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ABSTRACT

A space-timewirelesscommunicationchannelscan be decom-
posedasa setof filters, eachconsistingof a scalatemporaffilter
followedby a singlespatialsignaturevector If only asmallnum-
ber of suchfilters is necessaryo accuratelydescribethe space
time channelwe call it areducedankchannel We hereconsider
differentmethodsof exploiting this propertyto improve channel
estimationand subsequengpace-timesqualizationperformance.
Threemethodshave beenstudied a maximumlikelihoodreduced
rankchannekstimatiormethodandtwo differentsignalsubspace
projectionmethodswhich projectseitherthe channelestimateor
thereceveddatasample®ntoanestimateof the signalsubspace,
the latter beingthe new methodproposechere. Simulationsin-
dicate that even thoughthe maximum likelihood reducedrank
methodhasthe smallestchannelestimationerrors, the BER of
the detectorbasedon this model exceedsthe BER of the detec-
tors basedon the channelmodelsobtainedusing the two signal
subspacerojectionmethods. The bestperformances obtained
usingtheproposednethodwhich alsohasthelowestcompleity.

I. INTRODUCTION

Today receverswith multiple antennaelementsare introduced
into cellularcommunicatiorsystems.With suchrecevers,inter-
symbolandco-channeinterferencecanbe efficiently combatted.

To describehe space-timehannefrom atransmitterto a multi-
antennarecever, several parametersare required. However, in
mary caseghe temporalchannelgo differentantennaelements
will becorrelated Onesuchcasewhenthis occursis whena par
tial responsaignalis sentthrougha channelith very little delay
spread.Sinceall intersymbolinterferences causedy the mod-
ulation, the time dispersionexperiencecat the differentantenna
elementswill be highly correlated.Whenthis situationoccurs,a
reduced rank representationf thechanneimaybeused.

The reducedrank propertyof a channelcan be exploited in the
channekstimation Onewayis to estimatehespace-timehannel
with a maximumlik elihood methodunderthe constraintthatthe
resultingchannekhouldbelow rank[1].

Anothermethodis to exploit the fact that the vectortapsof the
channelwill lie in the subspacespannedy the signaleigervec-
tors to the spatialdatacovariancematrix [2]. We will call this

subspacehe spatial signal subspace or justthe signal subspace.

Thechannekstimatds herefirstformedasa straightforvardleast
squareghannekstimate Thevectortapsin this channekstimate
arethenprojectedontothe spatialsignalsubspacelf co-channel
interferersarepresentthe spatialsignalsubspacavill bespanned

by all signalcomponentsjesiredaswell asundesired.

We hereproposea third methodwherethe receved signalsam-
plesareprojectedirectly ontothespatialsignalsubspaceefined
above. As well asremoving componentsn the noisesubspace,
this hasthe adwantagethat the dimensionof the received signal
vectoris reduced.This turnsout to give betterperformanceand
lower compleity.

[I. CHANNEL MODEL

Assumethatthe signalrecevedfrom user: to antennaelementj
canberepresenteds

55i(t) = bgzdz(t) +---+ b;ibjidi(t —nbj;) £ bj;d;(t)
wherewe have defined
nbji
[y
N T
d;(t) = [di(t) di(t —nbj;)] " .

Above, d;(t) is thesignaltransmittedrom useri, andb’} arethe

parametersisedto describethe temporalchannelfrom user: to

antennalementj. Let usnow combinethesetemporalchannels
to form the space-timehannel matrix for useri:

A
bji =

A T
B; = (bsz bg;' bﬂz)
whereM is thenumberof antennalementsOnerealizeshat
si(t) = Byd;(1),

wheres;(t) = (s1;(t) Smi (t))T is therecevedvectorsig-
nal causedy the signaltransmittedy user;.

In ascenariovith multiple usersthevectorsignaly(¢) measured
attheantennacanbedescribedas

Ne¢o
y(t) =so(t) + Y _sk(t) +n(t) =s(t) +nt) (D)
= Neo
= Bodo(t) + Y Bydy(t) + n(t) . @)
k=1

Above, we areinterestedn the signalfrom user0, whereaghe

signalsfrom users1 to N, constituteco-channeiinterference.
Furthermorethe term n(t) constitutesnoise,which is assumed
to bespatiallyandtemporallywhite.

