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ABSTRACT

We considetthe problemof designingow-complexity dig-
ital recevversfor CDMA systemspoperatingover channels
with singleor multiple propagatiorpaths.We extendsome
of our recentsamplingresultsfor certainclassesof non-
bandlimitedsignalsand develop a methodthat takes ad-
vantageof transformtechniquego perform channelesti-
mationand signal detectionfrom a low-dimensionakub-
spaceof areceved signal, thatis, by samplingbelow the
traditionalNyquistrate. By loweringthe samplingratewe
canreducecomputationatequirementgomparedo exist-
ing solutions,allow for slower A/D corvertersandsignif-
icantly reducepower consumptiorof digital recevers. In
effect, we useanalgorithmicsolutionto improve hardware
specificationsn termsof compleity andpower.

1. INTRODUCTION

Code-dvision multiple acces§CDMA) is a widespread
accessprotocol well suitedfor voice and datatransmis-
sion, particularly over wirelesscommunicatiometworks.
CDMA possesseseveral advantagesover earlier access
techniquesiueto a codedsignalformatandan expanded
bandwidth. In particular selectve addressingcapability
low-density power spectraand interferencerejectionare
amongpropertieshat have promptedincreasednterestin
CDMA asaflexible andspectrallyefficientaccesstratayy
[10].

Although theoretically sound, implementation of
CDMA receversis nottrivial in practice.Ontheonehand,
in currentattemptsatlow-powerintegratedradiosolutions,
atrendis to eliminateasmuchaspossiblethe necessityor
analogcomponentsand perform all processingdigitally.
On the other applicationof proposedhigh-performance
digital schemeg1] [5] [7] to realtime systemss oftennot
feasible,since most of them require high samplingrates
(chip ratesamplingor evenfractionalsampling)andthere-
fore very fastand expensve analog-to-digitalcorverters.
Besides,samplingat the chip rateimplies that all opera-

tionsareperformedon anextensive setof sampleswhich
malkessuchschemegomputationallyintenseandoftenin-
efficient.

In this paper we presenta nev approachtoward de-
signing low-complexity digital receversfor CDMA sys-
tems which useslower than the Nyquist sampling rate
andyet hasperformancesimilar to thoseof chip-sampled
schemes. We extend some of our recentsamplingre-
sultsfor certainclasse®f non-bandlimitedsignals[4] [9]
to the problem of channelestimationand signal detec-
tion from a lowpassapproximationof a receved signal.
Ourapproacheadsto reduceccomputationatequirements
andlower power consumptiorcomparedo existing tech-
nigueswhile providing similar performances.

2. SUBSPACE CHANNEL ESTIMATION

2.1. Problem Formulation

Considethegenerataseof adirectsequencéDS) CDMA
systemwith K usersoperatingover a multipath fading
channelwith at most L. propagationpathsfor eachuser
We will assumethat the channelvariesslowly, i.e. it is
consideredconstaniver a channelestimationwindow. A
commonmodelfor arecevedbasebandignaly(t) is

K
y(t) = Z Z bien Z a,,(f)sk(t — T,El) —nTs)+n(t) (1)

n k=1 =1

wheres () isasignaturesequencef lengthV assignedo
userk, T,El) denoteghe delayof the signalof userk along
thel-th path,a,(j) is acomplex propagatiorcoeficient, by, ,,
denoteghe n-th bit sentby userk, n(t) is additive white
Gaussiamoiseand’s denotesasymbolduration.

