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ABSTRACT

Channel estimation for multiple-input multiple-output
(MIMO) time-invariant channels using superimposed train-
ing is considered. Recently in [1], the first-order statis-
tics-based approach of [11] was extended to multiuser sys-
tems (where semiblind versions using linear MMSE equal-
izers or Viterbi detectors were also presented). In this pa-
per we present a performance analysis of the approach of
[1] to obtain a closed-form expression for the channel es-
timation variance. We then address the issue of superim-
posed training power allocation for complex Gaussian ran-
dom (Rayleigh) channels for MIMO systems arising from
spatial multiplexing of a single user signal. Illustrative sim-
ulation examples are provided.

1. INTRODUCTION

Accurate knowledge of the channel state information (CSI)
of MIMO systems is a prerequisite for most MIMO physi-
cal layer approaches. In (conventional) training-based ap-
proaches, training sequences (known to the receiver), one
per Tx antenna, are time-multiplexed with the information
sequence and transmitted. This incurs a loss in spectral effi-
ciency. At the receiver, one estimates the channel via least-
squares and related approaches. For time-varying channels,
one has to send training signals frequently and periodically
to keep up with the changing channel. This wastes re-
sources. An alternative is to estimate the channel based
solely on noisy data exploiting statistical and other proper-
ties of the information sequences. This is the blind channel
estimation approach. In semi-blind approaches, there is a
training sequence but one uses the non-training based data
also to improve the training-based results: it uses a combi-
nation of training and blind cost functions. More recently
a superimposed training based approach has been explored
where a training sequence is added (superimposed) at a low
power to the information sequence at the transmitter before
modulation and transmission. There is no loss in informa-
tion rate. On the other hand, some useful power is wasted
in superimposed training which could have otherwise been
allocated to the information sequence.

Traditional approaches to single-input single-output
(SISO) system CSI estimation have relied on time-
multiplexed training sequences [10]. Various blind ap-
proaches for (some) MIMO systems may be found in [5],
and [12]. Superimposed training-based approaches have
been discussed in [6] and [8] for SISO systems. The UTRA
specification for 3G systems [7] allows for a spread pilot
(superimposed) sequence in the base station’s common pi-
lot channel, suitable for downlinks. Periodic superimposed
training for channel estimation via first-order statistics for
[SIS]O systems have been discussed in [3], [9], [13], [11] and
14].

Consider an MIMO FIR (finite impulse response) linear
channel with K inputs and N outputs. Let {sx(n)} de-
note k-th user’s information sequence which is input to the
MIMO channel with the k-th user’s discrete-time impulse
response {hy(l)}. The vector channel may be the result
of multiple receive antennas and/or oversampling at the
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receiver. Then the symbol-rate, channel output vector is

given by
K L
x(n) =Y Y hp(D)se(n —1). (1)
k=1 1=0
The noisy measurements of x(n) are given by
y(n) =x(n) +v(n) (2)

where v(n) is the additive Gaussian noise. [We will initially
use the first-order statistics, i.e. E{y(n)}, of the noisy data.
To allow for mean-value ambiguity, we will take E{v(n)} =
m, with m unknown; see also [11].] In superimposed
training-based approaches for time-invariant systems, for
user k, one takes

sk(n) = bk(n) + cx(n) (3)

in (1) where {bg(n)} is the information sequence and
{ck(n)} is a non-random periodic training (pilot) sequence.
Exploitation of the periodicity of {cx(n)} allows identifica-
tion of the channel without allocating any explicit time slots
for training, unlike traditional training methods. There is
no loss in information rate. Unlike conventional training
methods where one must know where the sequence begins
and ends (synchronization), in superimposed training one
can begin anywhere since it is always present (of course,
proper phase synchronization is still required).
Objectives and Contributions: Recently in [1], the
first-order statistics-based approach of [11] was extended
to multiuser systems (where semiblind versions using lin-
ear MMSE equalizers or Viterbi detectors were also pre-
sented). In this paper we present a performance analysis
of the approach of [1] to obtain a closed-form expression
for the channel estimation variance. The analytical results
are verified via simulations. We also address the issue of
superimposed training power allocation for complex Gaus-
sian random (Rayleigh) channels for MIMO systems arising
from spatial multiplexing of a single user signal. Using the
developed channel estimation variance expression, we cast
the power allocation problem as one of optimizing a signal-
to-noise ratio (SNR) for equalizer design. Ilustrative sim-
ulation example is provided.
Notation: Superscripts H, T and T denote the complex
conjugate transpose, the transpose and the Moore-Penrose
pseudo-inverse operations, respectively. §(7) is the Kro-
necker delta and Iy is the N x N identity matrix. The
symbol ® denotes the Kronecker product.

