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Space–Time Spreading and Block Coding
for Correlated Fading Channels in
the Presence of Interference
Xiaodong Cai, Member, IEEE, Georgios B. Giannakis, Fellow, IEEE, and Michael D. Zoltowski, Fellow, IEEE

Abstract—We consider point-to-point wireless links with multiple antennas in the presence of interference, and exploit channel’s
spatial correlation and the temporal covariance of the interference
to design multiantenna transmitters. We develop a space–time
spreading scheme that maximizes average signal-to-interference-and-noise ratio, and an optimally power-loaded space–time
beamforming (STBF) scheme which improves error-probability
performance. In order to increase transmission rates, we combine
orthogonal space–time block coding with STBF, optimize power
loading across beams, and develop low-complexity receivers.
Optimal training for least-squares error channel estimation, and
STBF for minimum mean-square error channel estimation, are
also studied. Our analytical and simulated results corroborate
that STBF with optimal power loading can considerably reduce
error probability and channel-estimation errors.
Index Terms—Beamforming, covariance feedback, interference
suppression, multiple-input multiple-output (MIMO), space–time
coding (STC).

I. INTRODUCTION

M

ULTIANTENNA transmissions can boost spectral
efficiency [1], [2], and enable the diversity provided
by multiple-input multiple-output (MIMO) wireless channels.
Without channel knowledge at the transmitter, space–time
coding (STC) offers an effective fading countermeasure, and
thereby reduces error probability [3], [4]. Whenever (even
partial) channel state information (CSI) is available at the transmitter, it can be exploited to further improve performance. As
the transmitter cannot acquire CSI perfectly, use of partial CSI
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at the transmitter has received considerable attention recently.
Performance optimization in terms of average signal-to-noise
ratio (SNR) and expected mutual information based on partial CSI was pursued in [5]. Based on a statistical model of
partial CSI [6]–[8], a linear transformation (beamformer) was
combined with orthogonal space–time block coding (STBC) to
improve error probability in [6]. Since in frequency-division
duplex (FDD) systems, the transmitter obtains CSI through a
feedback channel, two cases of partial CSI, termed mean and
covariance feedback, were used to maximize the ergodic capacity of multiple-input single-output (MISO) channels in [7],
whereas outage or/and ergodic capacity based on covariance
or/and mean feedback were investigated in [9] and [10]–[12].
Optimal beamforming and STBC minimizing the symbol-error
rate (SER) were derived in [8] and [13], based on channel
correlation and mean, respectively.
Besides fading, wireless links are also affected by intentional
or unintentional interference. In multiple access, e.g., cellular
systems, multiple users share the same radio spectrum, which
typically causes multiuser interference as well as co-channel
interference (CCI). In military communications operating in
hostile environments, intentional jammers may severely affect
the reliability of wireless links. Capacity of MIMO channels
with interference were investigated in [14] and [15]. Receiver
design for multiantenna systems with STBC in the presence of
spatially correlated interference was studied in [16]. User code
designs for CDMA systems exploiting interference covariance
were recently investigated in [17] and [18] for single-input
single-output (SISO) channels. While the channel’s spatial
correlation was exploited in [6] and [8] to improve error performance of STBC, use of the channel’s spatial correlation and the
interference’s temporal correlation has not been considered.
In this paper, we consider multiantenna point-to-point links
in the presence of temporally correlated interference. Exploiting
the channel’s spatial correlation along with the temporal correlation of the interference, we will first develop space–time
spreading (STS) transmission schemes, and show that if we
transmit along directions where the channels are “strong” and
the interference is “weak,” considerable performance gain can
be achieved. While STS can exploit channel diversity and
effectively suppress interference, it is not spectrally efficient.
To improve spectral efficiency, we combine orthogonal STBC
with STS to increase transmission rates. In the absence of
interference, or, if the interference is temporally white, a maximum-likelihood (ML) receiver for detecting orthogonal STBC
reduces to a simple symbol-by-symbol linear receiver [4], [16].
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In the presence of temporally colored interference, however, the
ML receiver needs to jointly detect all STBC symbols—a computationally complex task, which motivates low-complexity
suboptimal receivers. To this end, and since CSI is required at
the receiver for coherent detection, we also investigate optimal
training for channel estimation when second-order statistics of
the channel and the interference are available.
The rest of the paper is organized as follows. Section II
designs an STS scheme that maximizes average signal-tointerference-and-noise ratio (SINR), as well as a space–time
beamforming (STBF) scheme that improves error performance.
Section III combines STBC with STBF to increase transmission rates, and investigates low-complexity receivers. Optimal
training is considered in Section IV. Numerical and simulation
results are presented in Section V, and conclusions are drawn
in Section VI
Notation: Column vectors (matrices) are denoted by boldface lower- (upper–) case letters. Superscripts , , and stand
for transpose, conjugate, and Hermitian transpose, respectively;
denotes expectation over the random variables within the
and
represent the real and imaginary parts
brackets;
to denote the
identity
of , respectively. We will use
the trace of , and
the
th entry
matrix,
of .

