JOURNAL OF COMMUNICATIONS AND NETWORKS,VOL. 3,NO. 3, SEPTEMBER2001 1

Impr oved Constraint for

Multipath Mitigation in

Constrained MOE Multiuser Detection

ZhengyuarXu

Abstract: Constrained optimization method has beenshawn to be

applicable for multiuser detectionin the presencef multipath dis-

tortion. The performance of the constrained minimum output en-

ergy (MOE) detector is closeto the minimum mean-squae-error

(MMSE) detector. However, due to additive noise, optimal con-

straints are biased estimatesfor channel parameters, resulting in

someperformance lossin multiuser detection. This lossbecomes
more significantwhenthe communication channelhaslarger back-

ground noise (low SNRs). It is revealedin this paper that con-
strained optimization is closelyrelatedto subspacemethod which

provides good estimate for the channel. Motivated by this result,

the constrainedcostfunction is modified to impr ove the channeles-
timate and thus better detection performance than the previously

proposedconstrained method. Detailed performance analysisand

simulation resultsare alsopresented.

Index Terms. Multiuser detection,constrained optimization, mul-
tipath distortion.

I. INTRODUCTION

Direct-sequencéDS) codedivision multiple acces{CDMA)
hasrecevedconsiderablattentionasa multiple accesscheme
applicableto the third generatiorwirelessnetworks[1], [2]. In
the DS-CDMA framework, all userstransmitat the sametime
andfrequeng but usedistinctsignaturesequencew allow sig-
nal separatiorat the recever. However, multiuserinterference
(MUI) is oneof the key factorswhich degradethe systemper
formance.

In orderto achieve betterdetectionperformance MUI has
to be suppressed.Various efficient multiuser detectionmeth-
odshave beenproposed3]. The constrainedptimizationidea
from arraysignalprocessing4]—[8] hasalsobeensuccessfully
appliedto derive a blind minimum outputenegy (MOE) mul-
tiuserdetectof9], by minimizingtheoutputenegy of thedetec-
tor subjectto a constraint.For a CDMA systemwith multipath
propagationmultiuserdetectioncanbe similarly performedby
employing a constrainedMOE techniquewith multiple con-
straints[10]-[12]. Thoseconstraintsare priori-chosensuchas
decorrelatingconstraints Constraintanbe optimizedto miti-
gatemultipathdistortion[13]. Differentadaptve solutionshave
beenderivedin orderto achieve low complexity [14]. Addition-
ally, otherimportantdetectiontechniqguehave alsobeendevel-
oped,for example,basedon subspace-basethannelestimates

Manuscriptreceved Novemberl7,2000.

Z. Xu is with the Departmenbf ElectricalEngineeringUniversity of Califor-
nia, Riverside,CA 92521,USA, e-mail: dxu@ee.ucedu.

This papemwaspresentedn partatthe 34th Asilomar Conferenceon Signals,
SystemsandComputersPacific Grove, CA, October2000.

[15]-{17] or constrainedonstanmodulusideas[18]-[20].

Comparedwith the minimum mean-square-errofMMSE)
detectorthe constrainedMOE detector{13] exhibits someper
formanceloss becausehe optimal constraintvectoris a per
turbedchannelvector The perturbationdependson the back-
groundnoise.lt cannot be neglectedespeciallywhenthe chan-
nel hasa low signalto noiseratio (SNR). This problemcanbe
mitigatedby developinga new constrainednethodto improve
thechannelestimatg21].

As is known, subspacenethod(e.g.,[15], [22]) providesa
good estimatefor the unknavn channel. With this estimate,
a MMSE detectorcan be built [17]. However, canonicalsub-
spaceapproactrequiresbatchestimatiorof partial/wholesignal
subspac®r noisesubspacelsually they areobtainedthrough
batcheigervaluedecompositioEVD) or batchsingularvalue
decompositio(SVD) on the datacorrelationmatrix which are
computationallyexpensve. To significantly reducethe com-
plexity, advancedsubspacdracking algorithmshave beende-
veloped[23]-[24].