2. FIRST-ORDER STATISTICS-BASED
SOLUTION OF [1]

2.1. Multiuser (MIMO) Channels

Here we summarize some results from [1]. Consider K users
with mutually independent information sequences by(n)
(k =1,2,--- K) with N measurements per symbol at the
receiver (obtained by oversampling and/or antenna array).
Using (1) and (3), the noise-free measurements at symbol
rate are given by

K L

x(n) =YY hbs(n =) +er(n—1)] ()

k=1 1=0



where {ck(n)} is the hidden pilot for the k-th user. The
noisy measurements are given by (2).

The main idea is to pick user-specific training sequences
so that the problem of channel estimation is decoupled
across the various users — this allows us to use the sin-
gle user superimposed training based approach outlined in
[11]. Our approach is to assign distinct cycle frequencies of
the periodic hidden pilots to distinct users. Suppose that

for every user k, {cx(n)} is periodic with period P = PK
where P is a positive integer. Then, in general,

P-1
ce(n) = 3 cpne /P yn (5)
m’/=0
where
1 P-1 ' /
Conl ke = F Z Ck(n)e—](Q‘rrm /P)n. (6)
n=0

Pick {ck(n)} so that only P coefficients (out of total P)

Cm'1, associated with P distinct frequencies, are nonzero.
For instance, we may choose

P-1
ck(n) _ Z Cm,cej(27r/P)[Km+k71]n vn (7)

m=0

Qmp = (27 /P)[Km + k — 1], (8)
such that ¢k # 0 Vm, k. Then

E{y(n)} = Z z_: lz kahk(l)ejamkl] elamem 4o

=:dpmk

9)

The model assumptions in [1] are as follows.

(H1) The information sequences {by(n)} are zero-mean,
finite-alphabet, i.i.d. with E{|bx(n)]*} = o7 and
mutually independent for £k =1,2,---, K.

(H2) The measurement noise {v(n)} in (2) is possibly
nonzero-mean (E{v(n)} = m), white Gaussian,
uncorrelated with {bx(n)}, with E{[v(n + 7) —
m|[v(n) — m]”?} = o2INd(7). The mean vec-
tor m is unknown. We will also use the notation
v(n) =v(n) + m.

(H3) The superimposed training sequences ci(n) =
ck(n + mP) Vm,n, are non-random periodic se-
quences with period P, satisfying (7) such that

cmk 7 0 Vm, k, and P is an integer with P = PK.

2.2. First-Order Statistics-Based Solution of [1]

It follows from model assumptions that for ki1 # ko, we
have m ki, # Qmgk, fOr any mi,ma € {0,1,~~-,P -1}
Therefore, the sequence E{y(n)} is periodic in n with cycle
frequencies [2] amp, 0 < m < P—1,k=1,2,---, K, where
ami’s are distinct. A consistent (mean-square (m.s.) sense)

estimate d,,; of dik, for amr # 0, follows as [2]
y(n)e7omen, (10)

As T — oo, dpmi — dmk m.s. if Qg # 0 [2] and do; —
do1 + m m.s. since amp =0 iff m =0 and £ = 1.

