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ABSTRACT estimation and prediction errors. Even though they are de-
This paper investigates the feasibility of Tomlinson-Hara Ssigned with an erroneous channel, we show that THP tech-
shima precoding when transmitting over multiple—antenna niques are able to correct most of the channel Intersymbol
radio interfaces. In particular, we focus on the robustoéss  Interferences (ISI) whereas the remaining ISl is easily cor
adaptive methods with respect to channel estimation errorsrected with a linear equalizer at the receiver. This is more
Two approaches are investigated to obtain predictionseof th €fficient than correcting all the ISI at the receiver. A gifwi
channel impulse response required to select the precodingorward way to acquire the CSl is to transmit training se-
parameters: Kalman filtering and particle filtering. Kalman quences that are knovanpriori by the transmitter and the
filtering exhibits good performance but requires knowledge receiver. This approach, however, results in a spectral effi
of the transmitted symbols in advanced. The particle filte- ciency loss because pilot symbols do not convey informa-
ring method considered in this work, on the other hand, is tion. On the other hand, blind methods do not need ex-
a blind technique that provides higher spectral efficiencie plicit knowledge of the transmitted symbols and thus can

with a small loss in performance. track channel variations continuously during the transmis
sion of information data. Along this work we will focus on
1 INTRODUCTION two channel prediction methods, namely Kalman filtering

and Sequential Importance Resampling (SIR). The first is
In recent years, transmission over Multiple—Input/Muttip @ Supervised method that needs knowledge about the true
Output (MIMO) channels arising from the utilization of mul- transm|tt_ed symbols and the latter is a blind one, since only
tiple antennas at both transmission and reception hasattra @ssumptions about the probablility distributions are made
ted a lot of attention due to the high capacity of these com- [4]- Nevertheless, our computer experiments show that, al-
munications links [1]. One way to increase performance though Kalman filter performs better, only a small loss in
over MIMO channels is the utilization girecoding tech- ~ Performace takes place when the SIR algorithm is emplo-
niguesthat allow the separation of the parallel data streams Y&d-
at the receiver by means of channel pre—equalization at the )
transmitter side [2]. The problem to implement precoding ﬂ
methods is that Channel State Information (CSI) should be PR g tﬁ)<:>>
available at transmission. While this assumption is reaso- Mod
nable at the receiver, knowing the channel at the transmit-
ter implies the transmission of CSI through a reverse feed-
back channel. In time varying channels, feedback delay
is a source of errors since the precoder is designed with a Fig. 1. THP System.
past channel estimate that does not exactly correspond to
the present channel. Thus, in addition to channel estimatio The remaining of this paper is organized as follows.
errors, practical implementations of precoding methods ar Section 2 describes the signal model for THP over time
also affected by channel prediction errors. varying channels. In Section 3, the standard Kalman fil-
In this work, however, we show that Tomlinson-Hara- tering and the SIR algorithm are introduced and applied to
shima Precoding (THP) methods [3] are robust to channelthe problem of estimating and predicting an unknown chan-
“This work has been supported by Ministerio de Ciencia y Tgia nel. Section 4 is devoted to analyze the performance of the
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TEC2004-06451-C05-01. pressions of the Signal to Noise Ratio (SNR) at the receiver




input.

lllustrative computer simulations are presented in whereh(n) is given by equation (2)A is a knowmnn;n,.L x

Section 5 and some concluding remarks are made in Sec#;n, L matrixandw(n) is a zero—mean, i.i.d., circular com-

tion 6.

