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Impr oved Constraint for Multipath Mitigation in
ConstrainedMOE Multiuser Detection

ZhengyuanXu

Abstract: Constrained optimization method hasbeenshown to be
applicable for multiuser detectionin the presenceof multipath dis-
tortion. The performanceof the constrainedminimum output en-
ergy (MOE) detector is closeto the minimum mean-square-error
(MMSE) detector. However, due to additive noise, optimal con-
straints are biasedestimatesfor channel parameters, resulting in
someperformance loss in multiuser detection. This lossbecomes
moresignificant whenthe communicationchannelhaslarger back-
ground noise (low SNRs). It is revealed in this paper that con-
strained optimization is closelyrelated to subspacemethod which
provides good estimate for the channel. Moti vated by this result,
the constrainedcostfunction is modified to impr ovethe channeles-
timate and thus better detection performance than the previously
proposedconstrainedmethod. Detailed performanceanalysisand
simulation resultsare alsopresented.

Index Terms: Multiuser detection,constrainedoptimization, mul-
tipath distortion.

I. INTRODUCTION

Direct-sequence(DS)codedivisionmultipleaccess(CDMA)
hasreceivedconsiderableattentionasa multiple accessscheme
applicableto thethird generationwirelessnetworks[1], [2]. In
the DS-CDMA framework, all userstransmitat the sametime
andfrequency but usedistinctsignaturesequencesto allow sig-
nal separationat the receiver. However, multiuserinterference
(MUI) is oneof the key factorswhich degradethe systemper-
formance.

In order to achieve betterdetectionperformance,MUI has
to be suppressed.Variousefficient multiuserdetectionmeth-
odshave beenproposed[3]. Theconstrainedoptimizationidea
from arraysignalprocessing[4]–[8] hasalsobeensuccessfully
appliedto derive a blind minimum outputenergy (MOE) mul-
tiuserdetector[9], by minimizingtheoutputenergyof thedetec-
tor subjectto a constraint.For a CDMA systemwith multipath
propagation,multiuserdetectioncanbesimilarly performedby
employing a constrainedMOE techniquewith multiple con-
straints[10]–[12]. Thoseconstraintsarepriori-chosensuchas
decorrelatingconstraints.Constraintscanbeoptimizedto miti-
gatemultipathdistortion[13]. Dif ferentadaptivesolutionshave
beenderivedin orderto achievelow complexity [14]. Addition-
ally, otherimportantdetectiontechniqueshave alsobeendevel-
oped,for example,basedon subspace-basedchannelestimates
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[15]–[17] or constrainedconstantmodulusideas[18]–[20].
Comparedwith the minimum mean-square-error(MMSE)

detector, theconstrainedMOE detector[13] exhibits someper-
formanceloss becausethe optimal constraintvector is a per-
turbedchannelvector. The perturbationdependson the back-
groundnoise.It cannot beneglectedespeciallywhenthechan-
nel hasa low signalto noiseratio (SNR).This problemcanbe
mitigatedby developinga new constrainedmethodto improve
thechannelestimate[21].

As is known, subspacemethod(e.g., [15], [22]) providesa
good estimatefor the unknown channel. With this estimate,
a MMSE detectorcanbe built [17]. However, canonicalsub-
spaceapproachrequiresbatchestimationof partial/wholesignal
subspaceor noisesubspace.Usually they areobtainedthrough
batcheigenvaluedecomposition(EVD) or batchsingularvalue
decomposition(SVD) on thedatacorrelationmatrix which are
computationallyexpensive. To significantly reducethe com-
plexity, advancedsubspacetrackingalgorithmshave beende-
veloped[23]–[24].

In this paper, we focus on improvementof the constrained
multiuserdetector[13]. It is revealedthat the constrainedop-
timization methodis closely relatedto the subspacemethod.
Basedon subspacedecompositionof the autocorrelationma-
trix, the subspacecost function is found to be upper-bounded
by a quadraticfunction. More surprisingly, this function is dif-
ferentfrom the constrainedcostfunctionby only anadditional
negative term. Therefore,it is alwayslessthantheconstrained
cost function for any possiblechoiceof the constraintvector.
Sincetheconstrainedcostfunctionis thereciprocalof themax-
imum outputenergy, if this function (upperbound)is adopted
asanew costfunction,thenthecorrespondingmaximumoutput
energy will becomelarger. Motivatedby this result,we modify
the constrainedcost function andobtaina new onewhich lies
in the neighborhoodof the subspacecost function. Therefore,
by minimizingthemodifiedcostfunction,animprovedestimate
for the channelcanbe obtained.Thenthe performanceof the
correspondingdetectorwill beimproved.