Given dy,x for 1 < m < I:)TL k=1,2,---,K, we can
(uniquely) estimate hy(1)’s if P > L + 2 and (H3) is true.
Since m is unknown, we will omit the term corresponding
to amr = 0. Define

1 e Joik co. eTdaaxl
1 e o2k ce. e dazkl

1 e 7%P-nk e IxBE-KL

(jk = diag{clk, Coky """y C(lsil)k}v. (12)

Omitting the terms corresponding to m = 0 and using the
definition of d,,j from (9), we have

h;,(0) dig
- hk(l) dok
(Creln) | . = . (13)
=:Cy, hk(L) d(lf’fl)k
=:Hy, =:Dy,
for k =1,2,---, K. Since amy’s are distinct and cpp # 0

Vm # 0, rank(Cy) = L+ 1if P > L + 2 (see also [11]);
hence, rank(Cx) = N(L + 1). Therefore, we can determine

hy(I)’s uniquely. Define Dy, as in (13) with d,nx’s replaced
with d,x’s. Then we have the channel estimate

He =CiDy = (cfcy) ' Dy. (14)

It is shown in [1] that under model assumptions, the
channel estimator (14) is consistent in probability (i.p.) if

P>L+2.

3. PERFORMANCE ANALYSIS

In this section we present a performance analysis of the
approach of [1] (briefly reviewed in Sec. 2). We provide
closed-form expressions when the underlying channel is non-
random and when (H4) holds true.

Define
Moo= [ 1 oHE]
K
S(a) = obly + Y oiHi()HI (%), (15)
k=1
L
H (/%) = Z hy(1)e 7.
=0
Since lim7r_ oo amk = d,,x m.s. implies that
limr o E{dmir} = dpnr, it follows that

Jim E{Hi|H} = Hy. (16)
We now show that for large T'
cov{Hi, Hp|H} := E{[H; — E{H:|H}][H, — E{H,|H}])"|H}

=T 'Cldiag {S(a1s), S(azi), -+, S(ap_1y;) } €I 6(i—p).

(17)

Suppose that record length T = M P for some positive
integer M. By (1)-(9), it follows that

y(n) = E{y(m)H} + > > he(Dbe(n —1) +¥(n). (18)

k=1 1=0

=:%x(n)



We have

MP—-1

Dy = (MP)~

n=0
—iep(n)
(19)
By (18) and (19), it follows that

MP—-1MP—-1

Z Z e;(n1 ep ng)}

n1=0 ngo=0

cov{Di, Dp|H} =

" (na)|H} (20)

=:Rz(n1—n2)

® E{i(nl)f{

since X(n) defined in (18) is wide-sense stationary. Set ni —
nz = 7 in (20) to obtain

MP-1
1

MP

T=1-MP

cov{D;, Dp|H} =

min(MP—-1,MP—1—71)
W ei(T+n2)e£I(’rL2) ® Rj(T)

ng=max(0,—7)
(21)
We have

P
% D emim ek = §(ky — ky)d(my —ma). (22)

Using (22), it follows that

| MPo1 LM 1 P-1
E _ T H

VP - e; 7'+n2)ep ng) = % E > ZEO ei(t+1)e, (1)
no= =

e NPTy §(i—p).

M
_ % Z diag{eija“"r, e*jazﬂ" e
m=1 =:3;

(23)
Thus, from (21)-(23), it follows for “large” M P (note that
R:(7) =0 for |7] > L) that

MP—1

cov{D;, Dp|H} = ﬁ Z S @ Ra(7)o(i —p). (24)

T=1-MP

Let S(a) denote the power spectral density of {X(n)} (con-
ditioned on H) at frequency « rad./sec., defined as S(a) :=
>, Ra(7)e™* and given by (15). Eqns. (15), (14) and
(24) yield (we set M P = T) the expression (17).

For a non-random channel, the (conditional) variance of
the channel estimate will be defined as

of gy = B{IH — E{HIH}|*|H}

K
=tr {cov{’?:(, 7:{|H}} = % Z tr {SiC'ZTHCZ} (25)
i=1

where

S; := diag {S(Oéu% S(a2i), -+, S(a(p,m)} . (26)

1 Z ([ejalk” edakn ja(f’*l)kn]H)@y(n)'

3.1. Gaussian Random Channels

In certain cases a much simpler covariance expression can be
obtained. Consider the following assumption on the chan-
nel.

(H4) Components of the channel coefficient hy(l)’s are
assumed to be complex Gaussian random variables

. . 1
with zero mean and variance N(LFD) - We also as-

sume that [hg]i(l1) and [hp];(l2) are statistically
independent if [y # Iy or m or i # j where
[hi]:(1) denotes the i-th component of h(l).