denotes the normalized interference coference power and
is
variance matrix with diagonal entries equal to one. Matrix
determined by the interference’s power spectrum density (PSD),
or/and the interference’s transmit antenna correlation, and thus
and
depend on
it varies slowly with time. Since both
long-term properties of the channel, they are easily estimated at
the receiver and can be fed back to the transmitter. Our objective here is to find the optimal STS matrix which improves
and
at
error performance, capitalizing on knowledge of
the transmitter.
B. Average SINR Maximizing STS
on a perSince we will detect the transmitted symbols
block basis, we will omit the block index and subsequently
deal with the input–output relationship
(2)
. Supposing that the channel is acquired
where
perfectly, the optimal receiver is a whitening filter followed by a
maximum ratio combiner (MRC), whose output can be written
as

(3)
II. STS TRANSMISSIONS
, and
has zero mean and variance
. It readily follows from (3) that the
SINR at the receiver output is given by

where

A. Signal Model
We consider a wireless communication system with
transmit antennas signaling over frequency-flat fading channels. We will first focus on the single-receiver-antenna case,
and then will extend our results to multiple receiver antennas.
In this section, we consider STS-only transmissions, where the
th information-bearing symbol
is first spread by the code
, and then is transmitted through
the th
transmit antenna over
chips. Letting
and the
vector
containing
the baseband-equivalent received samples (at the chip rate)
corresponding to the th symbol, we have
(1)
with
denoting the
where
fading-channel coefficient associated with the th transmit anvector
consists of interference, e.g.,
tenna, the
denotes additive white
CCI and jamming signals, and
.
Gaussian noise (AWGN) with zero mean and covariance
With the constraints
and
,
in (1)
controls the transmit energy per symbol. Although the fading
is allowed to vary from block to block, we assume
channel
that it remains invariant during each block. We further assume
is complex Gaussian disa Rayleigh fading channel; i.e.,
.
tributed with zero mean and covariance
Unlike the channel itself, which may change fast depending
varies
on the Doppler frequency, the channel correlation
is determined by the angle of arrival and the
slowly, since
angle spread for a given antenna spacing and arrangement [19].
is modeled as Gaussian distributed with
The interference
zero mean and covariance
, where is the received inter-

(4)
Depending on the chosen figure of merit, the STS matrix may
take different forms to optimize performance. Our goal in this
to maximize the average
subsection is to find the optimal
SINR

(5)
.
under the constraint
Using the spectral representation of a Hermitian maand
as
trix, we can express
and
, where the diagonal matrices
and
contain the eigenvalues of
and
, while the unitary maand
trices
comprise the eigenvectors of
and
, respectively. For
convenience and without loss of generality, we assume that
are arranged in nonincreasing order
the diagonal entries of
, while the diagonal entries of
are
arranged in nondecreasing order
. We then
have the following proposition characterizing the optimal
that maximizes (see Appendix I for the proof).
Proposition 1: The optimal STS matrix maximizing the
average SINR under the constraint
is given by
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the rank-one matrix
, where is a constant
,
is the eigenvector of
corresponding
satisfying
, and
is the eigenvector of
to the largest eigenvalue
corresponding to the smallest eigenvalue
. The maximum
.
average SINR is given by
Proposition 1 reveals that we should concentrate transmit
power on the strongest eigen-direction of the channel and the
weakest eigen-direction of the interference to maximize the average received SINR, which is intuitively reasonable. Note that
Proposition 1 generalizes the SNR maximizing beamforming
derived in [5] in the absence of interference.
Another more important performance metric for a communication system is error probability. Recall that maximizing
the average received SINR does not necessarily minimize error
probability in fading channels, because error probability is not
only determined by the average received SINR but is also affected by the probability density function (pdf) of the received
SINR. We are thus motivated to look for the STS matrix
that improves error probability performance, which leads us to
Section II-C.
C. STBF
For a given , the SER can be found in closed form from the
SINR in (4) [20, Sec. 9.2.3]. However, it is difficult to use this
SER expression to optimize . For this reason, we resort to a
tractable error-probability bound. Let us define the conditional
, as the probability
pairwise error probability (PEP),
, when is actually
that the receiver decides in favor of
transmitted, given a channel realization . Then from (3), we
obtain [21, p. 256]

