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Adaptive Symbol and Parameter Estimation inAsynchronous Multiuser CDMA DetectorsTeng J. Lim and Lars K. RasmussenPaper to appear in IEEE Trans. Communications, Feb 1997.AbstractExisting multiuser code division multiple access (CDMA) detectors either have to rely on strictpower control or near-perfect parameter estimation for reliable operation. In this paper, a novel adaptivemultiuser CDMA detector structure is introduced. Using either an extended Kalman �lter (EKF) or arecursive least squares (RLS) formulation, adaptive algorithms which jointly estimate the transmitted bitsof each user and individual amplitudes and time delays may be derived. The proposed detectors work ina tracking mode after initial delay acquisition is accomplished using other techniques not discussed here.Through computer simulations, we show that the algorithms perform better than a bank of single-userreceivers in terms of near-far resistance. Practical issues such as the selection of adaptation parametersare also discussed in some detail. I. IntroductionThe area of multiuser CDMA detectors has attracted a lot of attention in the literature in thelast few years, ever since the appearance of Verdu's landmark paper [1]. This is due to thesevere reduction in system capacity brought about by the near-far problem when a conventionalmatched �lter bank receiver is used [2]. In [1], Verdu showed that the near-far problem can, intheory, be overcome without power control by using a Viterbi decoder at the output of a bankof matched �lters. But because the complexity of this optimum receiver increases as 2K , whereK is the number of users, it cannot be implemented in practice. This has driven researchersto look for suboptimal but simpler receivers which provide near-optimal performance withoutincurring the cost of exponential complexity.Many suboptimal detectors have been proposed (see eg. [3], [4], [5], [6]) but these all assumeknowledge at the receiver of all or some of the following parameters { received signal energies,carrier phase and propagation delays. Recently, attention has started to shift towards near-far resistant methods of parameter estimation and the e�ect of imperfect estimation on theperformance of some multiuser detectors [7], [8], [9]. Of the three system parameters mentioned,time delay appears to be the hardest to estimate accurately because of the nonlinear dependenceof the received signal on user delays. This is evident in early work on parameter estimation [10],[11] which tackled amplitude and phase estimation assuming time delays to be known.Work on joint data detection and parameter estimation was presented in [12] and [13] but thealgorithms that resulted are extremely complex. In fact, the one in [13] is exponential in thenumber of users and so fares no better than Verdu's optimal detector [1] in terms of practicality.Very recently, there has been a spate of activity in the area of subspace-based methods of delayacquisition and tracking using the MUSIC (Multiple Signal Classi�cation) algorithm [14], [15],[16], which result in algorithms of complexity K3. These algorithms are signi�cant advancesbecause their delay estimates are near-far resistant, meaning that changes in the multiple accessinterference (MAI) level do not a�ect the variance of the estimates. However, the need toestimate the interference subspace with each shift of the observation window may place a limiton their ability to track rapidly time-varying delays.The authors are with the Centre for Wireless Communications, Department of Electrical Engineering, NationalUniversity of Singapore, Kent Ridge Crescent, Singapore 119260. Tel: +65 7715158, Fax: +65 7795441, E-mailaddresses: cwclimtj@nus.sg, cwclkr@nus.sg. 1
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LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 2The work described in this paper complements the MUSIC delay acquisition algorithms ofBensley, Str�om and their colleagues by providing a less complex adaptive multiuser detectorwhich performs joint data detection and parameter tracking after initial acquisition. The de-tector structure resembles that of the synchronous detector in [17] but is more versatile in thatit handles the asynchronous, unknown delay case explicitly. We approach the problem from asystem identi�cation point of view, and use the prediction error to update the parameter and bitestimates recursively. Two algorithms are derived, one based on recursive least squares (RLS)and the other on the extended Kalman �lter (EKF). No claims about the optimality of thealgorithms can be made because of the nonlinear relationship