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anddefine
T

dp o 1= (d(k—t—1) ... d'(k—és— L)) (C.10)

This canbeinsertednto (C.9)in placeof dj__1.
Dueto the assumptiorof uncorrelatedsymbolsmadein (C.1), equation(C.9)
canthenbesimplifiedto

Eykyf —Ey;cdkH_e_1 Og _ Eyde(k —¥) (C.11)
—Edk_g_ly}cq I O¢ 0 ) '

To evaluatetheexpectationsn (C.11) weinvoke thechannemodel(2.11)to write
y(k —n) as

d(k —n)
y(k—n)=(Bo ... Bp) : +v(k—mn). (C.12)
d(k —n — L)

By inserting(C.12)into (C.6a)for 0 < n < és, wewill obtainanexplicit expres-
sionof y, in termsof the channekoeficient matrices:

D : ; : + : . (C.13)

Ye = : - - : :
0 ... By ... Bg d(k — s — L) v(k — ds)

To obtainamorecompacexpressiorof (C.13) we introducethe vectorof stacled
noisevectors

vi =(T(k) vT(k—1) ... vT(k—26s))" (C.14)
andthevectorof stacled symbolvectors
dp=(d"(k) d"(k-1) ... dT(k—2+1)" . (C.15)

Furthermorewe definethefollowing matrices:

By, ... B, 0 ... 0
A 0 By, ... B :

Frot= | | 0 L ny(ds + 1)
0 ... ... By ... By

>

(ffut Fpres fpast) (C16a)
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wherewe have defined

Ftut 2 Thefirst ngf columnsin Fyy; (C.16b)
Fopres 2 Columnsngf + 1tong(£ + 1) in Fypy (C.16c¢)
Fast 2 Columnsng(€ + 1) + 110 ng(ds + L + 1) in Froy - (C.16d)

Equation(C.13)canthenbewrittenas

whered;_,_; wasdefinedin (C.10) Using(C.17)and(C.1),we cancomputethe
expectationsn (C.11)
Elyryi] = FruF s + Fpres Fopes + Fpast Foass + ¥
Elyrdi" o] = Fpast
E[yde(k - e)] = Fpres
whereV is givenby (3.24)
Thesecomputedexpectationganthenbeinsertednto (C.11):

Ffutf‘;qft+f‘presf£wes +Fpastf1gst + v _fpast ®S — fpres (C 18)
—Fi I, O¢ 0o ) ‘7

past

By observinghat®, = f,{gste)s from thesecondlock row of (C.18)andinsert-
ing thisinto thefirst block row, we obtain

(FrutFfas + Fores Fores + ¥)O5 = Fpres (C.19a)

Oq = Fi,Os. (C.19b)

Now obserethat(Fp; Fpres) =F asdefinedn (3.23) Thus(C.19a)and(C.19b)

canbeexpresseds

(FFHE + 0)05 = Fyres (C.20a)

Oq = FiyOs . (C.20b)

Here(C.20a)coincideswith (3.22)andif we comple conjugateandtransposéoth

sidesof (C.20b)andevaluatefor eachmatrixelemeniQ,,, wereadilyobtain(3.25)

We will now prove Corollary 3.3. As a starting point, we usethe expres-

sion (C.3) for the DFE andthe expression(C.20b)for its feedbackfilter coefi-
cients:

d(k — £|k) = (")g (Yk - Fpastak—f—l) :
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We now assumethatall previous decisionsare correct. We thusreplaced;_,_;
with di_, 1, definedin (C.10) We alsousetheexpressionC.17)for y, to obtain

d(k — £) = O (Fruudy, + Fpresd(k — £) + v) (C.21)

From (C.21)we obtainan expressiorfor the estimationerror that canbe usedto
determinethe estimationerrorcovariancematrix (2.4).

P = E[(d(k — ) — OF (Frudy + Fyresd(k — £) + vi))
= H
x (d(k = £) = OF (Frud + Fyresd(k — ) +vi))" ] .
Thecovariancematrix canbe evaluatedo yield

P = Ed(k — )d" (k — £) — Ed(k — £)d" (k — 0)F, 05

— OF FpresEd(k — £)d" (k — £) + O FruEdpdy! F1,05
+ OF Fpres Ed(k — 0)d" (k — ) F .05 + OF Evivy Og

wherewe have used(2.9) and(2.13) Againmakinguseof (2.9)andalsoof (2.12)
and(3.24)we readilyobtain

P=I- fﬁes@s - Ggfpres + @gf"futfﬁtGS
+ OF FpresFopesOs + 04 U0
=1- fgeses - ngpres + 95 (-7:-7:H + \I’) Og (C.22)

wherewe in the last equalityusedF = (Ffy Fpres). |f we insert(C.20a)
into (C.22) wefinally obtain

P=1-F, (FFT +0)" Fpres, (C.23)

which coincideswith (3.26)
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APPENDIX D

Proofof Corollaries3.1,3.2,3.4,and3.5

In this appendix,we will prove Corollaries3.1, 3.2, 3.4, and 3.5. We will thus
investigatethe solability conditionsfor the two Diophantineequations(3.16)
and(3.28) For easeof referencewe repeattheseequationsand the conditions
for their sohability:

¢ T=R(gHA ¢ )B(g ") —q¢ "' Fg) (D.1a)
and

¢ T1=8@ "B ") -¢"'Q(™). (D.1b)

The Diophantineequation(D.1a)canbesolvedif andonly if every commonright
divisor* of A=(¢g~1)B(g~') andg—¢"'T is aright divisor alsoof ¢ ‘1. Equa-
tion (D.1b) canbe solved if andonly if every commonright divisor of B(q~')
andg—¢"'T is aright divisor alsoof ¢ “I.