In this paper we focus on improvementof the constrained
multiuserdetector[13]. It is revealedthat the constrainedp-
timization methodis closely relatedto the subspacemethod.
Basedon subspacedecompositionof the autocorrelatiorma-
trix, the subspaceostfunction is found to be upperbounded
by a quadraticfunction. More surprisingly this functionis dif-
ferentfrom the constrainedtostfunction by only an additional
negative term. Thereforejt is alwayslessthanthe constrained
costfunction for any possiblechoice of the constraintvector
Sincethe constraineatostfunctionis thereciprocalof the max-
imum outputeneny, if this function (upperbound)is adopted
asanew costfunction,thenthe correspondingnaximumoutput
enegy will becomdarger. Motivatedby this result,we modify
the constrainedcostfunction and obtaina new onewhich lies
in the neighborhoodf the subspaceostfunction. Therefore,
by minimizingthemodifiedcostfunction,animprovedestimate
for the channelcan be obtained. Thenthe performanceof the
correspondingletectowill beimproved.

Differentfrom the previous costfunction,the new costfunc-
tion involvesa weighting factor It dependson the maximum
eigervalue of the datacorrelationmatrix and thus can be ob-
tainedvia EVD. Built uponthe new constrainedsector, the as-
sociateddetectoris studiedin detail in the paperin termsof
its asymptoticperformance.The channelestimationerror and
the penaltyin the output signal to interferenceplus noisera-
tio (SINR) (comparedvith the MMSE detector)arederivedin
closedforms. Simulationresultsshow thatfor a large rangeof
noiselevel, betterperformanceof the proposedietectoris ob-
tainedcomparedvith previously proposectonstrainedietector
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[13]. Significantimprovemenis obsenedespecialljwhenSNR
is low.

In orderto reducethe computationatomplexity, adaptve al-
gorithmis alsoinvestigatedSincethesolutionfor theconstraint
vectoris foundto be aneigervectorof a matrix, it canbe easily
updatedby power method[25], [26], similar to our weighting
factor Thereforejt sufficesto updateonly afew extreme(max-
imum/minimum)eigen-pairof somematrices.However, such
implementatioris differentfrom [14] which describesadaptve
realizationsof [13].

This paperhasthe following structure. A multiuserCDMA
systemmodelwith multipathdistortionsis describedn Section
II. In Sectionlll, the relation betweenthe subspacemethod
andconstraineaptimizationmethodis investigatedandanim-
proved constrainednethodis developed. Asymptotic perfor
manceof theproposedietectoiis analyzedn SectionlV. Adap-
tive implementatioris thenprovidedin SectionV, while some
numericalexamplesare presentedn SectionVI. Finally some
conclusionsredrawvn in thelastsection.

Il. PROBLEM STATEMENT

Considera DS-CDMA systemwith J users.User; hasinput
bit streamw; (n) andis assigned periodicspreadingsequence
of lengthP, ¢; = [¢;(0),- - ,¢;(P — 1)]T. Then,the jth users
discrete-timdransmittedsignalatthechip rateis givenby (e.g.,
[13])

Z w;(k)cj(n — kP),

k=—o0

(1)

sj(n)

where w;(n) is assumedio be a zero-mean,i.i.d. informa-
tion bearingsequencavith variances;, = E{[|w;(n)|*}. Let
s;(n) betransmittecthrougha linear multipathchannelwith a
discrete-timeimpulseresponsgy;(n) (including the transmit-
ter andrecever filters). Thenthe receveddiscrete-timesignal
y;(n) dueto userj is

o

yi(n) = >

I=—oc0

8j(D)gj(n —d; = 1), 2)

where0 < d; < P isthedelayof userj in chip periods.From
(1) and(2), therecevedsignalfrom userj is relatedto its input
by thefollowing

yi(n) = Y wi(Dhi(n—d; —IP), 3)
l=—o0
hi(n) = > ¢;j(m)gj(n —m). 4

Finally, therecevedsignaly(n) is asuperpositiomf thesignals
from all usersplus zero-meanadditive white Gaussiamoise
(AWGN) v(n) with variances? = E{||v(n)|*}

