WIRELESS COMMUNICATIONS AND MOBILE COMPUTING
Wirel. Commun. Mob. Comput. 2004; 4:773-790
Published online in Wiley InterScience (www.interscience.wiley.com). DOIL: 10.1002/wcm.251

Symbol timing estimation in MIMO correlated flat-fading
channels
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Summary

In this paper, the data aided (DA) and non-data aided (NDA) maximum likelihood (ML) symbol timing estimators
and their corresponding conditional Cramer—Rao bound (CCRB) and modified Cramer—Rao bound (MCRB) in
multiple-input-multiple-output (MIMO) correlated flat-fading channels are derived. It is shown that the approxi-
mated ML algorithm in References [4,13] is just a special case of the DA ML estimator; while the extended
squaring algorithm in Reference [14] is just a special case of the NDA ML estimator. For the DA case, the optimal
orthogonal training sequences are also derived. It is found that the optimal orthogonal sequences resemble the
Walsh sequences, but present different envelopes. Simulation results under different operating conditions (e.g.
number of antennas and correlation between antennas) are given to assess and compare the performances of the DA
and NDA ML estimators with respect to their corresponding CCRBs and MCRBs. It is found that (i) the mean
square error (MSE) of the DA ML estimator is close to the CCRB and MCRB, (ii) the MSE of the NDA ML
estimator is close to the CCRB but not to the MCRB, (iii) the MSEs of both DA and NDA ML estimators are
approximately independent of the number of transmit antennas and are inversely proportional to the number of
receive antennas, (iv) correlation between antennas has little effect on the MSEs of DA and NDA ML estimators
and (v) DA ML estimator performs better than NDA ML estimator at the cost of lower transmission efficiency and
higher implementation complexity. Copyright © 2004 John Wiley & Sons, Ltd.
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1. Introduction the potential capacity, synchronization in MIMO

channels received comparatively less attention.

Communication over multiple-input-multiple-output
(MIMO) channels has attracted much attention re-
cently [1-12] due to the huge capacity gain over
single antenna systems. While many different techni-
ques and algorithms have been proposed to explore

Symbol timing synchronization in MIMO uncorre-
lated flat-fading channels was first studied by Naguib
et al. [4], where the timing delay is estimated by
selecting the sample with maximum amplitude
from the oversampled approximated log-likelihood
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function. This algorithm was extended by the authors
in Reference [13] to increase its estimation accuracy.
Unfortunately, the algorithms in References [4,13] are
derived in an ad hoc fashion and there is no objective
criteria for comparison. On the other hand, the well-
known squaring algorithm [24] for symbol timing
estimation in single-input-single-output (SISO) chan-
nels was extended to MIMO channels in Reference
[14], resulting in a non-data aided estimator. However,
the estimator proposed in Reference [14] suffers from
the problem of self-noise, which is inherited from the
original squaring algorithm.

In this paper, the data aided (DA) and non-data
aided (NDA) maximum likelihood (ML) symbol tim-
ing estimators in MIMO correlated flat-fading chan-
nels are derived. In particular, the technique of
conditional ML [21,22], in which the nuisance para-
meters are treated as deterministic but unknown and
are estimated together with the parameter of interest,
is employed. The advantage of conditional ML
method is that there is no need to know or assume
the statistical properties of the nuisance parameters. It
is shown that the approximated ML algorithm in
Reference [4,13] is just a special case of the DA ML
estimator; while the extended squaring algorithm in
Reference [14] is just a special case of the NDA ML
estimator. For the DA case, the optimal orthogonal
training sequences are also derived. It is found that the
optimal orthogonal training sequences resemble
Walsh sequences, but with different envelopes. Two
performance bounds are derived for comparison. The
first one is the conditional Cramer—Rao bound
(CCRB) [18,19], which is the Cramer—Rao bound
(CRB) for the symbol timing estimation conditioned
that the nuisance parameters are treated as determi-
nistic and are jointly estimated together with the
unknown symbol timing. Therefore, the CCRB serves
as a performance lower bound for the ML estimators
derived. The second one is the modified CRB
(MCRB) [20], which is a lower bound for any un-
biased symbol timing estimator, irrespective of the
underlaying assumption about the nuisance para-
meters. Being easier to evaluate than CRB, MCRB
serves as the ultimate estimation accuracy that may be
achieved.

Simulation results under different operating condi-
tions (e.g. number of antennas and correlation be-
tween antennas) are given to assess the performances
of the DA and NDA ML estimators and compared to
the corresponding CCRBs and MCRBs. It is found
that (i) the mean square error (MSE) of the DA ML
estimator is close to the CCRB and MCRB, meaning

Copyright © 2004 John Wiley & Sons, Ltd.

that the DA ML estimator is almost the best estimator
(in terms of the MSE performance) for the problem
under consideration, (ii) the MSE of the NDA ML
estimator is close to the CCRB but not MCRB,
meaning that NDA ML estimator is an efficient
estimator conditioned that the nuisance parameters
are being jointly estimated, but there might exist other
NDA estimators with better performances; (iii) the
MSEs of both DA and NDA ML estimators are
approximately independent of the number of transmit
antennas and are inversely proportional to the number
of receive antennas, (iv) correlation between antennas
has little effect on the MSEs of DA and NDA ML
estimators unless the correlation coefficient between
adjacent antennas is larger than 0.5, in which case
small degradation errors occur and v) DA ML esti-
mator performs better than NDA ML estimator at the
cost of lower transmission efficiency and higher im-
plementation complexity.

The rest of the paper is organized as follows: the
signal model is first described in Section 2. The DA
symbol timing estimation problem is addressed in
Section 3, in which the ML estimator, the correspond-
ing CCRB and MCRB and the optimal orthogonal
training sequences are derived. The NDA ML symbol
timing estimator and the corresponding CCRB and
MCRB are presented in Section 4. Simulation results
are then presented in Section 5 and finally conclusions
are drawn in Section 6.

The following notations are used throughout
the paper. The symbols x*, x?, x and ||x|| denote
the conjugate, transpose, transpose conjugate and the
Euclidean norm of x respectively. Notation ® denotes
Kronecker products, and vec(H) denotes a vector
formed by stacking the columns of H, one on top of
each other. E[x] stands for the expectation of x.
Matrices Iy and Oy are the identity and the all zero
matrix respectively and both are of dimensions
N x N.Z;., Z. ; and Z;; denote the ith row, jth column
and (i, j)Th element of Z respectively. Furthermore, we
refer to the DA ML estimator as MLpa, the NDA ML
estimator as MLypa and the corresponding CCRB
(MCRB) as CCRBDA (MCRBDA) and CCRBNDA
(MCRBnpa ) respectively.