We will shawv that suchright factorsexist in the situationsdescribedn the
corollaries.Two factsgreatlysimplify the proofs:

1. A polynomialmatrixin ¢~! is a specialcaseof a stableandcausalkational
matrix.

2. A polynomialmatrixin ¢ ! thatis aright divisorof B(q ') is aright divisor
alsoof therationalmatrix A~ (¢~ 1) B(¢™1).

1Theadmissibleight divisorsaremember®f thering of stableandcausarationalmatrices.
2Theadmissiblaight divisorsaremembersf thering of polynomialmatricesn ¢~ *.
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For eachof the proofsin this appendixwe will usethefollowing procedure:

1. Find apolynomialmatrix R(g~!) thatis aright divisor of

e B(g~!)and
o g -1

2. Shaw thatR (g ') is notaright factorof ¢ I in thering of stableandcausal
rational functions. In otherwords, there should not exist ary stableand
causalrational X (¢~!) suchthatg=‘I = X (¢~!)R(¢™'). Thiswill imply
thattherewould, of course notexist ary suchX (¢—!) thatis a polynomial
matrixin ¢! either so R(¢~!) cannotbe aright factorof ¢~ 'I in thering
of polynomialmatrices.

If we succeeavith this, neither(D.1b)nor (D.1a)will havea solution We arethus
ableto prove thecorollaries‘in pairs”.

Remark 1. Toimprovereadability we will omit thepolynomialalgumentsn the
remaindeof this appendix.

D.1 Proofof Corollaries 3.1and 3.4
Assumethatrank B < ng. In this casethereexistsaunimodulaf matrix U such
that

BU = (B 0) (D.2)
for somematrix B with ny rowsandng — 1 columns.Equation(D.2) alsoholds
whenrank A !B < ng, since

rank A"'B =rank B . (D.3)

The above relationholdssince A is a diagonalpolynomialmatrix with finite di-
agonalelements.The inverseof A will thenbe a diagonalmatrix with non-zero
diagonalelements.

We will now shaw, thatwhen(D.2) holds,the polynomialmatrix

A (I, 1 0 1
R= (" o ) U D.4
( 0 q -1 ( )

is aright divisor of B andg—¢~'I,,,, but notof g—“1,,,.
For R in (D.4), we mustthusverify thefollowing threeproperties:

3A squarepolynomialmatrix is saidto be unimodularif its determinanequalsa non-zerocon-
stant.
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1. Risarightdivisorof B
2. Risarightdivisorof ¢ ¢ I

3. Risnotarightdivisor of ¢“I.

Property 1
We seethat

I,1 O

B=BUU'=(B 0)U'=(B 0) ( 0 q_H) U'=(B 0)R,

wherewe in the secondequalityusedtheidentity (D.2). HenceR is aright factor
of B.

Property 2

We immediatelyseethat

—£—1
q—e—llnd — q—E—lUU—l -U (q OI'n,dfl q(z]-) U—l

——1
q In —1 0) (In —1 0 ) —1
— U d d o, U
( 0 1 0 g1

—{—1
_ q Ind—l 0
Lo (T g,

HenceR is aright factorof ¢—*~1,,,,.

Property 3

We will now try to find a causalandrationalmatrix X suchthat
_e I, 1 0 _
= (T )o
This equationcanberewritten

gcU=x (I’%l q_2_1> . (D.5)

Studythelastcolumnin (D.5). With U,,, andX’,,4 beingthe last columnsof U
andX’, respectiely, we obtain:

q_eUnd = q_é_lxnd -
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But since X is causalthis implies thatall elementsn U,,, musthave ¢! asa
commonfactor However, this is impossiblewhenU is unimodular Hencewe
concludethatg—*I,,, cannothave R asaright factor

This completesthe proof of Corollary 3.4. Recallingthatrank A™'B =
rank B, theproofof Corollary3.1is alsocomplete.

D.2 Proofof Corollaries 3.2and 3.5

Assumehatuserv hasa propagatiordelaythatexceedd. We will now verify that

R=diag(l ... 1 ¢%1 1 ... 1) (D.6)
\_\,1_/ ——
v— ng—v

is aright divisor of B andg ¢ 'I, but notof ¢ “I.
With thedefinition(3.17) we canwrite

B = BA (D.7)
where
AZ diag (¢2 g2 ... g Bw) . (D.8)

If we compargD.6) and(4.19a) we seethat

A = AR (D.9)
with
A = diag (q*Al quz q_A"d)
and
Ai = {22—4—1 ziz '

If wenow insertA from (D.9)into (D.7), we obtain
B =BAR.

