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ABSTRACT

A novel blind symbol detection algorithm is proposed for time-
selective fading multiple-input-multiple-output (MIMO) sys-
tems, whose every channel is described as a second-order
autoregressive (AR) model. This algorithm employs the parti-
cle filter as the demodulator stage in turbo receivers because
the particle filter has the nature characteristics of soft-input
soft-output. Moreover, the particle filter has the advantage of
parallel computation. Computer simulation results demonstrate
the performance of the proposed algorithm.

1. INTRODUCTION

Recently, multiple-input-multiple-output (MIMO) systems re-
ceived much attention because of its significant boost in
performance for high data-rate wireless communications. Its
blind symbol detection and equalization also arise in a wide
variety of communication and signal processing applications.
Among various blind algorithms, what based on the particle fil-
ter [1] are very particular for they can be computed in parallel
and acted as the channel demodulator in a turbo receiver for
their natural soft-input soft-output (SISO) characteristics.

Among the proposed particle filtering algorithm for the wire-
less communications, [2] applied the particle filter (sequential
Monte Carlo, SMC) into the turbo receiver, achieving the good
performance. But [2] only considered that the channel was
slow-fading, i.e., time-invariant. [3][4] proposed the particle fil-
ter in time-selective fading modeled by wavelet bases or the
AR model, respectively. Nevertheless, those two methods only
considered single-input single-output systems.

In this paper, a novel particle filter is proposed for time-
selective MIMO systems, and it acts as a stage in the turbo
receiver. Every channel fading is described as a second-order
AR model, which can elegantly describe the time-selective
fading. Computer simulation results verify and validate the
proposed blind symbol detection algorithm.

2. SYSTEM MODEL
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Consider an MIMO system with N transmit and M receive
antennas. The transmitted symbols are encoded by the vertical
Bell Lab’s space-time (VBLAST) code scheme. The symbols
are assumed to be independent both in time and space, and they
belong to a finite alphabet set B = {b1,...,b p}. On the m-th
receive antenna, the received signal at time ¢ can be written as

N
Ym,t = Z hon,n,tSn,t + Um,t (1)

n=1

where hyn n,¢ is the complex fading coefficient between the
m-th receive antenna and the n-th transmit one; sp ;¢ is
the transmitted symbol from transmit antenna n at time ¢;
Um,t is the additive white Gaussian noise (AWGN), and
Um,t ~ CN(0,02).

According to [4], the time-selective channel between the
m-th receive antenna and the n-th transmit one can be modeled
as a second AR process such that

hm,n,t = *Oél,m,nhm,n,tfl - aZ,m,nhm,n,tfl + Um,n,t (2)

where vy, ¢ ~ CN(0, 012}) and a1 m,n and a g, are the known
model coefficients which can be determined by fitting the auto
correlation function [5]; or by the physical characteristics of the
channel [6].

(2) can be rewritten in the matrix-vector form

Hy+=DHp i 1+8V,,, (3)
where Hp ¢ = (B 1,05+ - B Nty B 1 b= 1 s i N i—1) T

with size 2N x 1; g = (Inyny 0)T with size 2N x N;
Vot = (Um,1,t,-- ~>U'm,N,t)T with size N x 1, and

D= (5 1)

0 Inxw
with dimensions 2N x2N, Dy = diag{—a1,m,1,..., —1,m,N }»
and D3 = diag{—a2.m,1,...,—02.m N}

Also, (1) can be rewritten as

Ym,t = SthHm,t + um,t (4)
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where s; = (s1,¢,...,5n,¢) With dimensions 1 x N represents
the transmitted symbols at time ¢.

3. PARTICLE FILTERING
3.1. General framework

A general framework for the particle filter is briefly explained as
follows: Consider a dynamic system described as the following
state-space form

state equation: Zt = ft(Z¢—1,Ve)

observation equation: Ye = 9t(Z¢, 0y) (5)
where Z¢, Y+, U¢, and vy are the state variable, the observation,
the state noise and the observation noise at time ¢, respectively.
Now let Z; = (2g,...,2¢) and Y¢ = (Yo,-..,Y+). Our object
is to estimate Z; sequentially from the observation Y. Based
on the Bayes theorem, the a postertor: probability density
function (PDF) p(z:|Y:) is the key entity of the optimal
solution. However, this PDF may be difficult to obtain and the
followed calculation could be intractably complex. To solve
it, the true a postertort PDF can be approximated as discrete
weighted values. According to [7], we have

P(Z[Y ) ~ Zw“’é AL (6)

where {Z) w{")} is a random measure of the @ posteriori

PDF p(Z¢|Y+), {Z; J)} is a set of support points, w(]) are the
samples of p(Z¢|Y¢), and chosen according to the prmciple of
importance sampling and normalized such that 3" . wt (@) 1.

