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Effective SNR for Space–Time Modulation Over a Time-Varying Rician Channel
Christian B. Peel and A. Lee Swindlehurst, Senior Member, IEEE

Abstract—Rapid temporal variations in wireless channels pose
a significant challenge for space–time modulation and coding
algorithms. This letter examines the performance degradation
that results when time-varying flat fading is encountered when
using trained and unitary space–time modulation. Performance is
characterized for a channel having a constant specular component
plus a time-varying diffuse component. A first-order autoregres-
sive (AR) model is used to characterize diffuse channel coefficients
that vary from symbol to symbol, and is shown to lead to an
effective signal-to-noise ratio (SNR) that decreases with time.
Differential modulation is shown to have an advantage in effective
SNR over trained unitary modulation at high power. Simulation
results are provided to support our analysis.

Index Terms—Differential modulation, fading channels, mul-
tiple antennas, space–time modulation, time-varying channels,
trained modulation, wireless communications.

I. INTRODUCTION

THE exciting increase in capacity and diversity promised by
multiple-antenna systems [1], [2] is derived under the as-

sumption that the receiver knows the fading coefficient between
each transmit and receive antenna. Knowledge of the channel
coefficients at the receiver is a nontrivial assumption; often,
a training signal is sent, from which the channel is estimated
and used for decoding subsequent symbols, until the channel
has changed enough to require training again. The number of
channel uses over which the channel is approximately constant
is known as the coherence interval. As the number of antennas
used and the speed of fading increase, the fraction of the coher-
ence interval that must be used for training increases. This obvi-
ously decreases the available data rate, and motivates interest in
schemes that do not require explicit knowledge of the channel
coefficients at the receiver.

Marzetta and Hochwald have studied situations where nei-
ther the transmitter nor receiver know the channel [3]. Assuming
piecewise-constant Rayleigh fading, they proposed signal con-
stellations composed of unitary matrices as a means to achieve
capacity at high signal-to-noise ratio (SNR). These can be seen
as multiple-antenna generalizations of phase-shift keying (PSK)
for scalar channels. Hughes [4] and Hochwald et al. [5] apply
these signals to the unknown channel by extending differential
phase-shift keying (DPSK) ideas to the multiple-antenna case.
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Tarokh also discusses differential modulation with orthogonal
signals in [6].

The quasi-statuc model for the time-varying channel coef-
ficients assumed in these papers is useful for several reasons.
It accurately describes the way a channel might appear in a
time-division multiple access or frequency-hopping system, and
its effects are simple to analyze. In other applications, how-
ever, its inability to account for the natural time variation of the
channel make it less attractive.

To quantify the memory of the channel coefficients in our
analysis, we adopt a first-order autoregressive (AR) model for
their time evolution. While the time-autocorrelation function

of a fading coefficient is more often used to char-
acterize the way a channel changes between coherence inter-
vals, the AR model provides for a much simpler analysis. By
choosing the AR coefficient so that it yields the same second-
order statistics as at some specified , excellent agree-
ment is obtained using data generated by the autocorrelation
model and analyzed using the AR assumption.

Our analysis approach is to combine the AR input to the
changing channel and the error due to channel estimation (if
any) together with the additive noise to effectively create an
overall noise term with higher power. This higher effective SNR
(ESNR) can then be used to calculate bit-error rate (BER) prob-
abilities for the time-varying case using expressions derived
for the static channel. The ESNR will be shown to accurately
predict the performance error floor or SNR ceiling, beyond
which increasing transmit power provides no benefit (due to
channel estimation and modeling errors). Our expressions
reduce to those of Korn [7] in the single-antenna case.

We focus on the performance of trained and differential mod-
ulation, and determine the conditions under which one approach
outperforms the other when unitary signals are employed. The
resulting performance breakpoint depends on a number of fac-
tors, including the rate at which the channel is changing, the ac-
tual SNR, the ratio of specular to diffuse energy in the channel,
and the number of antennas on each end of the link. We con-
sider only simple trained modulation schemes that do not at-
tempt to track the channel in between training intervals. The
performance of channel-tracking techniques such as those de-
scribed in [8]–[10] will be reserved for future work, along with
those which distribute training samples over time. We anticipate
that these methods, though more complex, will perform better
than the simple schemes described herein.

