Multi-User Multi-Sensor Detectors for CDMA Networks

Srinivas Kandala, Elvino S. Sousa, Member, IEEE, and Subbarayan Pasupathy, Fellow, IEEE

Abstract— We consider a Code Division Multiple Access (CDMA) cellular network and propose sub-optimal multiuser detectors which exploit a type of diversity inherent in the system and are based on the processing of signals received at multiple base stations. We investigate the performance of conventional matched-filter, linear, and decisionbased detection schemes, using this diversity scheme, for both synchronous and asynchronous systems. The detection of user signals is based on tracking the signals at several base stations. The optimal detector would operate on all the signals received at all the base stations but would have a high degree of complexity. We discuss the case where the detection of a given signal is based on received signals at a small subset of base stations. We show that with judicious selection of this smaller set of base stations, good performance can be obtained without much increase in complexity.

I. Introduction

In this paper we study the structures and performance of sub-optimal detectors for signals in CDMA networks where the signals are received at multiple base stations, or antennas. For the case of one antenna, many detectors have been proposed [1]-[5], where the signaling information from all the sources is used in estimating the data symbols. These detectors are referred to as multi-user detectors. Even though the complexity of these multi-user detectors is higher than that of the usual matched-filter detector (also referred to as the conventional detector), they may be cost-effective when all the users’ data has to be estimated simultaneously (i.e. in multi-point to point channels) such as in the case of the reverse link of cellular or micro-cellular networks.

We suggest methods to improve the performance of such multi-user detectors (in terms of error probability) in a cellular network environment [6] [7] and in Personal Communication Services (PCS) systems [8]. In a cellular network an area, where the communication services are to be provided, is partitioned into cells. Each cell has a base station which is responsible for establishing and maintaining the link with all the users within that cell. Consider

Paper approved by P. Takis Mathiopoulos, the Editor for Wireless Personal Communications of the IEEE Communications Society. Manuscript received: March 5, 1993; revised: December 7, 1993; July 12, 1994. This research was supported by a grant from the Information Technology Research Centre, a Centre of Excellence, funded by the province of Ontario, Canada. This paper was presented in part at the Thirtieth Annual Allerton Conference on Communication, Control and Computing, Monticello, IL, September 30 - October 2, 1992.

Srinivas Kandala was with the Department of Electrical and Computer Engineering, University of Toronto, Toronto, Canada. He is now with Institut National de la Recherche Scientifique-Telecom in Montreal, Quebec, Canada. E. S. Sousa and S. Pasupathy are with the Department of Electrical and Computer Engineering, University of Toronto, Toronto, Ontario M5S 1A4, Canada.

w w w w w w w

TT T ˇ̌ Ť TT ˇˇ̌ TTT ˇ̌ Ť TT ˇˇ̌ TTŤ̌ˇ TT T ˇˇ ˇ TT T ˇ̌ Ť TT ˇˇ̌ TTT ˇ̌ Ť TT ˇˇ̌

TT T ˇ̌ Ť TT ˇˇ̌ TT T ˇ̌ Ť TT ˇˇ̌ d d d d d d d d d

(a) (b)

w w d d d

v_{- Base station} c_{- User}

Fig. 1. Cellular Systems: (a) Outdoor (b) Indoor.

the scenario shown in Fig. 1. A user at the border of two cells is attempting to transmit data. Typically only one of the base stations accepts data from this user. However, there might be other users at close proximity to this base station that may cause significant interference (the nearfar effect). This effect would be even more deleterious if the signal suffered from fading. The multi-user detectors mentioned above usually improve the performance in such settings. We examine some modified multi-user schemes in order to obtain additional improvement in performance. These modifications are based on exploiting the concept of diversity. Whenever a user is near the periphery of a cell, the user is roughly at the same distance with respect to at least one other base station. If all the base stations in the vicinity of one user keep track of this user, the signals received at all the base stations can be combined to obtain certain improvements in performance. The availability of one user’s signal at many of the nearby stations constitutes diversity.

In section II, we present the system model and discuss how the improvements in performance can be achieved based on maximum likelihood detection theory. Based on the theory presented in section II, we suggest some detectors in section III. These diversity-based structures can be implemented with some increase in complexity, which can, however, be reduced by using a partial tracking strategy (section III.D). In section IV, we discuss the performance measures and give the expressions for error probabilities. We study the performance of these detectors by considering some numerical examples in section V. Section VI concludes the paper.

II. System Description and Detection Model

Suppose there are L base stations in the region of interest. The received signal, r(t), at a given base station (say l^{th}) may be expressed as

r^{(l)}(t) = S^{(l)} (t; b) + n^{(l)}(t), −∞ ≤ t ≤ ∞ (1)

with

S^{(l)}(t; b) = M∑ i=−M K∑ k=1 b_k(i) √ E^{(l)}_k (i)s_k(t − iT − τ^{(l)}_k ),

where n^{(l)}(t) is a white Gaussian noise process with twosided power spectral density given by σ^2_l , K is the number of users, T is the symbol interval, s_k(t), E^{(l)}_k (i), and b_k(i) are the modulating signal, symbol energy, and data symbol respectively associated with the k^{th} user during the i^{th} symbol interval, with s_k(t) being zero for t ∉ [0, T ] and having unit energy. τ^{(l)}_k is the delay (symbol epoch) associated with the k^{th} user (without loss of generality, we assume 0 ≤ τ_k < T ), N T = (2M + 1)T is the observation interval. We let b = [ b^T (−M ), · · · , b^T (0), · · · b^T (M ) ]_T , where b(i) = [b_1(i), · · · , b_K(i)]^T and b(−M − 1) = b(M + 1) = 0 where T denotes the matrix transpose. Even though the analysis is valid for any linear modulation scheme^1, for simplicity, we let the data symbols b_k(i) assume values from the set A = {−1, +1} (i.e., binary signaling). In certain cases (for example, in a CDMA system where the differences in symbol epochs between the users’ signals are much smaller than one chip time), we can assume that all the signals arrive at the receiver simultaneously (i.e., the symbol epochs occur at the same time. In other words, τ^{(l)}_1 = · · · = τ^{(l)}_k = τ^{(l)}). We refer to these systems as synchronous systems. If this condition is not satisfied, we refer to such systems as asynchronous systems.

A multi-user detector uses the above signal to estimate the data symbols. Usually, the data would be estimated at the base station, and then the estimates alone will be sent to the switch on a high speed and highly reliable channel (for example, a fiber link). However, when a user’s signal suffers from severe fading, the decisions made even by a multi-user detector may not be reliable. These difficulties can be circumvented with an increase in infrastructure as well as in computational complexity.

In cellular systems, when a user is crossing over the boundary of a cell into another, in order to have a smooth transfer (hand-off) between two base stations, it is proposed [7] that both base stations track the user when it is near the periphery (on either side of cell). This type of tracking is called soft hand-off. Since the users near the

1The above is a baseband model for any linear modulation and assumes perfect carrier frequency and phase synchronization.

c c c c c users K

1 2 k - - -

ZZZ̃ - æææ¿ - r^{(2)}(t)

r^{(L)}(t) r^{(1)}(t) Sensor 1 Sensor 2

Sensor L

Switch Estimated Data . .

