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Semiblind Multiuser MIMO Channel Estimation
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Abstract—Channel state information (CSI) is required at the
receiver side of multiple-input multiple-output (MIMO) systems
for decoding space–time codes. In this paper, new semiblind
techniques are developed to jointly estimate the receiver CSI of
multiple multiantenna transmitters that use orthogonal space–
time block codes (OSTBCs). The proposed techniques are based
on the extension of the concepts of the popular Capon and MUSIC
spectral estimators to the problem of multiuser channel estimation. Our methods blindly estimate the subspace that contains the
user channel matrices, and then use only a few training symbol
blocks to extract the user CSI from this subspace. It is demonstrated that, in addition to improving the bandwidth efficiency,
the proposed techniques offer better channel estimation accuracy
as compared with the standard (nonblind) least-squares (LS)
channel estimation method. Moreover, it is shown that using the
proposed Capon- and MUSIC-based semiblind channel estimators along with the coherent maximum-likelihood (ML) or the
minimum-variance (MV) multiuser MIMO receivers results in a
substantially better performance as compared with the case when
the standard LS channel estimates are used.
Index Terms—Capon and MUSIC techniques, multiuser multiple-input multiple-output (MIMO) receivers, semiblind MIMO
channel estimation.

I. INTRODUCTION
PACE-TIME coding is a powerful means to exploit spatial diversity and to combat fading in multiple-input multiple-output (MIMO) wireless communication systems [1]–[3].
Among various space–time codes developed to the date, orthogonal space–time block codes (OSTBCs) [2], [4], [5] are of
particular interest because they achieve full diversity while offering very simple maximum-likelihood (ML) decoding in the
single-user case.

S

Manuscript received December 25, 2004; revised September 7, 2005. The
associate editor coordinating the review of this manuscript and approving it
for publication was Dr. Daniel Fuhrman. This work was supported is part by
the Wolfgang Paul Award Program of the Alexander von Humboldt Foundation (Germany) and German Ministry of Education and Research; Premier’s
Research Excellence Award Program of the Ministry of Energy, Science, and
Technology (MEST) of Ontario; Natural Sciences and Engineering Research
Council (NSERC) of Canada; Communication and Information Technology Ontario (CITO); and National Science Foundation (NSF) Grant No. CCF-0515032.
The results of this paper were presented it part at the IEEE Sensor Array and
Multichannel Signal Processing Workshop, Sitges, Spain, June 2004.
S. Shahbazpanahi is with the Faculty of Engineering and Applied Science,
University of Ontario Institute of Technology, Oshawa, ON L1H 7K4, Canada
(e-mail: shahram.shahbazpanahi@uoit.ca).
A. B. Gershman is with the Communication Systems Group, Darmstadt University of Technology, D-64283 Darmstadt, Germany (e-mail: gershman@ieee.
org).
G. B. Giannakis is with the Department of Electrical and Computer Engineering, University of Minnesota, Minneapolis, MN 55455 USA (e-mail:
georgios@ece.umn.edu,).
Digital Object Identifier 10.1109/TSP.2006.877650