II. CHANNEL MODEL

In what follows, we let denote a zero-mean, unit-
variance, circularly symmetric complex Gaussian distribution.
The Frobenius norm will be represented by , and the expec-
tation operator by .
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A. Fading Channel Model

Assume a flat-fading communications environment with
transmit and receive antennas. A complex channel coeffi-
cient describes the effect of the propagation between each pair
of transmit and receive antennas. These channel coefficients are
assumed to be independent from element to element across the
antenna array, but possibly correlated in time. At each receive
antenna, interference and other disturbances add temporally and
spatially independent noise to the signal.

These statements are formalized as follows. For
transmit, and receive antennas,

at time instants , the channel coefficient
is , with the signal transmitted from antenna at time

denoted by . We assume that the matrix
formed from is normalized so that ,
and the matrix formed from is normalized so
that . With these definitions, the data at receive
antenna is written

(1)

where we assume that the noise is . The values
in this expression are normalized so that represents the SNR
expected at each receive antenna, and does not depend on the
number of transmit antennas.

The channel equation in (1) allows for arbitrary channel coef-
ficients at every time instant. One common simplification is to
assume that the channel is constant for consecutive samples,
and express the operation of the channel in matrix form

(2)

where and are matrices constructed from
and , is a matrix constructed from , is
an matrix formed from , and indexes
the current symbol block of samples. We refer to as the
space–time symbol transmitted at symbol time , and the sub-
script on indicates that the channel will, in general, be dif-
ferent from symbol to symbol.

In what follows, we will separate the channel into specular
and diffuse components, writing:

with known time-invariant specular channel , and diffuse
component , which we assume has elements distributed as

. Though a distribution is not specified for , we do
require to maintain the power relationship in
(1).

We will also often separate into specular power and dif-
fuse power terms

(3a)

(3b)

so that . If , then the Rayleigh channel assumed
in most space–time coding research [2], [11] is obtained. If

, a strong specular or line-of-sight signal arriving at the receiver

is obtained, and for , we have a combination of the
two.

B. An Innovations Fading Channel Model

In Section III, we analyze the performance of space–time
modulation under the assumption that the current channel ma-
trix occurs samples after a reference (or estimated) channel

. We assume that the dispersive part of the channel
varies from the reference channel according to the following
first-order AR model:

(4)

where and have independent, identically distributed
(i.i.d.) Gaussian elements, is independent from symbol
to symbol, and . Under this model,
is i.i.d. Gaussian, and thus, (4) represents first-order AR
processes. Note that produces a time-invariant channel,
and indicates a completely random (from symbol to
symbol) time-varying channel. With differential coding,
and demodulation is based on the previous symbol of length

, while typically for trained modulation , with
demodulation based on a channel estimate obtained
symbols in the past.

The AR parameter can be chosen, for example, to match
the second-order statistics of models based on the mechanisms
of physical propagation. Let denote the autocorrelation
function of an element of . For example, Jakes’ model of the
land mobile fading channel [12] predicts ,
where is the zeroth-order Bessel function of the first
kind, , is the maximum Doppler frequency in the
fading environment, and is the sampling period. Solving the
Yule–Walker equations for in the first-order AR process (4)
gives

(5)

which provides a reasonable choice for . This AR model is an
appropriate approximation to Jakes’ model when using the max-
imum-likelihood (ML) decoders of [3] that depend on a single
reference channel. This fact is borne out by the simulation re-
sults of Section V, where excellent agreement is obtained with
data generated according to Jakes’ model, but analyzed with the
AR model using (5). Note that any other model for could
be fit to the AR processes as in (5).

C. Channel Estimation

Space–time coding algorithms often assume that the receiver
either knows the channel, or has an estimate obtained by means
of known pilot symbols embedded in the data. The channel esti-
mate is used to decode several subsequent symbols, over which
the receiver assumes the channel to be the same as that during
training. This approach will be referred to as trained modula-
tion.

