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Abstract—In this paper, a very efficient semi-blind approach for
the detection of most significant taps (MSTs) in sparse orthogonal
frequency-division multiplexing (OFDM) channel estimation is
developed. The least square (LS) estimation problem of sparse
OFDM channels is first formulated, showing that the key to
sparse channel estimation lies in the detection of the MSTs. An
in-depth study of the second-order statistics of the signal received
through a noise-free sparse OFDM channel reveals the sparsity
and other properties of the correlation functions of the received
signal. These properties lead to a direct relationship between
the positions of the MSTs of the sparse channel and the most
significant lags of the correlation functions, which is then used
in conjunction with a pilot-assisted LS estimation to detect the
MSTs in a semi-blind fashion. It os also shown that the new
MST detection algorithm can be extended for the estimation of
multiple-input–multiple-output (MIMO)–OFDM channels. A
number of computer-simulation-based experiments for various
sparse channels are carried out to confirm the effectiveness of the
proposed semi-blind approach.

Index Terms—Most significant tap (MST) detection, mul-
tiple-input–multiple-output (MIMO), orthogonal frequency-divi-
sion multiplexing (OFDM), semi-blind, sparse-channel estimation.

NOTATIONS

Throughout this paper, we adopt the following notations.

Pseudoinverse.

Kronecker delta.

Transpose.

complex-conjugate transpose;

Circular convolution;

Frobenius norm;

Delta function;

A stacking of the columns of the involved matrix into
a vector.

I. INTRODUCTION

I T IS WELL known that channel estimation is of crucial
importance to orthogonal frequency-division multiplexing

(OFDM) and multiple-input-multiple-output (MIMO)–OFDM
systems [1]. Broadly speaking, channel-estimation techniques
for OFDM or MIMO–OFDM systems can be categorized into
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three classes: training-based, blind, and semi-blind methods.
First, training-based methods, such as the least square (LS), em-
ploy known training signals to render an accurate channel esti-
mation and thus require a consumption of spectral resources [2].
Blind channel-estimation algorithms, such as those proposed
in[3]–[5], which exploit the second-order stationary statistics,
correlative coding, and other properties normally have a better
spectral efficiency. With the idea of both the training-based and
blind algorithms, semi-blind channel-estimation techniques can
potentially enhance the quality of channel estimation [6]–[8].

A wireless channel can often be modeled as a sparse channel
in which the delay spread could be very large, but the number
of significant paths is normally very small [9]–[18]. Broadly
speaking, there are two kinds of approaches for the sparse
channel estimation. The first one estimates the complex am-
plitude and the delay of each path based on a nonsampling
spaced parametrical channel modeling [9]. The second kind
is based on the sparsity assumption of the equivalent dis-
crete-time channel [11]–[17], [19] in which only a few taps in
the long-tapped delay line are considered most significant. By
exploiting the sparse structure of the channel, some improved
channel-estimation algorithms have been developed for OFDM
systems [10]–[12], [17], [20], [21] and code division multiple
access systems [15], [16]. In this paper, we are concerned with
the development of a very efficient sparse-channel-estimation
approach for OFDM and MIMO–OFDM systems that requires
only a few OFDM symbols. As the nonsampling-spaced sparse
channel estimation requires a large number of OFDM symbols
for the estimation of the delay subspace, we focus only on the
sampling-spaced approach.

It should be mentioned that almost all of the sampling-spaced
sparse-channel-estimation methods in the literature utilize a
training sequence and follow two steps: 1) detect the positions
of the most significant taps (MSTs), which are also referred
to as the nonzero taps in some of the literature, and (2) obtain
an improved channel estimate by exploiting the position of
the MSTs. The key to these methods is the MST detection.
Several techniques based on initial LS estimation have been
developed for MST detection [10]–[12]. In these methods, an
unstructured channel, i.e., a channel presumably having all
nonzero taps, is considered in the initial LS estimation. Based
on the preliminary estimate, the MST detection can simply
be conducted by choosing a number of the largest amplitude
channel taps [10]. To improve the detection accuracy, a gener-
alized Akaike information criterion is utilized to estimate the
MSTs in an iterative fashion [11], which is then simplified to
a noniterative scheme [12]. The matching-pursuit (MP)-based
MST detection method has also extensively been investigated
by many researchers [13]–[16]. In the MP method, the MST
is detected by sequentially selecting the column in a mixture
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matrix of the pilot signal that matches best the residual vector of
the received signal. Another MST detection, which employs an
active tap-detection criterion involving the correlation between
the training pilots and the received signal, has been proposed
in [19].