Point-to-point MIMO communications based on space–time
block codes (STBCs) have been extensively studied in the literature. However, there are only a few papers where the problem
of joint decoding and multiple-access interference (MAI) suppression in STBC-based multiuser communication systems has
been addressed [6]–[9].
In all these papers, it is assumed that the channel state information (CSI) of the users of interest is available at the receiver. This implies that training should be used to estimate the
user CSI. However, the use of training may substantially reduce
the bandwidth efficiency and, therefore, blind and/or semiblind
channel estimation techniques are of great interest [10].
Recently, numerous blind and semiblind decoding techniques
have been proposed for point-to-point OSTBC-based MIMO
communications (see [11]–[21] and references therein). These
techniques include differential decoders [11]–[13], unitary
space–time modulation-based space–time codes [14], leastsquares (LS) blind and semiblind decoders for generalized
STBCs (GSTBCs) [15], Khatri–Rao space–time codes [18],
space–time decoding schemes based on subspace-based blind
channel estimation [17], [21], and other approaches [16],
[19], [20].
Unfortunately, most of these techniques are not directly applicable to multiuser MIMO scenarios because they are (explicitly or implicitly) based on the point-to-point MIMO assumption
and treat MAI as a white noise. As a result, their performance
may degrade severely in the multiuser case.
A promising semiblind parameter estimation method to detect the symbols of the desired user while rejecting MAI has
been proposed in [22]. Note, however, that the MIMO case is
not considered in this paper. That is, the authors of [22] assume
that the receiver has multiple antennas, while each transmitter
has a single antenna.
In this paper, we propose an approach to simultaneously estimate the CSI of multiple multiantenna transmitters that use
OSTBCs to communicate with a single multiantenna receiver
(base station). Our approach is based on the extension of the
concepts of the popular Capon [23] and MUSIC [24] techniques
commonly used in array processing and spectral analysis1 to
the problem of channel estimation in multiuser MIMO communications. As will be shown in the sequel, such extension is
possible due to a close similarity between the array processing
and multiuser MIMO channel estimation problems. It will be
shown that, using such a similarity, the subspace that contains
the user channel matrices can be estimated in a fully blind way.
However, to extract the user CSI from this subspace, a few
1There are also several approaches that apply the ideas of Capon and MUSIC
techniques to wireless communications, see, e.g., [25] and [26].
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training blocks have to be used with the amount of training
that is much smaller than required by the standard (nonblind)
LS-based channel estimation method.
Our simulation results demonstrate that, in addition to improving the bandwidth efficiency, the proposed techniques also
enjoy substantially lower channel estimation errors as compared
to the LS channel estimation method. All these improvements
are achieved at the expense of a moderate increase in decoding
delay and computational complexity with respect to the LS estimator, as well as at the expense of the requirement of small
channel variations during the interval where the sample covariance matrix is computed. It is shown that using the proposed
semiblind channel estimators along with the ML or minimumvariance (MV) linear multiuser receivers results in a substantially better performance in terms of the symbol error rate (SER)
as compared with the case when the standard LS channel estimator is used.
The remainder of this paper is organized as follows. In
Section II, the multiuser MIMO model is developed. The ML
and MV multiuser receivers are briefly reviewed in Section III.
Section IV presents the standard LS and the proposed Caponand MUSIC-based semiblind multiuser MIMO channel estimators. Simulations are given in Section V, and conclusions are
drawn in Section VI.

exploits the fact that all the users have different channel vectors
because of multiple antennas employed at the receiver and each
of the transmitters.
is assumed to correspond to some OSTBC
The matrix
is called an OSTBC if all elements of
[4]. The matrix
are linear functions of the complex variables
and
their complex conjugates, and if for any arbitrary , it satisfies
where
is the
identity matrix,
and
denote the Hermitian transpose and the
while
Euclidean norm, respectively.
can be written as
The matrix

(2)
where the matrices

and

are defined as

respectively,
,
and
denote the real and the
imaginary parts, respectively, and is the
1 vector having
one in its th position and zeros elsewhere. Using (2), one can
rewrite (1) in a vectorized form as [9], [28]

II. MULTIUSER MIMO DATA MODEL

(3)

Let us consider the uplink multiuser MIMO case and assume
synchronous multiantenna transmitters2 communicate
that
with a single multiantenna receiver. All the transmitters are
assumed to have the same number of antennas, , while the
antennas. We also assume that all the transmitreceiver has
ters use the same OSTBC to encode the information symbols.
Using these assumptions and considering the flat block-fading
channel case, the received signal can be written as [9]

is the equivalent channel vector of the th user, and the “underline” operator for any matrix is defined as

(1)

(4)

where is the
matrix of the received signals, is the
1 vector of the information symbols of the th user,
is the
matrix of the transmitted signals of this user,
is the
matrix of channel coefficients between the th
noise matrix, and
transmitter and the receiver, is the
denotes the block length. We assume that the entries of matrices
are independent random variables. This assumption
implies that in the vector space of all
complex matrices,
are linearly independent, almost
the channel matrices
surely.3
It should be emphasized that, in contrast of code-division
multiple-access (CDMA)-based approaches (see [6], [17], [27],
and references therein), the considered underlying transmission
scheme does not make any use of the user spreading codes, but
2The synchronous assumption is required for formulation of our semiblind
techniques and, therefore, is adopted throughout the manuscript.

