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1. Introduction

MultiUser Detection (MUD) [1] is the key technology against interference in CDMA
communication system. In real CDMA communication system, correlation of signals exists, which is
named Multiple Access Interference (MAI). MAI produced by several users is small, but with the
increase of users or the power of signal, MAI becomes the central problem in CDMA communication
system. According to classical direct-sequence spread-spectrum theory, traditional detector filters signal
of each user according to its signature waveform, which results in bad performance against MAI. Based
on traditional detection technique, the multiuser detection detects desire user by utilizing all information
causing MAI fully. Thus MUD has fine performance against MAI, solves the near-far effect, and
reduces the requirement for precision of controlling power. So spectral resources can be utilized more
effectively, which improves the communication capacity notably.

Over the past more than ten years, various detection techniques have been proposed. The main
multiuser detector conclude optimum detector [2], linear decorrelating detector [3], MMSE linear
multiuser detector [4], multistage interference cancellation [5], decision-feedback detector [6], and
detector based on neural network, etc. Reference [7] has proposed an adaptive multiuser detecor based
on subspace tracking, which adopts PASTd algorithm to track the subspace. We found that with a
random initialization, the convergence is fairly slow. The reason is that approximate estimation of
subspace cumulate errors. Reference [7] calculates an initial matrix using SVD, then tracks the subspace
with PASTd, which increase the complexity. The paper introduces the SP-1 (Subspace Projection) [8]
tracking subspace, which reduces calculation complexity of the algorithm. And performance is
equivalent to that of PASTd using initial matrix. The signal subspace estimation is achieved by SP-1
followed by a new demodulating vector which modifies the MMSE detector.

2. Signal Model

Consider a synchronous DS-CDMA communication system in additive white Gaussian noise,
which is shared by K simultaneous users. At the receiver, chip-matched filtering followed by chip rate
sampling yields a N-vector of chip-matched filer output samples within a symbol interval T, which is
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where s, =L/ N)[B B+ B, 1" is the normalized signature waveform vector of the kth user, N is
the processing gain, (A%, B, ,B%_,) is asignature sequence of +1's assigned tothe kth user. n is
a white Gaussian noise vector with mean 0 and covariance matrix I, (I, denotesthe N x N indetity
matrix).

For convenience and without loss of generality, we assume that the signature waveforms {s }kal of

K f k=
the K users are linearly independent. Denote S=[s, s,---s,] and A =diag(A’,---,A2) . The
autocorrelation matrix of the received signal r is then given by

K
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By performing an eigen-decomposition of the matrix C, we get
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where U=[U, U ],A=diag(A,,A,);A, =diag(4,---,4,) contains the K largest eigenvalues of
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C in descending order and U, =[u,---u,] contains the corresponding orthonormal eigenvectors;
A,=0%1, « and U, =[u,,,---u,] containsthe N —K orthonormal eigenvectors that correspond to
the eigenvalue o. The range space of U, is called the signal subspace and its orthogonal complement,
the noise subspace, is spanned by U, .

Assume that user 1 is the desired user and its signature waveform is s,. AMMSE linear multiuser
detector for demodulating the kth user’s data in (1) is in the form of a correlator followed by a hard
limiter

S

b, =sgn(m;r) (4)
where MMSE detectorm, € RV . Minimizes the MSE, defined as
MSE(m,) = E{(Ab, ~m/r)’}
subject to mJs, =1. And we get an linear MMSE detector , in terms of the signal subspace parameters
(U, A ,and o)
me__
C[S{UA U]

3. Subspace Estimation using SP-1 and a new demodulating vector

Classical subspace tracking is EigenValue Decomposition (EVD) and Singular Value
Decomposition (SVD). Although their performances are better, the computational complexity ﬁO(N 3))
is high. Computational complexity of PASTd is (O(NK)), and total computational complexity is
(O(N®)+O(NK?)) for solving an initial matrix. The section introduces a subspace tracking method, i.e.
SP-1 [8] and its computational complexity is O(NK?) . Solve a demodulating vector using the
estimated subspace.

Assume Q, =[q; o ';’th ], and q is the 31x1 eigenvector estimate associated with ith
largest eigenvalue of C,. Q, =[Q,, r],and A(0< B <1) is the forgetting factor.

Initial Values:

I
Q= ‘ s Up=1y3xQp, go=1la, Co=1y
0 )xd

(N—d

UA,'Uls, (5)

For t=1,2---,N

Cl = ﬂCt—l +rr’ v Gy =0r

QLK) =Q,, QGK+D)=r, U =8, g]+rr'Q

A=QU,, B=Q[Q

solve (A—AB)W, =0y, 1

Ql :Q~1 'Wt(:’]-: K)! Ut :Ut 'W[(Z,li K), 9 =rr'

end

The computational complexity of SP-1is O(NK?), and a little higher than PASTd. But it does not
need initial matrix. In real CDMA communication system, computational complexity of SP-1 is lower
than PASTd for N> K . Table 1 shows the compare of computational complexity of the two

algorithms.
Table 1 Comparison of computational complexity of PASTd and SP-1

Algorithm Computational complexity
PASTd O(N®) + O(NK)
SP-1 O(NK?)

The initial matrix of PASTd is obtained by applying an SVD to the first 50 data vectors, which will
result in a delay to the communication of users. SP-1 will not encounter this.