Suff. Stat.

Suff. Stat.

Suff. Stat.

. .

Fig. 2. A system using diversity; Suff. Stat. = Sufficient Statistics.

periphery of the neighboring cells are likely to cause significant interference, if both the base stations track all the users having considerable signal strength, then these signals can be combined to obtain a reduction in the average symbol error rate. Thus, we are trying to use the diversity which already exists in many schemes. Hence better performance can be achieved by detecting the signals at the switch using this “diversity”. The amount of data that is to be sent from the base station to the switch is increased, since for the detection of a given symbol, all the sufficient statistics (that are required for the detection) have to be sent to the switch. This increase can be justified if there is a significant improvement in the overall performance. This is the issue we address in this paper. Thus a base station receiving the signals, instead of detecting the data, will calculate the sufficient statistic and send them to the switch. The switch will combine these statistics and obtains an estimate of the data. The procedure is depicted in Fig. 2.

Further, in PCS systems, the cells would be very small (micro-cells) and numerous. Hence, the base stations should be inexpensive. In one of the schemes [8] that is being considered for such systems, the base station is just an antenna, where the signal from the user is received and being sent over to the switch (without any demodulation) on a fiber link. Since the demodulation is done at the switch, for detecting a given user’s signal, it is again more advantageous to combine the signals received from all the base stations where this user’s signal strength is significant.

Without loss of generality, we assume that there are K users and that all the users are tracked by the L base stations (henceforth, referred to as sensors) that are available in the vicinity. Throughout this discussion, we will be considering both asynchronous and synchronous systems. We further assume that the noise at each sensor is independent of the other sensors’ noise.

1) Asynchronous systems: The expression for optimal estimate of b (in the maximum likelihood sense [9]) can be found easily and is given by

b̂ = arg { max b (_L ∑ l=1 γ^{(l)}(b) )} (2)

-

-

-

-

-

-

@-

@-

-

-

Source

Source

Mod.

User 1 User 1 User 1 MF

Mod. MF User K User K User K

C H A N N E L

. . . . . .

. . . .

. . b1(i)

bK (i) r(l)_{(t)} y(l)_{1 (i)}

y(l)K_{(i)}

b̂1(i)

b̂K (i)

Fig. 3. A conventional detector; MF = Matched Filter, Mod. = Modulator.

where

γ^{(l)}(b) = 1 σ^2_l [ 2 ∫_∞ −∞ r^{(l)}(t) S^{(l)}(t; b) dt − ∫_∞ −∞ ( S^{(l)} (t; b)

)_2 dt ] (3) Note that γ^{(l)} (b) is the required likelihood function for data detection at the l^{th} sensor when this sensor is considered alone for the purpose of detection [1]. Further, the likelihood function for this system is equivalent to the maximal ratio-combining of L received signals when there is only one user [10]. Since the required likelihood function is just a linear combination of γ^{(l)} (b), one can invoke Verdú’s [1] procedure (by using the Viterbi algorithm) to achieve optimal detection. However, since the complexity of this detector increases exponentially with the number of users, this method is impractical.

In [1], it is shown that the outputs of a bank of matched filters sampled at the symbol epochs - each filter matched to one of the users’ signals - along with the symbol epochs and the users’ signal energies, constitute the sufficient statistic [11]. Using a similar procedure, it can be again shown that the sampled outputs of the bank of matched filters and the symbol epochs, along with the users’ signal energies do indeed provide a sufficient statistic, even when there is more than one sensor. Let y^{(l)}_k (i) denote the output of the matched filter sampled at the symbol epochs (at iT + τ^{(l)}_k ) for the i^{th} symbol from the k^{th} user at the l^{th} sensor, i.e., (see Fig. 3)

y^{(l)}_k (i) = ∫_τ^{(l)}_{k +iT +T} τ (^l)_k +iT s_k(t − iT − τ^{(l)}_k ) r^{(l)}(t) dt i = −M, · · · , M ; l = 1, · · · , L. (4) Let y^{(l)}(i) = [y^{(l)}_1 (i), · · · , y^{(l)}_K (i)]^T , then

y^{(l)}(i) = R^{(l)}(−1)E^{(l)}(i + 1)b(i + 1) + R^{(l)}(0)E^{(l)}(i)b(i)

+ R^{(l)}(1)E^{(l)}(i − 1)b(i − 1) + n^{(l)}(i) (5)

with n^{(l)}(i) = [n^{(l)}_1 (i), · · · , n^{(l)}_K (i)]^T , where n^{(l)}_k (i) is the noise component of the k^{th} matched filter output, and with the assumption that b(−M − 1) = b(M + 1) = 0. The

(k, j)^{th} element of the cross-correlation matrix of the signals at the l^{th} sensor, R^{(l)}(i), is given by

R^{(l)}_{kj} (i) = ∫_∞ −∞ s_k(t − τ^{(l)}_k ) s_j (t + iT − τ^{(l)}_j ) dt = { 0 if | i |> 1 R^{(l)}_{jk} (−i) if i = 0, ±1, (6) and the energy matrix at the l^{th} sensor is given by

E^{(l)}(i) = diag ([√ E^{(l)}_1 (i), √ E^{(l)}_2 (i), · · · , √ E^{(l)}_K (i) ]) . The cross-correlation matrix of n^{(l)}(i) is given by

E^[n^{(l)}(i) n^{(m)}(j)^{T ]} = σ^2_l R^{(l)}(i − j) δlm ,

where E denotes the expected value and δ_{lm} is the Kronecker delta function. As was done in [2], for l = 1, · · · , L, we express (5) as

y^{(l)} = R^{(l)}E^{(l)}b + n^{(l)}, (7)

where

y^{(l)} = [y^{(l)T} (−M ), · · · , y^{(l)T} (M )]^T ,

n^{(l)} = [ n^{(l)T} (−M ), · · · , n^{(l)T} (M ) ]_T , E^{(l)} = diag ([ E^{(l)}(−M ), · · · , E^{(l)}(M ) ]) , b = [ b^T (−M ), · · · , b^T (M ) ]_T , and R^{(l)} = R^{(l)}(0) R^{(l)}(−1) 0 · · · 0

R^{(l)}(1) R^{(l)}(0) R^{(l)}(−1) . . 0 R^{(l)}(1) R^{(l)}(0) . . . 0 . . . . . . . . R^{(l)}(−1) 0 · · · 0 R^{(l)}(1) R^{(l)}(0)

.

Equation (7) can be rewritten as

y = H_ab + n_a, (8)

where y = [y^{(1)T} , · · · , y^{(L)T} ]^T , n_a = [n^{(1)T} , · · · , n^{(L)T} ]^T , and

H_a =

R^{(1)} 0 · · · 0 0 R^{(2)} · · · 0 . . . . . . . . . . 0 0 · · · R^{(L)}

E^{(1)} E^{(2)} . . E^{(L)}

, (9)

with the cross-covariance matrix of n_a being given by

E(nana^T ) = Qa = diag^{([}σ^2_1R^{(1)}, · · · ,σ^2_LR^{(L)])} . (10)

2) Synchronous Systems: For synchronous systems, since we assume that s_k(t) is zero for t ∉ [0, T ], we may drop the time dependency as we only need the information of symbols transmitted by the other users during that interval.