where

In (4),
denotes the vectorization operator stacking all
real
columns of a matrix on top of each other. The
in (3) is given by [9], [28]
matrix

This matrix has an important property that its columns have the
same norms and are orthogonal to each other [28]
(5)
stands for the transpose. As
is linear in
where
real matrices
with dimensions
there exist
such that

,

3This means that, with probability one, there does not exist any nonzero vector

c = [c

;...;c

]

such that

c

H

=

0.

for

(6)
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Note that the matrices
known. Using (6), we have

are OSTBC-specific and

(7)
where the

matrix

is defined as

III. MULTIUSER RECEIVERS
In this section, we briefly review two known multiuser MIMO
receivers that will be used in Section V.
, one can use the ML apGiven the channel vectors
proach to detect the transmitted information symbols. This approach amounts to solving the following optimization problem:
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where

is the covariance matrix of the vectorized received data, is its
sample estimate,
is the diagonally loaded sample
covariance matrix, and is the loading factor. Diagonal loading
is used in (9) to improve the receiver robustness.
Another class of robust MV MIMO receivers based on the
idea of worst-case optimization-based beamforming [30] has
been proposed in [31].
Note that the multiuser receivers in (8) and (9) are called
“clairvoyant” if they assume that the true channel vectors
are available. Unfortunately, such an assumption can
hardly be met in practical cases because of a limited number of
training symbols and finite channel coherence time. Therefore,
have to be estimated
in practice, the channel vectors
first and then these estimates can be used in (8) or (9) to decode
the information symbols.
IV. MULTIUSER CHANNEL ESTIMATION

(8)
where

In this section, we first formulate the training-based LS
channel estimation technique and then develop our semiblind
Capon- and MUSIC-based channel estimators.
A. Training-Based LS Channel Estimator

and is the set of all possible values of . To reduce the computational complexity of the ML multiuser receiver in (8), the
sphere decoding technique can be used [29].
Unfortunately, the computational cost of sphere decoding algorithms may be prohibitively high when the dimension of is
) and/or when the signal-to-noise ratio
large (i.e., when
(SNR) is low (typically less than 5 dB). Alternatively, a much
simpler MV linear receiver of [9] can be used. Linear receivers
obtain the transmitted symbols of the th user as [9]

where
is the
matrix of receiver coefficients.
To detect the transmitted symbols, the estimate

To recover the transmitted user symbols, the channel vectors
have to be estimated. One straightforward approach to
estimate these vectors is to employ training and to use the LS
method. Let us rewrite (3) as
(10)
where
given by

is a

matrix whose th column is

As before,
is the vector having one in its th position and
1.
zeros elsewhere, but now its dimension is
Assuming that each user transmits
training blocks and
using the data model (10), we can write

(11)
has to be computed, and then the th transmitted symbol should
be detected as a point in the corresponding constellation which
is the closest one to the th element of .
For the th transmitter, the MV linear receiver of [9] can be
written as

(9)

where
is the th known vector of training symbols transand
are, respectively, the
mitted by the th user, and
received signal matrix and the noise matrix for the th training
block.
Using the notations
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(11) can be rewritten as
(12)
Stacking the vectors
vector

(

) in a longer

(13)
matrix

and defining the

based LS approach, and, correspondingly, the bandwidth efficiency will be improved.
Applied to our problem, the Capon linear receiver can be interpreted as a sort of spatio–temporal filter that passes the signal
of a hypothetical user with the channel vector without any distortion while maximally rejecting the signals of the other users.
More specifically, to linearly estimate the th entry of some
1 real vector (which belongs to a hypothetical transmitter with the channel vector ), one can obtain the coefficient
of the corresponding linear Capon receiver by solving
vector
the following optimization problem [6], [9]:

subject to
and the

(17)