In generalthechannematrixfor useri hasrankmax(M, nb;+1).
However, in somecaseshe channematricedooserank. Whena



channeis representetly arank N < max(M,nb; + 1) channel
matrix, we call it a reduced or low rank channel. We will now
outlinein whatscenariosuchchannelsnayoccur

Let usconsidera multipathpropagatioimodelwith K “paths”for
oneof thechannematrices

K
B = Za(ek)pT(Tk) . ®3)

k=1

Herea(6y) is the arrayresponsdor the desiredsignaltraveling
alongpathk andarriving from directiond;,. Thevectorp(ry) con-
tainsasampledsersionof thetransmitpulseshapingunctionp(t)
with the samplingoffsetdeterminedy therelative pathdelayy,

p(r) £ [p(m) p(re —T) plri —nboT)]"  (4)

If thereis no delayspreadn thechannel,.e. all 7, = 7 Yk, then
all p(rx) will be equal,sayp(r;) = p,, Vk, andthe channel
matrix canbewritten as

K
B= (Z a(ﬁk)> Pa = apy (5)

k=1

where

K
a= Za(@k) . (6)

k=1

The channelmatrix thus hasrank one. If thereis somedelay
spreadout it is small,sothat

p(1) & Py, Vk

thenthe channelmatrix will be approximatelyrank one. To get
a channelmatrix with an approximatve rank largerthanonewe
thusneeda “significant” delayspread.

Let us now assumehat the pathscan be groupedsuchthat the
pathswithin eachgrouphave similar propagatiordelays.Assum-
ing thatthe spatialsignaturedor the pathsin differentgroupsare
different,the approximateank of the channelmodelwould then
be determinedby the numberof suchgroupswith significanten-
ergy. If the numberof suchgroupsis small, the channelmatrix
canbeapproximatedvith alow rankmatrix.

In thefollowing two sectionsve presenandcomparahreemeth-
odsfor exploiting the low rank propertyof the channelmatrices
in thechannekestimation.

. MAXIMUM-LIKELIHOOD REDUCED-RANK
CHANNEL ESTIMATION

Assumethechannematrix B canbedecomposeds
B=AP (7)

whereA isan M x r matrixandP is anr x (nb+ 1) matrix. The
channematrix thenhasa maximumrankof r.

If the noisevectorn(t) is temporallywhite and Gaussiardis-
tributed,thenthe maximumlikelihoodrankr estimateof B can
be found by generalizinghe resultin [1] to comple valuedsig-
nals,as

- A—1/2 2 2~ H ~—1/2

Buyp =RyaRy,' 88 Ry, ®)
where
1 tmas
.1 ;
B S — t:; y(t)d™ (t) Q)
1 tmae

Raa = > dina )

t=tmin

— (10)
tmaz - tmin +1

andt.in andt,, ., aretheindicesof thefirst andlastsampleuti-
lized. Furthermorethe matrix S is definedas

S=(v1 ... v, (11)
wherev,, ... , v, arether dominanteigervectorsof the matrix
N A —1/2 A H ~—1. 4
V=R, R,,R, RaRaa (12)

This estimatewill have arankno largerthanr.
IV. SIGNAL SUBSPACE PROJECTION

Themaximumlikelihoodreducedankchannekestimatiormakes
no assumptioraboutthe spatialcolor of the noisen(¢) andthus
doesnot usethisin the channelestimation.By assuminghatthe
noisen(t) is spatiallywhite it mayhoweverbepossibleio achieve
betterperformance.

We will now use(1) to divide therecevedsignalinto asignalpart

anda noisepart. Sincethe signalsd;(t) areassumedo be un-

correlatedwith the noisen(t), we candecomposéhe covariance
matrix of therecevedsignal

Ryy = Ely(t)y" (1)] (13)
asRy, = Ry, + Rpp with
R.s = E[s(t)s™(t)] Rnn = E [n(t)n"(1)] (14)

We now male the critical assumptiorthat the noisevectorn(¢)
consistsonly of white noisewith variances?:

R,n =0’1I.