J
y(m) = 3 ui(m) + () ©

In this paper we focuson detectionof a particularuserin the
presencef multipathdistortionandMUI. Withoutlossof gen-
erality, weassumeiserl isthedesiredusemwith givenspreading
codesandthereceveris synchronizedo thisuser Also assume
its multipathchannehasmaximumordergq. To explicitly shav
the input/outputrelationship,we adoptvector/matrixrepresen-
tation. Firstwe collectunknavn channekoeficientsin avector
g1 = [g1(0),--- ,91(¢)]*. Wealsocollect P + ¢ chipratesam-
plesof y(n) fromy(nP) toy(nP+ P+ ¢ —1) in avectory(n),
thenfrom (3), (4), and(5), we canobtain

y(n) = Cigywi(n) + Hw(n) + v(n), (6)

whereC is a Toeplitzmatrix constructedrom codevectore;

C1 (0) 0
: c1(0)
Ci= (P — 1) . ; ()
0 . Cc1 (P - ].)

wy (n) is the signal of interest, while w(n) includesinter

symbolinterferencefrom its previous bit andthe next bit, and
MUI from otherJ — 1 interferingusers. Eachcolumnin H

is the signatureof a correspondingentryin w(n). v(n) is the
AWGN vector Underinput/outputmodel(6), a linear detector
is proposedn [13] by minimizing the outputenegy of the de-
tectorwhile constrainingthe responsdrom the desireduserto

be a constant. After this considerationthe approachs equiv-

alentto minimizing the total enegy of interferenceplus noise.
It hasbeenshowvn thatthe performanceof the detectoris close
to the MMSE detector However, the optimal constraintvec-
tor is a biasedchannelvector The performancdossis derived
to monotonicallyincreasewith the noisepower. Therefore the
situationbecomessevere especiallywhenthe channelis much
noisy (SNRis very low). We will show that performancem-

provementcanbe madeby modifying the costfunctionusedin

[13].

As is known, subspacenethodprovidesvery accuratechan-
nel estimate. As a matterof fact, the constrainednethodis
closelyrelatedto it. We will first exposethe relationshipbe-
tweenthesetwo methods. Thenwe will derive our improved
costfunctionwhichis in the neighborhooaf the subspaceost
function and gives better performancethan the previous con-
strainedmethod.

. IMPROVED CONSTRAINED

OPTIMIZA TION METHOD

A. Connection of Constrained Method with Subspace Method

We start by analyzing the constrained cost function
b (CFR™'C,)b from which the optimal constraintvector
b,pt is obtained[13], where R = E{y(n)y*(n)} is the data
correlationmatrix. b, is an eigervectorof objective matrix
CHR'C, correspondindo its minimum eigervalue. In the
canonicakubspacenethod eithersignalsubspacer noisesub-
spaceis employed. Thusto seekthe connectionbetweentwo
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methodswe performEVD on R
R=UAU" =U,(A, +2DU? + U A UZ, (8)
where
U=[U,U,], A=diag(A; +02I,A,), A, =01

It iswell known thatU ; spanghesignalsubspacevhichis also
arangespaceof [C1g,, H] andU,, spanghe noisesubspace.
From(8), R™' is expressedis

R™' = U,diag(

1
WU+ 5UUL (9)

A2 + 02 2
ReplacingR™* by (9), the constrainedostfunctionis thusde-
composedndrelatedto U, by