Differentfrom thepreviouscostfunction,thenew costfunc-
tion involvesa weighting factor. It dependson the maximum
eigenvalueof the datacorrelationmatrix and thus can be ob-
tainedvia EVD. Built uponthenew constrainedvector, theas-
sociateddetectoris studiedin detail in the paperin termsof
its asymptoticperformance.The channelestimationerror and
the penalty in the output signal to interferenceplus noisera-
tio (SINR) (comparedwith the MMSE detector)arederivedin
closedforms. Simulationresultsshow that for a largerangeof
noiselevel, betterperformanceof the proposeddetectoris ob-
tainedcomparedwith previouslyproposedconstraineddetector
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[13]. Significant� improvementis observedespeciallywhenSNR
is low.

In orderto reducethecomputationalcomplexity, adaptiveal-
gorithmis alsoinvestigated.Sincethesolutionfor theconstraint
vectoris foundto beaneigenvectorof a matrix, it canbeeasily
updatedby power method[25], [26], similar to our weighting
factor. Therefore,it sufficesto updateonly a few extreme(max-
imum/minimum)eigen-pairsof somematrices.However, such
implementationis differentfrom [14] which describesadaptive
realizationsof [13].

This paperhasthe following structure.A multiuserCDMA
systemmodelwith multipathdistortionsis describedin Section
II. In SectionIII, the relation betweenthe subspacemethod
andconstrainedoptimizationmethodis investigated,andanim-
proved constrainedmethodis developed. Asymptotic perfor-
manceof theproposeddetectoris analyzedin SectionIV. Adap-
tive implementationis thenprovided in SectionV, while some
numericalexamplesarepresentedin SectionVI. Finally some
conclusionsaredrawn in thelastsection.

II. PROBLEM STATEMENT

Considera DS-CDMA systemwith � users.User� hasinput
bit stream�����
	�� andis assigneda periodicspreadingsequence
of length 
���� ����� ��� ��������������� ��� ��
! #"$�&%(' . Then,the � th user’s
discrete-timetransmittedsignalat thechiprateis givenby (e.g.,
[13]) ) � �
	�� � *+,.-0/ * � � �213� �4� �
	5 617
8�.� (1)

where �����
	�� is assumedto be a zero-mean,i.i.d. informa-
tion bearingsequencewith variance9�:;=< � E >�?�������	���?�:A@ . Let) � �
	�� be transmittedthrougha linearmultipathchannelwith a
discrete-timeimpulseresponseB$���
	�� (including the transmit-
ter andreceiver filters). Thenthe receiveddiscrete-timesignalC ����	�� dueto user� is

C ���
	�� � *+DE-0/ * ) ���2F2�&B$�G��	H JIK�L JF2��� (2)

where �NMOI �QP 
 is thedelayof user� in chip periods.From
(1) and(2), thereceivedsignalfrom user� is relatedto its input
by thefollowing

C ����	�� � *+DE-R/ * �S�T��FU�WV7�G�
	5 XIK�Y XF2
8�.� (3)

V�����	�� � *+Z -0/ * � ���
[\�&B$����	5 ][\�.^ (4)

Finally, thereceivedsignal C ��	�� is asuperpositionof thesignals
from all usersplus zero-mean,additive white Gaussiannoise
(AWGN) _`�
	�� with variance9�:a � E >�?._`�
	���?�:$@

C �
	�� � b+� -dc C � ��	���ef_g��	��.^ (5)

In thispaper, we focuson detectionof a particularuserin the
presenceof multipathdistortionandMUI. Without lossof gen-
erality, weassumeuser1 is thedesireduserwith givenspreading
codes,andthereceiveris synchronizedto thisuser. Also assume
its multipathchannelhasmaximumorder h . To explicitly show
the input/outputrelationship,we adoptvector/matrixrepresen-
tation.Firstwecollectunknown channelcoefficientsin avectori c �j� B c �2���.�������k�lB c �2hK�&% ' . Wealsocollect 
me]h chipratesam-
plesof C �
	�� from C �
	k
8� to C �
	k
neH
oeHh0 \"$� in avector pq�
	�� ,
thenfrom (3), (4), and(5), we canobtain

pq�
	�� �!r c i c � c ��	���e#sutX�
	���efvw�
	���� (6)

where r c is a Toeplitzmatrixconstructedfrom codevector � c

r c �
xyyyyy
z

� c �2��� {
...