We will consider the ML estimate of the channel

(6)
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where is the training signal, is the received training data,
and all parameters are assumed to be known except the diffuse
component of the channel . It has been found [13] that for
training over the quasi-static channels that our decoders will
assume, the optimal training signals have orthogonal columns

where is the length of the training signal. Because the spec-
ular part of the channel is known, we may remove it from our
data, and estimate the diffuse part of the channel only. Assuming
(6), the ML estimator then becomes

(7)
where and are, respectively, the diffuse part of the
channel and the receiver noise seen during training.

We will discuss techniques such as differential modulation
that do not explicitly require an estimate of the channel, and we
will also be interested in the performance bound provided by
perfect channel estimation. To enable the derivation of a single
expression for all cases, we use the factor

(8)

When , we include the effects of channel estimation in the
results, otherwise .

D. Differential versus Trained Modulation

Differential unitary space–time modulation [4], [5] assumes
a channel that is constant over each pair of consecutive square
symbols. This scheme uses data at the current and previous time
instants for encoding and decoding. The channel matrices are
assumed to be equal at symbols and , and are denoted
below without subscript by . The current signal matrix is a
unitary rotation of the previous signal, , where

indexes the unitary constellation and selects
the matrix to be transmitted, and is times a unitary
matrix [3]. Using these definitions, and working with the current
received data , the following expressions are obtained in [5]:

(9)

(10)

(11)

In (9), is added and subtracted from (2), resulting in
(10), which does not explicitly depend on . Finally, because
the noise matrices are statistically invariant to multiplication by
unitary matrices, (11) is obtained, in which is i.i.d. Gaussian
(like ). Equation (11) is called the “fundamental differential
receiver equation” in [5].

Because the effective channel has signal strength ,
the system has an ESNR of . This factor of two is the same
well-known 3-dB loss in performance seen when using DPSK

versus coherent PSK. With the identification of as the
effective channel, (11) is simply (2) with half the signal strength
that would be seen with coherent detection.

III. PERFORMANCE OF TRAINED MODULATION:
ARBITRARY SIGNALS

We now look at the performance of trained space–time
modulation using the innovations model of Section II to relate
the speed of a mobile to the correlation between samples of
the time-varying channel. In this section, we assume that the
channel is constant over each symbol, and use the time-auto-
correlation function to characterize the variation of the diffuse
component of the channel as described in Section II-B.

Most training-based modulation techniques (those that do not
employ channel tracking) implicitly assume that the channel is
piecewise constant; i.e., it is assumed that the training-based
channel estimate is “good” until the next training interval. Of
course, most wireless channels are not truly constant over any
time period, and the longer the interval since the last training
data was sent, the more the channel estimate will differ from
the truth. To more accurately model the effects of a time-varying
channel, we assume in this section that the channel is constant
over each symbol, but varies between symbols according to
the first-order AR model introduced in Section II. Lemma 1
below quantifies the reduction in ESNR that results under this
time-varying channel model. We will look at performance time
samples after an initial reference channel estimate is obtained.
By letting , this models the performance of trained mod-
ulation symbols (of length ) after training.

Lemma 1 (ESNR for Trained Modulation): Given the data
model of Section II, assume that the channel varies from a ref-
erence channel at each symbol according to (4) with AR pa-
rameter . If space–time modulation is implemented with ML
channel estimation or with a perfect channel estimate

, the system can be described by

where ESNR values for the specular and dispersive parts of the
channel time samples after the reference are

(12a)

(12b)

and the columns of the effective noise matrix are identically
distributed, with covariance matrix

(13)

where is the transmitted space–time signal.
Proof: The AR model of (4) is used to describe how

the dispersive component of the channel has changed since
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the training data was transmitted, with the effect of channel
estimation modeled using (8)

(14)

The covariance matrix of the columns of the effective noise term
is given by

and the variance of the effective noise term is calculated as

The ESNR values in (12a) and (12b) are found by dividing the
effective signal strength by .

Combining the effects of noise and channel time-variation
into a single SNR parameter provides a straightforward link with
previous work that assumes a piecewise-constant channel. In
particular, for purposes of analysis, we can treat the trained time-
varying case using a time-invariant channel model with a lower
ESNR. This ESNR is time-varying; it decreases with time, until
a new reference channel is obtained.