between the estimator output andthe delay estimates. However, assuming that the linearization introduces negligible errors, thenthe EKF reduces to the standard Kalman �lter which produces maximum a posteriori stateestimates at each time instant, provided the �rst-order Gauss-Markov model of parameter timevariation is exact and the noise covariance matrices are known exactly. On the other hand, theRLS algorithm is not statistically optimal under any conditions, and thus performs relativelypoorly.The paper is organized as follows. Section II describes the development of the RLS and theEKF algorithms in detail, Section III discusses the important point of selection of �lter tuningparameters, Section IV presents pertinent simulation results and Section V concludes the paperwith a discussion of future work.II. Algorithm DevelopmentA. System ModelThe following is a list of symbols used in this paper and their meanings:K = Number of users,Pk(t) = power of the kth user's received signal at time t,bk(i) = ith bit transmitted by the kth user,sk(t) = signature waveform of the kth user,T = bit duration,�k(t) = propagation delay for the kth user�k(t) = random carrier phase, andn(t) = additive channel noise.�k(t) is measured relative to an arbitrary (but �xed) time origin, and lies in the interval [0; T ).Assuming ideal lowpass �ltering to remove high-frequency noise components, the basebandreceived signal is given byr(t) = KXk=1qPk(t) cos�k(t)bk(ik)sk[t� �k(t)] + n(t); (1)where ik = b(t��k)=T c, and bk(ik) is the bit from the kth user contributing to the received signalat time t and bxc denotes the largest integer smaller than x. Suppose that the chip durationis Tc = T=L, L being the processing gain. Then sampling at M times the chip rate gives thefollowing discrete-time sequence:r(m) = KXk=1qPk(m) cos�k(m)bk(ik)sk[mTs � �k(m)] + n(m); (2)
3



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 3where Ts 4= Tc=M . Note that the assumption of short codes has not been made, and is infact unnecessary in the proposed scheme, in contrast to adaptive minimum mean squared error(MMSE) algorithms [18], [19], which work only when short codes are used.The generation of this received signal sequence is also depicted graphically in Figure 1, inwhich ck(m) = pPk(m) cos�k(m)bk(ik). From it, we see that it is quite natural to predict bothtime delays and ck's adaptively using the structure shown in the bottom half of that �gure.Details of how this can be done adaptively follow in the next two sections.B. Method I { The Recursive Least Squares AlgorithmGiven a parameter estimate vector � and observations up to time m � 1, the minimum meansquared error (MMSE) predictor for r(m) is [20]r̂[mjm� 1; �] = E[r(mjm� 1; �)]= KXk=1 ck(m)sk[mTs � �k] (3)where the amplitude, phase and bit terms have been lumped together into one variable, ck, andthe parameter vector � is de�ned as� = [c1; : : : ; cK ; �1; : : : ; �K ]T ; (4)and the conditional expectation is taken with respect to the probability density function of theadditive noise.Assuming that � is time-invariant and that the additive measurement noise n(m) is a zero-mean Gaussian random process, the maximum likelihood (ML) estimate for � given m + 1samples of the channel output is given by�̂ML(m) = min� mXp=0 jr(p)� r̂(p)j2 (5)where r̂(p) is simply the shorthand notation for r̂(pjp � 1; �) given in (3). This leads to thefamous result that minimum least squares (LS) estimation is equivalent to ML estimation forGaussian random processes. The quantity r(p)� r̂(p) is known as the prediction error at timep and will be denoted by e(p).However, when � is expected to be time-varying, (5) cannot be used because it gives equalweighting to prediction errors made over the entire observation window, when more importanceshould be given to recent errors so as to re
ect recent changes in parameter values. The popularbut ad hoc method of weighted least squares (WLS) minimizes the exponentially weighted costor loss function Vm(�) = mXp=0�m�pe2(p) (6)at each time instant m and thus is able to forget data collected in the distant past, therebytracking changes in the parameters. � is known as the forgetting factor for obvious reasons.Minimization of Vm(�) can be carried out by processing a batch of collected data or in an on-line or recursive algorithm, known as an exponentially-weighted recursive least squares (RLS)algorithm. It should be noted that the parameter estimates obtained using the RLS algorithmcannot be said to be optimal in any sense, except that they minimize the loss function Vm(�),which provides a reasonable measure of the distance of the true parameters from their estimatedvalues at each sample.