. . . � c ������ c ��
| #"$� ...{ . . . � c ��
| }"~�

�E�����
� � (7)

� c ��	�� is the signal of interest, while to�
	�� includes inter-
symbol interferencefrom its previous bit andthe next bit, and
MUI from other �6 �" interferingusers. Eachcolumn in s
is the signatureof a correspondingentry in t]��	�� . vw�
	�� is the
AWGN vector. Underinput/outputmodel(6), a lineardetector
is proposedin [13] by minimizing theoutputenergy of thede-
tectorwhile constrainingthe responsefrom the desireduserto
be a constant.After this consideration,the approachis equiv-
alentto minimizing the total energy of interferenceplus noise.
It hasbeenshown that theperformanceof thedetectoris close
to the MMSE detector. However, the optimal constraintvec-
tor is a biasedchannelvector. Theperformancelossis derived
to monotonicallyincreasewith thenoisepower. Therefore,the
situationbecomessevereespeciallywhenthe channelis much
noisy (SNR is very low). We will show that performanceim-
provementcanbemadeby modifying thecostfunctionusedin
[13].

As is known, subspacemethodprovidesvery accuratechan-
nel estimate. As a matterof fact, the constrainedmethodis
closely relatedto it. We will first exposethe relationshipbe-
tweenthesetwo methods. Thenwe will derive our improved
costfunctionwhich is in theneighborhoodof thesubspacecost
function and gives betterperformancethan the previous con-
strainedmethod.

III. IMPROVED CONSTRAINED
OPTIMIZA TION METHOD

A. Connection of Constrained Method with Subspace Method

We start by analyzing the constrained cost function��� � r � c�� /�c r c � � from which the optimal constraintvector�T�&���
is obtained[13], where � ��� >~pS�
	��lp � �
	��.@ is the data

correlationmatrix.
���&���

is an eigenvectorof objective matrixr � c � /�c r c correspondingto its minimum eigenvalue. In the
canonicalsubspacemethod,eithersignalsubspaceor noisesub-
spaceis employed. Thus to seekthe connectionbetweentwo
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methods,� we performEVD on �� �|�5��� � �O�\� � ��� em9 :aA� � � � � e �\�7���=� �� � (8)

where

�������\���5� %&� ��� I����GB�� ��� ef9 :a � � ��� ��� ���Q� 9 :a � ^
It is well known that �\� spansthesignalsubspacewhich is also
a rangespaceof � r c i c �4su% and � � spansthe noisesubspace.
From(8), � /kc is expressedas

� /�c �|� ��IG����B�� "� :� ef9 :a � � � � e "9 :a � � � �� ^ (9)

Replacing� /kc by (9), theconstrainedcostfunctionis thusde-
composedandrelatedto �5� by�G� � r � c�� /kc r c � � � ��� r � c � �.IG����B�� "� :� ef9 :a � � � � r c �e "9 :a � � r � c �\�=� �� r c � ^
Sincethedesiredsignaturer c i c is orthogonalto thenoisesub-
space,thesubspacemethodseekschannelestimateby minimiz-
ing thecostfunction

� � r � c �\�=� �� r c � . Thusfrom (10) it be-
comesclear that certainconnectionexists betweentwo meth-
ods. If we denotethe constrainedcost function andsubspace
costfunctionby ��� and �~� , respectively

��� � ��� � r � c�� /�c r c � � �H�~� � �G� r � c � � � �� r c � �
thenfrom (10), they arerelatedto eachotherby

9 :a � �S� � � e6�0� � ��� (10)

where�0� � �q� � anddependson 9 :a by

�R� � � � � � r � c � ��I��&��B�� 9�:a� :� em9 :a � � � � r c � ^
Basedon thefactthatscaling � � by 9�:a doesnot affectour solu-
tion for