1
H/~Hp—1 H~H . H
b (Cl R Cl)b =b Cl Usdzag(m)Us Clb
1

+ b CciuL Ul Cb.
SincethedesiredsignatureC'; g, is orthogonato thenoisesub-
spacethe subspacenethodseekschannekstimateby minimiz-
ing the costfunctionb” CHU ,,UH C,b. Thusfrom (10)it be-
comesclearthat certainconnectionexists betweentwo meth-
ods. If we denotethe constrainectostfunction and subspace
costfunctionby &, and¢,, respectiely

tE.=b"(CIR'C)D, ¢ =bCfU,UECb,
thenfrom (10), they arerelatedto eachotherby
o2t =& +y(b), (10)
wherey(b) > 0 anddepend®no? by

03 H
FER 02)U8 C1b.

(3 v

7(b) = b C{'U diag(

Basedonthefactthatscalingé. by o2 doesnot affect our solu-
tion for b,,¢ Which is of our interest,both o2& and¢, will be
regardedasthe constrainectostfunction later Eq. (10) showvs
thataso? — 0, v(b) — 0. Thenthe constrainectostfunction
tendsto be the subspacesostfunction. It is known that min-

imization of &, will give the exact estimatefor g,. Therefore
aso? — 0, theoptimal constraintvectorprovidesa uniqueand
exact channelestimate. However, in the presenceof noisec?

(nomatterhow smallit is), anadditionalterm~(b) existsin the
constrainectostfunction. SinceC, g, € U, theny(g,) > 0.

Thereforeanerrorin estimatingchannelvectorg, is inevitable
by the constrainednethod.Someperformancdossis obsened
in [13] dueto this perturbationin the costfunction. Thelossis

significantespeciallywhenthe channeis very noisy. To reduce
this losswhile still maintainingcomparatie complexity, a new

costfunction shouldbe designed. We will seekthat function
to bein the neighborhoof the subspaceostfunction, but is

alwayssmallthanthe constrainectostfunction. In sucha way
the costwill be reducedandcorrespondinglythe outputpower
of thedesireduserwill beincreased.

B. Improved Method

We will focuson the additionalterm v(b) from which the
performancdossresults. It is determinedby the eigenstruc-
ture of R. In orderto avoid the dependencef the methodon
the completeknowledge aboutsubspacesnd thus reducethe
computationatost,we will employ A2, .. + o2—themaximum
eigervalueof R—in the costfunction. For corveniencedefine
Am = A2, = max; A\?. Thenfor ary b, v(b) satisfies
a2, ufcib

A2, o+ o2 ’

max

v(b) >

UsingthefactthatU ,U¥ = T — U, U¥, we obtain

v clEceb-¢,)
A2 o+ o2 )

max

+(b) > 2

Thereforebasedon (10), we have

a2b’ciCib+ 22, &,
A2 .+ 02

mazx

05& >

)

from which ¢, canbefoundto satisfy

& < B¢ —ab™Ci'C1b), (11)
wheref anda areconstants
A%na,m + 0;21 2 1
P N T R WP

Resultin (11) shows that the subspaceostfunctionis upper
boundedy aquadratidunctionin its neighborhoodThisfunc-
tion is differentfrom the constraineccost function by a term
abHCfclb (againscalarg will notaffectthe solutionfor the
constraintvector and is ignored). It is obvious that the con-
strainedcostfunction (correspondingo «c = 0) is largerthan
the upperboundin (11) sincea > 0. It is thusnot surprising
thatsubspacenethodoutperformghe constraineaptimization
method.
Motivatedby theseresults,we modify the constraineccost
functionby
£b) = B(& —ab”CT'C1b)

g (CERC, - aCHCy)b, (13)

whereq is aweightingparameter From (8) and(12) it canbe
foundthata is equalto the reciprocalof the maximumeigen-
valueof R. Dueto (11), thematrix CFR'C, — aCPC,
is guaranteedo be positive definite. By minimizing £(b), the
constraintvector canbe obtained. It is thusthe eigervectorof
matrix CF R™'C, — aC¥T C; correspondindo its minimum
eigervalue. Its uniqguenesgan be similarly arguedasin [13].
This eigervectorb is thenusedasthe estimatefor the channel
vectorg,. With this estimate the detectorcan be constructed
basedon the MMSE criterion

f=R'Cb. (14)
Its performancewill be evaluatedtogetherwith the channeles-
timationerrornext.
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IV. ASYMPTOTIC PERFORMANCE