Hence, the received signal, for the detection of the i^{th} symbol, can be expressed as

r^{(l)}(t) = K∑ k=1 b_k(i) √ E^{(l)}_k (i)s_k(t − iT − τ^{(l)}) + n^{(l)}(t),

iT + τ^{(l)} ≤ t < (i + 1)T + τ^{(l)}, (11)

where we set the symbol epochs τ^{(l)}_1 = · · · = τ^{(l)}_k = τ^{(l)}. As with the asynchronous systems, the computational complexity of the optimal detector is exponential in number of users K. y^{(l)} (vector of the outputs of the bank of matched filters) is given by

y^{(l)} = R^{(l)}E^{(l)}b + n^{(l)}, (12)

where all the vectors are defined in analogous manner, R^{(l)} = R^{(l)}(0), E^{(l)} = E^{(l)}(0). Note that R^{(l)} will be same for l = 1, · · · , L, as the system is synchronous, and the window of integration (in the matched filter) will be identical at all the sensors. The cross-correlation matrix of n^{(l)} is given by

E^(n^{(l)}n^{(m)T )} = σ^2_l R^{(l)}δlm. (13)

As before, (12) can be rewritten as

y = H_sb + n_s, (14)

where y = [y^{(1)T} , · · · , y^{(L)T} ]^T , n_s = [n^{(1)T} , · · · , n^{(L)T} ]^T , and

H_s =

R^{(1)} 0 · · · 0 0 R^{(2)} · · · 0 . . . . . . . . . . 0 0 · · · R^{(L)}

E^{(1)} E^{(2)} . . E^{(L)}

. (15)

The cross-covariance matrix of n_s is given by

E^(nsns^{T )} = Qs = diag^{([}σ^2_1R^{(1)}, · · · ,σ^2_LR^{(L)])} . (16)

III. Sub-Optimal Detectors

A. Conventional Detectors

The most commonly used detector is the matched-filter receiver which we will refer to as the conventional detector (see Fig. 3). If there were no diversity, to estimate the i^{th} symbol of the k^{th} user, the decisions would be made based on the rule:

1) Synchronous Systems:

b̂^c_k = sgn { y^{(l)}_k } , (17)

2) Asynchronous Systems:

b̂^c_k(i) = sgn { y^{(l)}_k (i) } , (18)

where the superscript ‘c’ refers to the conventional detection technique. Note that (18) shows the time dependency explicitly, even though it is the same as (17).

When diversity is available, one would like to combine all the signals. There are two primary ways of achieving this: hard decoding and soft decoding. In this paper, we concentrate on soft decoding. In soft decoding, all the matched-filters’ outputs are combined and then a decision is made. Further, we consider only the linear combinations of these outputs. Hence, the decisions would be based on the rule:

1) Synchronous Systems:

b̂^c_k = sgn {_L ∑ l=1 ν^{(l)}_k y^{(l)}_k } , (19)

2) Asynchronous Systems:

b̂^c_k(i) = sgn {_L ∑ l=1 ν^{(l)}_k (i)y^{(l)}_k (i) } . (20)

Here ν^{(l)}_k , k = 1, · · ·, K; l = 1 · · · , L determine the combining rule. One would like to select ν^{(l)}_k such that the error probability is minimized. However, such a selection is not easy. One way to combine is by using the optimal combining rule as if there were only one user [10] [12]. Thus

ν^{(l)}_k (i) = √ E^{(l)}_k (i) σ^2_l

. (21)

In this paper, for comparison purposes, we always consider the conventional detector with diversity which employs the combining rule in (21).

B. Linear Detector

Here, we determine linear detectors which are optimal in the sense of minimum mean square error (MMSE).

1) Synchronous Systems: We want to find a linear transformation G_s : R^{LK} → R^K , where R^K is the K-fold cross product of the field of real numbers R, such that the estimate of the vector b is made through a “soft decision” on the vector a = G_sy and E ( (b − a)^T (b − a) ) is minimized.

In the absence of noise, this transformation is given by [13],

G_s = H_s^† (22)

where H_s is given by (15) and † denotes the generalized matrix inverse. Parenthetically, we note that one might want to take a Moore-Penrose inverse as it assures the uniqueness of the solution, even though other types of generalized inverses also satisfy the MMSE criterion [13] (this is needed only if the linear independence assumption [3] on the signals, in the absence of noise, is not valid - if it is valid, then all R^{(l)}, l = 1, 2, · · ·, L are identical and invertible and thus we do not need more than one sensor to detect the symbols). In the presence of noise, it can be easily shown that the transformation is given by

G_s = H^T_s ( H_sH_s^T + Q_s )_† . (23)

- - - -

- - - -

y^{(1)}_1

y^{(1)}_K

y^{(L)}_1

y^{(L)}_K

Gs

. .

. .

. .

. .

b̂l_1(i)

b̂l_K (i)

. .

Fig. 4. Linear detector for synchronous systems: Equations (23) and (24).

Note that Q_s, given in (16), would be positive definite if the signal set is linearly independent (not necessarily orthogonal) and the generalized inverse in the above equation becomes the regular matrix inverse. The symbols can then be estimated (since the alphabet is binary) as

b̂^l = sgn {G_sy} . (24)

The structure of the detector is shown in Fig. 4.

2) Asynchronous Systems: Here, the required linear transformation G_a : R^{LNK} → R^{NK} is given by

G_a = H_a^T ( H_aH_a^T + Q_a )_{−1} (25)

and the estimates are given by

b̂^l = sgn {G_ay} (26)

where H_a and Q_a are given by (9) and (10). The conditions of invertibility of the matrix in (25) are similar to those discused for (23) above. We note here that the linear equalizer and the weighted least squares detector proposed in [5] are basically modified versions of the above detector (25) when there is only one sensor.

C. Decision-Based Detector

The decision-based detector for one sensor (also referred to as multi-stage detector) has been described in [5] [4]. In these detectors, an initial set of estimates of the users’ symbols are made, these estimates being used to estimate the interference. Then this “estimated” interference is removed and a new estimate is made. This procedure may be repeated until a more reliable estimate is obtained (based either on error probability or the convergence of the estimates [4]). Here, we generalize this scheme when L sensors are available. Suppose it is desired to estimate b_k(i), and we assume that all the other data symbols estimates are available. Then, the optimal estimate (in the maximumlikelihood sense) of b_k(i) can be obtained by (a simple modification to the single-user receiver with diversity [10]),

b̂^d_k(i) = sgn L∑ l=1

√ E^{(l)}_k (i) σ^2_l z^{(l)}_k (i)

(27)

k k k k k k k k

k k

� � �

� � �

+

+ + +�

- - ? 6

- - ? 6JJ JJ Ĵ � � �Œ - -

-

-

-

- -

-

?

-

-

?

?

6

6 ?

?

m(i − 1, 2, l)

m(i, 2, l)

m(i + 1, 2, l) m(i − 1, K, l)

m(i, K, l)

m(i + 1, K, l) y^{(l)}_1 (i) b̂_2(i + 1)

b̂_K (i + 1)

T

T T

T

z^{(l)}_1 (i) . . . .