where
. Applying the Chernoff
bound, we have
. Since is normally distributed, the Chernoff
bound on the unconditional PEP
can be found as [22, p. 595]
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can be an arbitrary unitary matrix and the optimal
while
can be found analytically. When the entries of are indepen. And
dent, identically distributed (i.i.d.), we have
following the arguments in [8], it is not difficult to prove that
for the optimal , while
can be
we must have
an arbitrary unitary matrix and the optimal can be found in
and
are not proporclosed form, as in [8]. When both
tional to the identity matrix, we will choose the STS matrix as
(7)
is an
permutation matrix. Letting
, we can express as
if
,
and
if
with
being an
diagonal matrix. With chosen as in (7), the error probability
in (6) reduces to
bound
where

(8)
The following proposition proved in Appendix II specifies the
optimal .
arranged in a
Proposition 2: With the diagonal entries of
in a nondecreasing order,
nonincreasing order and those of
in (8) is minimized when
.
the bound
While we can view a signaling scheme with a general maas STS, we can also interpret
in (7) as STBF. We
trix
transmit along the eigen-directions of the channel in the space
domain and along the eigen-directions of the interference in
, strong channels cothe time domain. By choosing
incide with weak interference, thereby improving performance.
Diagonal entries of determine the power loaded on different
.
eigen-beams, which we will later optimize to minimize
Note that the average SINR maximizing in Proposition 1 is
and
;
a special case of (7) with
thus, it cannot have better SER performance than an optimally
power-loaded STBF. It follows from the proof of Proposition 2
are distinct, the optimal is unique, i.e.,
that when
is minimized if and only if
. Hence, if we combine STBC with STBF to increase transmission rates, as we will
do in the ensuing section, SER performance will degrade, because as we will show later, each symbol in a space–time codeword corresponds to a different permutation matrix.
, we can write
in (8) as
With

(6)
(9)
is the minimum of
over the set
.
where
can also serve
With proper scaling, the Chernoff bound
as a lower bound on the average SER, and the gap between the
upper and lower bounds is relatively small [8]. Hence, in order
to reduce the SER, it is reasonable to seek the that minimizes
.
Using singular value decomposition (SVD), we can write
as
, where matrices
and
are unitary, and
contains the singular values of . When there is no interfer; in this case, it is shown in [8] that we
ence, we have
for the optimal that minimizes
,
must have

is a monotonically increasing function, miniSince
mizing
is equivalent to minimizing
, or,
; hence, we can formulate the folmaximizing
lowing optimization problem to find the optimal :