In this sectionwe will analyzetheasymptotiqperformancef
theimprovedmethodaso? — 0 in termsof channelestimation
error andthe output SINR of our detector Similar procedures
asin [13] will betakenandsomeresultsfrom therewill bebor-
rowed. We will usenotationswith “~” above to representhe
analyticalresultsfrom theimprovedmethod.

Our solutiond for the constraintvectoris the eigervectorof
the objective matrix 3C'I (R~ — aI)C; associatedith its
minimum eigervalue. This objective matrix can be expressed
asa power seriesof 02. Basedon definitionsof o andj3 given
in (12), andusingthefactthatI = UsUf + UnUf, we can
easilyobtain[13]

B(R™" —al) =U,UY + 02U, (A; =\ D)UY
+ o Us (A A = AU +0(0)).
Thereforethe objective matrix hasthefollowing expression
BCT(R™ —aI)Cy = Ay +02A; + 0s Ay + O(a8), (15)
where
A, =clu,ufc,,
A, =cfu.Aj'Uufc, - \;iclu,ufce,,
Ay =-Civ . A7?VEC, + 2 'clu.A'U C.

It canbe seenfrom (15) that this matrix becomeghe objec-
tive matrix C U,,U¥ C, in the subspacenethodass? — 0.
In this casethe constraintvectoris the uniquenull vector of
cfu,Ufc, which is the channelvector However, dueto
the presenceof noise, b becomesa perturbedchannelvector
Basedon perturbationtheory (seereferenceand derivation in
[13]), thefirst orderperturbatiorof b is givenby

g1

AB ~ —UgAOTAl s
llg.l

(16)

where{ denotespseudo-inerseandwe have usedU , Uf

I -U,U? andUEC,g, = 0. With this perturbation the

outputSINRsof the proposedietectorandtheideal MMSE de-

tectorhave thefollowing relationshipg13]
SINRpmse

i 1446 as o’
SINR(b) -1+ o, —0

17

whered is positive representinghe performancdossof the pro-
poseddetector

- H - —_
9" A" A A,g,

§= - i
glCciV APV Cg,

It is interestingto comparey with the performancdossd of the
constrainedMOE detecto{13]. Basedon the way we develop
themodifiedcostfunction, it is our conjecturethatd < §. From
alargenumberof computerexperimentsit is obsenedthatthis
statementholds. However theoreticalproof of this conjecture
hasnot beenavailableandis still underinvestigation.

In thebatchapproachit is computationallyexpensveto com-
pute R~! andthe eigen-pairof the objective matrix usingcon-
ventional EVD method. Motivatedby the fact that subspace

trackingalgorithm[16] is developedo reducecomplexity of the
canonicakubspacenethod we will derive our adaptve method
to reducecomputationsaswell in the next section.

V. ADAPTIVE IMPLEMENT ATION

In the proposedmethod,only thosequantitiesare required
suchasthelargesteigervalueof R andthesmalleseigen-paiof
A=CFR™'C, - aC¥PC,. It isthusnotnecessaryo obtain
the entire spaceby eigen-decompositionThereare someeffi-
cientmethodgo trackafew eigen-pairg27]. In anextremecase
with theinterestof only the maximumor minimum eigen-paiy
power methodhasbeenshavn to bemoreefficient[25], [26]. In
ourapproach% is themaximumeigervalueof R which canbe
recursvely updatedy thepowermethod.In matrix A, R~* can
be updateddirectly from databy recursve leastsquaregRLS)
[28]. Basedona andR ™!, A canbe computedateachtime.

