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Abstract. In this paper, the uplink multiuser code division multiple access (CDMA) communication
system model is described in the form of space-time domain through antenna array and multipath
fading expression. Novel suitable neural network technique is proposed as an effective signal
processing method for the receiver of such an uplink multiuser CDMA system. By the appropriate
choice of the channel state information for the neural network parameters, the neural network can
collectively resolve the effects of both the inter-symbol interference due to the multipath fading
channel and the multiple access interference in the receiver of the uplink multiuser CDMA
communication system. The dynamics of the proposed neural network receiver for the uplink multiuser
CDMA communication system is also studied.
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Introduction

Wireless communications for mobile telephone and data transmission is currently undergoing very
rapid development. Many of the emerging wireless systems will incorporate considerable signal
processing intelligence in order to provide advanced services such as multimedia transmission [1].
In order to make optimal use of available bandwidth and to provide maximal flexibility, many
wireless systems operate as multiple-access systems, in which channel bandwidth is shared by many
users on a random access basis. One type of multiple access technique that has become very popular
in recent years is code division multiple access (CDMA). CDMA implemented with direct sequence
spread spectrum signaling is among the most promising multiplexing technologies for cellular
telecommunications services, such as personal communications, mobile telephony, and indoor
wireless networks. The advantages of direct-sequence spread-spectrum for these services include
superior operation in multipath fading environments, flexibility in the allocation of channels, the
ability to operate asynchronously, increased capacity in bursty or fading channels, and the ability to
share bandwidth with narrow-band communication systems without undue degradation of either
system’s performance [2]. CDMA or wideband CDMA is one of the more promising candidates for
third-generation (3G) or beyond 3G cellular services [3-4]. Inter-symbol interference (ISI) and
multiple access interference (MAI) are two major problems in CDMA or wideband CDMA.
Different advanced signal processing techniques have been proposed to deal with these problems.
Multiuser detection [5] and space-time processing [6] are the two main category techniques to
combat interference and multipath fading channel distortion.

A variety of multiuser detectors have been proposed to deal with MAI through demodulation of
mutually interfering signals. However, the computational effort required for the solution of
optimum receiver by using conventional multiuser detection and space-time processing methods
becomes prohibitively large for real-time implementations [2], [5].
Neural networks [7], [8] are layer networks with output feedback consisting of simple processors
(neurons) that can collectively provide good solutions to difficult optimization problems.
With the advent of neural networks, detectors based on well-known structures like multilayer
perceptrons [9] were proposed. With increasing attention focused on the application of neural
networks to the field of pattern recognition, more neural network–based multiuser detectors were
implemented. In [10], [11], Miyajima and Kechriotis uses neural network as the signal processing
method for the multiuser receiver under AWGN channel environment and shows to have excellent
sub-optimum performance. However, the neural network signal processing method proposed in [10],
[11] is unable to exhibit good performance for the uplink multiuser CDMA communication system
with both multiple access interference (MAI) and inter-symbol interference (ISI) due to the
multipath fading channel. The reason behind this is that neural network parameters set in [10], [11]
are not considering the whole channel characteristics of the uplink multiuser CDMA
communication system. Recently, blind detectors [12] and kernel-based detectors [13] have been
investigated.
In this paper, we consider the signal processing problem by using neural network technique for
the receiver of the uplink multiuser CDMA system with both multiple access interference (MAI)
and inter-symbol interference (ISI) due to the multipath fading channel. The uplink multiuser
CDMA communication system model is described in the form of space-time domain through
antenna array and multipath fading expression. By the appropriate choice of the channel state
information for the neural network parameters, the neural network can collectively resolve the
effects of both the multipath fading and the multiple access interference for the receiver of the
uplink multiuser CDMA system.
The rest of the paper is organized as follows. In Section 2, the model of uplink multiuser CDMA
communication system is presented. In Section 3, neural network technique is proposed as an
effective signal processing method for the receiver of the uplink multiuser CDMA communication
system. In Section 4, simulation studies are performed for the evaluation of the system performance
of the uplink multiuser CDMA communication systems under different channel situations. In
Section 5, conclusions are given.
In what follows, boldface capital (lowercase) letters refer to matrices (vectors), the superscript
(⋅)T denotes the transpose operation.