Let . In the limit, as the channel becomes constant
, the ESNR converges from below to the original

SNR due only to the additive noise (and channel estimation), as
desired

When using ML channel estimation with we are left
with a 3-dB penalty for imperfect channel estimation. If our
channel estimate is perfect , then the ESNR converges
to the original SNR.

For a fast-fading channel that varies randomly from symbol
to symbol, we obtain1

As the SNR increases, the ESNR becomes a function only of
the fading parameters, and is independent of

(15a)

(15b)

This confirms the intuition that as we increase the power to
the system, errors due to thermal and other noise will become

1For a rapidly changing channel (� ! 0) there would be significant varia-
tions of the channel within each symbol (and possibly within each time sample),
which we do not take into account in our analysis. In [14], we present a perfor-
mance analysis that allows channel variation at each sample within a symbol.

less significant, and performance will be dominated by errors
induced by the changing channel. This will happen when the
true SNR is greater than . We note also that

, but

(16)

At high SNR in fast fading, all effective signal power is due to
the specular component.

Longer training data results in better ESNR

(17a)

(17b)

but lowers the time available for data transmission. If ,
then there are no time variations in the diffuse component of the
channel, and we have and . This means that
it is always better in terms of ESNR to train more frequently,
but this, of course, ignores the loss in effective bit rate due to
training.

For the case , and a constellation of uni-
tary symbols, we have binary PSK (BPSK) with bit error proba-
bility of . Assuming a Rayleigh channel,
and substituting (15a) for the SNR, we obtain the high-SNR
error floor

When , this is equivalent to the high-SNR error
floor derived by Korn [7] for binary DPSK. The 3-dB penalty
that DPSK suffers in comparison with PSK is due to the effective
doubling of the additive noise power, so it is reasonable to expect
that the same error floor holds for PSK and DPSK at high SNR,
where the changing channel dominates additive noise.

IV. PERFORMANCE WITH UNITARY MODULATION

Lemma 1 applies to general signals; we now examine the case
of square unitary signals. This class of signals is
used for differential space–time modulation and was motivated
by the discovery that unitary signals maximize capacity for the
quasi-static channel [11]. Differential space–time modulation
has received much attention recently for its excellent behavior
in a time-varying channel [15], [16]. We give a corollary which
states the effect of the time-varying channel on trained modula-
tion with perfect channel estimates and with ML channel esti-
mation, as well as on differential modulation. Differential mod-
ulation is shown to have good performance; it has higher ESNR
than trained modulation in all cases except with perfect channel
estimates at low SNR.

The derivation of the fundamental differential receiver (11)
assumes that the channel is constant for overlapping periods of

time instants. In this section, we use our channel model to
obtain a more realistic result for differential modulation. Finally,
we compare trained and differential modulation. We begin by
using the AR model (4) to express the effect of the time-varying
channel as an ESNR.
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A. ESNR for Unitary Modulation

Corollary 1: Given the data model of (2), assume that the
diffuse portion of the channel varies according to (4) with AR
parameter . If unitary space–time modulation is implemented,
then the ESNR is

(18a)

(18b)

where the subscript indicates unitary modulation. For differ-
ential modulation, and . For “trained” modulation
with a perfect channel estimate, and , and for
trained modulation with an ML channel estimate, and

.
Proof: For trained modulation, this corollary is a straight-

forward application of Lemma 1, where for square unitary sig-
nals, the covariance matrix for the effective noise becomes a
scaled identity matrix. The proof for differential modulation is
also a straightforward extension.

Similar limiting expressions to those found in Section III
apply for differential modulation as well. For example, as the
true SNR increases, we find that performance is dominated by
the changing channel

(19a)

(19b)

These equations indicate that increasing signal power does not
always give better performance. In fact, for true SNR values
greater than , performance no longer depends
on signal power, but on the effect of the changing channel.

For the case , , and , we have binary
DPSK in Rayleigh flat fading with bit-error probability

. Substituting (19) for the SNR, we obtain the high-SNR
error floor

For many values of , the autocorrelation function
satisfies , and we obtain ,
which is the high-SNR error floor derived by Korn [7] for
DPSK.