(10)
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Using the Lagrange multiplier method, we can find the optimal
as follows:
(11)
where
is the maximum number of
that
.
take nonzero values and
While our main focus in this paper is on MISO systems,
we can extend our transmission schemes to MIMO systems.
receive antennas, and denote the
Suppose that there are
vector
as the channel associated with the th
receiver antenna. Similar to [8] and [9], we assume that receive antennas are uncorrelated, while transmit antennas are
. This assumption
correlated, i.e.,
is valid when the transmit antennas are unobstructed and
the receive antennas are surrounded by rich local scatterers
[19], as in the downlink of a typical cellular system deployed
in urban areas. In this case, the receive SINR in (4) be, and the average
comes
.
SINR is then given by
From this average SINR, it is clear that the optimal
given in Proposition 1 for
still holds for
.
, the error probability bound in (6) becomes
For
. Hence,
we still can choose as in (7), and it is not difficult to show that
the results in Proposition 2 for the optimal and for the optimal
in (11) are valid for
. If the channels associated with
different receive antennas are correlated, their correlation may
also be exploited in designing a MIMO transceiver—a subject
going beyond the scope of this paper.
While STS transmissions can effectively suppress interference and exploit channel-induced diversity, they are not specsymbol per
trally efficient because the transmission rate is
channel use; and thus, they are more suitable for, e.g., military communications, where reliability is the major concern. In
the ensuing section, we will invoke STBC to increase transmission rates. In the absence of interference, it is shown in
[8] that combining STBC with eigen-beamforming can increase
the transmission rate without sacrificing error-probability performance. In the presence of interference, although the error
performance will degrade when increasing the rate, combining
STBF with STBC will reduce error probability considerably,
compared with the transmission scheme where only STBC is
used.
III. SPACE–TIME BEAMFORMING AND BLOCK CODING
In this section, we will first combine STBC with STBF to
increase the transmission rate, and then investigate low-complexity receivers.

, and we assume that
.
An orthogonal space–time block codeword constructed from
can be represented as
complex symbols
[23], [24]
(12)
or equivalently, as [23]
(13)
where matrices
,
,
, and
have entries taken from
and satisfy certain conditions
[23, eqs. (18) and (19)], [24, eq. (33)], and
.
These two equivalent representations of a space–time block
codeword will be useful later in analyzing error probability and
in deriving low-complexity receivers.
Without any channel knowledge, we transmit each column of
over each antenna in
symbol periods. With
and
available at the transmitter, we combine STBC with STBF and
form the transmitted signal matrix as
(14)
where the
diagonal matrix and the
permutation matrix will be chosen to reduce error probability later.
The received block can be written as
(15)
where contains both interference and AWGN, as described in
Section II. Based on (15), the decision of the ML receiver can
be expressed as
(16)
which can also be written as
(17)
. Without interference, we have
where
and
, and thus, the ML receiver in (17) reduces to a
simple symbol-by-symbol linear receiver [4]. In the presence of
interference, however, either exhaustive search or a low-complexity search we will develop in Section III-B is required to
find .
Based on (15) and (17), the conditional PEP,
with
, can be found as

which can be bounded by its Chernoff bound as

Hence, the PEP

can be bounded as [22, p. 595]

A. STBC and STBF
Every
incoming bits are first mapped to a symbol
drawn from an
-ary constellation, e.g.,
-quadrature
symbols
amplitude modulation (QAM), and then every
are encoded into an
STBC
matrix
using orthogonal STBC [4], [23], where we have

(18)
Without interference, we have
. Hence, the PEP

, and thus
, where
can be bounded by a simple
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upper bound:
;
and the optimal can be found by minimizing this PEP bound
as in [8]. In the presence of interference, however, there is
. For this reason,
no such simple upper bound on
with
we consider the single-error PEP
and
,
since the overall error probability is strongly affected by these
can be found
single-error PEPs. The Chernoff bound on
from (18) as
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, because with

, we have
,
which implies that the strongest channel coincides with the
strongest interference. Based on Rule 1, we choose as

performance to

(22)

and
, the upper
Letting
bound of the single-error PEP can be found as
(19)
is a permutation matrix,
is a diagSince
onal matrix whose diagonal entries are obtained by arpossibly in a different order. Due
ranging those of
to the special structure of orthogonal STBC [23], [24],
and
are diagonal. Hence,
can be easily
calculated. In the STS scheme of Section II, we showed
is optimal. With STBC, we see from (19)
that
that it is impossible to choose a matrix
that minimizes
,
, because it is impossible for diagonal entries of
to ap. To improve error-probability
pear in a nonincreasing order
according to the following
performance, we thus choose
heuristic rule.
Rule 1: Choose so that the large diagonal entries of
coincide with the large diagonal entries of
,
.
Note that we only require knowledge of the STBC’s structure
to choose ; thus, is predeterdetermined by
mined offline. Now, we formulate the following optimization
problem to be solved for :

,
,
and
can be found by minimizing

; and the optimal
.