Once the MST information has been acquired, a refined
channel estimate can be obtained in the second step. This
is usually implemented with the structured version of the
training-based approaches such as the LS method [11]–[13],
[15] and the LMS method [19]. It has been shown that the
performance of these sparse-channel-estimation methods is
much better than that of the unstructured channel-estimation
alternatives.

The common problem of the aforementioned sparse-channel-
estimation methods is that a large number of pilots is needed in
order to render an accurate MST detection and channel estima-
tion. To increase the spectral efficiency, the available informa-
tion of user data could be applied to both the MST detection
and the channel estimation. Unfortunately, very little work on
blind MST detection is found in the existing literature. To the
best knowledge of the authors, there is only one cyclic-prefix
(CP)-based blind method dealing with the MST detection of the
sparse channel estimation for OFDM systems [17]. However,
this detection scheme needs a large number of OFDM symbols
as well as a large CP length in order to obtain precise MST
positions.

In this paper, our main objective is to develop an efficient
semi-blind MST detection approach for sparse OFDM channel
estimation. First, the analysis of the second-order statistics of
the received signal passing through a sparse channel is con-
ducted for OFDM systems, leading to a relationship between
the positions of the MSTs and the most significant lags (MSLs)
of the correlation functions of the received signal. Based on
this relationship, an efficient MST detection algorithm, which
requires only a small number of OFDM symbols and a very
small number of pilots, is proposed. Then, by using the acquired
MST positions, an LS estimation of the sparse channel vector
with respect to the MSTs are derived for OFDM systems. Fur-
thermore, it is shown that the semi-blind MST detection algo-
rithm can readily be extended to the sparse channel estimation
of MIMO–OFDM systems.

The rest of this paper is organized as follows. Section II for-
mulates the sparse LS channel-estimation problem. Section III
presents a semi-blind MST detection approach for the estima-
tion of sparse OFDM channels, including the analysis of the
second-order statistics of the received signal through a sparse
channel and the development of a new MST detection algorithm.
Section IV extends the new semi-blind MST detection algorithm
to the MIMO–OFDM channel estimation. Section V comprises
a number of experiments validating the proposed approach and
showing the significant advantage of the sparse solution over the
regular LS method. Finally, Section VI concludes this paper by
highlighting some of the contributions presented.

II. PROBLEM FORMULATION

A. OFDM Signal Model

For an OFDM system, the transmitted th OFDM symbol
can be written as a vector of the frequency-domain signals,
namely

where denotes the number of subcarriers. The inverse dis-
crete Fourier transform (IDFT) processing gives the time-do-
main OFDM signal, denoted as

After adding a CP, each OFDM symbol is then sent out by the
transmit antenna. At the receiver, after removing the CP, the
received signal can be described as

(1)

Then, the received frequency-domain signal after the DFT pro-
cessing is given by

Considering that OFDM systems are designed for broadband
wireless communications, the signal bandwidth is always larger
than the coherence bandwidth, implying that the channel is
frequency selective. Most of the existing channel-estimation
methods work on the equivalent discrete-time channel, i.e., the
sampled version of the continuous-time channel response[22].
Thus, the discrete-time channel can be modeled by an -tap
finite-impulse response (FIR) filter. Assuming that the channel
is constant during a number of consecutive OFDM symbols,
the channel can be described by

If the length of the CP is not less than the channel length ,
the time-domain signal model for the frequency-selective fading
channel is given by

(2)
where is the number of OFDM symbols within which the
channel remains unchanged and is a spatiotem-
porally uncorrelated noise with zero mean and variance .

It is known that a wireless channel can often be modeled as a
sparse channel that contains many zero taps in the uniform delay
line [11]–[17], [19]. In this case, the channel with respect to the

th MST (namely, the nonzero tap) can
be expressed as

(3)

where are integers with
. To distinguish from , is referred to as the

effective channel throughout this paper.