Invoking assumption (H4), we have

Ex{S(a)} = (07 + Zabk /N)Iy Va.  (27)

k=1

Hence, under (H4), it follows that

b+ (i o) /N
T

M clicif . (28)
——

~ ~ g
Ex{cov{Hr, Hr|H}} =
=Ty

Eqn. (28) holds true for all T for which T'= M P, (M > 0
is an integer), or for “large” T.

The variance of the channel estimate for user k& will be
defined as

o, = End E{| e — E{H|H}|*[H}} (29)

24+ (O ot)/N
T

=tr {EH{COV{?:{k,Hle}}} =7 trl.

(30)

3.1.1.  White Superimposed Training

A simplification of T’y in (28) is possible if we use
m-sequences (maximal length pseudo-random binary se-
quences) for training. Pick P = 2" —1 for some integer n
such that P > L+2. Let {¢,(n)} be an m-sequence of length
P. Pick the superimposed training sequence {c1(n)}5 4 for
user 1 as K repetitions of {€,(n)} multiplied by a factor
Oe1 S0 that P71 Zn — lea( (n)|*> = o2. This choice satis-
fies (7)-(8) for k = 1. Pick é(n) = & (n)e? @™/ DI E=n for
k=23, K and cx(n) = owér(n). Then {cx(n)} -,
satisfies (7)-(8) for & > 2. Furthermore, we also have
Cmk = (0ck/0c1)Cm1 Y.

It then follows that % Zf:ol ci(n—1lh)eéi(n—12) =1 for

l1 = l2 mod P, else = —P~'. We also have co1 = 01 P~ 1.
For P “large,” we may consider {¢1(n)} to be “exactly”
white. Using (7)-(8), it easily follows that

P-1
> el

m=0

e 7omit — 52 5(1 mod P) (31)

leading to (for “large” P)

o

-1
lemi|2e 1t = 62, 6(1 mod P) — |co1|?

1

=0l [5(1 mod P) —

3
Il

]5_2] ~ 021 6(1 mod P). (32)

Similarly, for k& > 2, we have & ZP er(

) = e~ @27/ P)(k=1)(l1—l2)

(n — l)ek(n —

for L = 12 mod 15, else



= —eij(ZW/Pﬂk*l)fll712)]571. We also have cor =
(0ck/0c1)co1 = e P~t. Then for k > 2, it follows that

]l

-1
|Cog| e 0mil = 71 CT/PIE=DLG2 51 mod P)  (33)

3
I
o

leading to (for “large” P)

o
—

|Cmp|2e I 0mkl x eI ETPIE=DLG2 51 mod P). (34)

3
I

Therefore, for k =1,2,---, K, we have

-1 _
Fk = (Cka) ~ Uck2IN(L+1)- (35)

Therefore, for a white training signal, we have

o Tt (Zagk_%ofk)/f\f (N(L+1).  (36)

Finally we have
op = En{E{||H — E{HIH}|*|H}} (37)
=3 oz, A NEEY < Zabk /N) (2;;) .
= T )

4. TRAINING POWER ALLOCATION FOR
SPATIAL MULTIPLEXING

Consider spatial multiplexing [4]) where a single user is
treated as K virtual users with a block of K symbols trans-
mitted simultaneously from K transmitters, one symbol per
transmitter. In this section we consider the issue of su-
perimposed training power allocation under spatial multi-
plexing for complex Gaussian random channels (assumption
(H4)). Under (H4), by symmetry, we have o3, = o7 and
0%, = 02 Vk: equal signal power for each user and simi-
larly, equal training power for each user. Using the channel
estimation variance expression developed earlier, we cast
the power allocation problem as one of optimizing a signal-
to-noise ratio (SNR) for equalizer design. Since the esti-
mated channel would be used for equalizer design, we set
up a corresponding model for the received signal in which
the channel estimation error-related term and the additive
noise act as effective additive noise and the information-
sequence-driven estimated channel output acts as effective
signal. This SNR is maximized under a power constraint
on the sum of powers in the information and training se-
quences.
Define the training power overhead [ as