However, direct sampling from p(Z:|Y¢) is often not
available because this distribution is usually difficult to obtain.
To circumvent this, we can substitute the a posteriori: PDF by
a new proposal density ¢(Z:|Y) to make samples generated
easily. q(-) is also called #mportance density. Then, the new
weights can be calculated as

G p(ZI Yy
)
a(Zy 1Y)

After using the suitable importance density, the particle
filtering can be implemented sequentially [7]. Generally, the
particle filter can be illustrated as follows.

Suppose that at time ¢ — 1, we have obtained J sets of
properly weights samples Z(J ) and their associated weights

ng )1 When the new observatlon y: arrives, the update of the

sample sets from ¢t — 1 to ¢ is as follows.
Forj=1,...,J

. Draw a sample Zgj ) from the importance density
(2|29, Y ) and set ZY) = {Z) 200},

. Calculate the importance weight by

p(Z j’|Yt>
p(Z [Yo)a(z:| 2V, Y )

OO

Wy

p(st? = bilS~

Encoder

Channel | cn(t) S/p L,V
Yy

Fig. 1 Transmitter

. Normalize the weight wéﬂ ) = w(J ) / Z w (]

The choice of the important density is Teally important.
From [7] we know, the bad choice will lead to the degeneracy
phenomenon [7], i.e., all the weights but one of the particles
are near zero after a few iterations, implying that it costs a
large computational effort to update particles whose contribution
to the a posteriori PDF p(z¢|Y:) is almost zero. On the
contrary, good choice can minimize the variance of the weights.
And then, more effective samples are generated and the better
estimation is achieved.

According to [4][7], the optimal importance density is the a

Lo . i i A
posteriort importance density, defined as q(zt\Zgj_)l,Yt) =

p(zt\ZEi)l,Yt). Nevertheless, the direct use of the optimal
importance density is impossible except two cases [7]: 1) z¢
is a member of finite set, or 2) p(Zt|Z§{)1,Yt) is Gaussian.
Luckily, all the two conditions are satisfied in our problem.
Therefore, the a posteriori importance density is our choice.

And the associated importance weights are calculated as
w? o w?) p(Ze| YD, Zy 1) (7)

3.2. Application in our scheme

Consider the MIMO system described in section 2. Denote

A A
St = {so,...,s¢} and Y: = {yo,...,¥t}, where y;: =
(y1,t,---,yn,e) is the whole received signal vector at time t,

AN .
and Yo, ¢ = {Um,0,---+Ym,t}. According to (3)(4), the state
variable here is S, and the importance density is chosen as the
a posterior: importance density

o o
(s 1SV v 2 ps? STV YY) (8)

where sgj )isa sample drawn by the particle filter at time ¢.
And we have

Dy 0<p(Yt|St 1aYt7175t =b,)

M .
= Hp(ym,tlsgi)pst bqut 1)p( ‘St 17Yt 1)
m=1

1>

a‘(]z) (9)

t,

where b; € BY.
Then, the importance weight can be calculated as

)

x w (j) (Yt‘s(ﬂ') Y1)

=’wt@1 Z (Yt\St 17Yt717st:bi)
b;eBN

—wt 1 Z at (10)

b, eBN
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Fig. 2 Turbo receiver of RSC codes

Both (9) and (10) require computing p(y,mt|S§j_)1,Sf, =
bi, Y, +—1), which is the likelihood function after marginal-
izing out H,, s, and can be obtained from the predictive
procedure of the Kalman filter as

p(y’rn,t|s,(ngP St = biv Ym,tfl) ~ N(ng)7 Zg‘]))
where
#(J) _ SthDu(J)
(J) —sig’= (J)gst +o2
where = ”(j ) is the covariance of the channel matrix H(J )

Also, H(] )t denotes the sample of the m-th channel matrix
at time ¢, which can be calculated by the Kalman filter

HY), =DHY "V + K (e — ) (11)
K == g(s?)T /sy (2nx1)(12)
P = (1-K{s{ gzl (2N x2n)(13)
29 = Dng—)lDH +gglol (2N x2nN)(14)