B. Low-Complexity Receivers
based on exhaustive search requires
ML detection of
very high computational complexity. In this subsection, we
will consider low-complexity alternatives, after we recast the
input–output relationship into a linear model.
Recently, the sphere decoding (SD) algorithm, which was
originally introduced to determine short vectors belonging to
an arbitrary lattice, has been applied to lattice-code decoding
[26], and space–time detection [27]. If the input–output rela, where the
tionship is given by the linear model
vector contains transmitted symbols,
is a known
channel matrix, and is AWGN, then SD
can be used to obtain a near-ML solution of
for
belonging to a finite alphabet with an average complexity on
.
the order of
, we can think of the ML decision rule in
Since
(17) as based on the following input–output relationship:
(23)

(20)
Letting
, the error-probability bound
is a
in the form
, where
function of
positive constant can be obtained from (19). In Appendix III,
we prove the following.
is a convex
Fact 1: The error-probability bound
function of
.
Assured that the objective function in (20) is convex, the
global minimum is unique. We can thus use numerical search
based on, e.g., sequential quadratic programming (SQP) [25],
to solve (20) for the optimal .
are obtained, let us consider an
To illustrate how and
example, where the STBC is given by [23, eq. (62)]

where

. Letting
and using (13), we have
. Hence, we obtain
, and
. Defining
,
,
,

,
,
,
,

and

, we have the following linear input–output
relationship:
(24)

(21)

In this case, we have
, and thus
the other hand,

is optimal for
. On
will cause the worst error

Note that the covariance of is given by the block diagonal ma. Based on the signal
trix
model (24), we can apply SD to detect the transmitted symbol
after whitening .
We can further reduce complexity by using a linear receiver, e.g., a matched filter (MF), minimum mean-square error
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(MMSE), or zero-forcing (ZF) receiver, at the price of sacrificing performance. Using the properties of matrices
[23], it is easy to show that
. Hence,
ZF and MF receivers have identical performance, and they both
achieve full diversity; however, they cannot effectively suppress
interference, and may degrade error performance considerably.

and we can find the optimal by minimizing
, which leads to
constraint

subject to the

(29)

and

IV. OPTIMAL TRAINING
In Sections II and III, we assumed that the channel is perfectly
known at the receiver. In practice, however, the channel needs to
be estimated through, e.g., training symbols. In this section, we
will consider channel estimation based on the following signal
model:
(25)
training matrix (symbol)
where the
is known at the receiver, and satisfies
, and
. When training symbols are periodically
thus SNR
transmitted, the receiver can exploit the channel’s temporal correlation, and estimate the channel based on multiple received
training blocks, as done in the pilot-symbol-assisted modulation (PSAM) [28]. In this paper, we will consider channel estimation based on a single received training block as in (25).
Channel estimation on a per-block basis is known to maximize
a lower bound on ergodic capacity [29]. Furthermore, if temporal channel correlations are available, temporal interpolation
can be used to reduce estimation errors.
A. LSE Channel Estimation
, the least-squares error (LSE)
Letting
channel estimate is given by
(26)
From (26), the covariance matrix of the estimated channel can be written as
. The meansquare error (MSE) of the estimated channel is then given by
. Using the SVD of , we can express
as
, and thus, we have
(27)

(30)
are in a nondecreasing order,
It is seen from (30) that
because
are in a nondecreasing order. Without interfer, and thus, we obtain from
ence, we have
, . Hence, the optimal training matrix
(29) that
, i.e., columns of are orthogonal.
satisfies
B. Linear MMSE Channel Estimation
The LSE channel estimator does not exploit the statistics of
the channel and the interference. Although LSE leads to robust channel estimation, it does not minimize the channel MSE.
We will next consider linear MMSE estimation, where statistics of both channel and interference are exploited to minimize
channel-estimation errors.
Based on the signal model (25), the linear MMSE channel
estimator is given by [30, p. 391]
(31)
and the covariance matrix of the channel estimate can be written
as
(32)
Similar to (7), we will choose the training matrix based on the
. It is not difficult to find the reSTBF matrix,
as
sulting channel MSE

(33)
Letting

, we can also simplify (33) as
(34)

where
. If the diagonal entries of
appear in
nondecreasing order, which we will verify later, then based on
(27) and using the results of [13, Lemma 1] and [9, eq. (19)], we
, which implies that
deduce that is minimized when
. Thus, we have established the following proposition.
Proposition 3: To minimize the MSE of the LSE
is given
channel estimator, the optimal training matrix
, where
is an arbitrary unitary matrix.
by
, the channel MSE in (27) reduces to
With
(28)

Minimizing

with respect to
, we obtain

under the constraint

(35)

where denotes the set
. Note that
the power loading in (35) which minimizes channel estimation
errors is different from that in (11), which minimizes the errorprobability bound.
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Fig. 1. BER of STBF, channel 1, INR = 10 dB.