Our next taskis to find the minimum eigen-pairof A. It is
generallybelievedthatit is easietto obtainthemaximumeigen-
pair of a matrix by directly usingpower methodthanto obtain
its minimum eigen-pair As suggestedn [26], we may apply
pawer methodto find the maximumeigen-pairof (1,1 — A)
first, wherevs is the maximumeigervalueof A similarly found
by the pawer method. Assumethis pair is (vs3, ). Thenthe
minimum eigen-pairof A will be (v2 — v3, x) andx is our es-
timatedchannelvector This adaptve algorithmis summarized
in Table1, wheren representthetime index in termsof bit pe-
riods,u, is theeigervectorof R correspondingo its maximum
eigervalue,andus, is the eigervectorof A correspondingo its
maximumeigervalue. The corvergencerate of the algorithmis
well knownto dependntheeigervaluespreacf R andA. It is
obsenedin our simulationthat the algorithm convergeswithin
severalhundredterations.

We maygainaninsightinto how complex this algorithmis by
countingtotal multiplicationsin differentsteps.The compleity
to obtainweightingfactoris O((P + ¢)?), while the complexity
to updateeitherthe maximumeigervalueof A or the constraint
vectoris O((g + 1)?). Thereforethetotal complexity to obtain
thechannekstimateateachtimeis aboutO((P+q)2?+(g+1)?).
It is thus significantly reducedcomparedwith the complexity
O((P + q)® + (¢ + 1)?) requiredby our batchmethod. In
the caseof small ¢, matrix A hasa relatively small dimension
(g+1) x (g+ 1) comparedvith thatof R™". We may consider
eigen-decompositiodirectly on A to obtainthe corresponding
eigervectorwithout introducing significantcomplexity. Once
the constraintvectoris obtained,it canbe usedasan estimate
for channelvectorg,. Thereforea MMSE detectorcanbe con-
structedo detectinput symbols[16], [17].

Onemaywonderif joint updateof the constraintvectorand
the detectorcanbe performedto achieze someoptimality simi-
larly asin [14]. This interestingtopic still remainsopen.Some
difficulties may arisein obtaininga joint costfunction of the
constraintvectorandthe detector

VI. NUMERICAL EXAMPLES

We simulatea 5-user CDMA systemby computers. Each
userhasbits {+1, —1} to transmit. DifferentGold sequences
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Table 1. Adaptive algorithm to update the constraint vector and
construct the detector.

Stepl: Initialize R(0) =eI, R™'(0) = 11,
b(0) # 0, u1(0) # 0, u2(0) # 0, andchoose
forgettingfactory for the RLS method.
Step2: Forn=1, 2, ---

(1) obtainweightingfactora
R(n) =nR(n — 1) + y(n)y" (n)
ui(n) = R(n)ui(n — 1)
Tty — ()
a(n) =

1
Uf (n) R(n)u:(n)
(2) updateR™
- Rm-nym

n+Y* (n) R™ (n)y (n) .
R_1(n): R 'n—1)-k,y?"(n)R™ " (n—1)

n

n
(3) obtainy, - maximumeigervalueof A
A(n) = CER™'(n)C, — a(n)CHC,

uz(n) = A(n)us(n — 1)
T — u2(n)
v2(n) = GF o A ta ()
(4) updateb
bgn) = [va(n)I — A(n)]b(n — 1),
nbEZ;n — b(n)

(5) constructhe detector
f(n) = R (n)C1b(n)

of length31 areusedasspreadingsequencefor differentusers.
The multipath channelcoeficients [g,,94,95,94,95] for all
usersarerandomlyselectedasfollows