If Q, has orthogonal columns, all subsequent Q, will have orthogonal columns. Let U, =Q,, so
range(fJS) =range(S) = range(U;) .

The received signal r is projected onto the subspace US to get a K -vector [9]. Its
autocorrelation matrix is

Y =E{(0!'r)-(0{'r)"}=UE{rr"}U, = U'CU, (6)
According to (5) the new linear MMSE detector of userl is given by
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m,, =[s;U.Y'U"s "0 Y 'U''s, (7

Since range(fjs) =range(U,), it can be readily proved that the new detector m,,, is equivalent
to the MMSE detector presented in [7].
4. Simulation Results

A synchronous CDMA system with processing gain N =31 and six active users (K =6) is
assumed. The user 1 is specified as the desired user. There are four 10-dB MAI’s and one 20-dB MAI in
the channel, all relative to the desired user’s signal. The signature sequence of desired user is an
m — sequence, while the signature sequences of the MAI’s are randomly generated. The forgetting factor
£ =0.995. The performance measure is the out signal-to-noise-and-interference ratios (SINR) [10]
which is defined as

3 (' ils,)’
SINR, [i]= = (8)
S o i1 - By, s,

where M =100 is the number of algorithm runs, and | indicates that the associated variable depends
on the particular run.

Simulation 1: Compare the performance of SVD, SP-1 and PASTd using initial matrix. The initial
matrix of PASTd is obtained by applying an SVD to the first 50 data vectors. Figure 1 illustrates SINR of
the three algorithms versus the number of samples where the SNR of user 1 is 20dB. From the
simulation result, it is clear that convergence and steady-state performance of SVD are best; those of
SP-1 are good, and equivalent to those of PASTd using initial matrix.
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Fig.1 Performance comparison of SVD, SP-1, PASTd Fig.2 Performance comparison of SVD, SP-1,
PASTd versus SNR

Simulation 2: Compare the steady-state performance versus the SNRs of user 1. Simulation result
is plotted in Fig. 2, which shows SVD MUD is the steadiest; performance of SP-1 and PASTd using
initial matrix are almost the same. But SP-1 decreases computational complexity and is more suited for
adaptive environment.

Simulation 3: Compare the BERs of user 1. The SNR of user 1 is 20dB. We can see form Fig. 3
that tracking of SVD MUD is fast and BER performance is best. BER performance of SP-1 is
acceptable and equivalent to that of PASTd MUD using initial matrix.

5. Conclusions

In this paper, a new adaptive multiuser detector based on subspace tracking is proposed. The signal
subspace estimation is achieved by SP-1 followed by a demodulating vector which modifies the MMSE
detector. Simulation results show that performance of the multiuser detection based on SP-1 subspace
tracking is good. SP-1 does not need to compute initial matrix, which results in lower computational
complexity. And SP-1 has better convergence and steady-state performance. So, the algorithm proposed
in this paper is practical.

- 1287 -



10 . . . :

— 5D
— — 5P
---- PASTd using initial matrix

BER

1|:| 1 1 1 1
] 200 400 GO0 B0a 1000
Mumber of iterations

Fig. 3 BERsof SVD, SP-1, PASTd

6. References

[1] S. Verdu, “Multiuser Detection,” New York: Cambridge University Press, 1998.

[2] S. Verdu, “Minimum Probability of Error for Asynchronous Gaussian Multiple Access Channels,”|EEE Trans.
Inform. Theory, vol. IT-32, pp. 85-96, Jan. 1986.

[3] R. Lupas and S. Verdu, “Linear multiuser detectors for synchronous code-division multiple-access channels,”
IEEE Trans. Inform. Theory, vol. 35, pp. 123-136, Jan. 1989.

[4] U. Madhow and M. Honig, “MMSE Interference Suppression for Direct -Sequence Spread-Spectrum CDMA,”
IEEE Trans. Commun., vol. 42, pp. 3178-3188, Dec. 1994.

[5] P. Patel and J. Holtzman, “Performance Comparison of a DS/CDMA System Using a Successive Interference
Cancellation (IC) Scheme and a Parallel IC Scheme under Fading,” Proc. of ICC’94, New Orleans, LA, pp.
510-515, May 1994,

[6] T. R. Giallorenzi and S. F. Wilson, “Decision Feedback Multiuser Receivers for asynchronous CDMA
Systems, ” Proc. of GLOBECOM ’93, Houston, TX, pp. 1677-1681, Nov.- Dec. 1993.

[7] X. D. Wang, H. V. Poor, “Blind Multiuser Detection: A Subuspace Approach,” IEEE Trans. Inform. Theory,
vol. 44, pp. 677-6901, Mar. 1998.

[8] Davila, Carlos E, “Efficient, high performance, subspace tracking for time-domain data,” IEEE Trans. on
Signal Processing, vol. 48, pp. 3307-3315, Dec. 2000.

[9] B. Xu, C. Y. Yang, and S. Y. Mao, “An Improved Signal Subspace Estimation Method and Its APPlication to
Multiuser Detection,” Proc. of WCNC’02, Orlando, FL, pp. 58-60, Mar. 2002.

[10] M. Honig, U. Madhow and S.Verdu, “Blind Adaptive Multiuser Detection,” IEEE Trans Inform. Theory,
vol.41, pp. 944-960, Jul. 1995.

- 1288 -