2. Signal Model

Consider a MIMO communication system with N
transmit and M receive antennas. At each receiving
antenna, a superposition of faded signals from all the
transmit antennas plus noise is received. Throughout
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SYMBOL TIMING ESTIMATION IN MIMO CHANNELS 775

this paper, it is assumed that the channel is frequency
flat and quasi-static. The complex envelope of the
received signal at the jth receive antenna can be
written as

ri(1) = \/]%2 hij Z di(n)g(t — nT — &,T) + (1),

i=1,2,....M (1)

where, E;/N is the symbol energy; h;; is the complex
channel coefficient between the ith transmit antenna
and the jth receive antenna; d;(n) is the zero-mean
complex valued symbol transmitted from the ith
transmit antenna; g(7) is the transmit filter with unit
energy; 7 is the symbol duration; ¢, is the unknown
timing offset, which is assumed to be uniformly
distributed in the range [0,1); and n;(¢) is the
complex-valued circularly distributed Gaussian white
noise at the jth receive antenna, with power density
N,. Notice that the timing offsets between all pairs of
transmit and receive antennas are assumed to be the
same. This assumption holds when both the transmit
and receive antenna array sizes are small.

After passing through the anti-aliasing filter, the
received signal is then sampled at rate f; = 1/Tj,
where, Tsé T/Q. Note that the oversampling factor
Q is determined by the frequency span of g(7); if g(¢)
is bandlimited to f = +1/7T (an example of which is
the root raised cosine (RRC) pulse), then Q =2 is
sufficient. The received vector r;, which consists of
L,Q consecutive received samples (L, is the observa-
tion length) from the jth receive antenna, can be
expressed as (without loss of generality, we consider
the received sequence start at ¢ = 0)

r; = A ZH] +n; 2)
where,
2\ @)
5 20T - (L0 = DT (4)
A, Sla,(e)ari(e) ar i, 1(e)]  (5)

a:(c0) Elg(—iT — e,T)g(Ts — iT — &,T)
.. 8((L,Q — Ty —iT — ,T)]"

Z2[d,d;---dy) (7)
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4 [di(—Lg)di(—Lg + 1) - di(Lo + Ly — DIt o®)

hiy hay - hy
hiy hyn -+ hy

HE| . . (9)
hiy hoy -+ hyym

0,2 [ (0)m(1) ... (L,Q — 1)]" (10)

with nj(i)énj(iT/ Q) and L, denotes the number of
symbols affected by the inter-symbol interference
(ISI) introduced by one side of g(z). Stacking the
received vectors from all the M receive antennas gives

r=¢Iy @A, )vec(ZH") + 0 (11)

A T.T 1T A T T T
where, r=[r{r) ...r;] and n=mn) ...n;,
In order to include the correlation between channel

coefficients, the channel transfer function is expressed as:

]T

T
H = /®zH;;q\/ D7 (12)

where, @7 and Dy are the power correlation matrices
[10] (normalized such that the diagonal elements are
ones) of transmit and receive antenna arrays (which
are assumed known) respectively. H; g4 € CM*N con-
tains independently and identically distributed (i.i.d.)
zero-mean, unit-variance, circular symmetric com-
plex Gaussian entries and the matrix square roots
f

denote Cholesky factors such that vV®V® = ®.
Note that Equation (12) models the correlation among
transmit and receive antenna arrays independently.
This model is based on the assumption that only
immediate surroundings of the antenna array impose
the correlation between antenna array elements and
have no impact on the correlations at the other end of
the communication link. The validity of this model for
narrowband nonline-of-sight MIMO channels is ver-
ified by recent measurements [7-10]. Substituting
Equation (12) into Equation (11), we obtain

r =&y @ A, vee (Zy/OrHY /@y )+
(13)

3. Symbol Timing Estimation with
Known Training Data

3.1. ML Estimator

In this case, the matrix Z contains the known training
sequences and the only unknown is H;j; 4. Noting the
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fact that vec(AYB) = (B” ® A)vecY, then Equation
(13) becomes

EIy @ AL)(\/Pr ® Z\/DPr)vec(H Hd +1n
E(V®Pr @ A, Z\/®r)vec(H], )+ 1

(14)

where, the last line comes from the fact that
(A®B)(C®D) = (AC)® (BD).

From Equation (14), the joint ML estimate of ¢,
and vec(H, ;) is obtained by maximizing

1 (
rle,h) = exp|— -
plrle.) (7N,)"? P N,

or equivalently minimizing

Ji (l‘|€, h) = (I’ - Aeh)H(r - Aeh) (16)
where, A. £ ¢(\/®g ® A.Z+/®7), and ¢ and h are the
trial values for €, and vec(H; ; ), respectively.
Setting the partial derivatives of Ji(r|e,h) with
respect to h equal to zero, we obtain the ML estimate
for vec(H/, ;) (when ¢ is fixed) as Reference [15]

A)'A r (17)

Substituting Equation (17) into Equation (16), after
some straightforward manipulations and dropping the
irrelevant terms, the timing delay is estimated by
maximizing the following likelihood function

Using the well—known properties of the Kronecker
product (A®@B) ' =A"! ) 1,,?,md (Ao B)" =
A" @ B to expand A (A A.)'AZ, we have

A(ATA) AT = [VOr(Vr " o) V|
@ [AZ/Or (VO 2 A A2 r) /B 2 AL

=1y © AZ(Z'ATA Z) ' 7 AT
(19)

where in the second equality, we used the fact that
/@y and /@7 are both non-singular square matrices.

Copyright © 2004 John Wiley & Sons, Ltd.

Substituting this result back into Equation (18), the
DA likelihood function is given by

Apa(e) = (Iy © AL Z(ZPAA.Z) ' 27 AT)r
M
ZrHA Z(ZPAA.Z) "7 A Y,

(20)

and the MLpa symbol timing estimator can be written
as

€ = argmax Apa (¢) (21)
€
We make the following remarks:

(1) The maximization of the likelihood function
usually involves a two-step approach. The first
step (coarse search) computes Apa(g) over a grrd
of timing delay akfk/l( fork=0,1,..., K —1,
and then the ¢; that maximizes Apa (¢) is selected.
The second step (fine search) finds the global
maximum by using either the gradient method
[19], dichotomous search [17] or interpolation
[17]. In this paper, we employ the parabolic
interpolation in the second step due to its imple-
mentation simplicity. More specifically, assume
that Apa (¢;) is identified as the maximum amon
all  Apa(er) 1n the first step Define I, =
ADA(Sk—l) 12 = ADA(Ek) and 13 = mADA (Ek-H)
then [17]

. I — I
STtk L —2D) (22)

(2) The likelihood function at each received antenna
can be calculated independently and then added
together to obtain the overall likelihood function.

(3) The correlations in the transmit and receive an-
tenna arrays do not appear in the estimator. That
is, the MLpa symbol timing estimator is indepen-
dent of the antenna correlations. This is a reason-
able result since another way of deriving the DA
likelihood function (20) is not separating /@x
and +/®7 from H; ;4 and treat vec(H) as deter-
ministic unknown. Thus, ®; and ®7 would not
appear in the estimator.