2. THPFOR TIME VARYING CHANNELS

Although originally proposed for Single—Input/Single-©u

put (SISO) systems, the principle of THP can be directly

extended toy; x n, MIMO time varying channels [5]. Fi-

gure 1 shows the block diagram of a MIMO communication
system with THP. We will assume that the transmitted sym-

bols belong to a BPSK constellatiatin) € A = {£1},
n =0,1,2...,and gathered in frames of length+ 1. We

also assume that we transmit over a time varying frequen-
cy—selective Rayleigh fading channel with a coherence time
Tc. Information about the channel is available at the trans-
mitter because there exists a feedback channel that sends

plex Gaussian vector process with covariance mayix

o2 1. The channel impulse response (CIR) vedt6n) will

be independent of (n) for all n > 0 and has a prior Gaus-
sian distribution with a zero mean vector, i.R(—1) = 0

and an identity covariance matrix, i.€5(—1) = I. Due

to the WSSUS assumption, we can et Q andC(-1)

be diagonal matrices. Model inaccuracies can be made ar-
bitrarily small by increasing the Gauss—Markov process or-
der. Nevertheless, low-order models can capture most of
the channel tap dinamics and lead to effective tracking al-
gorithms [7].

If the n,— dimensional received signal is sampled at
symbol rate, we will have the following discrete—time mo-
del,

y(n) = X(n)h(n) + v(n) (5)

CSlI from the receiver to the transmitter. Neverthelesslfee whereh(n) is given by the Equation (2)X(n) is an, x

back introduces some deléyso for the CSI be available at
the transmitter we neetl< < T¢.

We will represent the channel by the. x n,L. ma-
trix H(n), whereL is the maximum channel length of all
component:,.n; SISO links. The channel beetween tlte
receiver antenna and thigh transmit antenna is given by
hij(n) = [h%(n),.... ()], (0 = 1,2,...,m,, j =

1,2,...,n;). Therefore, the channel matrl may be ex-
pressed as,

hy;(n) hyp, (n)
H(n) = : : : 1)
hn,,l (n) hnrnt (n)

Let us further stack the matrid into a column vector with
nyn, L coefficients

9, (n)... h%rl(n) . h?nt (n)... h?zrm (n)...

hlLl_l(n) . hﬁr_ll(n) e han_tl(n) . hﬁ;nli (n)]T
(2)

h(n) =

The channel varies in time according to the Wide Sense Sta-
tionary and Uncorrelated Scattering (WSSUS) model of Be-

llo [6],i.e.,
E{hfj (nl)hfj (n2)} ~ Jo(QWfdijT) 3

Wherefdfj = fqisthe Doppler frequency of thgh tap bet-
ween thejth transmit antenna and tlith receiver antenna,

n,n; L channel input symbols matrix, defined as

X(n) = [zi1(n)L,, ...z, )L, ...

ziin—L+ 1)1, ...z, (n—L+1)L, ]

(6)
andv(n) = [vi(n)---v,, (n)]T is the zero mean spatio—
temporally Additive White Gaussian Noise (AWGN) vector
with covariance matribR = o2I. If we employ the nota-
tion given by the equation (1), the received signal may be
expressed ag(n) = H(n)x(n) + v(n), wherex(n) is a
n,yn:L x 1 vector defined as

-L+1" ()

Regarding the discrete—time model already given, we must
calculate the optimum feedforward and feedback matrices
to select the precoding parameters. We define the z—trans-
form of the channel matrix as

-1
H(z;n) = Z H*(n)z " (8)
k=0

where the matriceH* (n) will be given by

H*(n) = : : ; 9)
hpa(n) o by, (n)

NnrNt

T is the frame time/J, is the zero-order Bessel function of  y&finition. Solving thespectral factorization probleifs, 9],

the first kind andr = |n; — nso|. MIMO channel varia-

tions will be approximated by a first—order Gauss—Markov

process, i.e.,

h(n)=Ah(n-1)+(I-A)w(n), n>0 (4)

H(z;n)H (27*;n) = L(z:n)LP (27*:n) (10)

it is obtained a time—domain matrlx(n) corresponding to
L(z;n) = S.r_) Lk (n)z~* strictly causal (i.e.L*(n) =



0,k < 0), minimum phase (i.edet(L(z;n)) # 0, |2| > Although the true symbols could have been estimated
1), and whereL’(n) is lower triangular. The feedforward from data leading to blind techniques using Kalman filters,

matrix is then given as for simplicity we have assumed that the true symbols are
P oo known by means of including some pilot symbols in each
F(zn) =H" (275 n)L7 (275 n) (11) frame that will allow us to estimate and predict the channel

and the feedback matrix reads behavior according to this algorithm.