B. Sparse LS Estimation

Prior to the development of the sparse LS algorithm for the es-
timation of the effective channel, we first introduce the training-
based LS channel-estimation algorithm for OFDM systems. As-
sume that the subcarriers, say, from to , of
each OFDM symbol carry the pilot signal. The transmitted and
the received pilot vectors can be defined as
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It should be noted that the pilot signal might not be located at
the same position in each OFDM symbol. Let be a
matrix formed by the first columns of a DFT matrix

. For the th OFDM symbol, one can form a matrix,
for example, , by taking only the rows of associated
with the pilot subcarriers. It was shown in [2] that

(4)

where ,

, and represent
the frequency-domain noise corresponding to in
(2). From (4), the received frequency-domain pilot signal with
respect to OFDM symbols can be obtained as

(5)

where

...

From (5), one can obtain an LS minimization problem, i.e.,

(6)

whose solution is given by

(7)

In the aforementioned LS channel-estimation method as well
as in many existing OFDM channel-estimation methods such as
those in[23] and [24], the sparse case of the wireless channel
has not been taken into consideration. Thus, the channel esti-
mate obtained is not efficient when the channel is sparse. In the
following, we would like to propose a sparse LS solution for
OFDM channel estimation.

Using (3) and assuming that the MSTs are correctly esti-
mated, (4) can be rewritten as

(8)

where and is a
matrix whose th column is the th column of ,

. Accordingly, (5) can be re-expressed as

(9)

where

... (10)

From (9), an LS estimate of the sparse channel with respect to
the MSTs can be obtained as

(11)

Obviously, the key to the structured LS estimation of the effec-
tive channel lies in the detection of the MSTs. In the following

section, we first analyze the second-order statistics of the signal
received through the sparse channel and then propose a novel
semi-blind MST detection algorithm.

III. SEMI-BLIND MST DETECTION ALGORITHM

A. Second-Order Statistics of the Received Signal Through
Sparse Channel

It is well known that the correlation function of the received
signal vector plays a crucial role in blind or semi-blind
channel estimation[5], [25], [26], which can be, in general,
defined as

(12)

In this section, we would like to express in terms of the
effective sparse channel , in the
absence of noise, and show that has only a few MSLs, i.e.,
most of the values of are zero, due to the sparse feature of
the channel.

Using (2) and (3) in (12), we obtain

(13)

where

(14)

...
...

(15)

Here, the index has been omitted for the sake of notational
convenience. Clearly, the value of mainly depends on

. Due to the fact that
, we can rewrite (15) as

...
...

. . .
...

(16)

Obviously, is a lower triangular matrix for .
Moreover, the nonzero elements of occur only when

. Since the channel
is sparse, i.e., , there is only a small number of
choices of which make a nonzero matrix. In other
words, is a zero matrix for most of the values of
ranging from 0 to . It is clear from (13) and (16) that as long as

is a zero matrix, is zero. By substituting (14) and
(16) into (13), can be expressed in terms of the effective
channel as

(17)
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TABLE I
EXPRESSION OF CORRELATION FUNCTION ���� FOR � � �

In obtaining (17), a unit signal variance, i.e., , has been
assumed without loss of generality. In the following, we disclose
the relationship between the MSTs with the MSLs.

Let us consider the simplest case when . In this case,
there are only two nonzero effective channel elements and

, corresponding to and , respectively. From (17),
one can find that there are only two nonzero values of , i.e.,

(18)

(19)

which means that the MSL positions of are .
When , it is clear from (17) that has different

expressions depending on the relationship between and .
Using (17), one can obtain the following results. Case D3.1: if

if

if
if
otherwise.

(20)

Case D3.2: if

if

if
if
if
otherwise.

(21)

It is seen that the main difference between the two cases D3.1
and D3.2 lies in the number of MSLs in addition to the expres-
sion of . The two common MSLs of the two cases are
and . Other MSLs depend actually on the relationship be-
tween and . If is not identical to , for any value of
, and in (16) cannot be unity at the same

time, leading to two different MSLs, i.e.,
and . However, if equals , both

and could be unity simultaneously. Then,
the two presumable MSLs overlap, yielding the only MSL, i.e.,

.