(4) In order for the estimate of vec(H; ;) to hold in
Equation (17), it is required that A. is full rank
[15] or equivalently /®g, A., Z and /®; are all
full rank. Note that v/® and /®7 are lower
triangular matrices with positive diagonal ele-
ments [16], so they are full rank. Furthermore, if
g(t) being a RRC pulse (which is the most
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SYMBOL TIMING ESTIMATION IN MIMO CHANNELS 177

frequently used pulse shape), numerical calcula-
tions show that A, is full rank. Finally, Z can be
made full rank by properly designing the training
data. A sufficient condition is that parts of the
training sequences from different transmit anten-
nas are orthogonal. That is, for i # j,

[di(a) -~ di(b)] x [di(a)---di(b)]" =0 (23)

forsomea,b € {—Lg, —Lo+1,...,L, + L, — 1}
with a < b.
(5) For a large observation interval L,, the ('7 J)th
element of Ang (i,j = —Lg, Ly +1,...,L,+
L, — 1) can be approximated by
[A?Ag]lj ~ n;x g (nTy —iT —eT) (24)

xg(nTy — jT — €T) = Ry ((i = J)T)

where, Ry, (7) is the continuous autocorrelation
function of g(¢) and the last equality is due to the
fact that the sampling rate is at least at the
Nyquist rate, which guarantees the equivalence
between the discrete and continuous autocorrela-
tion functions of g(). Therefore, [A7A.]; is
approximately independent of €. Note that this
approximation is very accurate for the central
portion of A”A_. If R,,(7) satisfies the Nyquist
condition for zero ISI (e.g. g(¢) being a RRC
pulse or the class of non-bandlimited pulse
shapes with R,,(7) being time-limited to
[-T/2,T/2]), then [Ang]l.j ~ 6;;. Furthermore,
if the training sequences from different transmit
antennas are orthogonal and with the same norm
(i.e. ZHZ = cIy for some constant c), then

1 M
Apa(e § A ZZ" Ay,
C J—
= (25)

N
CZZ |dHAHrJ|

j=1 i=1

Note that A”r; is the matched filtering of r; with
one output sample per symbol with delay e
[21,23]. This reduces to the approximated ML
function proposed in Reference [4].

(6) An interesting question is how large L, is suffi-
cient for the use of Equation (25) in place of
Equation (20) without a noticeable loss in perfor-
mance. The answer depends on the signal-to-

Copyright © 2004 John Wiley & Sons, Ltd.

noise ratio (SNR) where the estimators work. In
general, the higher the SNR, the larger the L, is
required. For example, Figure 1 compares the
MSE performances of the true ML estimator
and the approximated ML estimator (the training
sequences are the optimal orthogonal sequences
derived later in this paper). It can be seen that for
SNR < 20dB, L, = 32 is enough for both esti-
mators to have similar performances. For SNR=
30dB, L, = 64 is required.

(7) In some space-time processing algorithms, (e.g.
space-time coding [2-5]), it is required that the
channel matrix be also estimated. It is clear that
once the timing estimate € has been found by
maximizing Equation (21), the channel estimate
can also be obtained readily by using Equation
(17). Putting € = £ into Equation (17) and ex-
panding it gives

h=¢" (Vo) ' @ (Var) !

(26)

(Z"ATAZ) 2" AT )
If the channel coefficients are uncorrelated (i.e.
®; =1y and ®; =1),) and the training sequences
from different transmit antennas are orthogonal (i.e.
717 = cIy), it can be easily shown that Equation (26)
reduces to

hj ~ zd,*AH (27)

—+— True ML, x
~ - App. ML, L =16
—o True ML, L =32
o - App. ML, L =32
—x— True ML,

E/N, (0B)

Fig. 1. Mean square error (MSE) performances comparison

between the true and approximated data aided maximum

likelihood (DA ML) estimators with different

Ly(M =N =4,L, =4,g(t) being a root raised cosine

(RRC) pulse with roll-off factor a=0.3, ®r =14,
7= Zopl)~
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778 Y.-C. WU AND E. SERPEDIN

which is the channel estimation method proposed in
Reference [4].

3.2. The CCRB and MCRB

For the model in Equation (14), it is known that for a
specific timing delay &,, the CCRBp, is given by*
Reference [22].

o2

CCRBDA(&,) = —g -
2t(DY PLD., I'y)

(28)

In Equation (28), 0> = N,f; = N,Q/T is the noise
variance, tr(.) denotes the trace of a matrix,

_ A dA.
D.2 - = £/ ®g @ D.Z\/®r (29)

with D, - dA./ de, . Pfs is the orthogonal projector onto
the null space of A, and is given by

€o

Pﬁ é IMLOQ - Aeo (AQA%)_IAZ
=Ty ® (I,0 — A Z(Z"A A Z) ' 27 AT
=1y ®Py,

(30)
where, Py, 21, 0 — A Z(Z"AU A Z) ' Z# A, and

Ih2 Evec(H?, , Jvec(H, )] = Iy = Iy ®@ Iy

(31)

Subsituting Equations (29), (30) and (31) into Equa-
tion (28), we obtain

used the fact that tr(AB) = tr(BA) and the diagonal
elements of @ are all one regardless of the specific
value of the correlation matrix.

For a specific timing delay €,, MCRBp, is given by
Reference [22]

2

MCRBDA(ED) = (33)

a
H=

0

2tr(l_) =, Fh)

and based on similar calculations with those used for
CCRBpa, it can be shown that

MCRBpa (¢,) ! EN
€o) = T T ve
PA 2Mu(Z'DPD., Zd7) \N,

(34)

The following remarks concerning the CCRBp, and
MCRBp, are now in order:

(1) Since the timing delay ¢, is assumed uniformly
distributed, the average of CCRBpa, and
MCRBp4 can be calculated by numerical integra-
tion of Equations (32) and (34) respectively.

(2) The CCRBpa and MCRBp4 do not depend on the
receive antenna array correlation matrix @g.
Furthermore, the CCRBps and MCRBpa are
inversely proportional to the number of receive
antennas M. Thus, the CCRBps and MCRBpya
will be reduced by a factor of 2 whenever the
number of receive antennas M is doubled.

(3) The expressions for CCRBpy and MCRBpy
would still be given by Equations (32) and (34)
respectively, even if we treat vec(H) as determi-
nistic unknown rather than vec(H! ;) in the
system model.

2

a

CCRBDA(EO) =

ON

28r((v/®g @ D, Zy/®7)" (I @ Py, ) (vV®r ® D, Zy/®7) (Iyy @ Iy))

EN\ "'
_ il 32
2u(\/ B /OR)tr(v/ @7 2D Py, D, Z\/®r) (N> (32)

- s (7).
 2Mu(Z'DIPy,D., Zdr) \N,

where, Z2 Z./+/N and D. e D./+/Q. In passing from
the second line to the third line in Equation (32), we

IStrictly speaking, the bound given is the asymptotic CCRB.
However, it is shown in Reference [22] that the true CCRB
tends to the asymptotic CCRB, when M, N — oc.

Copyright © 2004 John Wiley & Sons, Ltd.