Fig. 5. Interference cancellation for the detection of b1(i) using a decision

based detector: Equation (29); m(i − j, k, l) = √_{E(l)} k (i − j)R(^l)1_k (j).

where z^{(l)}_k (i) is the result obtained by subtracting out the estimated interference from the matched-filter output. Hence, for 1) Synchronous Systems:

z^{(l)}_k (i) = y^{(l)}_k (i) − K∑ n = 1 n ≠ k

√ E^{(l)}_n (i)b̂_n(i)R^{(l)}_{kn}(0), (28)

while for

2) Asynchronous Systems:

z^{(l)}_k (i) = y^{(l)}_k (i) − 1∑ j=−1 K∑ n = 1 n ≠ k

√ E^{(l)}_n (i + j)b̂_n(i + j)R^{(l)}_{kn}(−j). (29)

Thus the estimate of b_k(i) depends on the estimates of other data symbols for that period as well as the preceding and the following periods (only for that particular period, if the system is synchronous). Fig. 5 depicts, for asynchronous systems and for the detection of b_1(i), how the interference at l^{th} sensor is removed from y^{(l)}_1 (i), by using the initial estimates b̂ (computation of z^{(l)}_k (i) as specified in (29)). Note that, in reality, only one delay element is required due to the time-boundedness assumption on s_k(t). For users with τ^{(l)}_k > τ^{(l)}_1 , the detection procedure uses b̂_k(i − 1) instead of b̂_k(i + 1). Fig. 6 shows how these (ideally) interference-free signals are combined to make the final estimates. Note that the above (optimal) combining rule is same as the maximal-ratio combining in a singleuser case. Since the detection process is based on some initial values for the symbols, prior estimates should be

h

h h - H�

- H�

-

-

?

?� �` @@ @@R - - . . . . b̂d_1(i) ×

+

+

√_{E(l)} 1 (i) σ2_l

√_{E(l)} 1 (i) σ2_l

z^{(1)}_1 (i)

z^{(L)}_1 (i) y^{(1)}_1 (i)

y^{(L)}_1 (i)

b̂(i + 1) b̂(i + 1)

Interference

Cancellation

Interference

Cancellation

Fig. 6. Detection of b1(i) using a decision based detector: Equation (27).

made. Due to the dependence of the detector on the initial estimates, the performance is primarily governed by the accuracies of these initial estimates. If these estimates were perfect, we can obtain optimal performance. Since this is not possible, the performance would be slightly inferior to the optimal detector. The initial estimates can be obtained by using any of the above detectors. It should be noted that the overall performance is dependent on this first-stage detector. The structure of a decision-based detector is shown in Fig. 7. This detector can be thought of as a decision-feedback equalizer adapted to a system with diversity.

D. Partial Tracking of the Signals

In general, it is neither necessary, nor practical, to have all the users tracked by all the sensors. The energies of some of the users may be so low that neither these signals create much interference nor are they sufficiently strong for any meaningful detection. Hence, we can assume that the contribution of these signals to the detection process is negligible. This tracking can be handled very much in the same way as the hand-off. Every base station will decide to receive data or not from a given user based on the SNR (using some sort of threshold). If the SNR is higher than the threshold, the base station will receive data from the user even if there were some other base stations which are also receiving data from that receiver. If the SNR is less than the threshold it will not “track” this particular user’s transmission. This would greatly reduce the complexity of the detector as the bank of matched-filters now will have a smaller number of matched filters as well as the amount of information that has to be sent to the switch would be reduced considerably.

For such a system, the detectors described in the previous sub-sections can be modified in a straight-forward manner. For the corresponding linear MMSE detector, the number of equations to be solved is reduced to a great extent.

�A H� �A H� H�

¸¸¸¸¸ XXXX X ¸¸¸¸¸ XXXXX ••

First-Stage Detector

Interference Canceller y

b̂ b̂^d

Fig. 7. A decision based detector.

IV. Error Probabilities

In this section as well as the next, we will evaluate the performance of the detectors discussed in section III. The usual performance measures that are used in a CDMA network are the error probability and the signal-to-interference ratio. While the former measure directly determines the error rate, the latter one is an indirect measure which conveniently describes the system performance (mainly due to the fact that it is hard to compute the error probabilities in most cases). The other performance measures introduced in [1] are the asymptotic user efficiency as well as the near-far resistance. These parameters evaluate the performance of a detector in high signal-to-background noise environment. For the maximum-likelihood detector as well as for both the linear and decision-based detectors, these parameters have been evaluated in [1], [2], and [4], for the single-sensor case and are found to be optimum in the sense of minimizing the near-far effect. Since the single-sensor can be considered as a special case of the more generalized scheme of using diversity, the diversity based detectors using the concept of the multi-user detection are also optimum (in terms of the terminology used in [1], they have the same near-far resistance as that of the optimal maximumlikelihood receiver) in the sense of minimizing the near-far effect. Further, one would like to study how the detector performs when the signal-to-noise ratios are not too high. Hence, in this paper, we concentrate on the error probabilities. We briefly comment on the signal-to-interference ratio in section V.

Without loss of generality, unless specified, we assume that we are interested in the evaluating the error probability for user 1. As we assume that the symbols are equiprobable, to determine the average error probability, it is sufficient to compute the error probability when b_1(i) = 1. Define j1(n) = [j_1(n) · · · j_{K−1}(n)]^T , j(i, n) = [δ_{ni}, j1(n)]^T , where δ_{ni} is the Kronecker delta, and j_k(n) ∈ A = {−1, 1}. Further, let C^{(l)}(i, n) = E^{(l)}(i)R^{(l)}(i − n)E^{(l)}(n).

A. Conventional Detectors

1) Synchronous Systems: If the interfering symbols were known, then y^{(l)}_1 (i) would be a Gaussian random variable

with mean α_l/ √ E^{(l)}_1 (i) and variance σ^2_l , where α_l is the element in the first row of the column matrix C^{(l)}(i, i)j(i, i). Then, using the combining rule, given by (19) and (21), for the detection of b_1(i), it can be easily shown that the error probability is given by

P_{s,c}(error) = E ( Pr(b̂_1 = −1 | b_1 = 1) )

= ∑ b_j ∈A,j≠1 Pr(b̂_1 = −1 | b_1 = 1, b_2, · · ·, b_K ) Pr(b_2, · · · , b_K)

= ∑ j1(i)∈A^K�^1 1 2^K erfc L∑ l=1 α_l σ^2_l 2 L∑ l=1 E^{(l)}_1 (i) σ^2_l

, (30)

where erfc(x) = 2 √ π ∫_∞ x e^{−x2} dx, and A^{K−1} is the (K −1) fold cross product of A = {−1, 1}.