The solution to (17) is well known to be

1 vector

(18)
we can rewrite (12) in a more compact form as

(14)
Based on (14), the LS estimate of the vector
as

can be expressed

Note that, according to (18), a separate weight vector has to be
(i.e.,
linear receivers have
obtained for each
to be used in parallel to estimate all entries of ).
For any channel vector and the th entry of , we can define
the Capon “spectrum” through the output of the corresponding
Capon receiver as
(19)

(15)
According to (15), one has to ensure that the matrix is full
,
column rank. Since the dimension of is
the full column rank condition of implies that the choice of
should satisfy the following condition:

(16)
Note that the LS estimate uses only the received data vectors
corresponding to the training symbols. In fact, if the noise vec(
) are independent and identically distors
tributed (i.i.d.) Gaussian, the LS estimate in (15) is ML optimal,
i.e., it maximizes the likelihood function. In the next two subsections, we propose two novel channel estimation techniques
that additionally use information-bearing (nontraining) received
data to obtain improved channel estimates as compared to the
LS estimate.

As we defined the Capon “spectrum” in (19) as the output power
of the th linear receiver, it is expected to have a maximum for
. Therefore, our goal will be to find the values of
which maximize the Capon function in (19). However,
is linear in and, therefore, the value of (19) can increase ar. To avoid such a trivial solution, we conbitrarily when
.
strain the norm of as
Although any of the Capon functions
can be
used to estimate the channel vectors, we propose to combine
all of them in the following fashion:

(20)

B. Capon-Based Technique
Let us now develop a Capon-based technique to blindly es.
timate the subspace that contains the channel vectors
Having such estimate of this “channel subspace,” we will be able
to reduce the number of parameters required to be estimated
. As a result
to enable recovery of the channel vectors
of such parsimonious channel characterization, the number of
training blocks will be reduced as compared with the training-

where the last line of (20) is obtained from (6), and
can
be viewed as a null-spectrum.
in (20) allows us to find the channel
The definition of
estimates in closed form. To show this, we note that if all Capon
have a maximum for
, then
spectra
will have a minimum for
. Therefore, we
propose to estimate the normalized user channel vectors as the
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values of which minimize
. Hence, exploiting the
are linearly independent,
fact that the channel vectors
are expected to belong to the
the true channel vectors
subspace spanned by the minor eigenvectors of the matrix

or, more specifically, the eigenvectors corresponding to the
smallest eigenvalues of this matrix.
We emphasize that these smallest eigenvalues can have a
multiplicity. To show this, note that the th smallest eigenvalue
. Rewrite
of is equal to the value of the th minimum of
as
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It has been shown in [21] that this set is a subspace whose dimension depends on the underlying OSTBC and on the number
of receive antennas but does not depend on the value of . Denoting the dimension of this subspace by , from the results of
holds true, but
[21] it follows that for most OSTBCs,
there are a few OSTBCs (including the Alamouti’s code) for
. For more details, see the table in [21] and [32],
which
which summarizes the values of for different OSTBCs.
has a minFrom the discussion above, it follows that if
, then it will have the same minimum
imum for
value for any member of . This, in turn, implies that each of
the smallest eigenvalues of has the multiplicity order of .
Denoting the eigenvectors corresponding to smallest eigen(
) and the subspace spanned
values of as
by these eigenvectors as , we have

(21)
and denote the trace operator and the Kronecker
where
product, respectively. From (21), it follows that if for any nor) there exists a normalized vector
malized vector (
(
) and a
matrix such that
(22)
then

will satisfy

To prove this fact, note that according to (5),
. Therefore,
is unitary (
). Using the latter fact and (21), we have

(24)

, only the knowledge of
Note that to find the vectors
the data covariance matrix and the OSTBC is required. This
matrix can be estimated without any training data. However,
(
;
to determine the real coefficients
), training data should be used. In what follows, we
show how these coefficients can be obtained based on the LS
approach.
Let each transmitter send a total number of blocks to the
receiver and let out of these blocks, the first training blocks
blocks be
be known to the receiver while the remaining
used to convey the information symbols. We can use all blocks
to obtain the sample estimate of as