4



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 4Because e(p) is a nonlinear function of �, it is impossible to obtain an analytical expression forthe weighted least squares estimate �̂WLS(m) = min� Vm(�). But recursive optimization tech-niques well-known in the system identi�cation �eld may be used to minimize this loss function(see [21] or [20]). In particular, the recursive least squares (RLS) algorithm when applied to ourproblem performs the following steps in each recursion:r̂(m) = KXk=1 ĉk(m� 1)sk[mTs � �̂k(m� 1)] (7)e(m) = r(m)� r̂(m) (8)K(m) = P(m� 1)�(m) h�+ �T (m)P(m� 1)�(m)i�1 (9)�̂(m) = �̂(m� 1) +K(m)e(m) (10)P(m) = 1� �I�K(m)�T (m)�P(m� 1): (11)In these equations, �(m) is de�ned as�(m) = � @e(m)@�̂(m� 1) (12)and is often known as the gradient vector. The calculation of �(m) will be described in detail ina later section. Also, P(m) happens to be the inverse of the Hessian matrix �Vm[�̂(m� 1)] wherethe double dot notation stands for the second derivative with respect to �.The RLS algorithm therefore provides estimates of the kth user's transmitted bits as longas cos�k(m) > 0 through b̂k(i) = sgn(ĉk(m)) when mTs = iT + �̂k(m), i = 0; 1; : : :. Timedelay estimates are explicitly obtained through �̂k(m). The condition placed on the phase of thereceived signal is unfortunate because it implies that phase recovery must be done accurately.However, di�erential encoding can be used to minimize the e�ects of phase o�set and so lack ofphase synchronism is usually not a very serious problem.C. Method II { The Extended Kalman FilterApproaching the problem from a completely di�erent angle, the extended Kalman �lter (EKF)equations turn out to be virtually identical to those of the RLS algorithm, except that theEKF is more 
exible and is capable of incorporating prior knowledge about the system into theadaptive parameter updates.The EKF is described in many books on statistical estimation theory or optimal �ltering,such as [22], [23]. Brie
y, it is an extension of the regular Kalman �lter, which gives maximuma posteriori (MAP) estimates of the state vector x(k) in a linear system, to nonlinear systemsin which the current state can be a nonlinear function of the previous state, and the measuredoutputs can be a nonlinear function of the state vector.The EKF has been used for parameter estimation in spread spectrum and CDMA systemsin the past, most notably by Iltis et. al. [24], [13]. In the context of multiuser systems, Iltisand Mailaender in [13] proposed a maximum likelihood algorithm that involved detecting all Kbits transmitted in a given bit epoch by the K users at the same time. A number of EKF'swere used to calculate amplitude and delay estimates for all possible bit combinations in a bitepoch, and these were then used to update the ML metrics. This very complicated algorithmhas a complexity that increases exponentially with the number of users, and so cannot be usedin practice. In contrast, the algorithm to be presented here has a complexity of O(K2).We start by assuming that the true parameter vector varies with time as a �rst-order Gauss-Markov process: �0(m+ 1) = �0(m) +w(m) + u(m); (13)
5



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 5wherew(m) is a zero-mean noise process with known covariance matrixQ(m) = E[w(m)wT (m)],and u(m) is a deterministic vector which models any global trends. u(m) is ultimately irrelevantto the Kalman �lter equations so we will not mention it any further.The measurement equation relates the system output (in our case the received signal) to thestate vector �0(m) and is given by (2), which is re-written here asr(m) = f(s1(t); : : : ; sK(t); �0(m)) + n(m); (14)where f(�) is a nonlinear function of the �k's and n(m) is zero-mean Gaussian white noise withpower E[n2(m)] = �2. It is the nonlinearity of f(�) which forces us to use the extended Kalman�lter instead of the standard Kalman �lter.From this state-space model of the system, we easily derive the following EKF equations [22]:P(mjm� 1) = P(m� 1jm� 1) +Q(m) (15)r̂(m) = KXk=1 ĉk(m� 1)sk[mTs � �̂k(m� 1)] (16)e(m) = r(m)� r̂(m) (17)K(m) = P(mjm� 1)�(m) h�2 + �T (m)P(mjm � 1)�(m)i�1 (18)�̂(m) = �̂(m� 1) +K(m)e(m) (19)P(mjm) = �I�K(m)�T (m)�P(mjm� 1); (20)where �(m) is de�ned in (12).At �rst glance, these equations do not seem to di�er very much from the RLS equations.However, there is now a matrix Q(m) which models the nonstationarity of the true parameters,and a user-selectable variable �2 which models the amount of noise in the output measurement.In addition, Q(m) may be time-varying and is unconstrained with respect to the values of itselements except that it has to be symmetric and non-negative de�nite. These two conditionsarise naturally from the de�nition of Q(m), given below equation (13).The availability of Q(m) and �2 translates into improved 