SinceA, > £+ 1, A is apolynomialmatrixin g1, and R is aright divisor of B.
Weimmediatelyseethat R is aright divisor of g~ ¢ 1, since

g, 0 0
g 1= 0 1 0 R.
0 0 ¢ ',
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However, if wetry to find a stableandcausakationalmatrix X suchthat
¢ I=XR

we mustrequirethat

q—le(u) — q—é—lxlj

whereX , is columnv in X and

€20 ...0 10 ... 0".
—— ——

v—1 ng—v
Sincethisequatioris impossibleo satisfywith a stableandcausalX’, we conclude
that R is notaright factorof ¢ —“I.
SinceR is aright factorof B andq—‘~'I, but not of ¢—*I, equationgD.1a)
and(D.1b)lackasolution.
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APPENDIX E

Proofof Theoren3.6

We shall herederive the degreecondition (3.29) We assumehat the condition
in Theorem3.5is fulfilled, andhencethata zero-forcingsolutionexists for some
choiceof feedforvardfilter degree.

To prove the dggreecondition(3.29), we first needto remaove the influenceof
puretime delayswithin eachcolumnof B(g~!). For this purposewe define

A(gY) £ diag (g2 g2 ... g7Bw ) (E.1)
We alsoimplicitly defineB(¢~!) throughthefactorization
B(¢')=B(g HA(¢ Y (E.2)
Thefactorization(E.2)is insertednto (3.28) whichis rearrangedo yield:
S(@HB(g YAl = ¢ T, +a Qg )- (E.3)

For this equationto have a solution,we mustassurethatthe right divisor A(g 1)
of theleft handsideis alsoaright divisor of theright handside.
To this end,we rewrite theright handsideof (E.3).

¢ (T, +¢'Q(a ™M) = (In, +¢ 'R ™)) ¢ I,
= (T, +¢ 'Q(g ) A(g HA(g )
with

A(qil) = diag (qfé—kAl o q—ﬁ-f—And) .
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NotethatA (g ') isapolynomialmatrixin ¢!, sincewe know from Corollary3.5
thatA; < £ Vi.

We thusseethatg=*(I,,, + ¢~ 'Q(¢7')) hasA(¢~!) asaright factorasre-
quired. This factorcanthusberemaovedin equation(E.3). We mustnow solve

S(gHB(g ") =T, +77'Qg))A(g). (E.4)

with respecto S(¢~!) andQ(qg~1).
Let usnow investigatehe equalizedchannelfrom sourcesl to ng4 to the esti-
mateof sourcej, thatis, let usconsiderow j in (E.4):

Z Sik(@ ) Brm(g™h) = ¢ AT 1Qm(g™Y) m#£ g (E.5a)
k=1
> Sik(a ) Brila™) = ¢ 1+ ¢ Q45(a7) - (E.5b)
k=1

In general,equationgE.5a)and (E.5b) cannot be solved if the numberof equa-
tions exceedshe numberof unknavns. We mustthusassurethat the numberof
unknavns equalsor exceedghe numberof equations.

The feedforvard filter mustcancelthe precursoitaps,andalsomale the ref-
erencetap equalto the identity matrix. In then, — 1 equationdn (E.5a) there
are

S (+1-Ap) (E.6)
maj
precursottaps,which mustbecanceledin (E.5b),the/ — A; precursotapsmust
be canceledcndthereferencaap shouldbe setto unity, giving
L4+1-A; (E.7)
additionallinearequations Adding (E.6) and(E.7) givesthe total numberof con-
ditions (equationsjo fulfill:

ng

Z(e+1—Am):nd(z+1)—f:Am. (E.8)
m=1

m=1

To satisfytheseequationsve mustuseonly thefeedforvardfilter. Thefeedforvard
filter for userj hasds + 1 row vectortaps,giving a total of

ny(6s + 1) (E.9)
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unknavns. If we compargE.8)with (E.9),we seethatif

ng(l+1) =30 Am
Ny

§s > —1 (E.10)

all precursotapscanbe canceledSince(E.10)is independentf j, afeedforvard
filter degree satisfying(E.10) is genericallynecessaryo fulfill the zero-forcing
condition(2.3)for all ny users.



190 AppendixE. Proofof Theoren3.6



I
BIBLIOGRAPHY

[1]

(2]

[3]

[4]

[5]

[6]

Majeed Abdulrahman. DFE for Interferenceand Multipath Suppession
in a CDMA System PhD thesis,Departmentof Systemsand Computer
EngineeringCarletonUniversity Ottava, CanadaJanuaryl994.

MajeedAbdulrahmanAsrarU. H. Sheikh,andDavid D. Falconer “Deci-
sionfeedbaclequalizatiorfor CDMA in indoorwirelesscommunications,
IEEE Journalon Selectedireasin Communicationssol. 12,n0.4, pp.698—
706,May 1994.

