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ABSTRACT

A blind frequency domainmethodfor estimatingthepropa-
gationdelaysof DS-CDMA signalsis presented.Thealgo-
rithm is formulatedusinganantennaarray, andusesthefact
that the spatiallyandtemporallycorrelatedadditive noise,
consistingof both interferingusersandthermalnoise,will
beasymptoticallyuncorrelatedon theFFT frequency grid.
The algorithmis computationallysimple,andcanbe effi-
ciently implementedusingtheFFT algorithm.Simulations
illustratethatnear-far resistancecanbeachievedusingspa-
tial diversity.

1. INTRODUCTION

Direct-sequencecodedivisionmultipleaccess(DS-CDMA)
is widely consideredto be a promisingtechnologyfor fu-
turewirelesscommunicationnetworks. Dueto thenear-far
problemfor CDMA cellularsystemsin amultiuserenviron-
ment, therehaslately beenan increasedinterestin robust
time-delayestimationandblind adaptive interferencesup-
pression(see[1] andthemany referencestherein).Near-far
resistantestimatorsareof greatimportancein caseswith-
out closedloop power controlschemes,asit is well known
that the standarddetectorbecomesuselessin caseswhere
thepowerreceivedfrom differentusersbecomesunequal.

Thispaperfocusesonanovelmethodfor efficientlycom-
puting an initial propagationdelay estimate,to be used
by, for instance,the Approximative Maximum Likelihood
(AML) algorithmpresentedin [2]. The latter algorithmis
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known to performpoorlyfor theacquisitionproblem,asthe
AML costfunctionis highlynonlinearwith many localmin-
ima,but performswell for thetrackingproblem.Similarly,
exploiting an accurateinitial timing estimatecan signifi-
cantly simplify several of the algorithmsin the recentlit-
erature.Oneof thekey aspectsof theproposedtechniqueis
thatit canbeimplementedusinganarbitraryantennaarray.
It wasshown in [3] thatexploiting spatialdiversityleadsto
substantialperformanceadvantagefor CDMA systems.Our
simulationsconfirmthis,andit is foundthatby theintroduc-
tion of spatialdiversity, theestimatorbecomesincreasingly
near-far resistant.

Thepresentedalgorithmonly assumesknowledgeof the
spreadingsequenceof the desireduser, and can be effi-
ciently implementedusing the FFT algorithm. The algo-
rithm caneasilyberewritten to handletheuseof a known
trainingsequence.

2. PROBLEM FORMULATION

The paperconsidersan asynchronous
�

-userDS-CDMA
systemoperatingover an additive white Gaussiannoise
channel. The modulationis assumedto be binary phase
shift keying (BPSK),althoughthealgorithmmaybeapplied
to any typeof PSKmodulation.Thetransmittedsignalfor
the � :th user, �������
	 , is formedby spreadingthe � :th user’s
datastream,� � ���	���������������� , with the pulseshaping
function, �����
	 , i.e.,
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where -0/ is the chip period. The datastream, �*�����	 , is
formedbymodulatingthe � :thuser’sbit information,34����5�	 ,
with the � :th user’ssignaturesequence6 � ��5�	 :

�*�����	! 87 ')9#:�%0; 34����5�	
6<�������,50=>	2� (2)

wheretheprocessinggain = is theratio of thebit andchip

periods,=@? 8-0ACB�-0/ . Thetransmitterstructureis illustrated
in Figure 1. The pulseshapingmodulationof the spread
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Figure1: Transmitterstructure

datasequenceis not, as is commonlythe case(see,e.g.,
[1, 2]), assumedto bearectangularwaveform,but is instead
morerealisticallymodeledasa known bandlimitedsignal
(e.g.,as in [4]). This bandwidthconstraintis likely to be
imposedonany commercialsystem.

We considera casewith shortspreadingsequences.This
meansthat 6<����5�	 is periodicwith periodequalto the pro-
cessinggain = . In Section6 we outlinehow theproposed
algorithmcanbeextendedto long,or random,codes.

Weassumethatthesignalsfrom the
�

usersarereceived
at an P -elementantennaarrayin thepresenceof additive
white Gaussiannoise. It shouldbenotedherethat theuse
of anantennaarrayis not necessaryfor the formulationof
theestimator. However, aswe shall illustratein Section7,
theintroductionof anantennaarraywill maketheestimator
increasinglynear-far resistant.