The M-dimensionakpacecontainingthe receved signalvectors
cannow bedividedupinto two subspaceshesignal subspaceand
the noise subspace. The signalsubspacés the subspacspanned
by theeigervectorsof the signalcovariancematrix R s s
Signalsubspace= sparfvy,. .. ,v2)

»ETr

(15)



wherevs, ... ,v? arether largesteigervectorsof the signalco-
variancematrix. The noisesubspaces the orthogonalcomple-
mentof thesignalsubspace

Noisesubspace= Signalsubspace (16)

We note that an eigervectorv; of the signal covariancematrix
R, with eigervalue)! is alsoaneigervectorto therecevedsig-
nal covariancematrix R, but with eigervalue)? + o2 since

Ryyvi = (Rys + 021) v5 = Xwf + oovf = (A] + 02)v5 .
(17)

Furthermoresincethe vectorsin the noisesubspaceareorthogo-
nalto thevectorsin thesignalsubspacethey areorthogonato all
columnsin thesignalcovariancematrix. Everyvectorin thenoise
subspacés thenaneigervectorto R,,, with eigervalueequalto
o2, sincefor ary vectorv™ in thenoisesubspace

Ryyv™ = (Rss + 02I)v" = 020" . (18)

2
n
The noisesubspacavill thusbe spannedy the eigervectorsof
R,,, with eigervaluesequalto o2 andthe signal subspacawill
be spannedy the eigervectorsof R, with eigervaluesstrictly
greaterthano?. A baseof vectorsspanninghe signalsubspace
canthusbeconstructedby selectingheeigervectorsof R,,,, with
eigervaluesabove thenoiselevel o2.

The signal part of the spatialcovariancematrix cannow be ex-
presseas

NCO
R.. = BoB{' +>_ B;Bj".

i=1

(19)

Whenary of the channelmatriceshasfull rank, or whenmary
co-channeinterferersare presentthe rank of R,, will be full.
However, whenthe channelbf the desireduserhaslow rank,and
whenonly a few dominantco-channeinterfererswith low rank
channelarepresent,R;; maylooserank.

A. Channel signal-subspace projection

As notedin [2], the standardeastsquares:hannelestimateB LS
canbeimprovedby exploiting thatall columnsof thetruechannel
matrix B lie in the signalsubspacél5). To utilize this property
we will projectthe IeastsquareeestimateB Ls ontoanestimate
of thesignalsubspace:

V.28 ... 0,

T

(20)

whered;, i = 1,...,r arether largesteigervectorso thesample
covariancematrix

tmas
Rwétmm_;m+12;fmmHm (21)
Notethatnotrainingsequencés neededo estimateR,,,.
Theresultingestimateof the channelill thenbe givenby
B,y =V,V, Brs (22)

This projectionwill remose component®utsidethe (estimated)
signal subspace. If the signal subspaces reasonablywell es-
timated this will improve the channelestimateas somenoise-
inducedestimatiorerrorswill beremoved. This methodwassug-
gestedn [2] andwill be calledchannel signal-subspace projec-

tion.

B. Data signal-subspace projection

We canalsoprojectthe receved signalonto the estimatedsignal
subspacg20) before any otherprocessings performed.We thus
form the new datavectors

Ye(t) = V2 y(t)

and estimatethe channeland noiseplus interferencecovariance
matrix of this new dataset. The channelestimatewill be exactly
the sameas for the channelsignal subspaceprojectionmethod
(after re-transformatiorto the full space)but the quality of the
estimateof the noise-plus-interferencgpatialcovariancematrix
improves.

(23)

Anothervery importantfeatureof this methodis that sincethe
dimensionof the projectedsignalvectory,,(t) is lower thanthe
dimensiorof theoriginal signalvectory(t), all processingnclud-
ing theequalizertuningandexecutionis reducedn complexity.

A requirementor bothof thesemethodss of courseghatthenum-

berof antennasj/, is strictly greatethantherankof thechannel.
Thelargerthedifferencebetweerthe numberof antennagndthe

rankof thechannelthebetter A largerdifferencemeansalarger

noisesubspaceneaningthat more component®f the estimated
channelor received signalonly createdby noiseareremoved by

theprojection.