AndersAhlénandMikael Sternad,“Wienerfilter designusingpolynomial
equations, IEEE Transactionson Signal Processingvol. 39, no. 11, pp.
2387—-2399Novemberl991.

AndersAhlénandMikael Sternad,'Derivationanddesignof Wienerfilters

usingpolynomialequations, in C T Leondeseditor, StohasticTechniques
in Digital SignalProcessingpp.353—418 AcademicPressNew York, NY,

1994.

Soren AnderssonUIf Fors€n, JonasKarlsson,Tom Witzschel,PeterFis-
cher and AndreasKrug, “Ericsson/MannesmanfsSM field-trials with
adaptve antennas, in Proceeding®f the IEEE Vehicular Tednolagy Con-
ference vol. 3, PhoenixUSA, May 1997,pp. 1587-1591.

SorenAnderssonMille Millnert, MatsViberg, andBo Wahlbeg, “An adap-
tive arrayfor mobile communicatiorsystems, IEEE Transactionson Ve-
hicular Technolagy, vol. 40,n0.1, pp. 230-236Februaryl991.

191



192

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Bibliography

Sirikiat Lek Ariyavisitakul, JackH. Winters, and Inkyu Lee, “Optimum
space-timgrocessorsvith dispersie interferencelnified analysisandre-
quiredfilter span, IEEE Transactionson Communicationsvol. 47, no. 7,
pp.1073—-1083July 1999.

David Asztely. “On antennaarraysin mobile communicatiorsystemsfast
fadingand GSM basestationrecever algorithms, Masters thesis,Royal
Instituteof TechnologyStockholm,SwedenFebruaryl995.

David Asztely and Bjorn Ottersten, “MLSE and spatio-temporainterfer
encerejectioncombiningwith antennaarrays, in Proceeding®f the EU-
SIPCO98RhodosGreece Septembet 998.

M. E. Austin, “Decision-feedbaclequalizatiorfor digital communication
overdispersie channel$, TechnicaReport437,M.1.T. Lincoln Laboratory
Lexington,MA, August1967.

Philip BalabarandJackSalz,“Optimum diversity combiningandequaliza-
tionin digital datatransmissionvith applicationgo cellularmobileradio—
Partl: Theoreticaconsideration,IEEE Transaction®n Communications
vol. 40,n0.5, pp.885-894,1992.

Philip BalabarandJackSalz,“Optimum diversity combiningandequaliza-
tion in digital datatransmissiorwith applicationsto cellular mobile radio
— Partll: Numericalresults, IEEE Transaction®n Communicationsvol.

40,n0.5, pp.895-907May 1992.

CarlosA. Belfiore and JohnH. Park, “Decision feedbackequalizatiori,
Proceeding®fthelEEE, vol. 67,n0.8, pp.1143-1156August1979.

Gregory E. Bottomley andKarim Jamal,Adaptive arraysandMLSE equal-
ization; in Proceeding®fthe45thIEEE VehicularTechnolggy Confeence
vol. 1, Chicago,July 1995,pp. 50-54.

Antonio CantoniandPaul Butler, “Stability of decisionfeedbacknverses,
IEEE Transactionson Communicationsvol. 24, pp. 970-977,September
1976.

DaoShengChenandSumitRoy, “An adaptve multiuserreceverfor CDMA
systems, IEEE Journal on Selectedreasin Communicationsvol. 12, no.
5, pp.808-816,Junel994.



Bibliography 193

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Jiunn-TsairChen,Jen-\Wi Liang, Huan-Shand sai,and Young-KaiChen,
“Low-compleity joint MLSE recever in thepresencef CCl,” IEEE Com-
municationd_etters, vol. 2,n0.5, pp.125-127 May 1998.

JohnM. Cioffi, GlenP. Dudevoir, M. VedatEyuboglu,andG. David Forney,

Jr, “MMSE decision-feedback&qualizersandcoding—Part: Equalization
results, IEEE Transactionson Communicationsvol. 43,n0.10, pp. 2582—
2594,0ctober1995.

JohnM. Cioffi, Glen P. Dudesoir, M. VedatEyuboglu,andG. David For-
ney, Jr., “MMSE decision-feedbac&qualizersandcoding—Partl: Coding
results, IEEE Transactionson Communicationsvol. 43,n0.10, pp. 2595
2604,0ctober1995.

Martin V. Clark, Larry J. GreensteinWilliam K. Kennedy and Mansoor
Shafi, “Optimum linear diversity recevers for mobile communications,
IEEE Transactionson \ehicular Technolayy, vol. 43, no. 1, pp. 47-56,
Februaryl994.

PedroM. Crespoand Michael L. Honig, “Pole-zerodecisionfeedback
equalizatiorwith arapidly corverging adaptie IIR algorithm’, IEEE Jour-
nal on Selected\reasin Communicationssol. 9,n0.6, pp.817—829 August
1991.