At eachantennaelement,the received signal is passed
througha filter matchedto the pulseshapingfunction and
sampledat thesamplinginterval -)Q+ 8-0/CB�R , whereR is an
integerandreferredto astheoversamplingfactor. There-
ceiverstructureis depictedin Figure2. Thesampledsignal,
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Figure2: Receiverstructure\�] ��5)- Q 	 , canthenbewrittenas\ ] ��5)- Q 	^ `_ � � � ��5)- Q �,a � 	0�cb ] ��5)- Q 	4� (3)

for 5, edN��f<f<f)�1g!=>Rh�i� , where g is thenumberof trans-
mitted bits, aM� denotesthe propagationdelay, and _j� the

Plk.� spatialsignatureof theantennaarrayfor user� . The
additive noisesequence,b ] ��5�	 , is the temporallyandspa-
tially correlatedinterferenceconsistingof both the

� �m�
co-channelusersandtheadditive thermalnoise.

The standardnarrowbandassumptionis employedhere;
i.e., the propagationtime of the signalacrossthe array is
assumedto be muchlessthanthe reciprocalof the signal
bandwidth.To simplify theproblem,we do not useanex-
plicit parameterizationof the spatialresponsein termsof
directionsof arrival (DOA), but insteadtreat the elements
of _j� asdeterministicparametersto beestimated.This al-
lows usto considera clusterof coherentarrivalsthatshare
a given time delay, without the necessityof estimatingthe
numberof sucharrivalsnor their individualDOAs andam-
plitudes. In addition, this assumptioneliminatesthe need
for anaccuratelycalibratedarray.

3. PROPOSED ESTIMATOR

Theproposedalgorithmfor estimatinga � first convertsthe
received signal into a sequenceof vectorsby dividing the
signal into gm�n� overlappingblocksof length o�=>R (for5p `dj�<f<f�f)�1o�=>R`�H� , and q� r���<f�f<f)�1g��s� ):\Ut] ��5�	! \ ] ��5)-)Qu�m�Zq��H�M	
=>Rv-)QX	4f (4)

In this section,we derive the estimateof a�� for a single q ,
andthenshow in thenext sectionhow to usethedatain allg blocks.Let

w ] ���
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denotethe modulationof the spreadingcodefor the � :th
user. Eachvectorcanthenbeseenasconsistingof partsof
threeconsecutive bits (see[1] for a discussionconcerning
thisvectorization):\Ut] ��5�	x _ � 3 � �Zq�	 w ] ��5)- Q �,a � 	�y_j��3<���Zqz�s��	 w ] ��5)-UQj�{-0A|�,a���	�y_j��3<���Zqv�8��	 w ] ��5)-UQU�,-0A|�,a���	��cb t] ��5)-)Q}	 _j��34���Zq�	 w ] ��5)-)Q)�,a���	��{~ t] ��5)-)Q}	 (6)

whereb t ] ��5)-)Q�	 is the q :th noisevectorand ~ t ] ��5)-)Q}	 denotes
theadditivenoisecombinedwith the“interfering” bits (i.e.,
thepreviousandthefollowing bits, q��m� ).

We then make useof the fact that the temporallycor-
relatednoisesequence,~ t] ��5�	 , will be asymptotically(for
largeNQ) uncorrelatedontheFFTfrequency grid (see,e.g.,
[5]). Thus,usingthetime-shiftpropertyof theFouriertrans-
form, wecanapproximatelyrewrite thereceiveddatain the
frequency domainas\ t � ���X	^ m_j��3<���Zq�	 w � �X�X	
� ' QZ�����
�4� 7&� �{~ t� ���}	2� (7)



where a��h �dj�<�<���)�1o�=>R���� , and w � ���}	 and ~ t � �X�X	 de-
note the � :th bin of the Fourier transformof w ] ��5)-)QX	 and~ t ] ��5)- Q 	 , respectively. Accordingto [5], theadditive noise~ t � �X�X	 in thefrequency domainwill be(asymptotically)un-
correlatedin � , Gaussiandistributed,with variance�)�� ���}	 ,
where

� �� ���X	^ ����� � 7&�#� %+9 ~ t � �X�N	
� ' ��QZ�Z�4� 7&�
����� � f (8)

In thefollowing, � �� �X�X	 is assumedto beknown, andin the
numericalexamplesis estimatedastheaveragedPSDof theP differentsensors’measuredsignalvector. As the � :th
userssignalenergywill onlycontributewith aboutone

�
:th

themeasuredenergy (andevenlessin unfavorablenear-far
situations),thisapproximationwill bereasonablyaccurate.