exibility compared to the RLSalgorithm, which only has one adjustable adaptation constant �. To illustrate, consider thestate transition equation (13), where�0(m) = [c1(m); : : : ; cK(m); �1(m); : : : ; �K(m)]T (21)and ck(m) = pPk(m)bk(ik)1. We expect the propagation delays to change smoothly with time,but at the bit boundaries of the kth user, which occur when mTs = iT +�k(m) for integer valuesof i, ck(m+ 1) = ( 0 with probability 12�2ck(m) with probability 12 : (22)The �rst scenario occurs when bk(ik + 1) = bk(ik) while the second corresponds to bk(ik + 1) =�bk(ik). The perturbation sequence w(m) will thus be nonstationary and have a covariancematrix Q(m+ 1) = 8><>: Q0 ifmTs 6= iT + �k(m)Q0 + diag( k�1z }| {0; : : : ; 0; 2c2k(m); 2K�kz }| {0; : : : ; 0) ifmTs = iT + �k(m) (23)where Q0 is a diagonal matrix with elements representing our belief in the degree of timevariation in the parameters. The 2c2k(m) term on the right is the expected value of c2k(m + 1)given the probability density function (22).1Assuming that perfect phase lock or �k(m) = 0 is achieved.
6



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 6In addition, �2 is the power of the measurement noise which the user assumes is in the observedsignal. Q(m) and �2 may be considered \tuning" parameters which a�ect the performance ofthe EKF in the following way.By lowering the value of �2, the algorithm puts more faith in the measurement and causes theparameter estimates to change more wildly from one sample to the next; increasing �2 resultsin a more skeptical algorithm which tends to ignore rapid 
uctuations and produces smootherparameter trajectories. Conversely, making Q(m) smaller (in a matrix sense, for instance in thetrace) causes parameter estimates to change more smoothly. Thus, the variance of the parameterestimates obtained using the EKF varies inversely with �2 but directly with Q(m). In a latersection, it is shown that the performance of the EKF is in fact largely determined by the ratiobetween Q(m) and �2.D. The Gradient VectorUsing (3), the de�nition of �(m) given in (12) and the fact that r(m) is independent of �̂(m),we have �kc (m) 4= �@e(m)@ĉk = @r̂(m)@ĉk (24)= sk (mTs � �̂k) (25)and �k� (m) 4= �@e(m)@�̂k = @r̂(m)@�̂k (26)= ĉk @sk(mTs � �̂k)@�̂k ; (27)for k = 1; : : : ;K. It is to be understood that the ĉk's and �̂k's take on their most recentlyupdated values in these equations. In addition, it is necessary to assume that �̂j(m) is not afunction of ĉk(m) for j; k = 1; : : : ;K in order to arrive at these expressions2.The evaluation of the gradient vector when �̂k is not a multiple of the sampling interval Tsmay proceed in two ways. The simpler method is to treat sk(t) as a square waveform, the morecomplicated one considers it a smooth waveform.D.1 Square Signature WaveformsIn this section, �̂k(m) is normalized to the sampling interval Ts. This results in no loss ofgenerality and makes notation less cluttered. Assuming a square and binary-valued signaturewaveform, and that chip boundaries are located in the middle of sampling intervals, the valueof sk(t) in between samples is equal to that of the nearest sample, orsk(m� �̂k) = sk(m� [�̂k]); (28)where [x] denotes x rounded o� to the nearest integer.The evaluation of the derivative of sk(�) w.r.t. �̂k(m) which appears in (27) is also quite trivialbecause of our assumption on the shape of sk(t). A little thought reveals that this derivativecan only take on one of three values: 0;+1 and �1. Since it is undesirable for any adaptive2This assumption holds exactly if the P matrix (in both RLS and EKF algorithms) is diagonal. In practice,because ĉk is an estimate of the received signal power for user k, which partly depends on the distance betweenthe kth transmitter and the base station, which in turn a�ects the kth propagation delay, it probably does nothold. However, to keep things simple, we have chosen to go with this assumption for now and leave the coupledpower/delay case for future work.