Erik Dahlman, Bjorn Gudmundson,Mats Nilsson, and Johan Skold,
“UMTS/IMT-2000 basedon widebandCDMA,” IEEE Communications
Magazine vol. 36,n0.9, pp. 70-80,Septembe 998.

AlexandraDuel-Hallen, “Equalizersfor multiple input/multiple output
channelsand PAM systemswith cyclostationaryinput sequences, IEEE
Journal on Selecteddreasin Communicationsvol. 10, no. 3, pp.630-639,
April 1992.

AlexandraDuel-Hallen,"Decorrelatingdecision-feedbackulti-userdetec-
tor for synchronougode-dvision multiple accesshannef, IEEE Transac-
tionson Communicationsrol. 41,no. 2, pp. 285—290February1993.

AlexandraDuel-Hallen,*A family of multiuserdecision-feedbac#tetectors
for asynchronousode-dvision multiple accesshannel$, IEEE Transac-
tions on Communicationsvol. 43, no. 2/3/4, pp. 421-434 Feb/Mar./Apr.
1995.



194

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

Bibliography

DonaldL. Duttweiler JamesE. Mazo, and David G. Messerschmitt,“An
upperboundontheerrorprobabilityin decision-feedback&qualizers, IEEE
Transaction®n InformationTheory vol. 20,n0.4, pp.490-497 July 1974.

RichardB. Ertel, Paulo Cardieri, Kevin W. Saverby TheodoreS. Rappa-
port,andJefrey H. Reed,“Overview of spatialchanneimodelsfor antenna
arraycommunicatiorsystems, IEEE PersonalCommunicationsvol. 5, no.
1, pp.10-22,Februaryl998.

David D. Falconerand GerardJ. Foschini, “Theory of minimum mean-
square-erroQAM system&mploying decisiorfeedbaclequalizatiori, Bell
System3ednicalJournal, vol. 52,n0.10,pp.1821-1849Decembed 973.

G. David Forngy, Jr, “Maximum-likelihood sequencestimationof digital
sequencem the presencef intersymbolinterferencé, IEEE Transactions
onInformationTheory vol. 18,n0. 3, pp.363-378May 1972.

G. David Forney, Jr, “The Viterbi algorithm? Proceedingf the IEEE,
vol. 61,n0.3, pp.268-278March1973.

Tragy Fulghum,Karl Molnar, andAlexandraDuel-Hallen, “The Jalesfad-
ingmodelincorporatingangularspread, in Proceeding®f CISS Baltimore,
USA, March1997,pp. 364—369.

K. Giridhar JohnJ. Shynk,Amit Mathur, SujaiChari,andRichardP. Gooch,
“Nonlineartechniquedor thejoint estimatiorof co-channesignals, IEEE
Transactionon Communicationsvol. 45,n0.4, pp.473-484 April 1997.

Alexei Gorokha andPhilippeLoubaton, “Multiple input, multiple output
ARMA systems:secondorder blind identificationfor signal extraction’
in Proceeding®f the 8th IEEE Signal ProcessingMorkshopon Statistical
SignalandArray Processing1996.

Alexei Gorokha and Philippe Loubaton, “Subspace-basetechniques
for blind separationof cornvolutive mixtures with temporally correlated
sources, IEEE Transaction®n CircuitsandSystems—Fundamental he-
ory and Applications vol. 44,n0.9, pp.813-820Septembei 997.

Didier Henrion, Martin Hromcik, Huibert Kwakernaak, SonjaPejchaa,
MichaelSebekandRensC.W. Strijbos, “Polynomialtoolboxversionl.6;,
1998, Seehttp://wwwmath.utwente.nl/polbox.



Bibliography 195

[36] Michaell. Honig,KennettSteiglitz,andB. Gopinath,‘Multichannelsignal
processingor datacommunicationsn the presenceof crosstalk, IEEE
Transaction®on Communicationsvol. 38,n0.4, pp.551-558 April 1990.

[37] IEEE Transaction®on Information Theory: SpeciallssueCommemating
StepherD. Rice vol. 34,n0.6, pp.1365-1537November1988.

[38] JanJezek and Vladimir KuCera, “Efficient algorithm for matrix spectral
factorizatior!, Automaticavol. 21,no0.6, pp.663—669,1985.

[39] Rolf Johannessoninformationsteori— grundvalenfor (tele-)lommunika-
tion: Studentlitteratyr1988.

[40] ThomasKailath, Linear SystemsPrenticeHall, 1980.

[41] JonaKarlssonAdaptiveAntennasn GSMSystemsvith Non-Synbkronized
BaseStations Licentiatethesis,Royal Instituteof Technology Stockholm,
SwedenMarch1998.

[42] Petri Karttunen,Kimmo Kalliola, Timo Laakso,and Pertti Vainikainen,
“Measurementinalysisof spatialandtemporalcorrelationin widebandra-
dio channelswith adaptve antennaarray’ in Proceedingsof the 1998
IEEE International Confeenceon Universal Personal Communications
Florence|taly, Octoberl998,pp.671-675.