2) Asynchronous Systems: If the symbol epochs τ^{(l)}_k , l = 1, · · ·, L, k = 1, · · ·, K are known, then the average error probability for this case is similar to (30) with the summations being taken over j1(i − 1), j1(i) and j1(i + 1) and is given by P_{a,c}(error | τ^{(l)}_k , ∀k, l) =

∑ j1(i − 1)

∈ A^K�1

∑ j1(i) ∈ A^K�1

∑ j1(i + 1) ∈ A^K�1 1 2^{3K−2} erfc L∑ l=1 α_l σ^2_l 2^L ∑ l=1 E^{(l)}_1 (i)

σ^2_l (31) where α_l is the first element of the column matrix ∑_1 n=−1 C (l)(i, i − n)j(i, i − n). Note that some of the terms in the numerator of (31) would be zero due to the timeboundedness of the signals (since some of the cross-correlations would be zero - for example, at least one of R^{(l)}_{jk} (1) and R^{(l)}_{jk} (−1) has to be zero). To determine the average error probability, one has to take the expected value (with respect to τ^{(l)}_k , ∀k, l or with respect to all the correlations) of the right hand side of (31). The direct evaluation of this expectation is not straight-forward. However, the average error probability can be evaluated by using the method of moments outlined in [14].

B. Linear Detector

For synchronous systems, the average error probability, for the detection of b_k(i), for the linear detector (Fig. 4) is given by

P_{s,l}(error) = 1 2^K ∑ j1∈A^K�^1 erfc (√ η 2σ^2 ) (32)

with η being the k^{th} element of the column matrix G_sH_sj(i, i) and σ^2 being the (k, k) element of the matrix G_sQ_sG^T_s , where G_s, H_s and Q_s are given by equations

(23), (15) and (16) respectively. The expression for asynchronous system is also similar with K being replaced by K(2M + 1) and averaging over all the possible users’ symbols. Note that in this detector, for asynchronous systems, since all the symbol epochs are known, equation of the form (32) would give the exact error probability.

C. Decision-Based Detector

For the decision-based detector (Figs. 5 7), it is also possible to find the exact average error probabilities, if the detector used to make the initial decisions is simple enough (for example, the conventional detector or the linear detector). When the initial decisions are made by using the conventional detector (using the diversity), the average symbol error probability is given by

1) Synchronous Systems:

P_{s,d}(error) = ∑ j1(i)∈A^K�^1 ∑ ĵ1_(i_{)∈A}K�1 1 2 erfc L∑ l=1 β_l σ^2_l 2^L ∑ l=1 E^{(l)}_1 (i) σ^2_l

· ERF(K − 1; j(i, i);ĵ(i); C1(i, i)) (33)

Here,

ERF(K − 1; j;ĵ; C1) = 1 (2π)^K

�1_2

| C1 |^12 · ∫_{d1} c1 · · · ∫_{dK}�_1

c_K�1 exp [ −(z − z̄)^T C1^{−1}(z − z̄) ] dz_1 · · · dz_{K−1}, (34) where z = [z_1, · · · , z_{K−1}]^T is a Gaussian random vector with mean z̄ and covariance matrix C1(i, i), ĵ(i) = [0, ĵ_1(i), · · · , ĵ_{K−1}(i)]T and let C(i, i) =^1_{σ2l} ∑^L_{l=1} C(l)(i, i),

then β_l is the element in the first row of the column matrix C^{(l)}(i, i) ( j(i, i) − ĵ(i) ) . The k^{th} element of z̄ = [z̄_1, · · · , z̄_{k−1}]^T is the sum of all the elements in the (k + 1)^{th} row of C(i, i)j(i) and C1(i, i) is the submatrix of the (1, 1) element of C(i, i) and

c_k = { −∞ if ĵ_k(i) = −1 0 if ĵ_k(i) = 1 ,

d_k = { 0 if ĵ_k(i) = −1 ∞ if ĵ_k(i) = 1 . 2) Asynchronous Systems: The expression for this case is also given by (33), with β_l being given by the first element of the column matrix

∑_1 n=−1 C (l)(i, i + n)[j(i, i − n) −ĵ(i − n)] with the summation taken over j1(i−1), j1(i) and j1(i+ 1), as well as ĵ1(i − 1), ĵ1(i) and ĵ1(i + 1), z̄ is a 3(K − 1) vector with its k^{th} element being given by the sum of all the elements in the (k + 1)^{th} row of

∑_1 n=−1 C(i, i + n)j(i, i − n) and C1(i, i) is the submatrix of the (1,1) element of ∑_1 n=−1 C(i, i + n).

10^{−3}

10^{−2}

0 1 2 3 4 5

P_e(User 2)

SNR21

�`_{sl}^d

c

Fig. 8. Average error probability for three users as a function of SNR21 for SNR1 = 5 dB, and ρ = 0.3 (detectors: c - conventional, d - decision based, s - single user, l - linear).

V. Numerical Results

To evaluate the system performance, we consider some examples. Consider a system comprising of three users and two sensors (K = 3, L = 2). We shall label the users 1, 2 and 3, while we label the sensors as 1 and 2. The first two users are tracked by sensor 1, while the last two are tracked by sensor 2 (i.e., all the users are not tracked by all the sensors). Let

R^{(1)} = R^{(2)} =

1 ρ_1 0 ρ_1 1 ρ_2 0 ρ_2 1 ,

E^{(1)} =

E^{(1)}_1 0 0 0 E^{(1)}_2 0 0 0 0

, E^{(2)} =

0 0 0 0 E^{(2)}_2 0 0 0 E^{(2)}_3 , and σ^2_1 and σ^2 be the two-sided power spectral density of the additive noise at the two sensors and we assume them to be equal. We are interested in the performance of the detector with respect to user 2. Let E^{(1)}_2 and E^{(2)}_2 , the energies of the second user at the two sensors, be equal. Further, let us assume that E^{(1)}_1 = E^{(2)}_3 and ρ_1 = ρ_2 = ρ. Define SNR_{ij} as the SNR of the i^{th} user at the j^{th} sensor;

i.e.^{E(j)i}_{2σ21} , where 2σ^2_l is the two-sided noise power spectral density at the sensor. We consider the cases where SNR11

= SNR32 = SNR1 ( =^{E(1)1}_{2σ21} ) is 5dB as well as 10 dB.

Using the results of section IV, we plot in Figs. 8 - 13, the average error probabilities of the conventional detector, the linear detector, the decision based detector and a single-user detector (optimal detector used when there were no multi-user interference - see section III.A) as a function of the signal-to-noise ratio of the second user, SNR21 for various values of ρ, as well as a function of ρ for various values of SNR21. Even for higher values of ρ, the performance of linear detector and the decision based detector (Figs. 10 and 13) seem to be much better than the conventional detector. Their performance is actually very close to that of

10^{−3}

10^{−2}

10^{−1}

0 1 2 3 4 5

P_e(User 2)

SNR21 c d l s

Fig. 9. Average error probability for three users as a function of SNR21 for SNR1 = 5 dB, and ρ = 0.5 (detectors: c - conventional, d - decision based, s - single user, l - linear).

10^{−2}

10^{−1}

0 0.2 0.4 0.6 0.8

P_e(User 2)

ρ c d l

s

Fig. 10. Average error probability for three users as a function of ρ for SNR1 = 5 dB, and SNR21 = 2 dB (detectors: c - conventional, d - decision based, s - single user, l - linear).