2 Communication System Model
The uplink in an asynchronous direct sequence code division multiple access (DS-CDMA) cellular
mobile radio network with K active users is considered.
The transmitted baseband signal due to the kth user is given by
x k (t ) = Ak

M −1

∑ b [i ]s (t − iT − q ) ,
i =0

k

k

k = 1,2, L , K

k

(1)

where M , T , bk [i ] , respectively denotes, the number of data symbols per frame, the symbol
interval, the ith transmitted symbol by the kth user. It is assumed that for each user k , the
symbol stream {b k [i ]} is a collection of independent equiprobable ± 1 random variables, and the

symbol streams of different users are independent. Ak , s k (t ) , q k (0 ≤ q k < T ) , respectively
denotes, the amplitude, the normalized signaling waveform, the delay of the kth user's signal.
At the base station receiver, a uniform linear antenna array of P elements is employed. Assume
that the channel can be modeled as a tapped delay line with L complex coefficients as the number
of resolvable multipaths. The baseband multipath channel between the kth user's transmitter and
the base station receiver can be modeled as a single-input multiple-output channel in the form of
space-time domain through antenna array and multipath expression.
When the fractionally sampled (oversampled) received signals are used in the digital receivers of
the mobile wireless communication systems, oversampling gives rise to cyclostationarity (CS) and
provides more statistical information which can be used to improve the communication system
performance [2]. Therefore, chip oversampling is used in the base station receiver of the uplink
CDMA mobile communication systems. The total received signal vector y (t ) , superposed all the
users' signals and additive Gaussian noise, is sampled at a multiple ( m ) of the chip-rate, i.e., the
sampling time interval is ∆ = (Tc m ) = (T M ), where M = m N is the total number of samples per
symbol interval, m is the chip oversampling factor.
Denote
N −1

L

j =0

l =1

g k (t ) = ∑ Ak ∑ a kl g klψ (t − jTc − qk − τ kl )
N −1

h k (t ) = ∑ ck [ j ]g k (t )

(2)
(3)

j =0

n (t ) = [n1 (t ), n 2 (t ), L , n P (t )]

(4)

 qk + τ kl + Tc T 
⋅  ≤ tk N
T
Tc 


(5)

T

νk = 

t k = (qk + τ kl + Tc ) T 

(6)

t = max1≤ k ≤ K {tk }

(7)

msmoothing = (M + K ) (M − K )t

(8)

where g k (t ) is the composite channel response vector, taking into account the effects of transmitted
power, antenna array response, chip pulse waveform, and the multipath channels. N , {c k [n ]}nN=−01 ,

ψ (t ) , respectively denotes, the processing gain, the binary (±1) spreading code, the normalized
chip waveform of duration Tc . a kl = [a kl ,1 , a kl , 2 , L , a kl , P ]T , g kl , τ kl , respectively denotes, the
array response vector, the complex gain, the delay, corresponding to the lth path of the kth user's
signal. n p (t ) (1 ≤ p ≤ P ) is the additive Gaussian noise at the pth antenna. msmoothing is the
smoothing factor.
Denote following discrete vectors and matrices

[

[

]]

[

[

]]

h k , j = h k [ j, 0] , hk [ j, 1] , L , h k j, M − 1

T

g k , j = g k [ j , 0] , g k [ j, 1] , L , g k j , M − 1

T

N −1

(9)
(10)

h k [ j , n] = ∑ ck , j [i ] g k ( jT + n∆ − lTc )

(11)

g k [ j , n] = g k ( jT + n∆ − lTc )

(12)

h k, j = Ck, j g k, j

(13)

i =0

[

{
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Ck , j = diag Ck , j [0], Ck , j [1],L, Ck , j M − 1

0
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(15)

(16)

y j [i, n] = ∑ h k [ j , n]bk [i − j ] + σn j [i, n]