�T�����
which is of our interest,both 9 :a � � and � � will be

regardedastheconstrainedcostfunction later. Eq. (10) shows
thatas 9�:a¢¡ � , �0� � � ¡ � . Thentheconstrainedcostfunction
tendsto be the subspacecost function. It is known that min-
imization of � � will give the exact estimatefor i c . Therefore
as 9�:a�¡ � , theoptimalconstraintvectorprovidesa uniqueand
exact channelestimate.However, in the presenceof noise 9�:a
(nomatterhow smallit is), anadditionalterm �R� � � existsin the
constrainedcostfunction. Since r c i c�£ �\� , then �0� i c �¥¤|� .
Thereforeanerror in estimatingchannelvector i c is inevitable
by theconstrainedmethod.Someperformancelossis observed
in [13] dueto this perturbationin thecostfunction. Thelossis
significantespeciallywhenthechannelis very noisy. To reduce
this losswhile still maintainingcomparative complexity, a new
cost function shouldbe designed.We will seekthat function
to be in the neighborhoodof the subspacecostfunction,but is
alwayssmall thantheconstrainedcostfunction. In sucha way
the costwill be reducedandcorrespondinglythe outputpower
of thedesireduserwill beincreased.

B. Improved Method

We will focus on the additional term �R� � � from which the
performanceloss results. It is determinedby the eigenstruc-
ture of � . In orderto avoid the dependenceof the methodon
the completeknowledgeaboutsubspacesand thus reducethe
computationalcost,we will employ

� :ZL¦.§ e 9�:a –themaximum
eigenvalueof � –in the costfunction. For convenience,define� Z � � :ZL¦.§ �u¨Q©Kª � � :� . Thenfor any

�
, �0� � � satisfies

�R� � �q� 9�:a �G� r � c � � � � � r c �� :ZL¦.§ ef9 :a ^
Usingthefactthat �\��� �� � �  �\�=� �� , weobtain

�R� � �q� 9�:a � �T� r � c r c �  X������ :ZL¦.§ ef9 :a ^
Thereforebasedon (10),we have

9 :a �~�L� 9 :a � � r � c r c � e � :ZL¦.§ ���� :ZL¦.§ em9 :a �
from which ��� canbefoundto satisfy

� � Mm«S�
� �  J¬ � � r � c r c � �.� (11)

where« and ¬ areconstants

« � � :ZL¦.§ em9 :a� :ZL¦.§ 9 :a �H¬ � "� :ZL¦.§ em9 :a ^ (12)

Resultin (11) shows that the subspacecost function is upper-
boundedby aquadraticfunctionin its neighborhood.This func-
tion is different from the constrainedcost function by a term¬ ��� r � c r c � (againscalar« will not affect thesolutionfor the
constraintvector and is ignored). It is obvious that the con-
strainedcost function (correspondingto ¬ � � ) is larger than
the upperboundin (11) since ¬�¤­� . It is thusnot surprising
thatsubspacemethodoutperformstheconstrainedoptimization
method.

Motivatedby theseresults,we modify the constrainedcost
functionby

�3� � � � «������� X¬ � � r � c r c � �� « ��� � r � c�� /�c r c  X¬ r � c r c � � � (13)

where ¬ is a weightingparameter. From(8) and(12) it canbe
found that ¬ is equalto the reciprocalof the maximumeigen-
valueof � . Due to (11), the matrix r � c�� /kc r c  u¬ r � c r c
is guaranteedto be positive definite. By minimizing �3� � � , the
constraintvectorcanbe obtained.It is thusthe eigenvectorof
matrix r � c � /�c r c   ¬ r � c r c correspondingto its minimum
eigenvalue. Its uniquenesscanbe similarly arguedas in [13].
This eigenvector ®� is thenusedasthe estimatefor the channel
vector i c . With this estimate,the detectorcanbe constructed
basedon theMMSE criterion¯

� � /�c r c ®� ^ (14)

Its performancewill beevaluatedtogetherwith thechanneles-
timationerrornext.
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IV. ASYMPTOTIC PERFORMANCE

In thissectionwewill analyzetheasymptoticperformanceof
theimprovedmethodas 9 :a ¡ � in termsof channelestimation
error andthe outputSINR of our detector. Similar procedures
asin [13] will betakenandsomeresultsfrom therewill bebor-
rowed. We will usenotationswith ° ®²± above to representthe
analyticalresultsfrom theimprovedmethod.