V. ESTIMATION OF THE SPATIAL
NOISE-PLUS INTERFERENCE COVARIANCE
MATRIX

Anotherimportantquantity of the channeffor space-timesqual-
izationis the spatialnoiseplusinterferercovariancematrix

K K
Ry = E[(Z Bid;(t) + n(t))(_z Bidi(t) + n(1)"].

(24)

In all thethreemethodsdescribedabove, this matrix is estimated
from the residualsof the channelestimation.Note however, that
for the novel datasignal-subspacmethod,the dimensionof the
covariancematrix is r, whereast for the othertwo methodshas
dimensioni/.

VI. SIMULATIONS

Forthesimulationsve usedacirculararraywith radius1.25X and
tenantennalementsWe simulateda scenariovherethe desired
signalarrivesalongtwo pathsat anglesO and 45 degrees. The
channeldi.e. pulseshaping)in thetwo pathswere0.44 + ¢~ +
0.44¢~? and0.44q— ! + ¢~ 2 +0.44¢ 3 respectiely. Two different
co-channelnterferersimpingedon the arrayfrom directions-45
and 90 degrees,eachwith the channels).44 + ¢~ + 0.44¢~2.



Spatiallyandtemporallywhite noisewasaddedgiving a signalto
noiseratio of 3dB. ThetransmittedsignalwasBPSK modulated.
A multi-channeMLSE [3] wasusedfor theequalization.

We appliedthethreemethodsgto this scenario.For the maximum
likelihoodreducedank estimationa ranktwo channelwasesti-
mated,whereador the two projectionalgorithms,the respectie
guantitieswere projectedonto a rank four estimateof the signal
subspaceé.
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Figurel: Relatve channekrror, covariancematrix errorandBER
asafunctionof SIRwith aSNRof 3dBusingtheFIR leastsquares
(solid), maximumlik elihoodreducedank (dashed)channekig-
nal subspaceprojection (dash-dottedand data signal subspace
projection(BER and covariancematrix error dotted,channeler-
ror dashed-dotted)hannekestimatiormethods.

In Figurel the relative channelestimationerror andrelative co-
variancematrix errorsaswell astheresultingBER for the equal-
izer canbe seen.Notethatthe maximumlik elihoodreducedank

1we only usedthe datareceved during the training sequencéo estimatethe
signal subspaceo get a fair comparisorwith the maximumlikelihood reduced
rankchannekstimatiormethod.

estimationmethod(MLRR) hasthe smallestrelative channeler-

ror. However, the BER of the detectorbasedon the model esti-
matedwith MLRR is not the lowest. On the otherhand,boththe
channelsignal subspacerojectionmethod(CSSP)andthe data
signal subspacerojectionmethod(DSSP)have significantim-

provementdn termsof equalizetBER eventhoughtheir relative

channelestimationerrorsarelargerthanfor the MLRR method.
Notethatthe DSSPmethodhasthe bestnoiseplusinterfererspa-
tial covariancematrix estimateandthe bestBER performance.

VII. SUMMARY

We have hereconsideredlifferentmethodsof exploiting the re-
ducedankpropertyof aspace-timehanneln wirelesscommuni-
cations.Threemethodshave beenstudied,a maximumlikelihood
reducedank channelestimationmethodwhich findsthe channel
of agivenrankin amaximumlik elihoodsensg1], andtwo signal
subspacerojectionmethodavhich projectseitherthechanneks-
timate[2] or, asfor thehereproposednethod therecevedsignal
samplentoanestimateof the spatialsignalsubspace.

Eventhoughthe modelestimatedisingthe maximumlik elihood
reducedankmethodprovidesthe bestaccurag, a detectobased
onthismodeldoesnotachievethelowestBER. TheBERfrom de-
tectorshasednthesignalsubspacerojectionmethodsarelower,
despitethefactthattheaccurag of the estimatectchannelmodels
is worse.Apparently the signalsubspac@rojectionmethodsind
channelestimateghat are bettersuitedfor the purposeof space-
time equalization.

The hereproposednethodof projectingthe receved signalsam-
plesdirectlyonthesignalsubspacgivesthebestequalizeperfor
mance.Thisimprovements contritutedto abetterestimatedpa-
tial noiseplusinterferencecovariancematrix. Sincethis method
alsohaslower compleity thanthe channelsignalsubspacero-
jectionmethodit is clearlypreferable.
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