7



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 7algorithm to have extreme parameter corrections from one sample to the next, we choose to usethe more moderate estimate@sk(m� �̂k)@�̂k � sgn [sk(m� d�̂ke)� sk(m� b�̂kc)] (29)where the signum function is de�ned assgn(x) = 8><>: 0 if x = 01 if x > 0�1 if x < 0 : (30)Finally, putting (28) into (25) and (29) into (27) allows us to evaluate the gradient vectorunder the square signature waveform assumption.D.2 Smooth Signature WaveformsPractical waveform generators cannot generate perfect square wave functions, and in any case,such functions have an in�nite bandwidth even though a spread spectrum signal need onlyoccupy 1=Tc Hz to realize its full processing gain, and so are not desirable for use as signaturewaveforms. As such, the assumption of square signature waveforms is not very realistic. Instead,sk(t) should be considered a smooth function obtained by analog lowpass �ltering of the kthpseudo-noise (PN) code sequence.The �ltering operation ought to be repeated at the receiver to reproduce the signature wave-forms. But it is di�cult (if not impossible) to create continuous-time versions of digital signalprocessing algorithms, and so working in the continuous-time domain is highly undesirable. Wecan approximate the smooth signature waveforms by oversampling the known pulse-shapingtransmit �lter and passing the signature sequence through it; or, if better delay resolution isrequired and computational power is available, interpolation of the chip-rate signature sequenceusing various types of on-line interpolators, such as the cubic spline interpolators described in[25], can be carried out.Looking at equations (7), (16), (25) and (27), sk(mTs � �̂k) and its derivative with respect to�̂k are the only two quantities that need to be computed for the kth user per sample. It shouldnot be di�cult to see how interpolation or oversampling can be used to extract these valuesfrom the signature sequence of the kth user.III. ImplementationIn this section, some implementation aspects of the two algorithms described in the previoussection are discussed.A. The RLS AlgorithmThe exponential form of the cost function (6) used in the RLS algorithm implies that thesystem parameters of interest are expected to change slowly with time. If one or more of theparameters change abruptly at time t, the RLS algorithm based on the minimization of Vm(�)may fail completely after that time because information unrelated to the present values of thea�ected parameters remain in the system. In our multiuser system model, ck(m) may change atthe bit boundaries, depending on whether adjacent transmitted bits are equal or not, and thesepotentially fatal abrupt changes need to be taken into account.One obvious step in the right direction is to reset ĉk(m) to zero at the (estimated) bit bound-aries, ie. when m = iT + �̂k(m). This gets rid of the �rst-level dependency of ĉk(m + 1) on
8



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 8ĉk(m). But the link with the past is still not totally broken because K(m) in (10) is a functionof P(m� 1), which is the estimate of the Hessian matrix of the cost function formed from pastinformation using an exponential window. It is thus also necessary to re-initialize P(m) at thebit boundaries.If it is assumed that changes in ck do not a�ect the other system parameters in �, then itsu�ces to set the kth column and kth row of P(m) equal to the corresponding column and rowin the initial P(0) matrix. In this way, the adaptation of ĉ and �̂ for other users is not disruptedevery time we reach one user's bit boundary. Since the time delays are not expected to changesuddenly, their continous adaptation is desirable.As for the initial value of the P matrix, we take the conventional approach [20] of making itequal to I=�, where � is some small number re
ecting our lack of knowledge about the systeminitially. The exponential forgetting factor � should be chosen so that convergence within one bitinterval is probable. This generally means that, if there are L chips per bit and the oversamplingfactor is M , � = 1 � (1=ML) should be a reasonable choice { larger values will lead to slowerconvergence, while smaller values leads to excessive noise sensitivity.B. The EKF AlgorithmTo use the EKF, we need to assume knowledge of the modelling noise covariance matrix Q(m)and the measurement noise power �2. While �2 can perhaps be measured during quiet periods(enforced or natural) when no data is transmitted, it is hard to see how Q(m), the covariancematrix of the noise driving the state transition equation, can be found. It is thus of interest to�nd out how sensitive the estimation algorithm is to changes in the value of Q(m) about itscorrect setting.Sensitivity studies are not new to general Kalman �ltering. Mendel [23] presents a table ofsensitivity coe�cients obtained through computer simulations. They measure the percentagechanges in the Kalman gain K(k) to one percent changes in various model parameter