Our solution ®� for theconstraintvectoris theeigenvectorof
the objective matrix « r � c � � /�c  u¬ � � r c associatedwith its
minimum eigenvalue. This objective matrix canbe expressed
asa power seriesof 9�:a . Basedon definitionsof ¬ and « given
in (12), andusingthefact that � �³�\��� �� e �5�=� �� , we can
easilyobtain[13]

«�� � /kc  X¬ � � �´� � � �� ef9 :a � �$� � /�c�  � /�cZ � � � � �ef9`µa �\� � � /�cZ � /kc�  � / :� � � � � e#¶n��9�·a �.^
Thereforetheobjectivematrix hasthefollowing expression

« r � c � � /�c  X¬ � � r c �¸®¹»º ef9 :a ®¹ c em9`µa ®¹ : em¶n��9�·a �.� (15)

where ®¹ º �ur � c �5�=� �� r c �®¹ c �!r � c � � � /�c� � � � r c  � /�cZ r � c � � � � � r c �®¹ : �  r � c½¼ � � / :� ¼ � � r c e � /�cZ r � c � � � /�c� � � � r c ^
It can be seenfrom (15) that this matrix becomesthe objec-
tive matrix r � c � � � �� r c in thesubspacemethodas 9�:a ¡ � .
In this casethe constraintvector is the uniquenull vector ofr � c � � � �� r c which is the channelvector. However, due to
the presenceof noise, ®� becomesa perturbedchannelvector.
Basedon perturbationtheory(seereferencesandderivation in
[13]), thefirst orderperturbationof ®� is givenby¾ ®��¿  Y9 :a ®¹ º~À ®¹ c i c? i c ? � (16)

where Á denotespseudo-inverseandwe have used � � � � � ��  �5�=� �� and � �� r c i c � { . With this perturbation,the
outputSINRsof theproposeddetectorandtheidealMMSE de-
tectorhave thefollowing relationship[13]

SINRZ�Z �lÂ
SINR�W®� � ¡ "SeÃ®Ä as 9 :a ¡ � (17)

where ®Ä is positiverepresentingtheperformancelossof thepro-
poseddetector

®Ä � i � c ®¹ c � ®¹Åº~À ®¹ c i ci � c r � c ¼ ��� / :� ¼ � � r c i c ^
It is interestingto compare®Ä with theperformanceloss

Ä
of the

constrainedMOE detector[13]. Basedon theway we develop
themodifiedcostfunction,it is our conjecturethat ®Ä P Ä . From
a largenumberof computerexperiments,it is observedthatthis
statementholds. However theoreticalproof of this conjecture
hasnotbeenavailableandis still underinvestigation.

In thebatchapproach,it is computationallyexpensiveto com-
pute � /�c andtheeigen-pairof theobjective matrix usingcon-
ventionalEVD method. Motivatedby the fact that subspace

trackingalgorithm[16] is developedto reducecomplexity of the
canonicalsubspacemethod,wewill deriveouradaptivemethod
to reducecomputationsaswell in thenext section.

V. ADAPTIVE IMPLEMENT ATION

In the proposedmethod,only thosequantitiesare required
suchasthelargesteigenvalueof � andthesmallesteigen-pairof¹ �!r � c � /�c r c  J¬ r � c r c . It is thusnot necessaryto obtain
the entirespaceby eigen-decomposition.Therearesomeeffi-
cientmethodsto trackafew eigen-pairs[27]. In anextremecase
with the interestof only themaximumor minimumeigen-pair,
powermethodhasbeenshown to bemoreefficient[25], [26]. In
ourapproach,

cÆ is themaximumeigenvalueof � which canbe
recursivelyupdatedby thepowermethod.In matrix

¹
, � /�c can

beupdateddirectly from databy recursive leastsquares(RLS)
[28]. Basedon ¬ and � /�c , ¹ canbecomputedateachtime.