Replacing with , we can estimate the vectors
the minor eigenvectors
of the matrix

Therefore, if (22) holds true, then the values of the null-spectrum
for the vectors and are the same. This implies that if
has a minimum for
(
), and
if there exist a normalized vector and a matrix that satisfy

(23)
then the minimum values
and
are the
same. In other words, all the values of which satisfy (23) will
as
does.
result in the same minimum of
Let us define the set

as

Then, using (24), we have

(25)
which follows from the linearity of
in its argument. Replacing
in (3) with
of (25), we obtain

(26)
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where

Stacking the vectors
(
) in the longer vector
defined in (13) and using the notation

. To ensure that
dimension of the noise subspace is
the noise subspace is nondegenerate, we require the number
, where
of the transmitters to be smaller than
denotes the largest integer smaller or equal to .
It is well known [24] that the signal subspace is spanned by
the principal eigenvectors of the data covariance matrix and
the remaining eigenvectors of this matrix span the noise subspace. Based on this fact, we have
(30)
where the

matrix is built from the
minor eigenvectors of .
According to (30), let us define the generalized MUSIC
“spectrum” as

we obtain from (26) the following relationship:

and, therefore, the LS estimate of

can be written as
(31)

(27)
Note that if the noise is i.i.d. Gaussian, then is the ML estimate
of . Once the estimate of is found, the channel estimate for
the th user can be obtained from (24).
matrix has to be full
According to (27), the
should satisfy
column rank. This implies that the choice of
the following condition:

denotes the Frobenius norm. To avoid the trivial
where
. Doing so, the
zero solution, we assume as before that
user normalized channel vector estimates are given as the values
has its most prominent peaks.
of for which
Using (7), the MUSIC function of (31) can be simplified as

(28)
Comparing (28) with (16), we obtain that the Capon-based technique requires less training blocks than the standard LS channel
estimator provided that

(32)
From (32), it can be seen that the channel vectors belong to the
subspace spanned by the
minor eigenvectors of the matrix

(29)
It should be emphasized here that multiuser receivers that employ the obtained channel estimates imply stronger restrictions
on
than (29). For example, from the structure of the ML
is not satisfied,
receiver (8), it is clear that if
then the resulting estimates of the information symbols are not
unique. The same condition should be satisfied for the MV receiver (9) [9]. Taking into account that for the majority of OS, we obtain that cannot exceed
TBCs
anyway—otherwise, the ML and MV receivers are not applithen
for
cable. This (along with the fact that if
most of OSTBCs [21]) implies that condition (29) is satisfied
and, therefore, the proposed Capon-based estimator has better
bandwidth efficiency than the standard LS estimator.
C. MUSIC-Based Technique
To develop our MUSIC-based technique for the considered
multiuser channel estimation problem, the signal and the noise
subspaces have to be defined first. Let us define the signal
subspace as that spanned by the columns of the matrices
and the noise subspace as the orthogonal complement to the signal subspace. Note that the dimension of
, and, therefore, the
the signal subspace is (almost sure)

Denoting these eigenvectors as
(
) and indicating the subspace spanned by these eigenvectors as , we have
(
) can be found as
that the estimates of

(33)
where
are the sample estimates of
minor eigenvectors of the matrix

, i.e., the

and is the sample estimate of obtained through the eigendecomposition of .
Using the LS-based procedure similar to that developed in
the previous subsection for the Capon-based estimator, and introducing
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we have that the vector
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can be estimated as
(34)