values.However, these results are not generally applicable, and thus we need to examine the sensitivityof our particular system to variations in the assumed Q(m) matrix.To this end, the following computer simulation is set up. Two users are in the system, eachtransmitting with length-25 randomly-generated binary short codes generated using sk(m) =sgn(x(m)) form = 1; : : : ; L, where x(m) is an independent zero-mean Gaussian random process.The matrix Q0 in equation (23) is given byQ0 = diag(qTc ;qT� ) (31)where qTc = qc[1; : : : ; 1] and qT� = q� [1; : : : ; 1] represent the time variation of the c's and � 'srespectively.The system parameters evolved according to the �rst-order Gauss-Markov equation (13) withE[w(m)wT (m)] = diag( Kz }| {0; : : : ; 0; Kz }| {1� 10�4; : : : ; 1� 10�4); (32)which means that the true values of c are unchanging. It is also convenient to de�ne q�;0 =1 � 10�4 as the true value of q� . Finally, the multiple access interference is set to 10 dB, withthe weaker user received with unit power (ie. P1 = 1).In Figure 2, the root mean square error between the delay estimate and the true delay mea-sured using one thousand samples is plotted against q�=q�;0 for two cases { when the signal tonoise ratio for the weaker user is 20 dB, and when it is 40 dB. The true value of �2 is used inboth experiments. It appears that a dynamic range of about 20 dB is allowed for q� for thealgorithm to produce approximately the same performance in terms of RMSE in both cases.
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LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 9Unfortunately, the point of peak performance, and more importantly, the permissible range ofq� , depends on the SNR. This makes the maximum blind allowable range of q� (ie. assuming noknowledge of SNR), closer to about 5 to 10 dB around q�;0.However, extensive simulation studies show that the RMSE of the delay estimates does notdepend on absolute values of Q(m) and �2 so much as the ratio between the two. Furthermore,the variation of the RMSE with Q(m)=�2 is approximately independent of the SNR. This isdemonstrated in Figure 3, which is a superposition of ten curves of RMSE against q�=�2 obtainedusing MAI's ranging from 0 to 20 dB and SNR's of 10, 20 and 40 dB. Although they are notidentical, the lines converge in the region of q�=�2 = 0:007 to q�=�2 = 0:07 and hence thismay be considered the permissible range for q�=�2 under all conditions. In simulation results tofollow, q�=�2 is set to 0:01 while qc is kept constant at 0:001.IV. Simulation ResultsA. Comparison of the Two Proposed AlgorithmsIt was mentioned brie
y in Section I that the RLS algorithm is not optimal under any conditionswhereas the EKF is near-optimal under certain circumstances. The EKF was also shown to bemore 
exible and allows prior information about the system to be incorporated. Finally, theresetting of P(m) and ck(m) at every bit boundary in order to remove noninformative data canbe expected to a�ect the performance of the detector adversely because bit decisions may haveto be made before full convergence of other users' c parameters is achieved. For these reasons,the RLS detector is not expected to perform as well as the EKF algorithm.To illustrate, Figures 4 and 5 show the trajectories of ĉ and �̂ respectively for the weaker userin a time-invariant two-user system with an MAI of 20 dB for the EKF and RLS algorithms.There are 25 chips per bit, the sampling interval is Tc=2, the power of the weaker signal isP1 = 1 and the SNR for the weaker user is 20 dB. In the RLS detector, � was set to 0:98 so as toachieve convergence in about 50 iterations while in the EKF detector, qc = 0:001, q� = 0:01�2and �2 = 0:01, as explained previously.It is seen that the RLS algorithm, while converging to the true delay estimate in about 3 bitintervals, exhibits large spurious jumps in parameter estimate values whereas the convergenceof the EKF parameters is a lot smoother. Also, note that bits 4 to 7 are all `1's, and ĉ in theEKF detector stays close to unity at all times while in the RLS, it has to be reset to zero ateach bit boundary.B. The Single-User EKF Delay TrackerIn [24], an extended Kalman �lter was used to estimate both PN code delay and multipathcoe�cients for a single-user system. Analogous to the extension of the single-user matched �lteror correlating detector to multiuser systems using a bank of �lters, a simple extension of thedelay-tracking single-user EKF would be a bank of EKF's, each using its own prediction errorin the EKF equations. This is illustrated in Figure 6. The parameter update equations areidentical to (15) to (20), except that they apply to only one user at a time, meaning that Kcycles through these equations must be carried out per sample. This also implies that di�erentP's, Q's, r̂'s, e's and K's exist for di�erent users, and that �̂k has the two elements �̂k and ĉkonly.In the following section, the EKF algorithm is compared to this bank of single-user EKF delayestimators.