P
% Zn:l |Ck(’l’L)|2 — O‘z
L3r  E{lsk(n)2} oi ol

For a fixed SNR or transmitted power budget, higher 8 im-
plies smaller effective SNR at the receiver due to decreased
power in the information sequence but higher channel esti-
mation accuracy. We can rewrite (1) and (2) as

=3 T h@sk(n=D+Y Y [hi(D)—hi(D)]sk(n—1)

k=1 1=0 k=1 1=0

8=

(39)

+v(n) + m (40)
Following [1], let the estimate of the noise mean be given
by

Z Z hi(i)ex(n —1)].  (41)

k=1 i=0

— /) Sl

Removing the estimated time-varying mean from the re-
ceived data, define

(n):=y(n) = > > he(er(n—1) -

k=1 1=0

<

> hi(br(n = 1) + ¥(n) + m — 1n
=0

O)lbr(n = 1) + ce(n =] (42)

\\Mh EMN

K
o
k=1

We will use the approximation (assuming that m &~ m)

y(n)~ Y > hy(D)br(n —1)

k=1 1=0

—

D][br(n = 1) + ce(n = D] +v(n).

=:w(n)

(43)
When using hg(l) (k = 1,2,---,K) for equaliza-
tion/detection, effective noise (as a first-order approxima-
tion) is w(n) whose covariance contains channel estimation
error covariance as a component, which in turn will depend
on 3, and effective signal is xs(n). An “optimum” value
of the training overhead [ for the superimposed training
method may be obtained by maximizing the SNR in (43).
The signal power in (43) is given by

02 i= E{|lxs(n)[*} = o7 ZZE{Hm Ol

k=1 1=0
K K
=oi > B{[Hel*} =0b > tr { B { B{RRHI M} }}
k=1 k=1

K
=2 Ztr {EH {cov{’l:[k,ﬂkﬂ-{} + Hk’HkH}}
k=1

=oi Y (of, +1). (44)
k=1

The noise power in (43) is given by

0% = PZE{HW ||}—abZah +Nol+ ;ZZ

hy, (12)]}

Y>> E{lh ()

ko=111=015=0

— ey (1)) [h, (I2) —



Chy (0= l)ery (0 — I2). (45)

The expected values in (45) can be obtained from traces of
appropriate N X N submatrices of (28); thus, (45) can be
computed.
Using (44) and (45), we obtain the SNR of (43) as a
function of § (implicitly) as
T2

SNR4(8) = 222 (46)

Ow

Our objective is to maximize SNRg(3) with respect to
(w.r.t.) B under the constraint of a fixed transmitted power,
leading to the constraint

of + 02 =q. (47)

An explicit construction and optimization of SNRg4(3) is
given in Sec. 4.1 for white superimposed training.

4.1. White Superimposed Training

A simplification of (45) is possible if we use the sequences
discussed in Sec. 3.1.1 and invoke whiteness. Under this
approximation, (45) simplifies to

K
o2~ (aerag)Zagk + Nol. (48)
k=1

With 3 as in (39), using the constraint (47), we have 02 =

Bq and of = (1-p)g. Thus, incorporating these constraint-
carrying variables in (46) via (48), (30) and (44), we have
(after some manipulations) an unconstrained cost

SNRa(8) = 918+ g2

where

f1 = qK[K(L+1)=T), f2 = qK[T—2K(L+1)]-KN(L+1)o2,

f3 = K(L+1)[¢gK + No?2], (50)
= NTo; - K*q(L+1), g2 = K(L+1)[gK + No] :E{f’)

Setting the first derivative of SNR4(8) w.r.t. 8 to zero, we
obtain a quadratic equation in 3

5 +292ﬂ+M:0
fign

with two roots, one of which is negative (8 < 0), hence is
excluded, and the other root is given by

ﬂo:z—j {—1+\/1+—91(f3‘;1§£f292) S (52)

Note that the above solution should be in the interval [0,1]
to be acceptable (else the solution is either 0 or 1). [One can
also vary (8 and compute corresponding values of SNR4(53)
to pick an optimal 8 numerically.] For “large” T, it can be

shown that W > 0 if the received SNR Kq >1
(see (47)). In this case, 3, > 0.

Random Complex Gaussian Channel: K=N=2, TIR=0.2, 500 Monte Carlo Runs.