We proceedwith thederivationof the ML estimatorfor
the q :th datavector, aswritten in (7), undertheassumption
thattheadditivenoisein thefrequency domainis Gaussian
andspatiallycorrelated,but uncorrelatedin frequency.

Assumingthespatialstatisticsof theinterferencearefre-
quency independent,we definethespatialnoisecovariance
matrix, � � � , as

� � � ? ����~ t � ���}	4��~ t � ���}	
	 T^� � �� ���X	1� � � (9)

where �
� 	1T denotescomplex conjugatetranspose.Let �c � � � _u��a���34���Zq�	�� denotethe unknown parame-
ters. Also let ��  � _j�¡a���34���¢q�	,� . The negative
log-likelihoodfunction for o�=>R samplesof datais easily
shown to be, after eliminating multiplicative and additive
constants,£

� 7&� �}�)	^ 8¤¢¥�¦¨§ � � � §���©1ª(«)� '09�¬ �2��U	M®�� (10)

where §��u§ and ©¯ª����Z� denotethe determinantandthe trace
operation,respectively, and

¬ �4��)	x �o�=>R � 7&�# � %+9 b � ���X	
b T� �X�X	F� ' �� �X�X	 (11)

b � ���}	x \ t� ���}	°�,_u��34���¢q±	 w � ���}	F� ' Q¢�²���
��� 7&� f (12)

Usingstandardmatrix calculus(see,e.g.,[6]), thegradient
of thecriterion in (10) with respectto � � is easilyshown
to be ³ £ � 7&� �}�)	³ � �  h� ')9� �{� '09� ¬ � ��U	¯� ')9� (13)

from which it is clearthat theML estimateof � � is given
by ´� �  ¬ � ��)	4f (14)

When(14) is substitutedinto (10), the concentratedcrite-
rion £

� 7&� �4��)	^ 8¤¢¥�¦¨§ ¬ �2��U	�§��sP (15)

results.
Droppingthescalingby o�=>R , wecanrewrite (11)as¬ � ��)	x µX¶ t�¸· �v��_j��34�N�Zq�	º¹ �U»�¼ µ¯� » T (16) ½ �¶ t� · �¾�,_j��34���Zq�	 �¹ �)¿ ½*� ¿ T (17)

where �¯� 	 T denotesthe first parenthesistransposeconju-
gated, À �  � � ��Q¢�
�4� 7&� f<f�fx� � ��Q¢�
� �4Á¹ �  � w � �F��	Âf<f�f w � �Xo�=yR¾	 ��¹ �  ¹ �U¼ 9 � �· �  diag� À �*	¶ t�  � \ t � �F��	 f<f�f \ t� �}o�=>R¾	 ��¶ t�  ¶ t� ¼ 9 � �Ã  ��� ' �� �F��	Âf<f�fx� ' �� �}o�=>Rz	 �¼  diag � Ã 	U�
diag� À ��	 denotesamatrixwith thevector

À � alongits diag-
onal,and �F�Ä	 Á denotesthematrix transpose.Minimization
of

£
� 7&� �4��)	 in (15)with respectto _ � yields´_ �  �¶ t� · ��¹|T�¹ � ¹ T� 34���Zq�	 � (18)

andinserting(18) in (17)gives¬ ��a � 	! `Å t �,ÆÇ��a � 	FÆ T ��a � 	 (19)

where Å t  ¶ t� ¼ ¶ t T�ÆÈ��a���	É �¶ t� · � �¹|T�Ê �¹ � �¹ T� f
It is worthnotingthatthecostcriterionin (19)only depends
on thepropagationdelay, not on thetransmittedbit. This is
a resultof thefactthat 3 � �¢q�	
3<T� �¢q�	^ r� in (19).