[43] Rodng A. Kennedyand Brian D. O. Anderson, “Recovery times of de-
cision feedbackequalizerson noiseleschannels, IEEE Transactionson
Communicationsvol. 35,n0.10,pp.1012-10210ctoberl987.

[44] Rodneg A. KennedyBrianD. O. AndersonandRobertR. Bitmead,“Tight
boundsntheerrorprobabilityof decisiorfeedbaclequalizef IEEE Trans-
actionson Communicationsvol. 35,n0. 10, pp. 1022-10280ctoberl987.

[45] Vladimir KuCera, Analysisand Designof DiscreteLinear Control Systems
PrenticeHall, 1991.

[46] PierreA. Laurent, “Exact and approximateconstructionof digital phase
modulationsby superpositioof amplitudemodulateculseAMP),” IEEE
Transactionson Communicationsvol. 34, no. 2, pp. 150-160,February
1986.

[47] Edward A. Lee and David G. Messerschmitt, Digital communication
Kluwer AcademicPublishers2ndedition,1994.



196 Bibliography

[48] ShuLin andDanielJ. Costello,Jr., Error Control Coding Prentice-Hall,
1983.

[49] LarsLindbom, AdaptiveEqualizationfor Fading Mobile Radio Channels
Licentiatethesis,UppsalaUniversity UppsalaSwedenNovemberl992.

[50] LarsLindbom.AWenerFiltering Appoac to theDesignof Tracking Algo-
rithms PhDthesis,UppsalaJniversity UppsalaSwedenNovemberl995.

[51] Erik Lindskog. Space-ime Processingand Equalizationfor WirelessCom-
munications PhDthesis,UppsalaUniversity UppsalaSweden;1999.

[52] Erik LindskogandClaesTidesta, “Reducedankspace-timequalizatior,
in Proceedingf the 9th IEEE International Symposiunon Personal, In-
doorandMobile RadioCommunicationdBoston MA, Septembet998,pp.
1081-1085.

[53] Erik Lindskog andClaesTidesta, “Reducedrank channelestimatiori, in
Proceeding®f thelEEE VehicularTedinolagy Confeence vol. 2, Houston,
TX, USA, May 1999,pp.1126-1130.

[54] LennartLjung, Systenidentification Prentice-Hall1987.

[55] NormK. Lo, David D. Falconey andAsrar U.H. Sheikh, “Adaptive equal-
izationfor a multipathfadingernvironmentwith interferenceandnoise€’, in
Proceedingf the IEEE \Vehicular Tedinolagy Confeence vol. 1, Stock-
holm, Sweden,Junel994,pp. 252—-256.

[56] RuxandraLupasand Segio Verdl, “Linear multiuserdetectorsfor syn-
chronouscode-dvision multiple-acces€hannel$, IEEE Transactionson
InformationTheory vol. 35,n0.1, pp.123-136 Januaryl989.

[57] RuxandraLupasandSegio Verdl, “Nearfar resistanceof multi-userde-
tectorsin asynchronoushannel$, IEEE Transaction®n Communications
vol. 38,n0.4, pp.496-508 April 1990.

[58] Upamawyu Madhav andMichaelL. Honig, “MMSE interferencesuppres-
sion for direct-sequencspreadspectrumCDMA,” |EEE Transactionson
Communicationsvol. 42,n0.12,pp.3178-3188Pecembed 994.

[59] Jerry M. Mendel, “Tutorial on higherorder statistics(spectra)in signal
processingand systemtheory: Theoreticalresultsand someapplications,
Proceeding®fthelEEE, vol. 79,n0. 3, pp.278-305March1991.



Bibliography 197

[60] JohnMeurling and RichardJeans, Mobil telefoni Informationsbrlaget,
1994.

[61] ScottL. Miller, “An adaptve direct-sequenceode-dvision multiple-access
recever for multiuserinterferencerejection’, IEEE Transactionson Com-
municationsvol. 43,n0.2/3/4,pp. 1746—1755Feh/Mar./Apr. 1995.

[62] ScottL. Miller and Afonso N. Barbosa, “A modified MMSE recever for
detectionof DS-CDMA signalsin fadingchannel$, in Proceeding®f the
IEEE Military Communication€onfeence vol. 3, 1996.

[63] PeterMonsen, “Feedbackequalizationfor fading dispersie channels,
IEEE Transactionson Information Theory vol. 17, no. 1, pp. 56—64,Jan-
uary1971.

[64] PeterMonsen, “MMSE equalizationof interferenceon fading diversity
channel$, IEEE Transactionson Communicationsvol. 32, no. 1, pp. 5-
12,Januaryl984.

[65] Eric Moulines,PierreDuhamelJean-Frapmis CardosoandSylvie Mayrar
gue, “Subspaceamethodsfor the blind identificationof multichannelFIR
filters; IEEE Transactionson SignalProcessingvol. 43, no. 2, pp. 516—
525,Februaryl995.

[66] Alan V. Oppenheimand RonaldW. Schafer Digital Signal Processing
Prentice-Hallnternational 1975.