B(z;n) = G(n)L(z;n) (12) 3.2, Sequential Importance Resampling
whereG (n) is ann,. x n; scale matrix obtained froh(z) Sequential Importance Sampling (SIS) is one of the most
by means of the inverse of the main diagonal8tn) and, popular Monte Carlo (MC) methods. It consists of drawing
therefore,B®(n) will be a unit-diagonal lower triangular M samples, usually calleparticles and denoted by:(%),
matrix (“monic” matrix polynomiaB(z;n)). from a trial probability mass function (pmé)(z) in order
In this paper we will assume that mati(z) is calcu- to get an empirical approximation of the pmfz). These

lated from channel estimates obtained at the receiver. Weparticles are weighted accordingud? o p(z(9))/q(z?),
will explain in the following section how to estimate the with Z?il w'” = 1. The set of particles and their associa-
channel by means of Kalman filtering and Sequential Im- ted normalized weights then becomes a discrete estimate of

portance Sampling (SIS) techniques. the desired pmfp(z).
Taking into account that the channel impulse response
3. CHANNEL TRACKING (CIR) vector has a prior Gaussian distribution, as we have

explained in Section Il, the posterior channel probability
Kalman filtering is the most widely used method for esti- density function is also Gaussian (c.f. [4]),
mating and predicting the channel impulse response of time ~
varying channels. Kalman filtering, however, needs the es- plh[X0.n, Yo.n] = N (h(n), C(n)) (14)
timation of true data symbols or estimating the channel only
during the time intervals where training symbols are trans- Where the transmitted symbols vectors in a single frame are
mitted. On the other hand, particle filtering techniqueshsu ~ 9iven byxo.,, = {x(0),x(1),...,x(n)} and wherey,.,, =
as standard Sequential Importance Resampling [10, 11], ard¥(0). ¥(1),...,y(n)} are the received symbols vectors.
blind methods that do not need explicit knowledge of the The distribution parametets(n) andC(n) can be updated
transmitted symbols but require the knowledge of the dis- recursively according to
tribution of the hidden and observed process, although re-

T
cent techniques do not need to make such assumptions [12]. C'(n) = X(”)XQ(”) +C -1 (15)
Thus, we will be able to track channel variations while the Ty
data transmission progresses. .
h(n) = C(n) (X(")y2 ™) L c=1(n - 1)h(n - 1)
3.1. Kalman Filtering T%

(16)
Taking into account the data model of (5), so calleddhe

servation or measuremeatjuation, and the state model of for all n > 0. Using the particle filter approximation of
(4) the vector Kalman filter equations can be summarized asthe a posterioripmf of the symbols, the posterior channel

follows, distribution associated to the highest importance weijhte
particle, N (h(n)(ime=) C(n)(ime=)), provides a Bayesian

P(nln—-1) = APn-1n-1)AT +Q estimate of the CIR and, therefore, predictions can be ob-
K(n) = P(nln—1)Xx)(XT(0)Pnln —1)X(n) +R)~'  tained in a straightforward manner.
cn) = y(n)—XT(n)Ah(n - 1) Next, we explain briefly the details of the Sequential Im-
h(n) = Ah(n—1)+K(n)c(n) portanc_e R(_asampling algorithm for a known channel or_der.

P(nln) = Pnln—1)-Kn)X" (n)P(nn - 1) We beg|_n with thg Importance Sampllng (IS) scheme. First,
(13) we obtainM particles from a trial pmf, i.e,
whereP (n|n — 1) is the prediction error covariance matrix, XEZ)N ~ q[x0:n|yo:N] (17)

P(n|n) is the correction error covariance matri,(n) is

the Kalman gain and(n) is the innovation process. The whereq[xo.x|yo.n] has the same support as the true poste-
kalman filter will be initialized byh(—1) = h(-1) = 0 rior probability of the data sequence conditional on the cor
andP(-1/-1)=C(-1) =1L responding series of observatigigo. v |yo.n| but is easier



to sample from. The particles will be weighted according to ° °
4 4
(4) g g
,u~}(z) _ p[XO:N|y0:N] 2 of Z 0
N (4) 3 - S of
q[xp. n1yo: ] £y * £
w® = 57“{ (18) £ :: "~ redicton 5“ :: "~ predicton
Zk:l w(k) 0 50 100 150 200 0 50 100 150 200
These particles and their normalized weights providean MC 1 d 10! t
approximation of the true posterior pmf, . .
10 10