Fig. 2.
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BER of STBF, channel 2, INR = 10 dB.

V. SIMULATION AND NUMERICAL RESULTS
transmit anWe consider a linear array with
tennas,
receive antenna, and an STS matrix
of
size
. The
transmit antennas are equispaced
by . We assume that the direction of arrival is perpendicular to the transmit antenna array. Let be the wavelength
denote the angle spread.
of the transmitted signal, and
When
is small, the channel correlation can be calculated from the “one-ring” channel model as
[19]. In our analysis
and simulations, we will consider two channels with different
and
, while
correlations. Channel 1 has
channel 2 has
and
. Channels are normalized
. For channel 1, the eigenvalues of
so that
are
; and for
channel 2, we have
.
While channel 1 is highly correlated, channel 2 is less correlated and provides more diversity. We will consider partial
band interference with a normalized power spectral den, where
denotes the
sity
interference bandwidth. We assume that the interference
center frequency coincides with the carrier frequency. We
will use two different values of
:
and
, where
is the sampling period that is used
,
to obtain the discrete signal model (1). When
the eigenvalues of the 4 4 interference covariance matrix
are in
;
, the eigenvalues of
are in
and when
. Note that when
, interference concentrates on two eigen-vectors,
and is relatively easy to avoid. In all plots, we will adopt quaternary phase-shift keying (QPSK) modulation, and we define
.
the interference-to-noise ratio (INR) as
Figs. 1 and 2 depict the bit-error rate (BER) of the STS transmissions in Section II for channels 1 and 2, calculated from the
SINR in (4) using the formula of [20, eq. (9.11)]. We plot BER
curves without beamforming
, and with optimally

Fig. 3. BER of STBF versus INR, E =N = 16 dB, channel 2.

power-loaded STBF [ given in (7)]. When
, performance of STBF in the presence of interference comes very
close to its lower bound in the absence of interference. This
is because most interference power lies in the weakest channel
,
that conveys no or very little signal power. When
the gap between STBF with interference and its lower bound
increases, because the interference power is spread over more
eigen-directions. In both cases, it is observed that optimally
power-loaded STBF has considerably larger performance gain,
relative to the transmission without beamforming. Fig. 3 depicts
BER versus INR for STS transmissions. STBF can tolerate interference power more than 25 dB higher than transmissions
without beamforming when
, or more than 10 dB
.
when
Figs. 4–7 describe BER of STBC with ML and MMSE receivers. The transmitted block
is given in (14) with STBF,
without beamforming, where the STBC matrix
and
is given by (21). The ML receiver is implemented with the
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Fig. 4.

Simulated BER of STBC, INR = 10 dB, channel 1, W T = 0:1.

Fig. 6. Simulated BER of STBC, INR = 10 dB, channel 2, W T = 0:1.

Fig. 5.

Simulated BER of STBC, INR = 10 dB, channel 1, W T = 0:4.

Fig. 7. Simulated BER of STBC, INR = 10 dB, channel 2, W T = 0:4.