The ESNR can be used in place of the true SNR in
the probability of error expressions given below. In contrast
to Lemma 1, in the differential case, the ESNR is not time
varying. The pairwise probability of error expressions given
below extends the results of [3] derived for Rayleigh channels
to channels with a rank-one specular component. The ESNR
given above allows this result to be applied to time-varying
channels as well.

Lemma 2: Given the quasi-static Rician channel model of
(2) with specular parameter (assuming a rank-one specular

component), SNR , transmit antennas, receive antennas,
and assuming the ML decoder of [3] for a known channel

the pairwise probability of error for square unitary signals is

(20)

where are the singular values of the difference matrix of the
two signals in question .

Proof: The proof involves expressing the pairwise prob-
ability of error in terms of the trace of a quadratic form, then
integrating over the characteristic function [14] of this value to
obtain the final result. To conserve space, and because it is a
straightforward extension of techniques used in [3] and [14], we
omit details of the proof.

We now turn to the case of modulation for the unknown
channel. We allow an arbitrary-rank specular channel in this
case to illustrate the potential of our analysis. A similar expres-
sion for the known channel case is left as an exercise for the
reader.

Lemma 3: Given the quasi-static Rician channel model of
(2) with specular parameter , SNR , transmit antennas,
receive antennas, and assuming the ML decoder of [3] for an
unknown channel

(21)

the pairwise probability of error is

(22)

where

(23)

(24)

and is the singular value decomposition of the
product of the unitary matrices and (where ).

Proof: Similar techniques are used to prove this Lemma
as for the previous, with a major difference being in the lack of
a rank-one constraint on , which results in a slightly more
complex expression in this case.

The ESNR values derived previously may be used directly in
(20) and (22) to characterize the error performance of unitary
codes in time-varying fading. In our simulation results below,
we show that the above probability of error expressions give
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excellent agreement with simulation when used with the ESNR
values of Corollary 1.

B. Comparing Differential and Trained Unitary Modulation

In this section, we compare the ESNR for differential versus
trained unitary modulation. Comparison of differential modu-
lation against trained modulation with nonunitary and/or non-
square signals may give significantly different results than those
given below.

Corollary 2 (ESNR Comparison): Given the channel model
of Section II, assume that the parameters and for trained
and differential modulation are related according to ,
and that and are fixed. If ML channel estimation

is used, then . If perfect channel estimates are
used , then if , where

(25)

otherwise, . If , then for ML channel estimation
for all .

Proof: Recall that as goes to , , and
. Since , then . Because is the only

solution to the equation , we know that
for .

In simpler language than stated in the lemma, differential
modulation is better than trained modulation (in terms of
ESNR) in a changing channel if the SNR is high enough,
even if perfect channel estimates are available. If ML channel
estimation is used, then differential modulation always gives
higher ESNR than trained modulation. This is in contrast to a
constant channel, where trained modulation is always better.
In particular, as the channel approaches a constant channel,

, and thus, .

V. SIMULATION RESULTS

We have presented analytic results quantifying performance
for a continuously varying fading channel; we now present
simulation results that support our analysis. In the figures that
follow, a square or circle indicates a simulation result for that
SNR value. We generated channel coefficients that obey Jakes’
channel model, and simulated them with symbols at each
SNR value to calculate the probability of error results shown.
When a specular component is present, it is rank one.

Fig. 1 illustrates the utility of the model presented in Sec-
tion III. In this figure, we show results for transmit
antennas, receive antennas, training interval ,
specular parameter , and for fading parameters,
and . This corresponds to the Doppler shift obtained
at 20 and 40 mi/h with a carrier-to-bandwidth ratio of about
333 000/1. Although our analysis is based on an AR model for
the time variation of the channel, we simulated with channel co-
efficients that obey Jakes’ model [12], using (5) to reconcile the
two techniques. Probability of symbol-error results are shown
for simulations of the “vertical Bell Labs layered space–time”
(VBLAST) algorithm [17], [18] with quaternary PSK (QPSK)
symbols. In this figure, we also show results for simulation with
a slow channel (shown with a dashed line) which will be used

Fig. 1. Results using VBLAST with QPSK symbols, M = N = 2 antennas,
and specular parameter � = 1. Simulation with fading parameter f = 0:01
is indicated by diamonds, f = 0:02 with x’s, and a quasi-static channel by a
dashed line. Vertical lines show the SNR from Lemma 1, at which a high-SNR
ceiling should occur; these values agree with simulation.