[67] Tony OttossonCoding ModulationandMultiuserDecodingfor DS-CDMA
systems PhD thesis,ChalmersUniversity of Technology Gotebog, Swe-
den,Decembed 997.

[68] Petervan OverscheaandBartL. R. De Moor, Subspacédentificationfor
linear systemsTheory—Implementation—Applizms Kluwer Academic
Publishers1996.

[69] Stefan Parkwall, Erik Strom, and Bjorn Ottersten, “The impactof timing
errorsontheperformancef linearDS-CDMA recevers; IEEE Journalon
SelectedAreasin Communicationsvol. 14, no. 8, pp. 1660-16680ctober
1996.

[70] CharlesN. Paterosand Gary J. Saulnier “An adaptve correlatorrecever
for direct-sequencspread-spectruroommunicatiori, IEEE Transactions
on Communicationsvol. 44,n0.11, pp. 1543-1552Novemberl996.



198 Bibliography

[71] BrentR. PetersemndDavid D. Falconer “Minimum meansquaresqualiza-
tion in cyclostationaryandstationaryinterference—analysandsubscriber
line calculations, IEEE Journal on SelectedAreasin Communicationsvol.
9,n0.6, pp.931-940August1991.

[72] H. VincentPoor An Introdutionto signal detectionand estimation UK:
Springe+Verlag,2ndedition,1995.

[73] JohnG. Proakis, Digital CommunicationsNew York, NY: McGrav—Hill,
2ndedition,1989.

[74] PredradB. RapajicandBrankaS. Vucetic,“Adaptive recever structuregor
asynchronou€DMA systems, |IEEE Journal on SelectedAreasin Com-
municationsvol. 12,no.4, pp.685-697 May 1994.

[75] JackSalzandJackWinters, “Effectof fadingcorrelationon adaptve arrays
in digital wirelesscommunicatiori, in Proceedingf the IEEE Vehicular
Tednolay Confeence St. Louis, May 1993,pp. 1768-1774.

[76] LouisL. Scharf,StatisticalSignalProcessing Addison-Wesley, 1990.

[77] KennethS. Schneider*Optimum detectionof codedivision signals, IEEE
Transactionon Aespaceand Electionic Systemsvol. 15,n0.1, pp.181—
185,Januaryl979.

[78] JohnJ. Shynkand Richard P. Gooch, “The constantmodulusarray for
cochannekignal copy anddirectionfinding, IEEE Transactionson Sig-
nal Processingvol. 44,no. 3, pp. 652—660March1996.

[79] Mikael Sternadand AndersAhlén, “The structureanddesignof realizable
decisionfeedbackequalizerdor IIR channelswith colorednois€] IEEE
Transaction®n InformationTheory vol. 36,n0.4, pp.848—-858,July 1990.

[80] Mikael Sternad AndersAhlén,andErik Lindskog, “Robustdecisionfeed-
backequalizers, in Proceeding®f the IEEE InternationalConfeenceon
Acoustics Speeh and Signal Processingvol. 3, Minneapolis,MN, April
1993,pp.555-558.

[81] PetreStoicaand Mats Viberg, “Maximum likelihood parameteand rank
estimationin reduced-ranknultivariatelinearregression$, IEEE Transac-
tionson SignalProcessingvol. 44,n0.12, pp.3069-3078Decembed 996.

[82] TorstenSoderstdm andPetreStoica, Systemdentification PrenticeHall
International 1989.



Bibliography 199

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

ShilpaTalwar, Mats Vibery, and Arogyasvami Paulraj, “Blind separation
of synchronougo-channeMdigital signalsusing an antennaarray—Part:
Algorithms; |EEE Transactionson SignalProcessingvol. 44, no. 5, pp.
1184-1197May 1996.

“TIA/EIA/IS-95 Interim Standard Mobile Station-BaseStation, Compat-
ibility Standardfor Dual-ModeWidebandSpreadSpectrumCellular Sys-
tem} July 1993.

ClaesTidesta. “Optimum diversity combiningin multi-userdigital mobile
telephonesystems, Masters thesis UPTEC93094E, UppsalaUniversity
UppsalaSwedenDecembed 993.

ClaesTidesta, “Designingequalizerdasedon explicit channeimodelsof
DS-CDMA systems, in Proceedingsf the 5th IEEE International Con-
ferenceon Universal Personal CommunicationsCambridge MA, October
1996,pp.131-135.

Claes Tidesta, “Linear basebandmodeling of direct-sequenceode-
division multiple accessystems, in Proceedingof RVK96, Lulea, Swe-
den,Junel996,pp.156-160.

ClaesTidesta, Anders Ahlén, and Mikael Sternad, “Narrowband and
broadbandnultiuserdetectionusinga multivariableDFE; in Proceedings
ofthelEEE InternationalSymposiuron Personal,IndoorandMobile Radio
Communicationsvol. 2, Toronto,CanadaSeptembet 995,pp. 732—-736.

ClaesTidesta, AndersAhlén,andMikael Sternad,”A comparisorof mul-
tiuserdetectiorandinterferenceejection, in Proceedingef RVK99 vol. 1,
Karlskrona,Sweden,Junel999,pp.446—450.