Our next taskis to find the minimum eigen-pairof
¹

. It is
generallybelievedthatit is easierto obtainthemaximumeigen-
pair of a matrix by directly usingpower methodthanto obtain
its minimum eigen-pair. As suggestedin [26], we may apply
power methodto find the maximumeigen-pairof �2Ç : �  ¹ �
first, where Ç : is themaximumeigenvalueof

¹
similarly found

by the power method. Assumethis pair is �2ÇKÈG�4É0� . Then the
minimumeigen-pairof

¹
will be �2Ç :  mÇ È ��Éw� and É is our es-

timatedchannelvector. This adaptive algorithmis summarized
in Table1, where	 representsthetime index in termsof bit pe-
riods, Ê c is theeigenvectorof � correspondingto its maximum
eigenvalue,and Ê : is theeigenvectorof

¹
correspondingto its

maximumeigenvalue.Theconvergencerateof thealgorithmis
well knownto dependontheeigenvaluespreadof � and

¹
. It is

observedin our simulationthat thealgorithmconvergeswithin
severalhundrediterations.

Wemaygainaninsightinto how complex thisalgorithmis by
countingtotalmultiplicationsin differentsteps.Thecomplexity
to obtainweightingfactoris ËQ�W�2
6eohK�l:~� , while thecomplexity
to updateeitherthemaximumeigenvalueof

¹
or theconstraint

vectoris ËQ����h�e!"$�l:~� . Thereforethetotal complexity to obtain
thechannelestimateateachtimeis aboutËQ����
�e8hK�l:Ge»��hTeÅ"~�W:�� .
It is thus significantly reducedcomparedwith the complexityËQ�W�2
Ìe�hK� È eÌ��h»e­"$� È � requiredby our batchmethod. In
the caseof small h , matrix

¹
hasa relatively small dimension��hwem"~�RÍ5�2h²em"~� comparedwith thatof � /kc . Wemayconsider

eigen-decompositiondirectly on
¹

to obtainthecorresponding
eigenvectorwithout introducingsignificantcomplexity. Once
the constraintvectoris obtained,it canbe usedasan estimate
for channelvector i c . Thereforea MMSE detectorcanbecon-
structedto detectinputsymbols[16], [17].

Onemaywonderif joint updateof the constraintvectorand
thedetectorcanbeperformedto achieve someoptimality simi-
larly asin [14]. This interestingtopic still remainsopen.Some
difficulties may arisein obtaininga joint cost function of the
constraintvectorandthedetector.

VI. NUMERICAL EXAMPLES

We simulatea Î -userCDMA systemby computers. Each
userhasbits >Ae�"��� ½"G@ to transmit. Dif ferentGold sequences



XU: IMPROVED CONSTRAINTFORMULTIPATH MITIGATION IN CONSTRAINED... 5

Table 1. Adaptive algorithm to update the constraint vector and

construct the detector.

Step1: Initialize � ����� �}Ï � , � /kc �2��� � cÐ � ,� ������Ñ� { , Ê c ������Ñ� { , Ê : ������Ñ� { , andchoose
forgettingfactor Ò for theRLSmethod.

Step2: For 	 � "G�0Ó7�»�����
(1) obtainweightingfactor ¬� �
	�� � Ò � �
	5 }"~�kefpS��	���p � ��	��Ê c �
	�� � � ��	���Ê c �
	5 }"~�Ê�Ô�Õ �KÖ× Ê�Ô�Õ �KÖ ×  ¡ Ê c �
	��¬q�
	�� � cÊqØÔ Õ �KÖ � Õ �KÖ ÊqÔ4Õ �GÖ
(2) update� /kcÙ �Å� �\Ú Ô Õ � /�c Ö p�Õ �KÖÛ�Ü p Ø Õ �GÖ � Ú Ô Õ �KÖ p�Õ �KÖ� /�c ��	�� � � Ú Ô Õ � /�c Ö / Ù�Ý p Ø Õ �KÖ � Ú Ô Õ � /�c ÖÛ
(3) obtain Ç : - maximumeigenvalueof

¹¹ �
	�� �!r �c � /kc ��	�� r c  J¬S��	�� r � c r cÊ : �
	�� � ¹ ��	���Ê : �
	H }"~�ÊSÞ�Õ �KÖ× ÊSÞ�Õ �KÖ ×  ¡ Ê : �
	��Ç : �
	�� � cÊSØÞ Õ �KÖ ¹ Õ �KÖ ÊSÞ�Õ �GÖ
(4) update

�� �
	�� ��� Ç : �
	�� �  ¹ ��	��&% � �
	H #"$� ,� Õ �KÖ× � Õ �KÖ ×  ¡ � �
	��
(5) constructthedetector