0.3091 —0.4393 -0.5342 0.3041 —0.5645
0.5769  0.1316  0.4665 —0.5841 0.1581
—0.7011 0.5846  0.6548  0.0581  0.4315
0.2830 —0.6693 0.2612 —0.7503 —0.6857

First, the datalengtheffect on the channelestimationerrorand
theoutputSINR aretestedandcomparedvith the MOE method
[13] in orderto examinethe improvement. The proposedm-
proveddetectoiis alsocomparedvith the MMSE detector(with
exact knowledgeof the channelin the currentcontect) andthe
subspacdasedmethod(e.g.,[17]) to gainaninsightinto how
goodthe proposednethodis. Assumeuserl is thedesireduser
andall usershave equalpower. Sincethe differencebetween
theproposedandthe MOE methodis expectedio be evidentfor
highernoiselevel (largero2), we let the backgrounchoisehave
the samepower (0 dB). The nearfar effect andthe noiseeffect
will beinvestigatedn detaillater We alsoassuméehedetectoiis
synchronizedo thedesireduser(userl) in orderto constructhe
matrix C; . Totally datasamplesorrespondingo 1000 bit peri-
odsarecollectedandprocesseds0realizationsareperformedo
obtainthe averageresults. Delaysfor otherusersarerandomly
generatedrom 0 to 30 chip periodsin eachrealization. The
MSEsof channelestimateare presentedn Fig. 1. Thedashed-
dottedline representshe MOE method[13], the solid line for
theproposedanddashedine for the subspacenethod[17]. As
canbe seenthat the improvementover [13] is significantwith

Data length effect on channel estimation errors
10 T T T T T

—- : MOE method
— : Improved method
— — : Subspace method

MSE of channel estimate

107

400 500 600 700 800 900
: i Number of bit periods (N) i i
Fig. 1. Comparison of effect of data length on channel estimation errors

for different methods.

I I I
0 100 200 300 1000

Data length effect on the output SINRs

Output SINR (dB)

:MOE
: Improved
: MMSE

: Subspace
i

5 I I I I I I I I
200 300 400 500 600 700 800
Number of bit periods (N)

Fig. 2. Comparison of effect of data length on the output SINR for
different detectors.

900 1000

longerdatarecords. The performanceof the proposedmethod
andthe subspacenethodis almostindistinguishable.Slightly
betterresultsfrom the proposedmethodare obtainedfrom 200

to 400 bit periods. The performancéan channelestimationcan
be reflectedin the output SINRswhich are plottedin Fig. 2.

Detectorshasedon thesemethodsare also comparedwith the
MMSE detectordenotedby colons(:). Similar conclusionscan
be madeaboutthe performanceof the proposedmethod,[13]

and[17]. Also, the proposedmethodand[17] arevery close
to the MMSE method. This is not surprisingsincethesetwo

methodgrovide moreaccuratehannelestimates.

Next, the nearfar effect on the performanceof the MOE
methodand the proposedmethodis testedwherethe true au-
tocorrelatiormatrixis used.10 dB noiseis addedo the system.
All interferingusershave equalpower. The signalto interfer
enceratio (SIR) variesfrom —20 dB to 20 dB. The MSEs of
channelestimateare plottedin Fig. 3. Both methodsgive sat-
isfactoryresultsunderseverenearfar situation. The MSEsare
still belov 10~2 whenSTR < —10 dB. However, significant
improvementof the proposednethodover[13] canbe obsened
whenSTR > 0 dB. Evenunderpower controlto make all users
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Fig. 4. Comparison of near-far effect on the output SN R for different
detectors.

have equalpower, morethan10 dB gainis achievzedby thepro-
posedmethod(3 x 1075 vs. 6 x 10~%). With thosechannel
estimatesthe correspondingletectorsare constructed. Their
output SINRs are also comparedwith the MMSE detectorin
Fig. 4. It is clearthatwith muchinterferencean the systemtwo
methodsarealmostthe sameandlose(.3 dB comparedvith the
MMSE detector However, the improved detectorapproaches
the MMSE detectoras SIR increaseslt alsogoesabout0.25
dB higherthanthe MOE detector