(17)
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where j = 0, 1, L , t k , n = 0, 1, L , M − 1 , diag{ } denotes diagonal operation, Ck , j [n] is a P × P

matrix, H is a Pm N (t k + 1)× K (t k + 1) matrix. In this paper, we let the chip oversampling factor
m = 2 , then, we have a 2 PN × 2 PN matrix C k , j = diag{Ck , j [0], Ck , j [1],L, Ck , j [2 N − 1]} . For other
values of m , the matrix Ck , j can be similarly constructed. Suppose that user k is the user of
interest, and at every based station received antenna p , ( p = 1,2,L, P) , for every propagation path
j , ( j = 0, 1, L , t k ), the spreading sequence {ck , j , p [0], ck , j , p [1], L, ck , j , p [2 N − 1]} is known to the
receiver (and therefore Ck , j is known to the receiver). Then, the received discrete signals can be
expressed in a matrix form as
(25)
y[i ] = H b[i ] + σn[i ]
where y[i ] , n[i ] , b[i ] , H are, respectively, a Pm N (t k + 1)×1 received signal vector, a
2
Pm N (tk + 1) × 1 independent zero-mean complex white Gaussian noise vector with variance of σ ,

a K (t k + 1)×1 transmitted symbol vector, a Pm N (t k + 1) × K (t k + 1) multipath channel matrix.
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Neural Network-based Receiver

From equation (25), based on the minimization of the likelihood function, the transmitted symbol
vector of the optimal receiver can be estimated as [5]
2
1


T
T
(26)
bˆ [i ] = arg min y [i ] − H b[i ] = arg min  − y [i ] Hb[i ] + b[i ] H T H b[i ]
2


Note that if the value of Pm N (t k + 1) is relatively large, even for a small-to-moderate number of

{

}

users K , the computational effort required for the solution of (26) becomes prohibitively large for
real-time implementations.
Neural networks are layer networks with output feedback consisting of simple processors
(neurons) that can collectively provide good solutions to difficult optimization problems. Neural
networks have been employed extensively to solve a variety of difficult combinatorial optimization
problems [7]-[19].
Next, we will transform the minimization of the likelihood function given in (26) into the
minimization of neural network energy function E NN described by the expression
E NN = −OI −

1
OMO
2

(27)

By setting I = y [i ]H T and M = − H T H , then in (27), O is the output of neural network
neurons and M is the interconnection matrix between neural network neurons.
Once the above transformation is done, the sub-optimum estimation of the transmitted symbol
vector could be simply driven from the neural network receiver output by using
(28)
bˆ [i ] ≈ O
From equation (25) to equation (28), we can see that by the appropriate choice of the channel
state information used for the neural network parameters, the neural network can collectively
resolve the effects of both the inter-symbol interference due to the multipath fading and the multiple
access interference in the receiver of the uplink multiuser CDMA communication system.
The channel state information is very crucial to the proposed neural network receiver of the
uplink multiuser CDMA communication system. Imperfections in channel state information degrade
the neural network receiver performance. Channel estimation can be achieved by sending training
sequences, using pilot channel, or using blind methods. Periodic transmission of training sequences
make the identification of channel state information feasible since both input and output signals are
known during the transmission of these sequences.
In the following, more information about the dynamics of neural network receiver will be
discussed.
The dynamic equation implemented by the neural network energy function E NN is
Ci

doi
∂E
= − NN (O ) − Gi oi , i = 1, L , Pm N (tk + 1)
dt
∂oi

(29)

Where Ci is the output capacity and Gi is the parasite conductance of neuron i . Assuming for
simplicity that Ci = C and Gi = G for all the neurons, then, the dynamic behavior of the neural
network energy function E NN is
Pm N (t k +1)
dENN
 do 
= − ∑ C i 
dt
 dt 
i =1

2

(30)

Equation (30) shows that the neural network energy function E NN goes toward the minimum
value. Thus, for any initial value, the neural network evolves toward the minimum, and the energy
function has a global minimum point.
The gradient of the neural network energy function E NN is
∇E NN (O ) = −I − MO

(31)

Equation (31) shows that the neural network energy function E NN has a unique minimum value
ˆ = −M −1I . It is important to note that the minimum value derived according to the above
O
opt
procedure equals to the optimum minimum value
O opt = −M −1I

(32)