Finally, the a posteriori probability of the transmitted
symbols at time ¢ can be calculated by

J

2t

(J) (J)

p(st = bi[Yy) (15)

Then, the proposed blind particle filtering symbol detector is
summarized as:

(1) Initialization: Set the initial channel matrix, whose every

element is complex Gaussian distribution with mean zero

(J) _

and variance 1. All importance weights are set to w’”

1,7=1,...,J.
The following steps are cycled at the ¢-th recursion (t =
LI),Forj=1,...,J
(2) For n =1,...,N and every b; € BN, compute agji) and

draw a sample s,gj ) from BN according to (9).

(3) Compute the importance weight wt(J ) according to (10).

4 For m = 1,..., M, update the a posteriori: mean and
covariance of H%?t according to (11)-(14).

(5) Compute the a posteriori probability of s; according to
(15).

4. TURBO RECEIVER

As shown previously, the particle filter not only employs the a
priori symbol probability p(s; = bi\SEQ 1> Y¢_1), but outputs
the a posteriori symbol probability p(s; = b;|Y¢) as well.
Then it can perfectly act as the demodulator stage in the turbo
receiver because of its nature of SISO. Furthermore, it makes
the turbo receiver not need the channel information any more,
which is very useful when the channel is fast-fading.

The detail of the transmitter and turbo receiver is illustrated
in Fig. 1 and 2. The turbo receiver includes two stages: a
particle filter and a channel decoder which are separated by a
deinterleaver and an interleaver.

In this paper, two codes are employed to demonstrate the
validity and effectivenss of the proposed algorithm. The two
codes are the recursive system convolution (RSC) code and the
low density parity check (LDPC) code, respectively, To the
RSC code, an MAP channel decoding algorithm is exploited.
Let Ailcq(y)] and Asle(t)] be the output a posteriori log-
likelihood ratio (LLR) of the particle filter and channel decoder,
respectively. Ai[cy ()] is defined and calculated as [2]

A p(crr(t) = 1|Y)
Mlenn] 21
len] - =los oY)
p(Ylerwy =1) Py =1)
=lo +lo 16
B oY fenny = 0) % plegey =0) 19
Atler(n)] Az[en(t)]

where A2[cy ()] is the a priori LLR, calculated by the channel
decoder in the previous iteration; A1[cy(y] is the extrinsic
information outputted by the particle filter. And then it
deinterleaved and fed back to the channel decoder as the a
prior: information.

Also, the output a postertori LLR of the channel decoder
is given by

plet = 1M [by])

s plec=1ib)
Asler] = p(c = 0|\ [by])

log = Aalbi] + A1 [bi] (17)

where the eztrinsic information Aa[b;] outputted by the channel
decoder is fed to the particle filter as the a prior: information,
and the a priori probability need by the particle filter is given
by

(18)

N
= bl) = H p(st,n = bz)
n=1

where p(s¢n = 1) = 0.5 % (1 4 tanh(0.5 * Aa[s¢,n])).
At the last iteration, the LLRs are made hard decision before
output.
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The receiver of the LDPC code is similar to the above one,
but much simpler. Because the LDPC decoder can input and
output the probability of the transmitted symbols directly, the
LLR calculator and symbol probability calculator can be fully
omitted.

5. SIMULATIONS

Extensive computer simulations have been conducted to demon-
strate the effectiveness of the proposed symbol detector. In
simulations, the differential binary phase shift keying (DBPSK)
is exploited to overcome the phase ambiguous [4]. The
coefficients of the AR model are —aymn, = —1.989710,
—Qg,m,n = 0.989745, (m =1,...,M;n =1,..., N), reflect-
ing a VBLAST system of the Doppler spread of 2.12KHz
and data rate of 512K bps. o2 is chosen to make the AR
process have a unit power, and the signal to noise ratio
(SNR) is calculated as 10log(N/o2). 50 particles are drawn
at every filter step. The resampling procedure occurs when
%ijl(wﬁj)/ﬂ)t —1)2 > 9, where 1@ is the mean of w,gj).

Both code rates are 1/2, and both block size of code bits
are 512 while that of information bits are 256. The RSC code
is a length-5 convolution code with generators (23,35) in octal
notation, while the LDPC code is constructed according to the
Mackey-Neal rule [8] with column weight ¢ = 3. The S-random
[9] interleaver (S = 11) is used for two codec schemes.