3.3. Optimal Orthogonal Training Sequences

Since the CCRBpa can be reached asymptotically by
the MLp, estimator, (21) [15], it is natural to search
for optimal training sequences by minimizing the
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CCRBp4 in Equation (32) with respect to Z. Unfortu-
nately, since the denominator of Equation (32) is a
very complicated function of Z, it is difficult, if not
impossible, to obtain a simple solution. On the other
hand, the expression for the MCRBp, in Equation
(34) has a much simpler dependence on Z. Moreover,
it will be shown later in this section that for the
derived optimal training sequences, the corresponding
CCRBp, is actually very close to that of MCRBpya
(see Figure 3). Therefore, in the following the optimal
training sequences are derived by minimizing the
MCRBpa with respect to Z.

With the constraint that the columns of Z has to be
orthogonal® (i.e. Z"Z = (L, + 2L,)1y), it is proved in
Appendix 1 that the matrix Z that minimizes
MCRBp4 (¢,) is given by

Z=/(L, +2L,)U(e,)U¥ (35)

where, U(e,) is the matrix containing the N eigen-
vectors corresponding to the N largest eigenvalues of
ﬁf f)go as columns and Uy is the unitary matrix
containing all the eigenvectors of @7 as columns.

In general, the optimal orthogonal training se-
quences depend on the unknown parameter ¢,. How-
ever, note that, following the same argument as
in Equation (24), [f)g)f)gn]ij ~ Ryy((i —H)T)T?/0Q,
where, ¢'(¢) = dg(t)/dz. Therefore, ﬁ:}f)gﬁ is approxi-
mately independent of the parameter €, and in prac-
tice, we can fix a nominal timing delay, say ¢, =0
(actually other values do not make a large difference
as we will show), for designing the training sequences.
This idea is verified by Figure 2, where,

= 1 (36)

is plotted against ¢, for ¢ = 0,0.25,0.5,0.75 with
N =4,L,=32,L, =4, g(r) being a RRC pulse with
roll-off factor o« = 0.3 and ®; = I;. The case of
€, = €, is also shown for a reference. It is obvious
that the mismatch of ¢, and ¢, does not increase the
value of [ significantly. From Figure 2, we note that
the worst case increase of 3 due to the mismatch of &,
and e, is about 2 x 10 and when ¢, =¢,,

"Notice that in this paper, the search for optimal training
sequences would be confined to the class of orthogonal
sequences. The question of whether there exists any non-
orthogonal training sequences with better performances and
how to find them is a subject open to future investigations.

Copyright © 2004 John Wiley & Sons, Ltd.
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Fig. 2. Plots of 821 /tr(ZHDf”DE”Z(DT) against ¢, for
g =0,0.25,05,0.75 (N =4,L, =32,L, = 4, g(r) being
a RRC pulse with a = 0.3, @7 = Ly).

B~ 2.695 x 1073. Thus, the worst case relative error
for the MCRBp4 in this example is

MCRBDA(EO|Et 7é 60) — MCRBDA(E-:OlE; = Eo)
MCRBpa (6,ler = &5)
. 2x107
72,695 x 103

=742 x 1073
(37)

The implication of the above calculation is that the
worst case variation of the MCRBpa(g,) due to the
mismatch between ¢, and &, is at least 100 times
smaller than the value of the MCRBpa(e,) when
€ = &,. Therefore, the optimality of the orthogonal
training sequences derived is approximately indepen-
dent of ¢, and we can write Zgy =
(L, +2L,)U(0)U4.

With the optimal orthogonal training sequences
Z,y, the ratios CCRBpa(e,)/MCRBpa(e,) are
plotted in Figure 3 against the number of transmit
antenna N for ¢,=0,0.25,0.5,0.75 with L, =
32 and 128,L, =4, g(¢) being a RRC pulse with
a = 0.3 and ®7 = Iy. It can be seen that the ratios
CCRBpa(g,)/MCRBpa(g,) for different &, are
close to 1 (this is true for the case L, = 128, and for
moderate number of transmit antennas when L, = 32).
Since, MCRBpa(g,) < CCRBpa(&,), even there are
some other orthogonal sequences that actually mini-
mize the CCRBpa(c,), the space for performance
improvement is very small (e.g. for L, =32 and
N <4, the ratio CCRBpa(g,)/MCRBpa(e,) is

Wirel. Commun. Mob. Comput. 2004; 4:773-790




780 Y.-C. WU AND E. SERPEDIN

Fig. 3. Plots of conditional Cramer-Rao bound
(CCRBpa)(&,)/ modified Cramer—Rao bound (MCRBpg)
(¢,) against the number of transmit antenna N for
€, =0,0.25,0.5,0.75 (L, =32 and 128, L, =4 and g(¢)
being a RRC pulse with a = 0.3, @7 = Iy, Z = Zy).

smaller than 1.1, the best possible performance im-
provement is only 10log,y(1.1) ~ 0.4dB), not men-
tioning that these training sequences are difficult to
find or may even do not exist. This justifies the search
for optimal orthogonal training sequences by mini-
mizing the MCRBp4.

It is interesting to find that, when ®7 = Iy and g(¢)
is a RRC pulse, the optimal orthogonal training
sequences resemble the Walsh sequences. Let, w, be
the Walsh sequence with length 32 and with n sign
changes. For comparison, Figures 4 and 5 show
[Zopl]:_’1 and [Zgy)., with L, =32,L, =4 and
a = 0.3, together with w3; and —wj3( plotted from
the index 5 to 36. Note that the lines are drawn for

2 T T T T T T

[

SN
OM\MMF\M\M’%‘;O
;%0.5* M‘Hw”'a“\f.lw‘f\‘;\ ]
-
R e .
: SERLAR A

-2

Fig. 4. Plots of [Zy]. ; and ws; (g(r) being a RRC pulse with
a=03,L, =32, L, = 4).
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Values of sequences
o <
T T T

Fig. 5. Plots of [Zopt}:,z and —wj3 (g(7) being a RRC pulse
with o = 0.3, L, = 32, L, = 4).

easy reading, there is no value defined in between
integer indexes. It can be observed that, the values of
the optimal sequences at indices 1-4 and 3740 are
very small. Moreover, with the exception of the
different envelope shapings, the sign-changing pat-
terns of the optimal orthogonal sequences follow that
of Walsh sequences (for indices 5-36). In general, the
same relationship can be found between [Zy].; and
w3_;. We also remark that the use of Walsh sequénces
with the largest number of sign changes for symbol
timing estimation in space-time coding system has
been initially proposed in Reference [14].

Finally, Figure 6 compares the performance of
MLpa, Equation (21) with different kinds of training
sequences in a 4-transmit, 4-receive antenna system

T T
—— Perfect sequences
—&— Walsh sequences
—+— Optimal sequences

E,N, (dB)

Fig. 6. Comparison of the MSE performances of MLp, with

different training sequences (g(#) being a RRC pulse with
a=03M=N=4,L,=32,L, =4, Oy =Dz =14).
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with L, =32,L, =4, g(r) being a RRC pulse with
« = 0.3. For simplicity, we set ®7 = ® = 14. Three
different kinds of training sequences are considered.
The first one is the optimal orthogonal training se-
quences derived above. The second one is the Walsh
sequences Wsi, W3g, Wag, Wog and extended to length
40 by adding a cyclic prefix and suffix, each of length
equal to 4. The final one is the perfect sequences
proposed in Reference [13], where they were derived
to minimize the contribution of the ISI term in the
approximated log-likelihood function (25) (see Re-
ference [13] for detail). From Figure 6, it can be seen
that the perfect sequences perform not as well as the
Walsh sequences and the optimal sequences. This is
because the true ML estimator is used in simulations
and the perfect sequences (which were derived based
on the approximated log-likelihood function) may not
have any optimality. Due to the resemblance of the
optimal orthogonal sequences and the Walsh se-
quences, the performance of the MLpa by using these
two kinds of sequences are close to each other, with
the case of optimal orthogonal sequences performing
marginally better. For fair comparison, we mention
that the perfect sequences and the Walsh sequences
are constant modulus sequences while the optimal
orthogonal sequences are not.