¯
��	�� � � /�c �
	�� r c � ��	��

of length ß=" areusedasspreadingsequencesfor differentusers.
The multipath channelcoefficients � i c � i : � i È � i µ � ikà % for all
usersarerandomlyselectedasfollowsxyy
z
�=^ ß��Gá3"  Y�=^ âTßGá�ß  Y�=^ ÎGßKâTÓ �=^ ß��Kâ="  Y�=^ ÎGãKâ�Î�=^ ÎTäAãGá �3^å"�ß="�ã �3^ â�ãGãTÎ  Y�3^�ÎKæGâ=" �3^å"~ÎGæ3" Y�3^çäA�="G" �3^�ÎKæGâ�ã �3^ ã�ÎAâTæ �=^ �TÎKæ3" �3^ â�ß="~Î�=^ ÓGæGßG�  Y�=^ ã�ãGá�ß �3^�ÓKã3"$Ó  Y�3^çäKÎG�Gß  Y�=^ ã�æ�ÎTä

� ��
� ^

First, thedatalengtheffect on thechannelestimationerrorand
theoutputSINRaretestedandcomparedwith theMOE method
[13] in order to examinethe improvement. The proposedim-
proveddetectoris alsocomparedwith theMMSE detector(with
exact knowledgeof the channelin thecurrentcontext) andthe
subspacebasedmethod(e.g.,[17]) to gainan insight into how
goodtheproposedmethodis. Assumeuser1 is thedesireduser
andall usershave equalpower. Sincethe differencebetween
theproposedandtheMOE methodis expectedto beevidentfor
highernoiselevel (larger 9�:a ), we let thebackgroundnoisehave
thesamepower ( � dB). Thenear-far effect andthenoiseeffect
will beinvestigatedin detaillater. Wealsoassumethedetectoris
synchronizedto thedesireduser(user1) in orderto constructthe
matrix r c . Totally datasamplescorrespondingto "����G� bit peri-
odsarecollectedandprocessed.50realizationsareperformedto
obtaintheaverageresults.Delaysfor otherusersarerandomly
generatedfrom � to ßG� chip periodsin eachrealization. The
MSEsof channelestimatearepresentedin Fig. 1. Thedashed-
dottedline representsthe MOE method[13], the solid line for
theproposed,anddashedline for thesubspacemethod[17]. As
canbe seenthat the improvementover [13] is significantwith
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Fig. 1. Comparison of effect of data length on channel estimation errors
for different methods.
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Fig. 2. Comparison of effect of data length on the output è=é�ê�ë for
different detectors.

longerdatarecords.The performanceof the proposedmethod
andthe subspacemethodis almostindistinguishable.Slightly
betterresultsfrom theproposedmethodareobtainedfrom ÓK�G�
to â���� bit periods.The performancein channelestimationcan
be reflectedin the outputSINRs which are plotted in Fig. 2.
Detectorsbasedon thesemethodsarealsocomparedwith the
MMSE detectordenotedby colons( ì ). Similar conclusionscan
be madeaboutthe performanceof the proposedmethod,[13]
and [17]. Also, the proposedmethodand [17] arevery close
to the MMSE method. This is not surprisingsincethesetwo
methodsprovidemoreaccuratechannelestimates.

Next, the near-far effect on the performanceof the MOE
methodand the proposedmethodis testedwherethe true au-
tocorrelationmatrix is used. "~� dB noiseis addedto thesystem.
All interferingusershave equalpower. The signal to interfer-
enceratio (SIR) variesfrom  �ÓK� dB to ÓK� dB. The MSEs of
channelestimateareplottedin Fig. 3. Both methodsgive sat-
isfactoryresultsunderseverenear-far situation. TheMSEsare
still below "�� / È when íRî�ï P  ½"~� dB. However, significant
improvementof theproposedmethodover[13] canbeobserved
when íRîTï�¤}� dB. Evenunderpowercontrolto makeall users
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Fig. 3. Comparison of near-far effect on channel estimation errors for
different methods.
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Fig. 4. Comparison of near-far effect on the output è=é�ê�ë for different
detectors.

haveequalpower, morethan "�� dB gainis achievedby thepro-
posedmethod( ß\Í "�� / à vs. ãoÍ}"~� / µ ). With thosechannel
estimates,the correspondingdetectorsare constructed.Their
output SINRs are also comparedwith the MMSE detectorin
Fig. 4. It is clearthatwith muchinterferencein thesystem,two
methodsarealmostthesameandlose �3^ ß dB comparedwith the
MMSE detector. However, the improved detectorapproaches
the MMSE detectoras íRîTï increases.It alsogoesabout �=^ Ó�Î
dB higherthantheMOE detector.