low-complexity SD algorithm, whose performance has no noticeable difference relative to that of exhaustive search, and
thus, we do not plot the BER with exhaustive search. As observed in Figs. 4 and 5, STBF exhibits a large performance gain
relative to the transmission without beamforming; although this
performance gain reduces in channel 2, it is still considerably
large, as shown in Figs. 6 and 7. Comparing Fig. 4 with Fig. 5,
and Fig. 6 with Fig. 7, we see that when the bandwidth of interference increases, BER degrades. One surprising observation is
that without beamforming, the BER of STS is worse than that
of STBC. This is actually reasonable, because each symbol in a
space–time block codeword has a different permutation matrix.
Some of these permutations can reduce the single-error PEP,
as analyzed in Section III-A, and thereby decrease the overall
error probability.
Figs. 8 and 9 depict the MSE of LSE and MMSE channel
estimators. We plot the channel MSE for cases without beamand with optimally power-loaded beamforming

forming. Without beamforming, LSE and MMSE estimators
is moderately large.
have almost the same MSE when
With optimal training, the LSE channel estimator has slightly
better MSE than that without beamforming, because channel
correlations are not exploited by the LSE channel estimator. On
the other hand, STBF considerably improves the performance
of the MMSE channel estimator.
VI. CONCLUSIONS
We have exploited second-order spatial statistics of the
channel, and temporal statistics of the interference, to design
transceivers for multiantenna wireless communication systems. Based on STS, we showed that if signals are transmitted
along the strongest eigen-direction of the channel and the
weakest eigen-direction of the interference, the average SINR
is maximized. We also derived optimally power-loaded STBF
schemes, and showed that if strong channels coincide with
weak interference, then error probability reduces considerably.
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equality [31, p. 535], we infer that the maximum value of
given by

is

(36)
and that the maximum is achieved when
,
,
, which implies that
, where is a constant satisfying
.

, and

APPENDIX II
PROOF OF PROPOSITION 2

Fig. 8.

MSE of channel estimators, INR = 10 dB, channel 1, W T = 0:1.

. Since
For clarity, let us first consider the case where
is a permutation matrix,
is a diagonal matrix with
its diagonal entries obtained by permuting those of
. Letting
where
is a permutation of the
, we can express
in (8) as
set
(37)

Fig. 9.

MSE of channel estimators, INR = 10 dB, channel 2, W T = 0:1.

In order to increase transmission rates, we combined STBC
with STBF and derived power-loading schemes and low-complexity receivers. We also investigated optimal training for
LSE channel estimation and STBF for MMSE channel estimation. Our analytical and simulated results corroborate that
STBF with optimal power loading can considerably reduce
error-probability and channel-estimator errors.
APPENDIX I
PROOF OF PROPOSITION 1
Letting
as
. Since both
as
isfy the constraint

, the average SINR can also be written
, and we have
and
are diagonal, we can express
. To sat, we must have
. Using the convex combination in-

Since minimizing
is equivalent to maximizing
, we will show that
is maximizing if
, or equivalently,
. But first, let us state the
following lemma, which can be easily verified.
Lemma 1: Supposing that four variables , , , and
satisfy
and
, we have
.
We also need the following lemma.
Lemma 2: Suppose that we have
variables,
and
, satisfying
, and
, and another set of positive variables
. If
is a set formed by permuting
, then there exists a set
obtained by permuting
, so that
.
. If
,
Proof: Consider the case where
then from Lemma 1, we have
, since
. If
,
then again using Lemma 1, we have
, since
. For a given
set
with
, we can apply the procedure in the
case to every term of
in
, and find
, so that
.
Recall that the diagonal entries of
are arranged in nonincreasing order, and that the diagonal entries of
are in nonis maximized if
,
decreasing order. Hence,
, according to Lemma 2, we can always find
because if
another diagonal matrix , whose diagonal entries are obtained
by permuting the diagonal entries of , so that

without changing the constraint on

.
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Now consider the case where
. Let the
contain the first
rows and columns of
in (8) becomes

Hence, it is not difficult to show that

matrix
, then

is minimized if
(38)

and
are arbitrary matrices, which implies that
where
also minimizes
. If
, then

where the
columns of
mizes

matrix
contains the first
; and then it is easy to show that

rows and
mini-

.
APPENDIX III
PROOF OF FACT 1

As stated in [32, p. 67], a function is convex if and
only if it is convex when restricted to any line that interand
sects its domain. Suppose that
satisfy constraints
and
. Letting
with
,
we need to prove that

where
derivative of

(39)
is a convex function of . The first
can be written as

(40)
Then the second derivative of

can be found as

(41)

which implies that

is a convex function of .1

1The views and conclusions contained in this document are those of the authors and should not be interpreted as representing the official policies, either
expressed or implied, of the Army Research Laboratory or the U.S. Government.
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