—EI—S|muIat|0n T=200
-©-theoretical: T=200
= simulation: T=400
-A-theoretical: T=400

Normalized Channel Estimation Variance

—5 £1
-------- @--------9
-------- ). SUS—. §

2 30

15 20
SNR(dB)

Figure 1. Normalized channel estimation variance vs received
SNR. Record length = 200 or 400 symbols. Results based on 500
Monte Carlo runs. Solid/square or solid/down-triangle: simu-
lation results; dashed/circle or dashed/up-triangle: theoretical
expression.

5. SIMULATION EXAMPLES

5.1. Example 1: Performance analysis

We consider a two transmitter (a single user treated as
two virtual users with alternate bits comprising two parallel
data substreams transmitted simultaneously from the two
transmitters: spatial multiplexing [4]) and a two receiver
case with random frequency-selective Rayleigh fading chan-
nels leading to K = N = 2. We took L = 2 with the various
components of hy () mutually independent for all k and I,
zero-mean Gaussian, with variance 1/(N(L+1)) as in (H4).
The SNR refers to the energy per bit over one-sided noise
spectral density with both information and superimposed
training sequence counting toward the bit energy. Informa-
tion sequence was binary. We took P = 7 and P = 14 in
(3). The sequence {¢,(n)}%_, discussed in Sec. 3.1.1 is an
m-sequence {1,—1,—1,1,1,1,—1}. The two superimposed
training sequences with period 14 were constructed from
{o(n)}_o as discussed in Sec. 3.1.1. The average trans-
mitted power in cx(n) (scaled binary) was 0.2 of the power
in bi(n) Vk— a small penalty in SNR. There was no loss in
information rate. Moreover, o2, = o7 Vk.

Given the channel estimate (obtained via the method of
Sec. 2) and the true channel at the i-th Monte Carlo run

as flfj)(l) and hlgj)(l)7 respectively, the normalized channel
mean-square error (CMSE) is defined as

T S D i 10 () — B ()

2

NCMSE :=
(53)

where M, is the number of2M0nt623 Carlo runs and 2 in the
denominator represents >, > E{|lh«(l)||*}. The re-
sults averaged over 500 Monte Carlo for two different record

lengths (T'=200 or 400 bits) are shown in Fig. 1 where the
simulations- based results are compared with the theoreti-

cal value o7 / 2 where 0' is given by (38). [The factor 2
represents Zk:l leo E{Hhk( )||I?}, as in (53).] It is seen

that the agreement between the theoretical and simulations
results is good.



Viterbi Detector: N=K=2, T=400, 500 Monte Carlo Runs

10 T T T T T T T T T
—SNR= 5dB
- - -SNR=10dB
1 _ ] .SNRuisaB
_________ -©-SNR=20dB

_______________________ -9 SNR=25dB
2 —%— SNR=30dB

Bit Error Rate
5

Figure 2. BER vs 3 (defined in (39)). Based on 500 Monte
Carlo runs.

5.2. Example 2: Training power allocation

We again consider the example of Sec. 5.1 (Example 1) ex-
cept that the training-to-information sequence power ratio
(TIR) is now varied to yield different values of 3 (see (39)).

For a fixed received signal SNR (= K (o7 + 02)/(No?2) un-

der (H4)) with o7 + 02 = 1, we investigate the choice of 3
(defined in (39)) following Sec. 4. Our approach proposed
i(n ?ec. 4 is to choose  to maximize SNRy4(8) defined in
46).

We maximize the theoretical expression for SNR4(3) us-
ing (52). The BER performance versus (3 based on simula-
tion results (averaged over 500 Monte Carlo runs) is shown
in Fig. 2 using a Viterbi detector, for a fixed record length
of T = 400 symbols and varying SNR’s. It is seen that
as received signal SNR increases, the optimum (3 increases
too. Higher (8 implies that a higher fraction of transmit-
ted power is allocated to training leading to more accurate
channel estimates (with smaller estimation variance). Intu-
itively, for higher SNR’s it pays to achieve more accurate
channel estimates in order to achieve a lower effective noise
power g2 (see (45)). On the other hand, when SNR is low

(i.e. noise variance o2 is high), improving channel estimate

does not have much effect on the effective noise power o2,
In Fig. 3 we compare the optimum values of § for a given
received signal SNR for two cases: that maximizing theo-
retical SNR4(3) (labeled “theoretical” in Fig. 3), and that
maximizing the BER based on the Viterbi detector (labeled
“Viterbi detector” in Fig. 3). It is seen that the two curves
follow the same trend, although they are not identical.