Squared error
=
5
Squared error
=
S

M
P[Xo:N|Yo:N] & P[Xo:N|Yo:N] = Z Siw'® (19)

whered; = 1if xg.y = x[()f)N andd; = 0 otherwise. Yo wm o awe Po s w0 s o
The IS method can be modified to construct the particles

and their associate weights sequentially as new obsengatio

arrive. Let us consider the following factorization of the Fig. 2. Channel tracking using Sequential Importance Re-

importance pmf sampling.

q[XO:n‘yO:n] X q[xn|X0:n71 3 yO:n]q[XO:nfl |y0:n71]: vt.

(20) The main problem with particle filtering is that most of
Using (20), the IS principle and the following descom- the particles are assigned weights very close to zero after
position of the posterior pmf, just a few time steps. To avoid the loss in performance,
a modified version of the algorithm known as Sequential
P[X0:n|Yo:n] X PIYn|X0:ns Yoin—1]P[X0mn—11Y0:n-1], (21) Importance sampling with Resampling (SIR) is employed.

It includes a resampling step in the SIS algorithm, which
consists of stochastically discarding the particles wiith t
smallest weights while those with higher weights are repli-
cated.

To illustrate the goodness of the SIR algorithm for the
channel tracking application, Figure 2 shows an example

it is simple to see that the importance weights can be evalua-
ted recursively in time, leading to the Sequential Impaz&an
Sampling (SIS) algorithm

XSLZ) X q[xn‘x[()z;r)n—la yO:n]

B0 — w(’) [yn\x((f)n Yon—1] whenlM = 200 particles are considered.
q[ ‘XO n—1:Y0: n]
0 e 4. SNR PERFORMANCE
Wy = —M (k) (22)

Zk:1 (o In order to evaluate the performance of the proposed adap-
fori = 1,...,M. The set of particles and normalized tive TH precoding technique, the signal to noise ratio is an
weights at tlmm important parameter [5].

. When we are not employing precoding at transmission
{x [(f) w(’) im1s (23) and with Zero—Forcing Equalization (ZFE) in the receiver,

the ratio of total receiver power to total noise power at the
allow to approximate the posterioripmf in a way analo-  detector input at time instantreads

gous to (19), namely

E,{aa®"}
SNR(n) = — —
PlXo:nlYoin] & plX0in|Youn] Za W, (24) Eo{trace(H~vv i H=H)}
2

_ ngeoy 1

- 2 ’ Ny
It can be shown [13] that this approximate probability ob- T Yk Z Z |h (n) =1
tained by means of the method described above converges (25)
to the true probability[xo.,|yo.n] @SM — oo . We could
also obtain estimates of the data sequence using the patrticl In case of precoding (if we ignore the modulo loss) and

with the largest importance weights [4] perfect CSI at transmission, we will have the following ex-



presions for the SNR at this point, 10° 4
e
E H = & No prcodinngF Equalization
SNR(n) = a{aa } 10'le . 4
E,{trace(GvvHIGH)}
— nro-?l 1 10*2 ' \\\
2 . I—1 P ’ Rt 3
D Dy Z;’l; k=0 ‘gfj (n)[? ~' R
(26) % 107 . b ~ \\ N G i
: B I
Finally, if we have not perfect CSI at the transmitter T Precoding
side and residual ZFE at the detector input is considered — 107 ' FEEEEE .
the SNR is defined as : TR
Ea{aaH} 10°E : : \‘\®\ 4
SNR n —#— Kalman o
(n) E,{trace(HyvvHEH[)} S
nyo (21 1 10760 ‘2 Jt é é 1‘0 1‘2 1‘4 1‘6 1‘3 20

SNR (dB)