From above discussion, we can see that the neural network energy function has a global
minimum point and is stable for any initial value.
Therefore, the implementation of the neural network based receiver proposed for the uplink
multiuser CDMA communication system is feasible.
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Figure 1. System performance of matched-filter-based neural network method proposed in [10], [11]
under different channel situations.
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Figure 2. System performance of channel-state-information-parameters-assisted neural network
method proposed in this paper under different channel situations.
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Figure 3. System performance of channel-state-information-parameters-assisted neural network
method proposed in this paper with different errors of the channel state information parameters.
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Performance Evaluation

The simulated CDMA system is an asynchronous system adopting N = 31 Gold codes as spreading
sequences, with users K = 15 , antenna elements P = 3 , multipath diversity order L = 2 , L = 5 or
L = 9 , the number of symbols per frame is M = 300 , the chip pulse is a raised cosine pulse with
roll-off factor 0.5 , the initial delay q k of each user is uniformly generated on [0, LTc ] , the delay

of each path τ kl is uniformly generated on [0, LTc ] . The modulation scheme is BPSK.
In the following, the system performance studies of the method proposed in [10], [11] (we call it
the matched-filter-based neural network method) are provided for the references with the proposed
method in this paper (we call it the channel-state-information-parameters-assisted neural network
method).
When the matched-filter-based neural network method proposed in [10], [11] is used as the signal
processing method, the simulated bit error rate (BER) versus average signal-to-noise ratio (SNR)
performance is shown in figure 1 for different near-far ratio (NFR) and different multipath diversity
order L .
From figure 1, we can see that the BER versus average SNR performance of the matched-filterbased neural network method proposed in [10], [11] is unable to resistant to the inter-symbol
interference (ISI) due to the multipath fading channel (with different multipath diversity order L ).
When the average SNR is larger than 20 dB, the BER versus average SNR performance of the

matched-filter-based neural network method proposed in [10], [11] becomes much worse as the
multipath diversity order is increasing.
When the channel-state-information-parameters-assisted neural network method proposed in this
paper is used as the signal processing method, the simulated bit error rate (BER) versus average
signal-to-noise ratio (SNR) performance is shown in figure 2 for different near-far ratio (NFR) and
different multipath diversity order L . (The channel estimation method proposed in [20] is used
here to estimate the channel state information for the neural network parameters.)
From figure 2, we can see that the channel-state-information-parameters-assisted neural network
method proposed in this paper can collectively resolve the effects of both the multipath fading (with
different multipath diversity order L ) and the multiple access interference (with different near-far
ratio NFR ). When the average SNR is larger than 20 dB, the BER versus average SNR
performance of the channel-state-information-parameters-assisted neural network method proposed
in this paper becomes only a little worse as the multipath diversity order is increasing and the nearfar ratio is increasing.
Since the accuracy of the channel state information for the neural network parameters is very
crucial to the channel-state-information-parameters-assisted neural network method proposed in this
paper, the system performance affected by the error in the channel state information parameters will
be studied in the following.
When near-far ratio (NFR) is NFR = 10 dB and multipath diversity order is L = 5 , the average
simulated bit error rate (BER) versus signal-to-noise ratio (SNR) system performance for the case in
which the channel state information parameters delivered to the proposed channel-stateinformation-parameters-assisted neural network receiver contains different errors are shown in
figure 3.
From figure 3, we can see that the less the error in the channel state information parameters, the
better the channel-state-information-parameters-assisted neural network receiver performance.

5

Conclusions

In this paper, a novel suitable neural network technique is proposed as an effective signal processing
method for the receiver of the uplink multiuser CDMA system. The dynamics of the proposed
neural network receiver for the uplink multiuser CDMA communication system is discussed.
Simulation studies show that the proposed neural network receiver can collectively resolve the
effects of both the inter-symbol interference due to the multipath fading channel and the multiple
access interference in the receiver of the uplink multiuser CDMA communication system if the
channel state information for the neural network parameters is appropriately chosen. The accuracy
of the channel state information for the neural network parameters is crucial to the system
performance of the proposed neural network receiver for the uplink multiuser CDMA
communication system.

Acknowledgments
This work was supported in part by the National Science Foundation of China (No. 60602021, No.

60772119), the Specialized Research Fund for the Doctoral Program of Higher Education (No.
20060151001), the Excellence Young Talent Fund of Dalian (No. 2006J23JH037), the open
research fund of Nation Mobile Communications Research Laboratory of Southeast University (No.
A200606).