The above modelcanbe interpretedas sayingthat the
receved signaly(t) is given by a sumof attenuatecand
delayedcopiesof transmittedsignalsandnoise. Note that
y(t) hasonly 2K L degreesof freedom(givenknowledge
of bits sentby eachuser), namelytime delayST,il) and
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propagatiorcoeficientsag) , which canbe efficiently esti-
matedf we considettheproblemin thefrequengy domain.
Let Y;,[m] denoteDFT coeficientsof the receiedsig-

nal y(¢)
K L W
Yalm] =3 brw > all Silmle™ ™™ + Ny [m] (2)
=1 =1

wherewy = 27 /T andSi[m] and N,,[m] areDFT coef-
ficients of signaturesequenceand noiserespectiely. A
morecompactorm of (2) is givenby

K
Y;,n[m] = Z bk,ncmk + Nn [m] (3)
k=1
where ¢, = Si[m)] Ele(a,(j)e*jm“oﬂ(cl)), or equva-
lently,
(OF bn + N‘n = Yr,n (4)

Note that the coeficients ¢, are given by a sum of
complex exponentialsywherethe unknovn time delaysap-
pearascomplec frequenciesvhile propagatiorcoeficients
appearas unknovn weights. Therefore,the problem of
channelestimationcanbe considerechsa specialcaseof
classicspectralestimationproblemsg[2] [6], wherethe pa-
rameters—,ﬁl) anda,g) canbeuniquelyfoundfrom 2L coef-
ficientse,,, by applyingeithersubspacenethodgor har
monic retrieval [6] or the annihilatingfilter approacH9].
A setof 2L adjacenDFT coeficientsY,. ,,[m] usedin (4)
canbe obtained for example,from a setof uniform sam-
plestakenwith the sinckernelof bandwidth[— Lwg, Lw]
[9].

Theminimumrequiredsizeof thematrix C is 2L x K,
thusin orderto estimateC (givenb,, andY, ;) eachuser
k mustsendatrainingsequencé;

bk = [bek,1 biky2 - - bek, K] (5)

In thenoiselesgase pur methodleadsto a perfectesti-
mationof the channelparameter®y takingonly 21, sam-
plespersymbol,while the numberof symbolsin thetrain-
ing sequencesdependn the numberof active usersk'.
In the noisy case the samplingrateshouldbeincreasedo
malke the algorithmrobustto noise,however, the required
samplingrateis typically far below thechiprate.

Clearly, we have decomposethe problemof multiuser
channelestimationinto a seriesof single userproblems,
whereparametersf eachuserareestimatedseparatelpy
consideringonly onecorrespondingolumnof the matrix
C. Besidesunlike somehigh-resolutionchannelestima-
tion methodsthat useiterative searchand requirea long
training phase[5], our algorithm ensuresa high channel
throughputincethelengthof thetraininginterval directly
affectsthe channekapacity

3. SUBSPACE SIGNAL DETECTION

The developedchannelestimationalgorithmis rathergen-
eral and allows for implementationof different detec-
tion stratgyies,suchasmatchedilters, multiuserdetection
scheme®r RAKE recevers.In thefollowing, we will dis-

cussthe applicationof our samplingresultsto the caseof

linear multiuserdetectionwhereall the operationsareim-

plementedn a reducedsetof samplespbtainedby sam-
pling both the received signal and the referencewith the
samekernelandatthesamerate.

3.1. Linear Subspace Detector

In quasi-synchronou€DMA systemswherea maximum
delay spreadof eachuseris relatively small comparedo
thesymboldurationT,, equation4) canbedirectly usedo
solve for bits sentby eachuser thatis, without extracting
individual channelparametersDuring the training phase,
therecever shouldonly estimatethe matrix C, while dur-
ing the detectionphase bits sentby usersl, 2, ... K are
givenby

b‘n = 071 : Yn (6)

It is clearthatin this casethe receiver doesnot require
knowledgeof the users signaturesequencesiowever, (6)

canbesuccessfullyappliedto systemsvhereapproximate
timing of usersis a priori known to therecever. If thatis

not the case the recever mustfirst estimatethe unknovn

channeparameterandthencomputeanewv matrix C, that
will be usedfor detection. The elementse,,,;, of C, are
givenby