By makinguseof thedeterminantrules § ËÍÌÎ§� Ï§ Ë�§¢§ ÌÎ§
and § Ð¾�8ËÍÌÎ§0 Ï§ Ðz�iÌzËÈ§ theconcentratedcriterion (15)
canbeexpressedas£

� 7&� ��a���	! 8¤Z¥*¦ µ �V��ÆvT���a��*	FÅ ')9t ÆÈ��aM��	 » (20)

wheretermsnotdependingon a�� havebeendropped.Thus´aM�� Ñ�ª1¦|ÒÓÑ²Ô� � Æ T ��a���	FÅ '09t ÆÈ��a��*	 Ñ�ª1¦|ÒÓÑ²Ô�
�
À T��Õ t Å ')9t Õ Tt

À � Ñ�ª1¦|ÒÓÑ²Ô� �×Ö
À T��Õ t Å '09 � �t Ö � � (21)



where Ö � Ö denotestheEuclideannorm,and

Õ t  diag��¹ � 	 ¼ ¶ t T� �}b�Ø��¹ �ÓÙ Ã 	1	 Á Ù ¶ t T� � (22)

where b Ø   � �Úf<f<fÛ� � Á is PÂkÜ� , andwhere Ù de-
notestheSchur-Hadamardproduct.

Dueto thepresenceof noisein (20), Æ�T���a���	
Å ')9t Æ���a���	LÝ� with probabilityoneandthecriterionis well defined(see
also[7]). Since

À � is a DFT vector, the maximumof the
criterion in (21) is simply the maximumof the sumof P
FFTs. Notethat thecomputationalcomplexity canbelow-
eredsignificantlyby evaluatingÅ t asÅ t  µ ¶ t� Ù �Xb�Ø Ã 	 » ¶ t T� f (23)

It is worth stressingagainthat the cost function in (19)
is independentof thetransmittedbit. This canalsobeseen
from (21)whichdoesnotdependon 34���Zq�	 .

4. COMBINATION OF MULTIPLE BITS

Clearlyit is preferabletoconsiderall the g!=yR>kL� samples
in theestimationof a � at thesametime. This is possibleif
we know all thetransmittedbits, asis thecasewhentrain-
ing symbolsare available. In this case,we form a block\ t ] ��5�	 which containsthe (spread)training sequence,and
apply the proposedalgorithm on that block. The signal34���Zq�	 w ] ��5)-)Q}	 will in this casespanthe entire training se-
quence(with 34�N�Zq�	 now denotingall theknowntrainingbits,
andw ] ��5)-UQ}	 thecorrespondingmodulatedcodewords).

Withoutknowledgeof thetransmittedsignal,wepropose
an ad-hoccombiningof the g`�r� datavectorsin (7) by
addingtheir respective“pseudospectras”,asformedin (21),
prior to finding themaximum,i.e.,´a��¾ 8Ñ�ª¯¦^ÒÓÑ�Ô� �ßÞ ')9#t %°9�ààà

À T� Õ t Å '09 � �t ààà
� f (24)

5. COMPUTATIONAL COMPLEXITY

The algorithm is found to be computationallysimple, re-
quiringroughly áÇ��gâPn=yR,¤Z¥*¦jã =yR¨äå	 operations.This is to
becomparedwith, for instance,theMUSIC algorithmpro-
posedbyStrömetal. [2] whichrequiresaboutáÇ�XgÍã =>R¨ä � �ã =yR¨äçæM	 operations.Typically, thefirst gÍã =>R¨ä � , which are
due to the computationof the samplecovariancematrix,
will form a significantpart of the computationalload, as
theMUSIC algorithmrequiresabout gr Ï��d*d symbolsto
giveanaccurateestimateof thecovariancematrix. SeeSec-
tion 7 for a studyof how thenumberof symbolsaffect the
estimationaccuracy for theproposedalgorithm.

6. EXTENSION TO LONG CODES

The main ideaof the proposedalgorithmis that the block\Ut] ��5�	 definedin (4) mustcontaina signal,whoseFourier
transformis known up to a complex constant.With short
codes,this is easyto accomplish:any block of length o²-0A
will containaperiodof thecodesequence.With longcodes,
this is not thecase;thespreadingcodevariesfrom symbol
to symbol.Sincewearenot synchronized,wedo notknow
which part of the signaturesequenceis usedto spreadthe
currentsymbol.