10^{−10}

10^{−8}

10^{−6}

10^{−4}

10^{−2}

0 2 4 6 8 10

P_e(User 2)

SNR21

-
  �*

c

d s

�l̀

Fig. 11. Average error probability for three users as a function of SNR21 for SNR1 = 10 dB, and ρ = 0.3 (detectors: c - conventional, d - decision based, s - single user, l - linear).

10^{−9}

10^{−7}

10^{−5}

10^{−3}

10^{−1}

0 2 4 6 8 10

P_e(User 2)

SNR21 c d l s

Fig. 12. Average error probability for three users as a function of SNR21 for SNR1 = 10 dB, and ρ = 0.5 (detectors: c - conventional, d - decision based, s - single user, l - linear).

10^{−3}

10^{−2}

10^{−1}

0 0.2 0.4 0.6 0.8

P_e(User 2)

ρ c d l s

Fig. 13. Average error probability for three users as a function of ρ for SNR1 = 10 dB, and SNR21 = 4 dB (detectors: c - conventional, d - decision based, s - single user, l - linear).

the single-user detector for ρ’s as high as 0.3 (Figs. 8 and 11) and gives a reasonable performance even for ρ = 0.5 (Figs. 9 and 12). Clearly, the mitigation of the near-far effect is demonstrated by these results. As expected [4], the decision based detector performs very well when SNR21 is either very low or very high compared to SNR1. However, when SNR21 is in the vicinity of SNR1 (Fig. 9), its performance is poor compared to that of the linear detector. This is due to the fact that as SNR21 is increased, it causes significant interference to the other users’ signals and hence the initial estimates made by the conventional receiver are not as reliable as when SNR21 is very low or very high.

In the next example, we will illustrate the effect of diversity in a more complex system. Consider a synchronous system having six users with two sensors (combined) being able to track them. We use the sequences described in [15, Table 5.10] as the signature sequences. These sequences are not optimized in any sense and have (reasonably) high correlations. The correlation matrix (see (6)) is

R^{(l)}(0) = 1 31

31 −9 −9 −9 −9 11 −9 31 −9 11 −9 −9 −9 −9 31 −9 11 −9 −9 11 −9 31 −9 −9 −9 −9 11 −9 31 −9 11 −9 −9 −9 −9 31

. (35)

In Table V, we consider the case when all the users have equal signal-to-noise ratios. In this table, we tabulate the error probabilities P_e for the conventional detector without and with diversity for various values of SNR. Also tabulated is the effective Signal-to-Interference ratio in dB that is required to obtain the same error probability if there were no interference, i.e., if the error probability for a given user using a given detector is P_e, then we define SIR as the effective signal-to-noise ratio of that user, given by the implicit equation,

P_e = 1 2 erfc (√ SIR ) . (36)

SIR is analogous to the signal-to-interference ratio that is commonly used in spread-spectrum systems [15]. Also tabulated is the average signal-to-interference ratio (ASIR), which we define, for a given user, as

ASIR = {E[d(i)]}^2 var[d(i)]

, (37)

where E denotes the expectation, var denotes the variance and d(i) is the variable on which the decision is made for that user (applied to a threshold device). Note that the numerator would be same as the total signal energy as we have assumed equi-probable symbols. Hence, ASIR can be interpreted as the ratio of the signal energy of the user of interest to the sum of the variance of the additive white noise and the interference power from all the interfering users at the input of the threshold device. This would be a true measure of the interference, if the interference can be assumed to be a Gaussian variable [16]. However, in all the examples considered, this assumption cannot be invoked. Despite this fact, we find ASIR to be a convenient measure, since as can be seen from the table, ASIR is very close to SIR. In Table V, we tabulate the same for a linear detector.

Table V indicates^2 that, as can be expected, the performance of the conventional receiver using one sensor is very poor. Even when each of the users’ signal-to-noise ratio is as high as 12 dB, the error probability is 0.08. The poor performance is also well illustrated by both SIR and ASIR which are in the vicinity of 0 dB. The performance does not really improve even when we use two sensors (the SIR’s are still too close to 0 dB). When we use the linear detector with one sensor, the performance, again as can be expected, is improved to a great extent. However, still the SIR is about 2 dB less than SNR. When two sensors are used, the performance of a single-user detector is improved by 3 dB due to diversity. However, the SIR of the linear

2All the results in the tables were evaluated using the expressions in section IV.

TABLE I ERROR PROBABILITIES AND CORRESPONDING SIR’S FOR CONVENTIONAL DETECTOR WITH 6 USERS

SNR Conventional Without Diversity Conventional With Diversity P_e SIR ASIR P_e SIR ASIR 6dB 9.99 × 10^{−2} -0.85 -0.71 8.84 × 10^{−2} -0.40 -0.22 8dB 9.15 × 10^{−2} -0.52 -0.35 8.30 × 10^{−2} -0.18 -0.02 10dB 8.56 × 10^{−2} -0.28 -0.11 7.74 × 10^{−2} 0.05 0.10 12dB 8.03 × 10^{−2} -0.07 0.05 7.11 × 10^{−2} 0.32 0.19

TABLE II ERROR PROBABILITIES AND CORRESPONDING SIR’S FOR LINEAR DETECTOR WITH 6 USERS

SNR Linear Without Diversity Linear With Diversity P_e SIR ASIR P_e SIR ASIR 6dB 1.28 × 10^{−2} 3.96 3.96 1.05 × 10^{−3} 6.75 6.75 8dB 2.90 × 10^{−3} 5.80 5.80 6.52 × 10^{−5} 8.65 8.65 10dB 3.08 × 10^{−4} 7.69 7.68 8.94 × 10^{−7} 10.58 10.57 12dB 9.86 × 10^{−6} 9.60 9.60 1.12 × 10^{−9} 12.53 12.52

detector is still approximately 2 dB less than that of the total (interference-free) signal-to-noise ratio (sum of SNR and a diversity gain of 3 dB).

In the final example, we will study the effect of partial tracking. Consider the case when there are 10 users and 2 sensors. Again, the signature sequence is of length 31. The first six sequences are the auto-optimal m-sequences given in [17, Fig. A1], while the other four have the least sidelobe energy phase with the best odd auto-correlation parameters from [17, Fig. B1]. With these sequences and for a synchronous system, the correlation matrix (i.e., R^{(l)}(0) of 6) is

1 31

31 −1 −1 7 −1 −1 −1 7 3 −1 −1 31 −9 −9 7 −1 −1 −1 −1 3 −1 −9 31 −1 −1 −5 −1 −1 7 −1 7 −9 −1 31 7 7 −9 7 −1 −1 −1 7 −1 7 31 7 −9 −1 −1 −1 −1 −1 −5 7 7 31 −1 −9 −9 7 −1 −1 −1 −9 −9 −1 31 7 3 −1 7 −1 −1 7 −1 −9 7 31 7 −5 3 −1 7 −1 −1 −9 3 7 31 −1 −1 3 −1 −1 −1 7 −1 −5 −1 31

.