4. Non-Data Aided Symbol
Timing Estimation

4.1. ML Estimator

In this case, no training sequence is used and Z
contains real data. Now, the matrices Z and H;; 4 in
Equation (13) are unknown and Equation (13) can be
rewritten in the following form:

r=¢(Iy @A) (VO @1, o, )vec(Zy/®rH] ) +1

= {(V/ @k @ A, )vec(Z/®rH] ) +1
(38)

Note that although, ®7 is assumed to be known, it
cannot be separated from Z and H;;q because the
correlation in transmit antennas can be translated into
correlation of unknown data or vice versa. Since the
noise is white and Gaussian, the MLypa estimator
resumes to the minimization of

]2(1“6, X) = (I‘ - AEX)H(I' - Asx) (39)

where, A. £ (VDR ® A.), € and x are the trial values
for , and vec(Z/@rH!, , ) respectively.

Copyright © 2004 John Wiley & Sons, Ltd.

With the linear model of Equation (38), the ML
estimate for vec(Zy/®7H/, ;) (when ¢ is fixed) is
given by

x=(A"A)'A"r (40)

Putting Equation (40) into Equation (39), after some
straightforward calculations and dropping the irrele-
vant terms, the MLypa symbol timing estimator
reduces to the maximization of the following like-
lihood function:

Awpa(e) = A (ATA) AT (41)

It can be easily shown that

AAYA)TAY =1, 0 ALAPAL)TIAY (42)

which gives

M
Axpa(e) = Y r'AL(AYAL) A, (43)
j=1

The MLnpa symbol timing estimation can be stated as
€ = argmax Anpa (€) (44)
€

and can be implemented by the two-step approach as
for the MLp,.

Note that the implementation of the MLypa esti-
mator does not require the knowledge of correlation
among antennas. Note also that the likelihood func-
tion in Equation (43) is the sum of individual like-
lihood functions for each receive antenna, just as the
case of training-based likelihood function in Equation
(20). For each of the receive antenna, the likelihood
function is the same as the likelihood function for
SISO systems [22,23]. Furthermore, applying the low-
complexity maximization technique [23] to the like-
lihood function (43) and with the approximation
Ang ~ Iz,421, for Nyquist zero-ISI pulse, it can
be easily shown that the MLypa (44) reduces to
the extension of squaring algorithm proposed in
Reference [14].

4.2. The CCRB and MCRB

For the model in Equation (38), the CCRB for a
specific €, is given by Reference [21]

o2

CCRBnpa (&) =——F————
“ PO, T,

(45)
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where,

D.

>

dA.
=D D. 4
& vV ®r ® D, (46)

v < Hy ._1x H
Piflyo— A, (A, A) A =1 @ Py
(47)

with P4 L ILo—A (AgAsn)flAg, and

rs E[vec(Z\/®7H], ) vec(Z/®-H], ;)] (48)
It is shown in Appendix II that

I =I,o¥ (49)

where ¥ is a Hermitian and Toeplitz matrix with
elements [‘l’]ijétr(l“z(j —)®7) and TI.(j—1i) =
[E[(Z*)jT_:(Z)iY:] is the average cross-correlation matrix
of the symbols transmitted with time index difference

Jj—i.
Substituting Equations (46), (47) and (49) into
Equation (45), we obtain

Note that the average of CCRBypa and MCRBypa
can be computed by numerical integration of Equa-
tions (51) and (53) respectively. In the following, we
consider two special cases.

Special Case I: The data is spatially and temporally
white (e.g. Vertical-Bell Labs Layered Space-Time
(V-BLAST) system¥ [12]). In this case, I'.(j — i) =
Iyo;, implying that [¥]; = 6;tr(®r) = Né;. There-
fore, the corresponding CCRByps and MCRBypa
are

1 EN\ !
CCRBNDA(EO) = <H_ .. = (_> (54)
2Mtr(D_ PyD,,) \No
and
1 E\ !
MCRBxpa(gy) = ———7— | — (55)
ZMU'(DE" s ) N,

respectively. Note that in this case, the CCRBnpa and
MCRBxpa do not depend on the number of transmit
antennas and the correlations among antennas.

Special Case 2: Space-time block code (STBC)
system. In general, a block of STBC symbols can be
represented by a s X N matrix [6]

0.2

CCRBNDA (60) =

282r((V®r @ D))" (Iy @ Py) (VB ® D) (1y ® ¥)

1 EN\ '
i) o
2Mtr(D, PxD., ¥/N) \No

Following the same calculations as for the
CCRBnNpa, the MCRBypj, is given by

2

g
MCRBxpa(8y) = ——5——— (52)
2tr(D. D, Tx)
1 E\ !
- ~H ~ <_3> (53)
2Mtr(D_D., ¥/N) \NVo

Copyright © 2004 John Wiley & Sons, Ltd.

rs

G= 3 RbXe+/ S SBIYe  (56)
k=1

k=1

where, r is the rate of the STBC, s is the length of the
STBC, by’s are the i.i.d., complex valued symbols to
be encoded, R(.) and I(.) denote the real and ima-
ginary parts, jé\/: and Xy, Yy are the fixed, real-
valued elementary code matrices. Without loss of

9In its initial development, V-BLAST system does not
employ any temporal error control code. Although, temporal
error control code may be applied in V-BLAST system, we
assume the data is temporally white since from the point of
view of the symbol synchronizer, the data appears to be
uncorrelated.
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generality, we assume |b;| = 1. It is proved in Appen-
dix III that for the STBC system,

(44) are assessed by Monte Carlo simulations. In all
the simulations, L, = 32, L, = 4 (i.e. the total length

Oy
Fz(j —i)= | st

2s Zn:l ( /rjzl [Xk];{f&: [Xk]n,: + ercszl [Yk]£+f,? [Yk}n,:) for

for |j—i]>s
(57)
lj—il=¢t<s

For example, let us consider the half-rate orthogo-
nal STBC with four transmit antennas [5], in which
case N = 4,5 = 8,r = 1/2 and the matrix G given by

by by by by
—by, by —b; b
—bs by b —b
—by —by by b
bi b, b, b
—b, b} —b, b
—b, b, b b
—b, b, b b

Decomposing G in terms of X; and Y; and using
Equation (57), it is found that

n for i=j
o 2 0 1
T L j—il=1
lo -1 0 2
—1 -2 0
r,(j—i)= - 0 1
: ! 0} for |j—1i=3
-1 0 0
-1 0 0 0
04 otherwise
(59)

Then, W can be computed according to
[¥]; =tu(I'.(j—i)®r) and the CCRBnps and
MCRBNpa are given by Equations (51) and (53)
respectively.