Fig. 2. Probability of error as function of � with M = N = 2 antennas,
L = 2 constellation points, at an SNR of � = 5 dB, and f = 0:003. The
solid lines show the results of simulation, which agree well with analysis (dotted
lines) obtained using (20).

as if they were for a quasi-static channel. Lemma 1 predicts that
at high SNR, we should obtain performance equivalent to that
at dB SNR for and dB SNR for

. The performance of the constant channel at these
SNR values is indeed that obtained with the changing channel,
as indicated by the intersection of the horizontal and vertical
lines.

Fig. 2 shows performance as a function of the specular pa-
rameter . Square diagonal unitary codes are used with .
Simulation and analysis results are shown for differential mod-
ulation and genie-aided trained modulation ; trained
modulation with an ML channel estimate gives results similar to
differential modulation. Two transmit and two receive antennas
were used at a SNR of dB, and . In this sce-
nario, a specular channel gives better results than a
Rayleigh channel. At all values of the specular param-
eter, the analytic results match simulation very well.

In Fig. 3, we illustrate the performance of trained modula-
tion as a function of the training period . We used a fading
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Fig. 3. Performance as a function of the training period K with M = 2

transmit antennas, N = 1 receive antenna, a fully diffuse channel � = 1,
and L = 2 signals. Analysis and simulation agree that though there is a 3-dB
penalty for differential and trained modulation at K = 1, for higher values of
K , the penalty is greater for trained modulation.

parameter of , transmit antennas, re-
ceive antennas, a diagonal constellation with space–time
symbols, no specular component , and a training period
of for . Solid lines indicate the
results of simulation, while the dashed lines indicate analytic
results using ESNR values from Section III in place of the true
SNR in the probability of error expressions from [3]. Results for
training using ML channel estimation , modulation with
perfect channel estimates , and differential modulation
are shown. The analytic and simulation results match well in all
cases. As expected, increasing the training period increases the
probability of error. We note that for longer training intervals,
differential performs significantly better than trained modula-
tion, even with a perfect channel estimate.

VI. CONCLUSIONS

Previous research in space–time modulation has typically as-
sumed channels that are constant for two or more symbol pe-
riods. In this letter, we have examined the performance degra-
dation that results when this assumption is violated. We con-
sidered the case of a time-varying, temporally correlated dif-
fuse channel component, with a temporally invariant specular
component. AR modeling of the diffuse channel variations al-
lowed us to derive expressions for ESNR that combine the ef-
fects of the changing channel and the additive noise into a single
scalar value when using unitary signal matrices. The ESNR
can be used in place of the noise-only SNR to analyze the ef-
fects of a time-varying channel using expressions derived as-
suming the channel to be constant. Comparing ESNR expres-
sions for trained and differential modulation, we are able to de-
termine the SNR above which differential modulation outper-
forms trained unitary modulation. Using probability of symbol
error as our metric, we validated our analysis with several sim-
ulations. The capacity of trained space–time modulation is a
well-studied problem [19]–[21]. The capacity for differential

modulation, on the other hand, is an open problem [22], making
a comparison between the two schemes difficult. There is some
reason to believe that the capacity for differential modulation is
significantly smaller than that for coherent space–time modula-
tion [22]. This may offset some or all of the advantage in ESNR
that differential modulation has. We leave this as a topic for fu-
ture research.

REFERENCES

[1] G. J. Foschini and M. J. Gans, “On limits of wireless communications
in a fading environment when using multiple antennas,” Wireless Pers.
Commun., vol. 6, pp. 311–335, 1998.

[2] I. E. Telatar, “Capacity of multi-antenna Gaussian channels,” Eur. Trans.
Telecommun., vol. 10, pp. 585–595, Nov./Dec. 1999.

[3] B. M. Hochwald and T. L. Marzetta, “Unitary space–time modulation for
multiple-antenna communications in Rayleigh flat fading,” IEEE Trans.
Inform. Theory, vol. 46, pp. 543–564, Mar. 2000.