L
Comk = Sk [m] Z(ag)e—jmuJo(ST](cl)) (7)
=1

WhereéT,gl) now denotesa delay shift with respecto the
new referenceat the recever, which is assumedo be on
theorderof achip duration.Thesameapproaclttanbeex-
tendedo sequenceletectionthatis, we cansolve directly
for a sequencef bitsby, = [bx,1 bgo... by 1] sentby
eachuser

B=Cq 'Y (8)

The developedsubspacealetectoris only one possible
linear strat@y thatleadsto errorfree detectionin the ab-
senceof noise,while the conceptof subspacaletectionis
more generaland canbe appliedto otherlinear detection
methodsaswell. For example consideradecorrelatingle-
tectorfor a synchronousion-fadingchannel[8]. Assume
thatthereceivedbasebandignaly(t) is sampledwith the
sincsamplingkernelandthenpassedhrougha bankof K



matchedfilters, eachmatchedto the lowpassapproxima-
tion of the correspondingignaturevaveform. The output
of suchafilter bankis givenby

Yo =RAb +1 ©)
where
,ClK)
b = (b1 b, ..., bx)

while R is the normalizedcross-correlatiomatrix of the
filteredsignaturesequencesy,(t) ands; (t), with elements
T; givenby

A = diag(ay ag, ...

Tkj = Z <§Z* (mTemp)évj (mfsmp) (10)

m

By multiplying the vectorof matchedilter outputs(9) by
R !, weget
R 'y, = Ab (11)

for o = 0. In orderto recover transmittedbits, one can
take thesignof eachcomponentn (11), thatis,

be = SR yo)r = Sgn(Ab), = b, (12)

which achievesperfectdetectiorfor eachactive userin the
absencef noise. The subspacaetectionis thusa simple
and naturalstrateyy that canbe implementedn virtually
ary detectiorschemethuspotentiallyallowing CDMA re-
ceiversto exhibit agoodperformance/complaty tradeof.

4. COMPUTATIONAL COMPLEXITY

It is of interestto explicitly evaluatecomputationabrder
of our developedschemeand compareit with that of the
existing techniques.

The major computationalrequirementof the channel
estimationmethodis dominatedby the singularvaluede-
compositiorpart,whichin the caseof timing synchroniza-
tion resultsin an overall computationalorder of O(M?3)
peruser(in onesynchronizatiorirame),whereM denotes
the numberof samplesper symbol. It is worth noting at
this point that reducingthe samplingrate K; times not
only reduceghe computationatomplexity, but alsopower
consumptiorof A/D corvertersandtherequiredprocessor
speedandthatapproximatelyby afactorof K?2.

Implementatiorof the simplesttiming synchronization
methodbasedon matchedfilters requiresO(N?) opera-
tions,whereN denoteshespreadindactor Aswewill see
in the next section,the subspacestimatorhasessentially
the samecomputationabrder, yet the techniquebasedon
matchedfilters doesnot have the satishctory resolution
performanceandis suitableonly for initial synchroniza-
tion. High resolutionmethods[1] typically involve two

computationallyintensesteps,namely estimationof the
N x N signal correlationmatrix and the singularvalue-
decompositiorstep,both requiringon the orderof O(N?3)
computations.

We next focuson the computationatomplexity of de-
velopedsubspacaletectors. In the caseof the subspace
detection(6), the recever mustfirst computea pseudoin-
verseof the matrix C, which requiresO(M K?) opera-
tions, while the detectionphaseitself hascomputational
orderof O(Mlog(M)) persymbol(associatedo comput-
ing M DFT coeficientsof therecevedsignal). Similarly,
implementationof the subspacalecorrelatingor MMSE
linear detectorinvolvesinversionof a K x K matrix, a
stepthatrequiresO(K?) computationsywhereashe com-
putationalorderduringthe detectionphasds O(M). This
is clearlymuchlowerthanthe orderof thechannekstima-
tion part, yet the detectionphaserequireshighersampling
ratesto achiese performancesomparablé¢o thoseof chip-
sampledschemesaswe will seein the next section.Note
that equivalentchip-samplednultiuserdetectionschemes
requireon theorderof O(K? + N) operationperonede-
tectionframe.