’ Ny ng L—
o Y Y YT, Rk, (n) 2
(27) Fig. 3. BER vs. SNR for a Normalized Doppler Frequency

with H, = (GHFB~!)~'G, where(-) implies channel equal to 0.02.

prediction, i.e, no perfect CSI available, and wh.ﬁj (n)

containing the predicted fading gain from transmit antenna

j to receive antennifor the kth tap. The average SNR, i.e., 10 T omalned Dopler Frequeney =0.001
Ep{SNR(n)} will be calculated in all cases by means of —— ormalzeq Doppler Frequency = 0,01
Monte Carlo simulations. : '

5. RESULTS

In this section we present the results of several simulation
that were carried out to illustrate the robustness of THP &
methods. We implemented Kalman and SIR algorithms and
compare the performance of the system measured in term
of BER, when transmitting with BPSK modulation in MI-
MO Rayleigh fading channels.

We setn; = n, for maximum spatial multiplexing gain
with Zero Forcing (ZF) THP, and, specifically, in these si- ;
mulations;; = n, = 2 with L = 2. Simulations are ave- % 5 10 15 2 2
raged ovee, 000 channel realizations, wherein the channel SNR (¢B)
is constant across a space—time block cod&lafymbols, _ ]
and changes according to the model explained in Section 11Fi9- 4. BER vs. SNR depends on the Normalized Doppler
from one block to another. The SIR algorithm is evaluated Frequency.
with M = 200 particles and all the transmitted symbols
are assumed known for Kalman filtering. With being the
noise variance at each receiver, the SNR plotted is given by
SNR = 10log Pr/o2, where Py is the transmit power ~ Sequential Importance Resampling, but the loss in terms of
in each slot, i.e., for a BPSK modulatio®; = o2 = BER when SIR is employed is very small. It is shown too
Ela(k)|? = 1. Coincidently, this SNR value will be the the good performance obtained when the predicted chan-
SNR at the detector input with linear pre—equalization and Nel is employed in the precoder design and if the mismatch
perfect CSl at transmission, i.e., multiplying the datatgec ~ beetween the true channel and the predicted one is compen-
a with the right(seudo)inverse of the channel matfixat sated by means of a linear adaptive residual equalization at

the transmitter. the receiver. The figure also reveals how the use of preco-
The estimated BER curves are shown in Figure 3 for a ding is advantageous over the simple receiver equalization
normalized Doppler frequengip 7" = 0.02. From the figu- The simulation results in Figure 4 provide some insight

re, it can be seen that Kalman filtering performs better thanon the issue of how the magnitude and speed of the channel



variation affects the system performance. The figure plots
the BER for two different values of normalized Doppler fre-
quency,fyT = 0.001 (slow fading) andf; 7" = 0.01 (fast
fading). We observe that slightly higher SNR is required to
achieve a BER ot0~? as the Doppler ratgp T increases.
Thus, the performance is similar in both cases which in-
dicates that our precoding method is capable of correctly
adapting to varying channel conditions. In addition, thisre

a small loss in performance for employing SIR techniques 3

with regard to Kalman filtering.

Finally, in the Figure 5 the SNR at the detector input
when SIR is employed is plotted as a function of the nor-
malized Doppler frequency for an SNRE=dB. It is clearly
seen how the performance is very similar if perfect CSl is
not available at transmission. Evidently the SNR values de-
crease with the Doppler frequency but very lightly, as you

can see in the picture. This loss is caused by the prediction
errors whose variance increases with the channel Doppler

rate.

6. CONCLUSIONS

In this work we have demonstrated the feasibility of adap-
tive Tomlinson-Harashima precoding over frequency—selec
tive channels. We have investigated two channel predic-
tion methods to implement the precoding strategy, namely
Kalman Filtering (KF) and Sequential Importance Resam-
pling (SIR). Although Kalman filtering provides better re-
sults it is of limited applicability because it requires kno
ledge of the transmitted symbols. This assumption is not
necessary when SIR is employed and the loss in perfor-
mance is small. Thus, employing SIR yields to more band-
width efficient communication links.
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Fig. 5. SNR vs. Normalized Doppler Frequency.
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