[4] B. L. Hughes, “Differential space–time modulation,” IEEE Trans. In-
form. Theory, vol. 46, pp. 2567–2578, Nov. 2000.

[5] B. M. Hochwald and W. Sweldens, “Differential unitary space–time
modulation,” IEEE Trans. Commun., vol. 49, pp. 2041–2052, Mar. 2000.

[6] V. Tarokh and H. Jafarkani, “A differential detection scheme for transmit
diversity,” IEEE J. Select. Areas Commun., vol. 18, pp. 1169–1174, July
2000.

[7] I. Korn, “Error floors in the satellite and land mobile channels,” IEEE
Trans. Commun., vol. 39, pp. 833–837, June 1991.

[8] Z. Liu, X. Ma, and G. B. Giannakis, “Space–time coding and Kalman
filtering for time-selective fading channels,” IEEE Trans. Commun., vol.
50, pp. 183–186, Feb. 2002.

[9] R. Schober and L. H.-J. Lampe, “Noncoherent receivers for differential
space–time modulation,” IEEE Trans. Commun., vol. 50, pp. 768–777,
May 2002.

[10] J. K. Cavers, “An analysis of pilot symbol-assisted modulation for
Rayleigh fading channels,” IEEE Trans. Veh. Technol., vol. 40, pp.
686–693, Nov. 1991.

[11] T. L. Marzetta and B. M. Hochwald, “Capacity of a mobile multiple-an-
tenna communication link in Rayleigh flat fading,” IEEE Trans. Inform.
Theory, vol. 45, pp. 139–157, May 1999.

[12] W. C. Jakes, Microwave Mobile Communications. New York: IEEE
Press, 1993.

[13] B. Hassibi and B. M. Hochwald, “Optimal training in space–time sys-
tems,” in Proc. Asilomar Conf. Signals, Systems, Computers, vol. 1,
2000, pp. 743–747.

[14] C. B. Peel and A. L. Swindlehurst, “Performance of space–time mod-
ulation for a general time-varying Rician channel model,” IEEE Trans.
Wireless Commun., to be published.

[15] B. Hassibi and B. M. Hochwald, “Cayley differential unitary space–time
codes,” IEEE Trans. Inform. Theory, vol. 48, pp. 1485–1503, June 2002.

[16] A. Shokrollahi, B. Hassibi, B. M. Hochwald, and W. Sweldens, “Rep-
resentation theory for high-rate multiple-antenna code design,” IEEE
Trans. Inform. Theory, vol. 47, pp. 2335–2367, Sept. 2001.

[17] G. J. Foschini, “Layered space–time architecture for wireless commu-
nication in a fading environment when using multiple antennas,” Bell
Labs Tech. J., vol. 1, pp. 41–59, Autumn 1996.

[18] G. D. Golden, G. J. Foschini, R. A. Valenzuela, and P. W. Wolniansky,
“Detection algorithm and initial laboratory results using the V-BLAST
space–time communication architecture,” Electron. Lett., vol. 35, pp.
14–15, Jan. 1999.

[19] B. Hassibi and B. M. Hochwald, “How much training is needed in mul-
tiple-antenna wireless links?,” IEEE Trans. Inform. Theory, vol. 1, pp.
951–963, Apr. 2003.

[20] C. B. Peel and A. L. Swindlehurst, “Optimal trained space–time mod-
ulation over a Rician time-varying channel,” in Proc. Asilomar Conf.
Signals, Systems. Computers, 2002, pp. 1127–1131.

[21] X. Ma, L. Yang, and G. Giannakis, “Optimal training for MIMO fre-
quency-selective fading channels,” in Conf. Rec. 36th Asilomar Conf.
Signals, Systems, Computers, vol. 2, Nov. 2002, pp. 1107–1111.

[22] T. Marzetta, “Two open problems in multiple-antenna communications,”
presented at the DIMACS Workshop on Signal Processing for Wireless
Transmission, Oct. 2002.

Authorized licensed use limited to: IEEE Editors in Chief. Downloaded on August 17, 2009 at 19:46 from IEEE Xplore.  Restrictions apply. 