Similarly, the noiseeffectis alsoinvestigated All usershave
equalpower. The channelestimationerrorsareshawn in Fig.
5 for boththe MOE andthe improved methodsin “x” and“o0”
respectirely. The correspondin@nalyticalresultsarealsoplot-
ted by solid line and dashedine respectiely. We canseethat
asSN R increasesgxperimentalkresultsfrom both methodsare
highly consistentvith our asymptoticanalysis.Secondlymuch
lower MSEsbasedn theimprovedmethodareachievedfor the
entireSNRregionfrom —10 dB to 10 dB. Theimprovemenican
alsobeobsenedin Fig. 6 in termsof outputSINRsof the cor-
respondingdetectors.For comparisonthe output SINRsfrom
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Fig. 5. Comparison of noise effect on channel estimation errors

asymptotic performance for different methods.

Comparison of output SINRs
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Fig. 6. Comparison of noise effect on the output SINR for different
detectors.

the MMSE detectoris presentedn dashedine, but it is over
lappedwith the solid line which representshe resultsfor the
improveddetector Comparisons alsomadebasedon theratio
of SINRsandthe SINR of the MMSE detectorin Fig. 7. The
asymptoticSINR ratios g7a--“— areshawn in dashed-dotted
line for the MOE detectorandin dashedine for the improved
detector It is obsened againthat the performancdoss of the
proposedietectoris negligible. It is lessthanthat of the MOE
detector Both detectorsapproacttheir asymptotigperformance
asSNR increases.

Thechannebrderalsoaffectsthe performancef themethod.
We plot the averagechannelestimationerrorsfor the proposed
methodand MOE approachfrom 100 realizationsin Fig. 8.
For a 5-user systemwith 10 dB noise, the channelparame-
ters are fixed for interfering usersin all realizations. Signals
from thedesiredusempropagatehroughtwo differentpathswith
equalpower. Channelcoeficientsof the desireduserareran-
domly generatedn differentrealizations. It is obsered that
when channelorder of the desireduserincreasesfrom 1 to
16, performanceof both channelestimatorsdegrades. How-
ever, the proposedmethodalways provides betterchanneles-
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Channel order effect on channel estimation errors
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Fig. 8. Comparison of channel order effect on channel estimation errors.

timate thanthe MOE approach. In the next experiment,we
testthe performanceof the proposedadaptve method. We set
SN R = 0 dB. Initializationis asfollows: ¢ = 1073, n = 0.998,
u1(0) = [1,0,---,0]7, u2(0) = b(0) = [1,0,---,0]". The
averageMSEsof channekestimatdrom 50independentealiza-
tionsis comparedvith theMOE methodin Fig. 9. Oneiteration
correspondso onebit period. Smallererrorsareachievedonce
moreby theimproved method. The averageSINRsof both de-
tectorsare comparedwith the MMSE detectorin Fig. 10. We
canobsene that the proposedmethodis betterthanthe MOE
andis closerto the MMSE. All of themcorverge after several
hundredterations.

VII. CONCLUSIONS

In this paper constraintvectoris improved comparedwith
the MOE multiuserdetectionmethodin the presencef multi-
path. Our methodis derived basedon the relationshipamong
the proposedcostfunction,the MOE costfunctionandthe sub-
spacecost function. The proposedmethodis shavn to have
betterperformancehanthe MOE methodespeciallyin the low

Comparison of channel estimation errors
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Fig. 9. Channel estimation errors based on adaptive implementation.

Comparison of the output SINRs
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Fig. 10. The output SINR for different detectors based on adaptive
implementation.

SNRregion,andperformancenuchcloserto the MMSE detec-
tor. Adaptiveimplementatiorof themethodis alsopresentedy
employing power method.
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