5. Simulation Results and Discussions

In this section, the MSE performances of the proposed
symbol timing estimators, MLpa (21) and MLnpa

Copyright © 2004 John Wiley & Sons, Ltd.

of training data is 40), Q = 2, K = 16, ¢, is uniformly
distributed in the range [0, 1) and g(7) is a RRC filter
with roll-off factor @ = 0.3. Each point is obtained
by averaging 10* Monte-Carlo simulation runs. For the
DA case, the optimal orthogonal sequences Zy
derived in Section 3.3 are used as training data. For
the NDA case, the data format is QPSK.

5.1. Effects of Nand M

In this Section, the effects of the number of transmit
and receive antennas are examined. First, let us
assume, ®y = Iy and ®z =1, for the moment.
Furthermore, it is assumed there is no space-time
coding in the NDA case. The effect of antenna
correlation and space-time coding will be examined
later. The effect of the number of transmit antennas N
is shown in Figures 7 and 8 for the DA and NDA cases
respectively, with M = 4. From both figures, it can be
seen that different numbers of transmit antennas result
in similar estimation accuracies. Therefore, the MSEs
are approximately independent of N for both MLpa
and MLypa. Next, the effect of the number of receive
antennas M is shown in Figures 9 and 10 for DA and

—+ DAML
—— DA CCR!
-o- DAML
—o- DACCR
- DAML
—— DACCR

W W W

4] 5 10 15 20 25 30
E/N, (dB)

Fig. 7. MSEs of the MLpy estimator and the corresponding
CCRBs with different number of transmit antennas
(O =1y, O = 1y, Z = Zy).
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—+ NDAML {1x4
—+ NDA CCRB (1x4

)
)
—o- NDAML  (2x4)
—o~ NDA CCRB (2x4)
—— NDAML  (4x4)
—— NDA CCRB {4x4)

15
E_/N (dB)
s 0O

Fig. 8. MSEs of the non-data aided maximum likelihood

MLnpa estimator and the corresponding CCRBs with

different number of transmit antennas (®7 = Iy, ®r =1,

and the data transmitted is spatially and temporally
white).

——~ DAML  (4x1
—— DACCRS {
—o- DAML

E/N, (0B)

Fig. 9. MSEs of the MLp4 estimator and the corresponding
CCRBs with different number of receive antennas
(Or = Iy, O =Ly, Z = Zpy).

NDA case respectively, with N = 4. It is clear that
increasing M leads to considerable MSE improve-
ments. Since, from Equations (32) and (51), the
CCRBpa and CCRBypa are inversely proportional
to M and from Figures 9 and 10, the performances of
MLpa and MLnpa are very close to their correspond-
ing CCRBs, it can be concluded that the MSEs of
MLps and MLypa estimators are approximately in-
versely proportional to M.

Copyright © 2004 John Wiley & Sons, Ltd.

—— NDAML  (4x1)
—+— NDACCRB (4x1)
—o- NDAML  (4x2)
—o- NDA CCRB (4x2)
—— NDAML  (4x4)
—— NDACCRB {4x4)

-5 L L L L

20 25 30

15
E_/N (dB)
N,

Fig. 10. MSEs of the MLnpa estimator and the correspond-

ing CCRBs with different number of receive antennas

(D =1y, ®r =1y and the data transmitted is spatially
and temporally white).

It is reasonable to have improved performances
when the number of receive antennas increases since,
more receive antennas provide diversity gain. It is
tempted to argue that using more transmit antennas,
should also improve the performances of symbol
timing estimation since from the experience of
STBC [2,5], more transmit antennas also provide
diversity gain. However, notice that the diversity
gain of STBC does not come automatically by just
increasing the number of transmit antennas. In STBC,
the observation length for demodulating a symbol has
to be increased with the number of transmit antennas.
For symbol timing estimation, irrespective of the
number of transmit antennas, the total transmit
power and the observation length are kept constant,
it is not unreasonable to have MSE performances
approximately independent of N. For multiple receive
antennas, although the observation length (for each
receive antenna) is kept constant, the observations
from different receive antennas are independent (si-
milar to the situation of maximal-ratio receive com-
bining scheme). These independent observations
increase the effective observation length and
performance is improved due to the longer effective
observation.

5.2. Effects of Correlation Among Antennas

Figures 11 and 12 show the MSE performances of
MLpa and MLypa of a 4 x 4 system under the effect
of correlated fading among antennas. The measured
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-+ DAML (uncorrelated fading)
E —— DA CCRB (uncorrelated fading)
N -o- DAML (correlated fading with knowledge)

3 —6— DA CCRB (correlated fading with knowledge)
(correlated fading but no knowledge}
- —— DA CCRB (correlated fading but no knowledge) ||

E/N, (0B)

Fig. 11. MSEs of the MLp, estimator and the corresponding
CCRBs with and without fading correlation between anten-
nas for a 4 x 4 system.

T T T
uncoded symbols, uncorrelated channels)

—+— NDAML (
—— NDA CCRB (uncoded symbols, uncorrelated channels)
-0~ NDA ML (uncoded symbols, correlated channels)

10748 —+— NDAML (coded symbols, correlated channels)
S —— NDA CCRB (coded symbols, carrelated channels)

(
—&— NDA CCRB (uncoded symbols, correlated channels)
(

E/N, (0B)
Fig. 12. MSEs of the MLypa estimator and the correspond-

ing CCRBs with and without fading correlation between
antennas for a 4 x 4 system.

correlation matrices from Nokia [10] are used in
simulations

1 0.4154 0.2057 0.1997

0.4154 1 0.3336 0.3453
"= 102057 03336 1 0.5226 |’
0.1997 0.3453 0.5226 1
1 0.3644 0.0685 0.3566
103644 1 0.3245 0.1848
R =

0.0685 03245 1 03093
03566 0.1848 03093 1
(60)

Copyright © 2004 John Wiley & Sons, Ltd.

Three cases are considered in Figure 11 for the DA
case. The first case assumes no correlation among
antenna arrays and serves as a reference and is shown
by the ‘ +’ markers. The second one, which is shown
by ‘o’ markers, assumes that correlations exist among
antennas and perfect knowledge of @7 is available for
designing optimal training sequences. The last case,
denoted by the ‘. markers, assumes that correlations
exist among antennas but no knowledge of correla-
tions is assumed when designing the training se-
quences. It can be seen that the fading correlations
among antennas do not change the MSE performance
of the MLp, estimator or the CCRBp4. Furthermore,
surprisingly, the knowledge of ®; for designing
optimal training sequences is not important as the
results show that training sequences assuming no
correlation perform equally well in the presence of
correlation among antennas. For the NDA case
(Figure 12), three cases are considered, too. The first
one is no space-time coding and no fading correlation,
which is shown using ‘ 4’ markers. The second one is
no space-time coding but with fading correlation,
which is shown by ‘o’ markers. The final one is that
the data is encoded with the half rate STBC (58) and
with correlated fading, which is shown by . markers.
It can be seen that the presence of correlated fading
and space-time coding do not affect the MSE perfor-
mances of the MLypa estimator.