Even though the correlations are reasonably high, they are much smaller compared to the ones in the previous example. As before, we tabulate the SNRs of each user at each sensor and the corresponding error probabilities for both the conventional and linear detectors with and without diversity in Tables V and V. Note that for the case without diversity, the error probabilities tabulated for users 1-4 are based on the detection at sensor 1, while for users 7-10, they are based on detection at sensor 2. For users 5 and 6, we tabulate the error probabilities at both the sensors. Also, we tabulate both SIR and ASIR for each of these cases. From Table V, we can see the performance degradation due to the interference. For example, for user 2, even though the SNR is 8 dB, the effective SIR is only 2.79 dB.

Further, a meaningful detection can be hardly performed for users 5 and 6. The situation is not much improved even when both the sensors are used.

The results tabulated in Table V are for the optimal linear detector (in the mean square sense), i.e., this detector requires information of all the users’ whose energy is significant at both the sensors. As can be expected, better performance can be obtained by using the multi-user detector. However, due to the weakness of the original signals from users 5 and 6 at both the sensors, the performance is still not very satisfactory. By using both the sensors, we can again obtain a gain of about 3 dB.

Finally, we tabulate the results when a detector tracks only some of the users (whose energy is significant) in Table V. In this example, again, each sensor tracks 6 users (sensor 1 tracks users 1-6 and sensor 2 tracks users 5-10). When diversity is not used, this partial detector can be thought as the linear detector which would be used (as opposed to the one referred previously where all the users are tracked). This detector performs very well for some users, but is significantly inferior for the other users, even when they have significant energy. For example, for user 8, the performance is about 1 dB worse than that for the optimal linear detector. When diversity is used, the performance is inferior to that of the optimal linear detector (with diversity) by only about 0.1 dB.

VI. Conclusions

In this paper, we highlighted the diversity which can enhance performance and which will be available in most of the cellular networks and PCS systems. We further developed sub-optimum receivers for both synchronous and asynchronous networks using the concept of multi-user detection. These detectors combine the advantages of using both diversity as well as multi-user detection. This not only mitigates the near-far effect, but also promises to yield

TABLE III ERROR PROBABILITIES AND CORRESPONDING SIR’S FOR CONVENTIONAL DETECTOR WITH 10 USERS

User SNR @1 SNR @2 Conventional Without Diversity Conventional With Diversity P_e SIR ASIR P_e SIR ASIR 1 8 dB -100 dB 1.79 × 10^{−3} 6.29 5.73 1.79 × 10^{−3} 6.29 5.73 2 8 dB -100 dB 2.57 × 10^{−2} 2.79 2.59 2.57 × 10^{−2} 2.79 2.59 3 8 dB -100 dB 5.25 × 10^{−3} 5.15 4.45 5.25 × 10^{−3} 5.15 4.45 4 8 dB 4 dB 3.31 × 10^{−2} 2.27 2.22 2.72 × 10^{−2} 2.67 2.59

5 5 dB 5 dB { 7.73 × 10^{−2} 6.31 × 10^{−2}

0.05 0.68

0.14 0.72 } 4.25 × 10^{−2} 1.71 1.71

6 5 dB 5 dB { 4.98 × 10^{−2} 1.19 × 10^{−1}

1.32 −1.59 1.33 −1.39 } 3.89 × 10^{−2} 1.92 1.90

7 4 dB 8 dB 1.41 × 10^{−2} 3.82 3.63 1.20 × 10^{−2} 4.06 3.65 8 -100 dB 8 dB 2.62 × 10^{−2} 2,74 2.67 2.62 × 10^{−2} 2,74 2.67 9 -100 dB 8 dB 7.55 × 10^{−3} 4.70 4.35 7.55 × 10^{−3} 4.70 4.35 10 -100 dB 8 dB 2.37 × 10^{−3} 6.01 5.72 2, 37 × 10^{−3} 6.01 5.72

TABLE IV ERROR PROBABILITIES AND CORRESPONDING SIR’S FOR LINEAR DETECTOR WITH 10 USERS

User SNR @1 SNR @2 Linear Without Diversity Linear With Diversity P_e SIR ASIR P_e SIR ASIR 1 8 dB -100 dB 2.89 × 10^{−4} 7.73 7.73 2.60 × 10^{−4} 7.80 7.80 2 8 dB -100 dB 9.76 × 10^{−4} 6.81 6.81 6.72 × 10^{−4} 7.11 7.11 3 8 dB -100 dB 4.30 × 10^{−4} 7.45 7.45 3.85 × 10^{−4} 7.53 7.53 4 8 dB 4 dB 1.24 × 10^{−3} 6.61 6.61 1.53 × 10^{−4} 8.14 8.14

5 5 dB 5 dB { 1.23 × 10^{−2} 9.80 × 10^{−3}

4.02 4.35

4.02 4.35 } 6.23 × 10^{−4} 7.17 7.17

6 5 dB 5 dB { 8.79 × 10^{−3} 1.60 × 10^{−2}

4.50 3.62

4.50 3.62 } 6.89 × 10^{−4} 7.09 7.09

7 4 dB 8 dB 8.13 × 10^{−4} 6.96 6.96 6.82 × 10^{−5} 8.62 8.62 8 -100 dB 8 dB 1.01 × 10^{−3} 6.78 6.78 5.68 × 10^{−4} 7.24 7.24 9 -100 dB 8 dB 3.83 × 10^{−4} 7.53 7.53 3.22 × 10^{−4} 7.66 7.66 10 -100 dB 8 dB 2.96 × 10^{−4} 7.71 7.71 2.60 × 10^{−4} 7.80 7.80

TABLE V ERROR PROBABILITIES AND CORRESPONDING SIR’S FOR PARTIALLY TRACKING LINEAR DETECTOR WITH 10 USERS

User SNR @1 SNR @2 Partial Linear Without Diversity Partial Linear With Diversity P_e SIR ASIR P_e SIR ASIR 1 8 dB -100 dB 2.91 × 10^{−4} 7.73 7.73 2.86 × 10^{−4} 7.74 7.74 2 8 dB -100 dB 1.07 × 10^{−3} 6.74 6.73 7.98 × 10^{−4} 6.98 6.98 3 8 dB -100 dB 4.61 × 10^{−4} 7.40 7.40 3.91 × 10^{−4} 7.52 7.52 4 8 dB 4 dB 2.74 × 10^{−3} 5.87 5.68 1.28 × 10^{−3} 6.58 6.58

5 5 dB 5 dB { 1.85 × 10^{−2} 1.04 × 10^{−2}

3.38 4.26

3.38 4.26 } 7.24 × 10^{−4} 7.05 7.05

6 5 dB 5 dB { 9.15 × 10^{−3} 2.72 × 10^{−2}

4.45 2.67

4.45 2.62 } 7.87 × 10^{−4} 6.99 6.99

7 4 dB 8 dB 2.25 × 10^{−3} 6.06 5,77 8.06 × 10^{−4} 6.97 6.97 8 -100 dB 8 dB 2.99 × 10^{−3} 5.77 5.43 7.05 × 10^{−4} 7.08 7.08 9 -100 dB 8 dB 3.83 × 10^{−4} 7.53 7.53 3.23 × 10^{−4} 7.65 7.65 10 -100 dB 8 dB 3.08 × 10^{−4} 7.69 7.69 2.60 × 10^{−4} 7.80 7.80 increased network capacities. The complexity of these receivers is linear in both the number of users as well as the degree of diversity. Thus, by using the partial tracking strategy, it seems that the increase in complexity does not seem to be a big factor given the added advantage of diversity (whose degree will also not be very large, to begin with). Using the diversity, however, involves sending the sufficient statistics to the switch which leads to a higher traffic requirement on the base station-to-switch link. If the sufficient statistic is quantized and eight bits are used for each variable, then the traffic on the channel from the base station to the switch would be increased by a factor that is slightly greater than eight (due to overhead). Fortunately, most of these channels would be based on fiber links which can support high data rates for a low cost. Hence, the extra complexity as well as the high data rate between the sensors and the switch seems to be justified, as the multi-user, multi-sensor detectors promise to provide better network performance. The detectors discussed in this paper can be modified to obtain sub-optimal detectors for multi-path fading channels which yield good performance [11] [18].