Similarly, thenoiseeffect is alsoinvestigated.All usershave
equalpower. The channelestimationerrorsareshown in Fig.
5 for both the MOE andthe improvedmethodsin “x” and“o”
respectively. Thecorrespondinganalyticalresultsarealsoplot-
ted by solid line anddashedline respectively. We canseethat
as íwðnï increases,experimentalresultsfrom bothmethodsare
highly consistentwith ourasymptoticanalysis.Secondly, much
lowerMSEsbasedon theimprovedmethodareachievedfor the
entireSNRregionfrom  ½"�� dB to "~� dB.Theimprovementcan
alsobeobservedin Fig. 6 in termsof outputSINRsof thecor-
respondingdetectors.For comparison,the outputSINRsfrom
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Fig. 5. Comparison of noise effect on channel estimation errors and
asymptotic performance for different methods.
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Fig. 6. Comparison of noise effect on the output è=é�ê�ë for different
detectors.

the MMSE detectoris presentedin dashedline, but it is over-
lappedwith the solid line which representsthe resultsfor the
improveddetector. Comparisonis alsomadebasedon theratio
of SINRsandthe SINR of the MMSE detectorin Fig. 7. The
asymptoticSINR ratios ñTò�ó�ôñTò�ó�ô�õkõ�öU÷ areshown in dashed-dotted
line for the MOE detectorandin dashedline for the improved
detector. It is observed againthat the performancelossof the
proposeddetectoris negligible. It is lessthanthatof theMOE
detector. Bothdetectorsapproachtheir asymptoticperformance
as íRðnï increases.

Thechannelorderalsoaffectstheperformanceof themethod.
We plot theaveragechannelestimationerrorsfor theproposed
methodand MOE approachfrom "~�G� realizationsin Fig. 8.
For a Î -user systemwith "�� dB noise, the channelparame-
ters are fixed for interfering usersin all realizations. Signals
from thedesireduserpropagatethroughtwo differentpathswith
equalpower. Channelcoefficientsof the desireduserareran-
domly generatedin different realizations. It is observed that
when channelorder of the desireduser increasesfrom " to"�ã , performanceof both channelestimatorsdegrades. How-
ever, the proposedmethodalways providesbetterchanneles-
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Fig. 7. Comparison of noise effect on the è=é�ê¥ë ratios and asymptotic
performance for different detectors.
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Fig. 8. Comparison of channel order effect on channel estimation errors.

timate than the MOE approach. In the next experiment,we
testthe performanceof the proposedadaptive method. We setíRðnï � � dB. Initializationis asfollows: Ï½� "�� / È , Ò � �3^ áGáGæ ,Ê c ���T� �ø� "����=�����������K% ' , Ê : �2��� � � ���T� �ø� "G���=�����������K% ' . The
averageMSEsof channelestimatefrom 50independentrealiza-
tionsis comparedwith theMOE methodin Fig. 9. Oneiteration
correspondsto onebit period.Smallererrorsareachievedonce
moreby theimprovedmethod.TheaverageSINRsof bothde-
tectorsarecomparedwith the MMSE detectorin Fig. 10. We
canobserve that the proposedmethodis betterthanthe MOE
andis closerto the MMSE. All of themconvergeafter several
hundrediterations.

VII. CONCLUSIONS

In this paper, constraintvector is improved comparedwith
the MOE multiuserdetectionmethodin the presenceof multi-
path. Our methodis derived basedon the relationshipamong
theproposedcostfunction,theMOE costfunctionandthesub-
spacecost function. The proposedmethodis shown to have
betterperformancethantheMOE methodespeciallyin the low
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Fig. 9. Channel estimation errors based on adaptive implementation.
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Fig. 10. The output è3é�ê�ë for different detectors based on adaptive
implementation.

SNRregion,andperformancemuchcloserto theMMSE detec-
tor. Adaptiveimplementationof themethodis alsopresentedby
employing powermethod.
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