In order to investigate the performance of MLpa
and MLypa estimators under different degree of
fading correlation, we employ the following single
parameter correlation model:

[@1]; = [@¢]; = p" (61)

where, p € [0, 1) is the correlation coefficient between
adjacent antennas (note that p = 0 means no correla-
tion). Figure 13 shows the MSEs of the MLpa
estimator against p for E;/N, = 10, 20 and 30dB in
a 4 x 4 system. Two cases are considered. The first
one assumes perfect knowledge of correlation for
designing training sequences and the second one
assumes no correlation when designing training se-
quences. It can be seen that for p < 0.5, the perfor-
mance degradation due to antenna correlation is
extremely small. Only when p > 0.5, the performance
start to degrade, but with limited degree. Also, design-
ing training sequences without knowledge of correla-
tion results only in a slight degradation with respect to
the case, which assumes perfect knowledge of corre-
lation, and this only happens when p > 0.5. This
property facilitates the practical implementation of
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10dB M

20d8 M

MSE

3008 MI

—— Pertect knowledge of correlation
—5— No knowledge of correlation
T T T T

L
0 0.1 0.2 0.3 04 0.5 0.6 0.7 08 0.9
P

Fig. 13. MSEs of the MLpx estimator against the correlation
coefficient p between adjacent antennas for E,/N, = 10, 20
and 30dB in a 4 x 4 system.

the proposed scheme since in practice, the correlation
matrix may not be perfectly known. This also explains
the results in Figure 11 that the MLpa estimator does
not suffer any loss of performance since the largest
measured correlation coefficient between adjacent
antennas in Equation (60) is about 0.5. Figure 14
shows the MSEs of the MLnpa estimator against p for
E;/N, =10, 20 and 30dB in a 4 x 4 system. Two
cases are simulated. The first case is no space-time
coding, while the second case is encoded by Equation
(58). It can be seen that, basically, the space-time
coding considered in this example does not have any
effect on the MSE performances of the MLypa with
respect to the no coding case. Furthermore, the de-

20dB

MSE

107+ bl

e

30dB

—&— no space-time coding
—— with space-time coding
T T T

10" L L L L
0 0.1 0.2 0.3 04 0.5 0.6 0.7 08 0.9

p

Fig. 14. MSEs of the MLnpa estimator against the correla-
tion coefficient between adjacent antennas p for E;/N,, = 10,
20 and 30dB in a 4 x 4 system.

Copyright © 2004 John Wiley & Sons, Ltd.

gradation due to extreme antenna correlations is very
small.

The small dependence of the MSEs on correlation
between antennas is due to the fact that, in this study,
the nuisance parameters (i.e. vec(H!; ;) for DA case
and vec(Zy/®@rH/; ;) for NDA case) are treated as
deterministic unknown and are being jointly estimated
together with ¢,. The correlation between antennas,
can always be lumped into the nuisance parameters.
Since, this action does not change the dimension of
the nuisance parameters and there is no constraint on
the value of the nuisance parameters, the effect of
correlation between antennas on the MSE of & would
be very small.

5.3. Comparison of DA and NDA Estimators

Here, we compare the performance of the MLpa and
MLnpa estimators with their corresponding CCRBs
and MCRBs for a 4 x 4 system. For simplicity, it is
assumed that there is no correlation among antennas
and there is no space-time coding for NDA case
(since the effects of these are small as shown earlier).
Figure 15 shows the results. Note that from Figure 15,
the MSE performances of MLps and MLypa estima-
tors are very close to their corresponding CCRBs.
This means that MLp, and MLypa are efficient
estimators conditioned that the nuisance parameters
are being jointly estimated together with the unknown
timing delay. Also, note that the performance of
MLp, estimator is very close to the MCRBp4, which
implies that MLp, is almost the best possible esti-
mator under the problem at hand, regardless of how
we deal with the nuisance parameters. For the NDA

107

—o NDAML
—— NDA CCRB
—— NDAMCRB
(0% -~ DAML

-+ DACCRB
-+ DA MCRB

E/N, (0B)

Fig. 15. Comparison of MSEs of the MLxpa and MLpa and
their corresponding CCRBs and MCRBs for a 4 x 4 system.
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case, unfortunately, although the performance of
MLnpa  estimator reaches the corresponding
CCRBnpa, the CCRBpy is quite far away from the
MCRBxpa. Notice that, according to Reference [21],
CCRB is a valid bound only for estimators that rely on
quadratic non-linearity, there is a possibility that some
other NDA estimators employing higher order (>2)
non-linearities would have performances closer to the
MCRB. This is subject to further investigations.
Finally, as expected, MLpa estimator performs
much better than the MLypa estimator. However,
this comes with a price. The MLpa estimator requires
training sequences, resulting in lower transmission
efficiency. Moreover, the estimation has to be per-
formed at specific times when the training data is
available, while MLnpa can be performed at any time
during transmission. This also means that, for the DA
case, there is a need to synchronize the training
sequences before timing estimation. This requires
extra implementation complexity. In addition, degra-
dation may occur if the positions of the training
sequences are mislocated. Furthermore, the computa-
tion of the DA likelihood function (20) is more
complicated than that of the NDA likelihood function
(43). Therefore, MLpa and MLnpa provide a perfor-
mance, transmission efficiency and complexity trade-
off for symbol timing estimation in MIMO channels.

6. Conclusions

The DA and NDA ML symbol timing estimators, their
corresponding CCRB and MCRB for MIMO corre-
lated flat-fading channels have been derived in this
paper. For the DA case, the optimal orthogonal train-
ing sequences have also been derived. It was shown
that the approximated ML algorithm in References
[4,13] is just a special case of the DA ML algorithm;
while the extended squaring algorithm in Reference
[14] is just a special case of the NDA ML estimator.
For the optimal orthogonal training sequences, it was
found that they resemble Walsh sequences but with
modified envelopes. Simulation results under different
operating conditions (e.g. number of antennas and
correlation between antennas) were given to assess the
performances of the DA and NDA ML estimators and
compare them with the corresponding CCRBs and
MCRBs. It was found that (i) the MSE of the DA ML
estimator is close to the CCRB and MCRB, meaning
that the DA ML estimator is almost the best estimator
(in terms of MSE performance) for the problem under
consideration, (ii) the MSE of the NDA ML estimator

Copyright © 2004 John Wiley & Sons, Ltd.

is close to the CCRB but not MCRB, meaning that
NDA ML estimator is an efficient estimator condi-
tioned that the nuisance parameters are being jointly
estimated, but there might exist other NDA estimators
with better performances, (iii) the MSEs of both DA
and NDA ML estimators are approximately indepen-
dent of the number of transmit antennas and are
inversely proportional to the number of receive anten-
nas, (iv) correlation between antennas has little impact
on the MSEs of DA and NDA ML estimators unless
the correlation coefficient between adjacent antennas
is larger than 0.5, in which case a small degradation
occurs and (vi) DA ML performs better than NDA ML
estimator at the cost of lower transmission efficiency
and higher implementation complexity.