where

Once is estimated by means of (34), the channel vector
estimate for the th user can be found from (33).
matrix has to be
According to (34), the
full column rank, and, therefore, the condition similar to (28)
should be satisfied for . This means that, similar to the Caponbased technique, the number of training blocks required for the
MUSIC-based channel estimator is less than that required for
the standard LS technique. Hence, both the Capon- and MUSICbased estimators have better bandwidth efficiency than the LS
estimator.
Improving the bandwidth efficiency using the proposed
Capon- and MUSIC-based channel estimators can be explained
by the fact that both of them are able to exploit the information-bearing (non-training) received data to estimate the
subspace which contains the channel vectors. This reduces
the number of remaining parameters to be estimated using the
training data, and makes the channel parametrization more parsimonious than that used in the standard LS estimator. Indeed,
after such blind estimate of the subspace of channel vectors is
found, the proposed techniques need to obtain only the coefficient vectors or from the training data to recover the user
channels. Note, however, that the standard LS estimator needs
from the training
to obtain all the channel vectors
data. Therefore, our methods can be expected to outperform
the standard LS technique.
It is well known that high-resolution techniques (including
Capon and MUSIC estimators) may be very sensitive to model
perturbations [33]–[35]. For example, in array processing a severe performance degradation of these techniques can be caused
by various types of model errors in the array manifold (such
as calibration errors, distorted array shape, propagation mismatches, etc.). It is worth noting that in the considered application to MIMO multiuser channel estimation, there are no model
perturbations of such kind because for any value of , the mais fully determined by the underlying OSTBC which
trix
is known at the receiver. Therefore, in the considered case the
performance of the proposed Capon- and MUSIC-based estimators is not limited by model errors.
The performance of the proposed Capon- and MUSIC-based
estimators at low SNR values may be limited by subspace estimation errors (for example, subspace swaps that may affect
the subspace estimates used in these techniques). Note, however, that this type of performance degradation is common for
all subspace-based methods.
V. SIMULATIONS
Throughout the simulations, the SNR for the th user is defined as
, where
is the variance of each complex entry

Fig. 1. Normalized RMSEs of channel estimates of the weaker transmitter
versus SNR; first example.

Fig. 2. Normalized RMSEs of channel estimates of the stronger transmitter
versus SNR; first example.

and
is the noise power. In each Monte-Carlo run, the
of
entries of the channel matrices
are generated as complex zero-mean i.i.d. Gaussian random variables. In both ex,
) amicable design-based
amples, the 3/4 rate (
OSTBC of [3] is used by all the transmitters to encode the in, then
for
formation symbols. According to [21], if
this code (i.e., there is no multiplicity in the eigenvalues of ).
The sample covariance matrix is computed at the receiver using
300 blocks, and the channel is assumed to be fixed during
these blocks (that is, only scenarios with slow fading are tested
where the channel does not vary substantially for many data
blocks).
2 transmitters with
In the first example, we consider
4 transmit antennas each, and a receiver with
4 antennas. The SNR of one of the users is assumed to be 2.5 dB
smaller than that of the other user. The performance of the proposed Capon- and MUSIC-based semiblind channel estimators
is compared to that of the standard LS estimator. Figs. 1 and 2
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Fig. 3. SERs of the sphere decoding based ML receiver for the weaker transmitter versus SNR; first example.

Fig. 5. Normalized RMSEs of channel estimates of the weaker transmitter
versus number of training blocks; first example.

Fig. 4. SERs of the sphere decoding based ML receiver for the stronger transmitter versus SNR; first example.

Fig. 6. Normalized RMSEs of channel estimates of the stronger transmitter
versus number of training blocks; first example.

show the normalized root-mean-square errors (RMSEs) of the
obtained channel estimates for the weaker and stronger transmitter, respectively, versus the SNR of the corresponding trans5 training blocks
mitter. In both of these figures, only
are used. It can be seen from these figures that both the Caponand the MUSIC-based techniques greatly outperform the standard LS-based method. Note that in both of these figures the
MUSIC-based estimator performs better than the Capon-based
technique.
Figs. 3 and 4 show the symbol error rates (SERs) of the
ML multiuser receiver (8) that uses the Capon- MUSIC-,
and LS-based channel estimates for the weaker and stronger
transmitters, respectively, versus the SNR of the corresponding
transmitter. In these figures, sphere decoding has been used to
reduce the computational cost of the ML receiver. In addition,
the SERs of the clairvoyant ML multiuser receiver are also
shown in Figs. 3 and 4. Note that the clairvoyant ML receiver
does not correspond to any practical situation and is used for
comparison purposes only. As can be seen from Figs. 3 and 4,