5. NUMERICAL RESULTS

In this section,we shav simulationresultsthat illustrate
the performanceof the developedscheme. Figures1-4
illustrate the timing synchronizatiorperformanceof our
methodfor an AWGN channelwith BPSK modulation,
wherethe spreadings achiezed with pseudo-randonse-
guencesf length511. Figure 1 shavs an averagetim-
ing estimationerror (hormalizedto the chip duration7t)
versusthe samplingrate in non-fading channelswith 10
users. Our algorithm clearly yields high resolutionesti-
mate$ even with a modestnumberof samples. For ex-
ample,by samplingthereceivedsignalat onefourth of the
chiprate,theaverageestimatiorerroris lessthanonetenth
of the chip duration (for E,/N, > 7dB). Comparison
of the timing estimationerrorsfor systemsawith 5 and10
usersis illustratedin Figure2, indicatingthatthe number
of active usersdoesnt affect the estimatorperformance,
sincewe have decomposethe multiuserestimationprob-
lem into a seriesof single-userequivalents. Due to the
samereason,our schemeis nearfar resistant,as shovn
in Figure 3. The performanceof our estimatorin multi-
pathfading channelss illustratedin Figure 4, wherewe
assumed propagationpathsfor eachuser The erroris
somavhathigherthanin the caseof non-fadingchannels,
however, it is interestingto notethatif thereis only one
dominantpath, the estimationerror is basicallythe same
asin thenon-fadingchannels.

lwithin afractionof the chip duration.



We next considerthe bit-errorrate performanceof
the developed subspacedetection scheme in quasi-
synchronoussystems,wheretimings of all usersare as-
sumedto be perfectly estimated. Figure 5 illustratesthe
performancen the systemwith 10 usersversusthe sam-
pling rate, while dotted lines correspondo the decorre-
lating detectorimplementedon the sameset of samples.
The two methodshave essentiallythe sameperformance,
however, the BER exhibits a relatively slowv decayrate.
Namely if thesamplingrateis below thechiprate R., we
losea partof the signalenegy and effectively reducethe
SNR,whichin turnincreaseshe averageBER. Note that
the sameargumentholdsfor the timing estimationperfor
mance however, in this casea dependencef the estima-
tion error on the SNR is not the same. In Figure 6 we
comparethe detectionperformanceof chip-sampledand
subsampledchemegor differentvaluesof SNR.Roughly
speaking samplingat half the chip rateis sufficient to at-
tain the averageBER closeto that of the chip-sampled
scheme.Whetheror not it is advisableto detectthe sig-
nal from its subspacés obviously a matterof tradeof be-
tweenthe complexity of the receiver on the onehandand
its performancen the other, which is particularlyrelevant
in the casewhen computationarequirementsand power
consumptiorarethe mainconstraintsn thesystenmdesign.

6. CONCLUSION

We have presentedh new approachto the problemof de-
signing low-compleity digital recevers for DS-CDMA

systemswhereall the necessargtepsare carriedout on

a sampledlowpassversion of the receved signal. We

extendedsomeof our recentsamplingresultsfor certain
classef non-bandlimitedsignalsto the multiuserchan-
nel estimationproblemand developeda methodthat esti-
matesthe unknavn channelparametersf all userssimul-

taneouslyandthatfrom the uniform setof samplesf the
receved signaltaken well below the chip rate. Oncethe
channeparametersf eachuserhave beenestimatedthey

areusedin the detectionprocessgarriedout on alowpass
versionof therecevedsignalaswell. Our approacHeads
to lower computationalrequirementsand reducedpower

consumptiorcomparedo existing solutions thusallowing

for a practicalhardwareimplementatiorandall the bene-
fits of a digital design.
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