The performance of the proposed detector is evaluated with
the bit error rate (BER). Fig. 3 and 4 show the performance
of the RSC code and the LDPC code when the number of
transmit and receive antennas are (N,M) = (2,2), (2,3),
(3,2), respectively. The maximum iteration times is 5 for RSC
codes and 15 for LDPC codes. Obviously, the BER decreases
when the SNR increases. Moreover, the performance of the
TURBO-BLAST decoder [10], requiring the accurate channel
state information (CSI), is also shown in Fig. 3 and 4. From
simulations, we observe that the performance of the proposed
algorithm is close to that in Ref. [10] when the number of
transmit and receive antennas are the same. In additon, Fig. 3
and 4 show that the performance of the RSC code is better
than that of the LDPC one. However, the computation burden
of LDPC code is much less than that of the RSC one.

Furthermore, the proposed detector can achieve good perfor-
mance even with fewer receive antennas than transmit ones.
Clearly, the major limitation of the conventional VBLAST
detector can be eliminated.

6. CONCLUSIONS

In this paper, a blind symbol detector based on the particle
filtering and the iterative decoding is proposed for the VBLAST
coded MIMO systems. By exploiting the particle filtering, we
can make the turbo receiver be a blind detector. Simulation
results show that not only its performance is close to the
nonblind algorithm, but also it can be applied with fewer
receive antennas than transmit ones.

REFERENCE

[1] P. M. Djuric, J. H. Kotecha, J. Zhang, et al, ‘‘Particle
filtering," IEEE Signal Processing Magazine, Vol. 20,
pp- 19-38, Sep. 2003.

[2] D. Guo, X. Wang, ‘‘Blind detection in MIMO systems
via sequential Monte Carlo," IEEE J. Select. Areas
Commun., Vol. 21, pp. 464-473, April 2003.

—a— N=2 M=2, Particle Filte
—— N=2 M=3, Particle Filte
— N=3 M=2,

[ N=2 M=2, T ]
— —— N=2 M=3, TURBO-BLAST]
E% —— N=3 M=2. TURBO-BLAST}

/4

\S\\'

t t t t
-3 0 3 6 9 12
SNR per transmitted bit in dB

Fig. 3 Performance of the RSC code

10 T T

N=2 M=2, Particle Filter ]
N=2 M=3, Particle Filter| ]
N=3 M=2,

pu—
e
R
—5—
——
—
r\
e
E

é

t t t t
-3 0 3 6 9 12
SNR per transmitted bit in dB

Fig. 4 Performance of the LDPC code

[3] D. Guo, X. Wang, R. Chen, ‘‘Wavelet-based sequential
Monte Carlo blind receivers in fading channels with unknown
channel statistics," IEEE Trans. Signal Processing, Vol.
52, pp. 227-238, Jan. 2004.

[4] Y. Huang, P. M. Djuric, ‘‘A Blind particle filtering detector
of signals transmitted over flat fading channels," IEEE
Trans. Signal Processing, Vol. 52, pp. 1891-1900, July
2004.

[5] M. Sternad, L. Lindbom, and A. Ahlen, ‘‘Tracking of time-
varying mobile radio channels with WLMS algorithms: A
case study on D-AMPS 1900 channels," in Proc. IEEE
VTC 2000, Tokyo, Japan, May 2000, pp. 2507-2511.

[6] W. C. Jakes, Microwave Mobile Communication. New
York, NY: Wiley, 1974.

[71 M. S. Arulampalam, S. Maskell, N. Gordon, T. Clapp, “‘A
tutorial on particle filters for online nonlinear/non-Gaussian
Bayesian tracking," IEEE Trans. Signal Processing,
Vol. 50, pp. 174-188, Feb. 2002.

[8] D. J. C. Mckay, ‘‘Good error-correctiong codes based on
very sparse matrices," IEEE Trans. Inform. Theory,
vol. 45, pp. 399-431, Feb. 1999.

[9] S. Dolinar, D. Divsalar, ‘“Weight distributions for turbo
codes using random and nonrandom permutations," JPL
TDA Progress Report, 1995.

[10] Mathini Sellathurai, Simon Haykin, ‘“TURBO-BLAST for

Wireless Communications: Theory and Experiments,”” IEEE
Trans. Signal Processing, vol. 50 pp. 2538-2543, Oct.
2002.

III - 1044