References
1. N. Dimitriou, R. Tafazolli, G. Sfikas. Quality of service for multimedia CDMA. IEEE Commun. Mag., Vol.
38, No. 7, 2000, pp. 88-94.
2. X. Wang and H. V. Poor. Wireless communication systems: advanced techniques for signal reception. Upper
Saddle River, NJ: Prentice Hall, 2004.
3. Z. W. Zheng, Z. X. Yang, Y. S. Zhu, C. Y. Pan. Channel estimation and interference suppression for uplink
CDMA mobile communication systems. Wireless Communications and Mobile Computing, vol. 4, no. 5, pp.
483-489, Aug. 2004.
4. T. Ojanperä, R. Prasad. Wideband CDMA for Third Generation Mobile Communications. Norwood, MA:
Artech House, 1998.
5. S. Verdu. Multiuser Detection. Cambridge University Press, UK, 1998.
6. A. J. Paulraj and C. B. Williams. Space-time processing for wireless communications, IEEE Signal Process.
Mag., Vol. 14, No. 6, 1997, pp. 49-83.
7. J. J. Hopfield. Neural networks and physical systems with emerging collective computational abilities. Proc.
Nut. Acad. Sci. USA, Vol. 79, 1982, pp. 2554-2558.
8. J. J. Hopfield, D. W. Tank. Neural computation of decisions in optimization problems. Biol. Cybern., Vol.
52, 1985, pp. 141-152.
9. M. G. Shayesteh, H. Amindavar. Multiuser detection in DS/CDMA systems using neural networks. IEEE 7th
Int. Symp. Spread-Spectrum Tech. Appl., pp. 506–510, Sep. 2002.
10. T. Miyajima, T. Hasegawa. Multiuser detection using a Hopfield network for asynchronous code-division
multiple-access systems. IEICE Trans. Fund. Elect., Commun. Comp. Sci., Vol. E79-A, No. 12, 1996, pp.
1963-1971.
11. G. I. Kechriotis, E. S. Manolakos. Hopfield neural network implementation of the optimal CDMA
multiuser detector. IEEE Trans. Neural Networks, Vol. 7, No. 1, 1996, pp.131-141.
12. K. Waheed, F. M. Salem. Blind information theoretic multiuser detection algorithms for DS-CDMA and
WCDMA downlink systems. IEEE Trans. Neural Netw., vol. 16, no. 4, pp. 937–948, Jul. 2005.
13. S. Chen, L. Hanzo. Block-adaptive kernel-based CDMA multiuser detection. Proc. IEEE Int. Conf.
Commun., 2002, pp. 682–686.
14. K. Smith, M. Palaniswami, and M. Krishnamoorthy. Neural techniques for combinatorial optimization with
applications. IEEE Trans. Neural Networks, Vol. 9, No. 6, 1998, pp. 1301-1318.
15. W. Zhu, T. Y. Liang, C. K. Shieh. A Hopfield neural network based task mapping method,” Computer
Commun., Vol. 22, 1999, pp. 1068-1079.
16. A. Engelhart, W. G. Teich, J. Lindner, G. Jeney, S. Imre, L. Pap. A survey of multiuser/multisubchannel
detection schemes based on recurrent neural networks. Wireless Commun Mobile Comput., Vol. 2, 2002, pp.
269-84.
17.. S. Salcedo Sanz, R. Santiago Mozos, C. Bousoño Calzón. A hybrid Hopfield network-simulated annealing
approach for frequency assignment in satellite communications systems. IEEE Trans. Syst., Man, Cybern. B,
Vol. 34, 2004, pp. 1108-1116.
18. Simon Haykin. Neural Networks: A Comprehensive Foundation, 2nd Edition). Upper Saddle River, N.J. :
Prentice Hall, 1999.
19. S. Haykin, Adaptive Filter Theory, 3rd ed. Englewood Cliffs, NJ: Prentice-Hall, 1996.
20. A. A. D’Amico, U. Mengali, M. Morelli. Channel estimation for the uplink of a DS-CDMA system. IEEE
Trans. Wireless Commun., Vol. 2, No. 6, 2003, pp. 1132-1137.