ClaesTidesta, AndersAhlén, and Mikael Sternad, “Realizabledecision
feedbaclkequalizers, in Proceeding®f the IEEE InternationalConfeence
on Acoustics,Speeb and Signal Processing Phoenix,AZ, USA, March
1999.

ClaesTidesta andErik Lindskog, “Bootstrapequalizatiori, in Proceedings
of the 1998IEEE InternationalConfeenceon Universal PersonalCommu-
nications Florence|taly, October1998,pp.1221-1225.

ClaesTidesta, Mikael SternadandAndersAhlén, “Reusewithin a cell—
interferenceejectionor multiuserdetection?, IEEE Transactionson Com-
municationsvol. 47,n0.10, pp. 1511-15220ctober1999.



200 Bibliography

[93] ClaesTidesta, Mikael SternadandAndersAhlén, “Reusewithin a cell—
interferenceejectionor multiuserdetection?, in Proceeding®f the IEEE
\ehicular Technolagy Confeence vol. 2, Houston, TX, 1999, pp. 1618—
1621.

[94] Lang Tong, GuangharXu, and ThomasKailath, “Blind identificationand
equalizatiorof multipathchannelsA time domainapproacHi, IEEE Trans-
actionson InformationTheory vol. 40,no0. 2, pp. 340—-349 Februaryl994.

[95] Barry D. Van Veenand Kevin M. Buckley, “Beamforming: A versatile
approacko spatialffiltering,” IEEE ASSPMagazine vol. 5,n0.2, pp.4-24,
April 1988.

[96] MahesK. VaranasandBehnaamAazhang,“Multistage detectionin asyn-
chronouscode-dvision multiple-acces€ommunications, IEEE Transac-
tionson Communicationsvol. 38,no.4, pp.509-519 April 1990.

[97] Alle-Janvander Veenand Arogyasvami Paulraj, “An analyticalconstant
modululsalgorithm; IEEE Transaction®n SignalProcessingvol. 44, no.
5, pp.1136-1155May 1996.

[98] Alle-Janvan der Veen, Shilpa Talwar, and Arogyaswami Paulraj, “Blind
estimationof multiple digital signalstransmittecover FIR channel$, IEEE
SignalProcessingd_etters, vol. 2, no.5, pp.99-102 May 1995.

[99] Segio Verdl, “Minimum probability of error for asynchronousaussian
multiple accesshannel$, IEEE Transactionon InformationTheory vol.
32,n0.1, pp.85-96,Januaryl 986.

[100] Segio Verdl, “Optimum multiuserasymptoticefficiengy,” IEEE Transac-
tionson Communicationsvol. 34,n0.9, pp.890-897 Septembel986.

[101] Paul A. Voois and John M. Cioffi, “Multichannel signal processingor
multiple-headdigital magneticrecording, IEEE Transactionn Magnet-
ics, vol. 30,n0.6, pp.5100-5114November1994.

[102] RonaldK. WangsnessklectomagneticFields Wiley, 2ndedition,1986.

[103] JackWinters,“On the capacityof radiocommunicatiorsystemswith diver
sity in a Rayleighfadingernvironment, IEEE Journal on Selectedireasin
Communicationsvol. 5, no.5, pp.871-878,Junel987.

[104] JackWinters, “Optimum combiningfor indoorradiosystemswith multiple
users, |IEEE Transactionson Communicationsvol. 35, no. 11, pp. 1222—
1230,Novemberl1987.



Bibliography 201

[105]

[106]

[107]

[108]

[109]

[110]

ZhenhuaXie, RobertT. Short,andCraigK. Rushforth,“A family of subop-
timum detectordgor coherenmultiusercommunications, IEEE Journalon
Selecteddreasin Communicationsvol. 8, no. 4, pp.683-690May 1990.

PerZetterbeg. Mobile Cellular Communicationwith BaseStationAntenna
Arrays: SpectrumEfficiency Algorithmsand Propagation Models PhD
thesis,Royal Instituteof TechnologyStockholm Sweden1997.

Fu-ChunzZhengand StepherK. Barton, “On the performanceof nearfar
resistanCDMA detectorsn the presencef synchronizatiorerrors, IEEE
Transactionn Communicationsvol. 43, no. 12, pp. 3037-3045Pecem-
ber1995.

Karl J. Astrom andTorstenSoderstom, “Uniquenesof the maximumlik e-
lihood estimate®f the parametersf anARMA model, IEEE Transactions
on AutomaticContmol, vol. 19,n0.6, pp. 769—773Decembed974.

KenthOhrn. Designof Multivariable cautiousdiscrete-timeWienerfilters,
PhDthesis SignalProcessingroup,UppsaldJniversity UppsalaSweden,
May 1996.

KenthOhrn, AndersAhlén,andMikael Sternad,“A probabilisticapproach
to multivariablerobustfiltering andopen-loopcontrol; IEEE Transactions
on AutomaticControl, vol. 40,no0. 3, pp.405-418March 1995.