the performance of the MUSIC-based ML receiver is very close
to that of the clairvoyant ML receiver, while the Capon-based
ML receiver has slightly worse performance. It can also be
observed from these two figures that the proposed Capon- and
MUSIC-based channel estimation methods provide about 2 dB
of improvement in the ML decoder performance as compared
with the case when the LS-based channel estimates are used.
To illustrate bandwidth efficiency improvements achieved by
the proposed techniques with respect to the LS estimator, the
normalized RMSEs of the channel estimates of the weaker and
stronger transmitter, respectively, are displayed in Figs. 5 and
6 versus the number of training blocks . In these figures, the
SNRs of the weaker and stronger transmitters are 0 and 2.5 dB,
respectively. As can be seen from these figures, the Caponand MUSIC-based channel estimation techniques perform substantially better than the LS-based method. These performance
improvements are especially pronounced when the number of
training blocks is small. The corresponding SER curves of the
ML receiver (8) are shown in Figs. 7 and 8 for the weaker and
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Fig. 7. SERs of the sphere decoding based ML receiver for the weaker transmitter versus number of training blocks; first example.

Fig. 9. Normalized RMSEs of channel estimates of the weaker transmitter
versus SNR; second example.

Fig. 8. SERs of the sphere decoding-based ML receiver for the stronger transmitter versus number of training blocks; first example.

Fig. 10. Normalized RMSEs of channel estimates of one of the stronger transmitters versus SNR; second example.

stronger transmitter, respectively. Similar to Figs. 5 and 6, the
SNRs of the weaker and stronger transmitters in Figs. 7 and 8
are 0 and 2.5 dB, respectively. The latter two figures show that
the Capon- and MUSIC-based ML receivers offer substantially
lower SERs than the LS-based ML receiver. These performance
improvements are especially pronounced when the number of
training blocks is low (
to
).
8 transmitters with
In the second example, we consider
4 transmit antennas each, and a receiver with
8 antennas.
5 training blocks are used. Note that, according
to (16), this number of training blocks is not sufficient for the
standard LS-based technique, and hence, this technique cannot
8 transmitters
be used in this example. Moreover, with
the computational cost of the ML receiver is prohibitively high
and, therefore, the MV receiver (9) is used to decode the information symbols. It is assumed that the SNR of one of the
users is 2.5 dB smaller than of the other users (which have the
same SNR). Figs. 9 and 10 display the normalized RMSEs of

the channel estimates of the weaker and one of the stronger
transmitters, respectively, versus the SNR of the corresponding
transmitter. Figs. 11 and 12 show the corresponding SERs of
the MV receiver (9) based on different channel estimates for the
weaker and one of the stronger transmitters, respectively, versus
the SNR of the corresponding transmitter. In addition to the performance of the MV receivers that use Capon-, MUSIC-, and
LS-based channel estimates, the performance of the clairvoyant
MV receiver is also shown in these two figures.
As can be seen from Figs. 9–12, the MUSIC-based technique
has better performance as compared to the Capon-based approach, both in terms of RMSE and SER. It is noteworthy that
for high values of SNR, the SER of the MUSIC-based MV receiver is very close to that of the clairvoyant MV receiver.
It is important to note that performance improvements
achieved by the Capon- and MUSIC-based methods come
at the price of a larger decoding delay and a moderate increase in computational complexity as compared to the LS
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channel estimator, our techniques require less training blocks
and, therefore, offer improvements of the bandwidth efficiency.
Moreover, due to a parsimonious channel representation used in
the proposed techniques, they substantially improve the channel
estimation accuracy with respect to the nonblind LS channel
estimation method, which does not enjoy such a parsimony.
Simulation results have shown that using the proposed Caponand MUSIC-based semiblind channel estimators in the coherent
ML and MV multiuser MIMO receivers results in a substantially
improved performance as compared with the case when the standard LS channel estimates are used in these receivers.
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