6. CONCLUSIONS

We first considered a performance analysis of the approach
of [1] to obtain a closed-form expression for the channel es-
timation variance for superimposed training-based MIMO
channel estimation. We then addressed the issue of su-
perimposed training power allocation for complex Gaus-
sian random (Rayleigh) channels for MIMO systems arising
from spatial multiplexing of a single user signal. All the
results were illustrated via simulation examples involving
frequency-selective Rayleigh fading.

REFERENCES

(1] X. Meng and J.K. Tugnait, “MIMO channel estimation us-
ing superimposed training,” in Proc. 2004 IEEE Intern.
Conf. Commun., Paris, France, June 20-24, 2004.

Optimum B: K=N=2, T=400
1 T T

T
—&—theoretical
0.9 - ©-Viterbi detector| 4

0 I I I I

5 10 15 20 25 30
SNR (dB)

Figure 3. Optimal 8 versus received signal SNR, under two
different criteria.

[2] A.V. Dandawate and G.B. Giannakis, “Asymptotic theory
of mixed time average and kth-order cyclic-moment and cu-
mulant statistics,” IEEE Trans. Inform. Theory, vol. IT-41,
pp. 216-232, Jan. 1995.

B. Frahang-Boroujeny, “Pilot-based channel identification:
proposal for semi-blind identification of communications
channels,” FElectronics Letters, vol. 31, No. 15, pp. 1044-
1046, June 1995.

[4] D. Gesbert et al, “From theory to practice: An overview
of MIMO space-time coded wireless systems,” IEEE J. Sel.
Areas Commun., vol. SAC-21, pp. 281-302, April 2003.

[5] G.B. Giannakis, Y. Hua, P. Stoica, and L. Tong (Editors),
Signal Processing Advances in Wireless & Mobile Commu-
nications, Vol. 1: Trends in Channel Estimation and Equal-
ization. G.B. Giannakis, Y. Hua, P. Stoica, and L. Tong
(Eds.) Upper Saddle River, NJ: Prentice Hall, 2001.

[6] T.P. Holden and K. Feher, “A spread spectrum based sys-
tem technique for synchronization of digital mobile commu-
nication systems,” IEEE Trans. Broadcasting, pp. 185-194,
Sept. 1990.

[7] H. Holma and A. Toskala, Eds. WCDMA for UMTS: Radio
Access for Third Generation Mobile Communications, 2nd
Ed. Wiley, 2002.

[8] F. Mazzenga, “Channel estimation and equalization for M-
QAM transmission with a hidden pilot sequence,” IEEE
Trans. Broadcasting, vol. 46, pp. 170-176, June 2000.

9] A.G. Orozco-Lugo, M.M. Lara and D.C. McLernon, “Chan-
nel estimation using implicit training,” IEEE Trans. Signal
Proc., vol. SP-52, pp. 240-254, Jan. 2004.

[10] J.G. Proakis, Digital Communications, 4th ed.. NY:
McGraw-Hill, 2001.

[11] J.K. Tugnait and Weilin Luo, “On channel estimation us-
ing superimposed training and first-order statistics,” IEEE
Commun. Letters, vol. CL-7, pp. 413-415, Sept. 2003.

[12] J.K. Tugnait and Jinghong Ma, “Blind multiuser receiver
for space-time coded CDMA signals in frequency-selective
channels,” IEEE Trans. Wireless Commun., vol. WC-3, pp.
1770-1780, Sept. 2004.

[13] G.T. Zhou, M. Viberg and T. McKelvey, “A first-order sta-
tistical method for channel estimation” IEEFE Signal Proc.
Letters, vol. SPL-10, pp. 57-60, March 2003.

[14] J.K. Tugnait and X. Meng, “On superimposed training for
channel estimation: Performance analysis, training power
allocation and frame synchronization,” IEEE Trans. Signal
Proc., to appear.

3