A solutionto thisproblemis to increasethelengthof the
block \)t] ��5�	 , so that we are sureit containsa given part
of the long spreadingcode. For instance,if we know that
the signal from the transmitterarrives within a period of
10 symbols,we form blocksof length �Md�-0A andapply the
algorithmdescribedin Section3. Sincetheblocksareover-
lapping,thenumberof blockswill only decreaseslightly.

With this trick, thealgorithmcanbeappliedin a system
employing long codes. The extensionof the blocks will
causeahighernoiselevel: thevarianceof theterm ~ t ] ��5)-)Q}	
will increase.In practice,longcodesarepreferreddueto the
inherentinterferenceaveragingthey provide, which is also
advantageousfor theproposedalgorithm.

7. NUMERICAL RESULTS

To evaluatethe proposedalgorithm,Monte Carlo simula-
tionswereperformed.Thesimulatedsystemwasa 10-user
scenariowith =è êéN� chipsperbit and - /  ë� Gold code
sequences.ThemeasureddatawassampledRì íé times
perchip. Thedesireduser’ssignalis assumedto beimping-
ing on the arrayfrom broadsidewith a (randomlychosen)
time-delayof a��î �éjf ï±ð���-)/ , whereastheotherusershave
randomDOAs andtime-delays.The carrierpower for the
desireduseris assumedto beone, ñ ;  �� , while all thein-
terferingusershave thesamereceivedpower, ñ(�z hñ 9 , for�Ó r�*�<f�f<f)� � �Ü� . TheNear-Far-Ratio(NFR) is definedas
NFR = ñ 9 B²ñ ; . In thefigurespresentedbelow, we illustrate
theprobabilityof a correctacquisition,i.e., theprobability
thattheestimateis within ahalf sampleof thetruevalue.A
total of 500 MonteCarlo runsweredonefor eachsimula-
tion.

Figure 3 shows the estimator’s codeacquisitionproba-
bility as the signal-to-noiseratio (SNR) and the number
of transmittedsymbols, g , varies. We seethat with onlygc ��d symbols,thepropagationdelaycanbereliablyesti-
matedusingthreesensorsin over95%of thecasesfor SNRò d dB. As seenin Figure4, spatialdiversitycanbeused
to give near-far resistance.Thefigureshows the probabil-
ity of a correctacquisitionastheNFR, andthe numberof
antennas,P , varies.

As wasmentionedin section4, thealgorithmcanbeim-
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Figure3: Probabilityof correctacquisition;NFR= 1, P× é sensors.
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Figure4: Probabilityof correctacquisition; gê �o�d sym-
bols,SNR= 10dB.

plementedusing training sequences.In the following ex-
ampleweexaminethecodeacquisitionprobabilityfor a18
symboltrainingsequence.Thesymbolsynchronizationof
thetrainingsequenceis assumedto beknown, i.e., the � :th
userstime-delayis known within onesymbolperiod.

Figure 5 shows the estimator’s codeacquisitionproba-
bility as the NFR andthe numberof antennasvaries. As
canbeseenby comparingFigure4 andFigure5, theuseof
thetrainingsequenceimprovestheestimator’sperformance,
but interestinglynotby much.
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Figure5: Probabilityof correctacquisitionfor a known 18
symbolslong trainingsequence;gê �o�d symbols,SNR =
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[4] T. ÖstmanandB. Ottersten,“NearFarRobustTimeDe-
lay Estimationfor AsynchronousDS-CDMA Systems
with BandlimitedPulseShapes”,In IEEE Proc. VTC,
Ottawa,Canada,1998.

[5] D. R. Brillinger, TimeSeries:Data AnalysisandThe-
ory, Holden-Day, Inc.,SanFrancisco,CA, 1981.

[6] A. Graham, Kronecker Productsand Matrix Calculus
with Applications, Ellis HorwoodLimited, Chichester,
England,1981.

[7] A. SwindlehurstandP. Stoica, “Maximum Likelihood
Methodsin RadarArray Signal Processing”, IEEE
Proc., 86(2):421–441,February1998.