References

[1] S. Verdú, “Minimum probability of error for asynchronous gaussian multiple-access channels,” IEEE Trans. on Info. Theory, vol. IT- 32, pp. 85–96, Jan. 1986.

[2] R. Lupas and S. Verdú, “Near-far resistance of multi-user detectors in asynchronous channels,” IEEE Trans. on Commun., vol. COM- 38, pp. 496–508, April 1990.

[3] R. Lupas and S. Verdú, “Linear multiuser detectors for synchronous code-division multiple-access channels,” IEEE Trans. on Info. The-

ory, vol. 35, pp. 123–136, Jan. 1989.

[4] M. K. Varanasi and B. Aazhang, “Multistage detection in asynchronous code-divison multiple access communications,” IEEE

Trans. on Commun., vol. COM-38, pp. 509–519, April 1990.

[5] Z. Xie, R. T. Short, and C. K. Rushforth, “Suboptimum coherent detection of direct sequence multiple access signals,” Proc. IEEE

MILCOMM, pp. 0128–0133, 1989.

[6] L. F. Chang and J. C. I. Chuang, “Diversity selection using coding in a portable radio communications channel with frequency-selective fading,” IEEE J. Select. Areas. Commun., vol. 7, pp. 89–98, Jan. 1989.

[7] Qualcomm Inc., CA, Wideband Spread Spectrum Digital Cellular

Sustem Dual-Mode Mobile Station - Base Station Compatibility Standard: Proposed EIA/TIA Interim Standard, April 1992.

[8] L. J. Green, et al, “Microcells in personal communications systems,”

IEEE Commun. Magazine, vol. 30, pp. 76–88, Dec. 1992.

[9] H. L. van Trees, Detection, Estimation, and Modulation Theory

- Part I : Detection, Estimation and Linear Modulation Theory.

New York: John Wiley and Sons, Inc., 1967.

[10] D. Brennan, “Linear diversity combining techniques,” Proc. IRE, vol. 47, pp. 1075–1102, June 1959.

[11] S. Kandala, Multi-Sensor Multi-User Detectors in CDMA Net-

works. Ph.D. Thesis, Department of Electrical and Computer En-

gineering, University of Toronto, Toronto, Canada, 1994. [12] J. Proakis, Digital Communications. New York: McGraw-Hill Book Company, 1989.

[13] S. L. Campbell and J. C. D. Meyer, Generalized Inverses of Linear

Transformations. London: Pitman Publishing Limited, 1979.

[14] K. Yao, “Error probability of asynchronous spread spectrum multiple access communication systems,” IEEE Trans. on Commun., vol. COM-25, pp. 803–809, August 1977.

[15] M. K. Simon, J. K. Omura, R. A. Scholtz, and B. K. Levitt, Spread

Spectrum Communications, vol. 1. Rockville, MD: Computer Sci-

ence Press, 1985.

[16] E. A. Geraniotis and M. B. Pursley, “Error probability for direct-sequence spread-spectrum multiple-access communicationspart II: Approximations,” IEEE Trans. on Commun., vol. COM- 30, pp. 985–995, May 1982.

[17] M. B. Pursley and H. F. A. Roefs, “Numerical evaluation of correlation parameters for optimal phases of binary shift-register sequences,” IEEE Trans. on Commun., vol. COM-27, pp. 1597–1604, Oct. 1979.

[18] S. Kandala, E. S. Sousa, and S. Pasupathy, “Decorrelators for multisensor systems in CDMA networks”, European Transactions on

Telecommunications, (to be published).

Srinivas Kandala was born in Guntur, India on October 26, 1965. He received the B.E. degree in Electronics and Communications Engineering from Osmania University, Hyderabad, India in 1986, the M.Tech. degree in Electrical Engineering from the Indian Institute of Technology, Kanpur, India, in 1988, and the Ph.D. degree from University of Toronto, Toronto, Ontario, Canada in 1994.

He is currently working as a research associate at Institut National de la Recherche Scientifique-Telecom in Montreal, Quebec, Canada. His research interests include tranceivers and CDMA systems.

Elvino S. Sousa (S’80 - M’86) was born in Graciosa, Azores, (Portugal) on December 28, 1956. He received the B.A.Sc. degree in engineering science, and the M.A.Sc. degree in electrical engineering from the University of Toronto in 1980 and 1982 respectively, and the Ph.D. degree in electrical engineering from the University of Southern California in 1985. Since 1986 he has been with the department of Electrical and Computer Engineering at the University of Toronto where he is presently an Associate Professor. Since 1986 he has been a Natural Sciences and Engineering Research Council of Canada (NSERC) University Research Fellow.

He has performed research in the areas of packet radio networks, spread spectrum systems, mobile communications, and indoor wireless communications. At the University of Toronto he has taught graduate courses in error-correcting codes and mobile communications. He has given various lectures and short courses in mobile communications throughout the world. He is the Technical Program Chairman for the Sixth International Symposium on Personal Indoor and Mobile Radio Communications (PIMRC ’95).

Subbarayan Pasupathy (M‘73-SM‘81-F‘91) was born in Madras, Tamilnadu, India, on September 21, 1940. He received the B.E. degree in telecommunications from the University of Madras in 1963, the M.Tech. degree in electrical engineering from the Indian Institute of Technology, Madras, in 1966, and the M.Phil. and Ph.D. degrees in engineering and applied science from Yale University in 1970 and 1972, respectively.

He joined the faculty of the University of Toronto in 1973 and became a Professor of Electrical Engineering in 1983. He was the Associate Chairman of the Electrical Engineering Department from 1979 to 1982. At present, he is the Chairman of the Communications Group. His research interests lie in the areas of communication theory, digital communications, and statistical signal processing.

Dr. S. Pasupathy is a registered Professional Engineer in the province of Ontario. During 1982-1989 he was an Editor for Data Communications and Modulation for the IEEE Transactions on Communications. He has also served as a Technical Associate Editor for the IEEE Communications Magazine (1979- 1982) and as an Associate Editor for the Canadian Electrical Engineering Journal (1980-1983). Since 1984, he has been writing a regular column entitled “Light Traffic” for the IEEE Communication Magazine. He was elected as a Fellow of the IEEE in 1991 “for contributions to bandwidth efficient coding and modulation schemes in digital communication.”