10



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 10C. Near-Far ResistanceNear-far resistance in the context of multiuser delay estimation refers to the sensitivity of themean squared estimation error to changes in the level of multiple access interference { the morethe MSE changes for a given change in MAI, the poorer the detector's near-far resistance. Itwould be nice to be able to quantify the near-far resistance of delay estimates but there doesnot appear to be a reliable way to do this at this time and therefore, we need to rely on thequalitative de�nition given here.Table I compares the RMSE or root mean square estimation error of the delay estimatesobtained over 5,000 samples using both the multiuser (MU) and the single-user (SU) EKFestimators. The results are for a two-user 2� oversampled system using length-25 randombinary codes, with a 20 dB SNR for the weaker user and the standard tuning parameter values.The system delays were made to vary with time in the same way as in Section III The last twocolumns represent the number of errors in the bit estimates detected over the 100 bits used inthe simulation.It is quite evident from both the RMSE and the bit error results that the proposed multiuserEKF detector is approximately near-far resistant, whereas the single-user detector is severelya�ected by MAI.To provide a visual picture of the tracking of the delay estimates using the multiuser andsingle-user EKF's, Figure 7 shows the actual and estimated delay trajectories for the weakeruser in the system for an MAI of 15 dB, from which we see that the single-user detector fails tokeep track of the actual delay, whereas the multiuser detector performs this task adequately.It is reasonable at this point to ask if a rate of change of 0:005 chips per chip interval, whichwas the rate used in these simulations, is realistic. That question can be answered using somesimple physics. Suppose a mobile and a base station are x metres apart, and that the velocityof the mobile in the line-of-sight direction is v metres per second. Then x = c� , where c is thespeed of electromagnetic propagation, and hencev = dxdt = cd�dt (33)where t represents time. In our simulations, we have d�=dt � 0:005 and the EKF detectorhas no problems tracking changes in the delay. If we now took 0:005 as the maximum rateof change of � allowable for reliable detector performance, then the maximum mobile speed isvmax = 0:005c = 1:5 � 106 m/s! In practice, we may expect a far smaller mobile velocity andthus the EKF detector should be well capable of handling the situation.V. Conclusions and DiscussionTwo adaptive multiuser asynchronous CDMA detectors implemented using the extended Kalman�lter (EKF) and weighted recursive least squares (RLS) have been introduced. It was reasonedthat the EKF detector should perform better than the RLS one because it is capable of incorpo-rating prior knowledge about the system, and is therefore more 
exible. Computer simulationsdemonstrate that this is true.The choice of tuning parameters for both adaptive detectors was discussed, and it was foundthat the performance of the EKF detector depended more on the ratio between the two param-eters than on their absolute values, which eased the selection of parameter values considerably,while some ad hoc resetting procedure had to be used in the RLS detector at the bit bound-aries, which resulted in poorer performance. The multiuser EKF detector was shown to easilyoutperform a bank of single-user EKF's in terms of near-far resistance.The proposed detector operates in a tracking mode, and relies on the availability of accurateinitial delay estimates, which may perhaps be obtained using one of the recently introduced
11