Appendix I: Proof of Equation (35)

From the expression of MCRBp, in Equation (34),
only the product inside the tr(.) operator depends on
Z, therefore the problem of finding optimal tralmng
sequence is equivalent to maximizing tr(Z DHDEH
Z(DT) with respect to Z with the constraints that (i) the
columns of Z have to be independent of each other
and (i) [Z"Z],, = L, + 2L, fori = 1,...,N. The first
constraint is for the MLpa to hold and has been
mentioned before. The second constraint is the power
constraint, and we assume that the training sequence
has average unit energy on each data bit, Now,
consider the eigenvector decomposition D Ds,, =
UDZ‘.DUD, where ZD is a diagonal matrix w1th the
eigenvalues of D DEU located on the diagonal and Up
is the unitary matrix containing all the corresponding
eigenvectors as columns. Similarly, express ®r =
U7X, U%. Then

tr(~Hl~)Z f)g"Zch)

r(Z UDZDUDZUTZTUT> (62)

H ~H ~
—tr(\/zf vz UDEDU{)’ZUT\/ZT) (63)
= tr(EMEpE) (64)

where, EéUgZUT\/Zr. Note that, if we set
77 = (L, + 2L,)Iy (this is a sufficient condition

that makes the two constraints mentioned earlier
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satisfied), then the columns of E are orthogonal to
each other (since EfZ = \/E_ UHZ Up UHZU;
VEr = (L, 4+ 2Lg)Xr/N). Therefore by confining
the training sequences to be orthogonal, the problem
then becomes to maximize [E;y,-]H Y p=.; with respect
to Z.; for each i with the constraints that
72, = (L, + 2L,)[Er],/N and [2,.]7=., =0
forj=1,...,i— 1

It is well-known that for a Hermitian matrix R, the
vector u that maximizes u”Ru subject to the con-
straints that |ju]| =1 and uwfw; =0, for i=
1,2,...,k— 1, where u; is the eigenvector corre-
sponding to the ith largest eigenvalue of R, is uy
[16]. Setting R =X, and with the proper power
constraints, it is not difficult to see that =.; is the
eigenvector corresponding to the ith largest eigenva-
lue of Xp scaled by the energy factor
V/ (Lo +2Ly)[E7];;/N. Since Tp is a diagonal matrix,
the ith eigenvector is a vector of length L, + 2L, with
one at the ith position and zero at other positions.
Therefore,

[1]

_ (Lo +2Ly) {0( VEr } (66)

N Lo+2Lg—N)xN

where, 0z, 127, n)xn s an all zero matrix with dimen-

sions (L, +2L, — N) x N, with == UHZU;/Zr,
we have
Iy
Z=/(L, +2L,)Up
01, +22,-N)xN (67)
U7 = /(Lo +2Le)U(e,) U7

where, U(g,) is the matrix containing the N eigen-
vectors corresponding to the N largest eigenvalues of
DgﬂDE( as columns.

Appendix II: Proof of Equation (49)

First note that I'y can be rewritten in the following
form:

=E {vec (Z \/(ITTH{i.d.>VCC <Z \/EH{i.d)H}
=E |:(Hi,i,d. ® Z)VEC<\/(ITT) Vec(\/(ITT)H(Hi,i‘d‘ ® Z)H]
= E[(Hjq ® Z)(H, ® Z7)] (68)

Copyright © 2004 John Wiley & Sons, Ltd.

where, T£ vec(v/®r)vee(v/@7)"?

ment of I'y is given by

. The (i,j)th ele-

[E{ i ©Z),
[E[t( d®ZH) (Hijg ®Z), )}

(T[E[(Hf{d ®Z") ,(Hiia ® Z); ])
(69)

T, ©27), )]

withi,j=0,1,...,M(L, + 2L,).

Leti = iy(L, 4+ 2L,) + i, and j = j, (L, + 2L;) + J;
such that igj, € {0,1,...,M —1} and i,,j, €
{1,...,L, +2L,} are the quotients and remainders
of divisions i/(L, + 2L,) and j/(L, + 2L,) respec-
tively. Also

E[((Hy ®Z"), (Hiiq © Z), ]

e[, o), (), o @),)]

* +\T

= E|(H,)] (o), | @ E(2)] (2), ]

= INéiqjq X FZ(JV - lr) (70)
where, T.(j, —i,)2 [E[(Z*) (Z); ] is the average
cross-correlation matrix of 'the symbols transmitted
with the time index difference j, —i.. Note that
[E[(Z*)JT(Z)I] depends only on the time index dif-
ference but not on the absolute time index since, in the
NDA case we never know where the observation
begins, the average cross-correlation between time
indices 1 and 3 would be the same as that for time

indices 5 and 7. Putting Equation (70) into Equation
(69), we obtain

[Txl; = 61, r(Y(Ay @ L0 — i) (71)
implying that

Ix=Iyo¥ (72)

where, ¥ is a Hermitian, Toeplitz matrix with

[V]; = u(T(Iy ® I'.(j — i))). Note that ['¥]; can be
simplified as

(Var)se( Vo) o)
= tr<vec(\/&TT H(IN QT (j— i))vec(\/a;))

= u(l.(j — )®r) (73)
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Appendix III: Proof of Equation (57)

First note that the observation interval usually in-
volves more than one independent space-time en-
coded block, each given by the form (56), therefore
I'.(j—i) =0y for |j—i|>s Furthermore, since
I,(j—i)=T.(—)), it is sufficient to concentrate
on,(j—i),forj—i=~¢with{=0,1,...,s—1

s—{
= éz [E gn+€ gn )] (74)

n=1

where, the factor 1/s exists because in NDA estima-
tion, the probability that the observation start at a
particular row of the matrix G is 1/s. Putting Equation
(56) into Equation (74), we obtain

s—0 rs rs
= %Zl E[{ Y RB)Xi+7> S(be)Ye

k=1 k=1 L

> Rbe)Xe +j Y I(bi)Ye
k'= k=1

n,:

1 s—{ rs

=3 | D EROIRGNXy . [Xid,,
n=1 k=1
+ Er:: [E[S(bk)s(bk)“Yk};ﬁl,:[Yk]rl,: (75)

where, we have used the i.i.d. property of by,
EIR(b)R(be)] = 0, E[3(b)S(be)] =0 for kK
and E[R(bx)3(by)] = 0 for all combination of k and
k'. Further note that, E[R(by)R(bx)] = E[S(bk)
3(be)] =1/2, then we have for j—i=~{ with
(=0,1,....5—1

LG =52 [ SO0,
n:l k=1 (76)
+ ) (Yl [V,
k=1

Finally, note that since X; and Y; are real-valued,
I'.(j —i) would also be real-valued and T',(j — i) =
I'.(i — j). Therefore, it can be concluded that Equation
(76) is true for | —i| = ¢ ({ =0,1,...,5s — 1).

Copyright © 2004 John Wiley & Sons, Ltd.
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