LIM AND RASMUSSEN: ADAPTIVE ASYNCHRONOUS MULTIUSER CDMA DETECTORS 11subspace-based approaches [14], [15], [16]. It is signi�cantly less complex to implement thanthese methods, which require the estimation of noise subspaces recursively. However, analyticalerror probability results have not been derived, and it is envisaged that this will be a di�culttask since the probability of error may be expected to depend on the degree and type of timevariation in the parameters, as well as the more traditional Eb=N0. This is an area of currentresearch.The complexity of the algorithm is still of concern however. The updating of the parameterestimates need to be carried out at the sampling rate, which must be a multiple of the chiprate to satisfy the Nyquist sampling theorem. One way of reducing complexity is to train thereceiver in an initial startup period using unmodulated spreading waveforms, and then keepthe delay estimates unchanged thereafter. An unmodulated spreading waveform does not causeabrupt jumps in ck at the bit boundaries, and thus convergence within one bit interval becomesunnecessary. We can then implement an adaptive algorithm at a slower updating rate, therebyreducing complexity. Keeping the time delays �xed after initial acquisition also makes sensesince the mobile station is unlikely to move fast enough to cause signi�cant changes in thepropagation delay. Periodic re-training is an option if this assertion proves to be false.In conclusion, we see the adaptive EKF detector as a viable multiuser CDMA detector forthe base station when paired with near-far resistant delay acquisition and phase-lock devices.Design of the latter will allow for coherent modulation and is being investigated at present. Inpractice, multipath fading is also a major source of performance degradation, and needs to betaken care of. One obvious extension of the method described here is to have more weights ineach branch to span the channel response for each user, but this adds to complexity and maynot be feasible. Work is ongoing in this area.References[1] S. Verd�u, \Minimum probability of error for asynchronous Gaussian multiple-access chan-nels," IEEE Trans. Inf. Theory, vol. 32, no. 1, pp. 85{96, Jan 1986.[2] R. Lupas and S. Verd�u, \Linear multiuser detectors for synchronous code-division multiple-access channels," IEEE Trans. Inf. Theory, vol. 35, no. 1, pp. 123{136, Jan 1989.[3] R. Lupas and S. Verd�u, \Near-far resistance of multiuser detectors in asynchronous chan-nels," IEEE Trans. Communications, vol. 38, no. 4, pp. 496{508, Apr 1990.[4] A. Duel-Hallen, \A family of multiuser decision-feedback detectors for asynchronous code-division multiple-access channels," IEEE Trans. Communications, vol. 43, no. 2/3/4, pp.421{434, Feb/Mar/Apr 1995.[5] U. Fawer and B. Aazhang, \A multiuser receiver for code division multiple access commu-nications over multipath channels," IEEE Trans. Communications, vol. 43, no. 2/3/4, pp.1556{1565, Feb/Mar/Apr 1995.[6] M. K. Varanasi and S. Vasudevan, \Multiuser detectors for synchronous CDMA communi-cation over non-selective Rician fading channels," IEEE Trans. Communications, vol. 42,no. 2/3/4, pp. 711{722, Feb/Mar/Apr 1994.[7] S. D. Gray, M. Kocic, and D. Brady, \Multiuser detection in mismatched multiple-accesschannels," IEEE Trans. Communications, vol. 43, no. 12, pp. 3080{3089, Dec 1995.[8] F. C. Zheng and S. K. Barton, \On the performance of near-far resistant CDMA detectorsin the presence of synchronization errors," IEEE Trans. Communications, vol. 43, no. 12,pp. 3037{3045, Dec 1995.[9] S. Parkvall, E. Str�om, and B. Ottersten, \The impact of timing errors on the performanceof linear DS-CDMA receivers," To appear in IEEE J. Sel. Areas in Comms., 1996.
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Fig. 1. The asynchronous CDMA signal model and the proposed adaptive multiuser receiver.MAI (dB) RMSE (chips) # of errorsMU SU MU SU30 0.1060 { 3 {25 0.0962 142.4 0 5320 0.1114 16.41 0 5615 0.0869 3.020 0 5810 0.0860 0.1937 0 15 0.0787 0.0430 0 00 0.0826 0.0638 0 0TABLE IRMSE and error rates measured over 100 bits or 5,000 samples for both multiuser (MU) andsingle-user (SU) EKF detectors for di�erent MAI levels. The near-far resistance of theproposed MU detector relative to the SU detector is clear.
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Fig. 2. The root mean square delay estimation error as a function of q� , de�ned in the text,parameterized by the signal-to-noise ratio for the weaker user in a two-user system, with anMAI of 10 dB.
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Fig. 3. The RMSE as a function of the ratio q�=�2 for di�erent MAI and SNR levels.
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