In the case of , one can easily obtain with respect
to the first and the last MSLs as

(22)

(23)

which is similar to the cases of and . All other
MSLs can be determined from the relationship among , ,

, , and . As some of these values could be
identical as discussed for the case of , the number of the
MSLs of can be different. As such, the position of the MSLs
and the expression of are dependent on the values of , ,
and , and their differences. Using (17), one can have a total
of eight possible cases as summarized in Table I, where

. Note that the correlation matrices with respect to the
first and the last MSLs, which are common to all the eight cases,
are not included in Table I for notational simplicity. Evidently,
Case D4.8 indicates a possibility of having a maximum of seven
MSLs of including the first and the last ones. When some
of the values of , , , , and happen to
be identical, the number of the MSLs would be reduced. For
example, Case D4.2 corresponds to a possibility that the MSLs
at and are overlapped as well as the MSLs at and

are overlapped.
We have obtained earlier the expressions of ,

, in terms of the effective channel matrix
for the cases . When

, a table similar to Table I can easily be designed by
simple computer programming. Noting that , all the
potential MSLs can be written as , each
corresponding to . If any two of ’s
are identical, the corresponding two potential MSLs are over-
lapped, and, thus, the corresponding two ’s are combined.
As seen in the next subsection, the structure of can be
exploited to detect the MSTs of the sparse channel.

B. Detection of MSTs

We now propose an MST detection algorithm based on the
structure of as analyzed in the previous subsection. The idea
is to determine the MST position based on the MSL position of

. It will be shown through simulation studies that, by using a
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small number of OFDM symbols and pilot subcarriers, our new
MST detection method has a high detection accuracy.

Prior to developing the new method, we first introduce the es-
timated version of . The correlation function of
can be estimated as

(24)

where for . By letting

where for , the circular convolu-
tion (2) in the noisy case can be rewritten in the matrix form as

(25)

Substituting (25) into (24) and using (13), we have

(26)

where

(27)
represents the signal perturbation and is the perturbation error
introduced by the noise.

Obviously, the first term in the right-hand side (RHS) of (26)
is an ideal correlation matrix of the received signal vector
with neither the signal perturbation nor the noise corruption,
while the second and the third terms are the errors introduced
by the signal and noise perturbations, respectively. Note that
in the noisy case, is, in general, a nonzero value even if

. However, the MSLs can be detected from the norm
of since the first term in the RHS of (26), , would be
dominant provided that the signal-to-noise ratio (SNR) is not
extremely low. Accordingly, the first step of our method is to
detect the MSLs of by comparing its absolute value with
the threshold, i.e.,

(28)

where is a predetermined length, and the coefficient is
used to adjust the average absolute value of . Once the MSLs
of are acquired, the information on their positions can be
utilized to determine the MST position of the sparse channel
as discussed in the previous subsection. The second step of the
new MST detection algorithm can be described as follows.

Assume that a total of MSLs of have been detected,
whose positions are denoted as with .
We now determine the possible ’s according to the structures
of for different values of and . Although we have in
general , it is clear that the positions of the first and the
last MSTs are simply given by

(29)

(30)

Obviously, (29) and (30) give the only two nonzero taps if
. In the following, we determine from

where .
If , we have only the case D3.1 according to (20).

Then, there is only one additional tap to be determined, which
is readily given by

If , we should have case D3.2 from (21) or D4.1 in
Table I. Then, one can have the following three possible solu-
tions.

Case W4.1: When with , we have and
, which gives and .

Case W4.2: When with , we obtain
and , which yields and .

Case W4.3: When with , we
readily have and .

In order to make a decision among the three choices,
we present an LS criterion similar to the sparse LS
channel-estimation algorithm proposed in Section II-B. Let

be the potential MSTs of the sparse
channel and is a matrix, whose th column is
the th column of . Using the
idea of joint channel estimation and zero detection proposed
in[27], a cost function for the new MST detection method can
be established from (9) as

(31)

where and

... (32)

Evidently, the cost reaches its minimum when
gives true MSTs. In the case of , our

MST detection only needs to calculate a few costs as given
by (31) with respect to Cases W4.1, W4.2, and W4.3, denoted
as , and , respectively. The complete scheme is
shown in Fig. 1, which gives three possible MST detection
results, namely: Case W4.1: ; Case W4.2: ; and
Case W4.3: , .

It should be stressed that the detection scheme in Fig. 1 is
already the improved version of a straightforward implementa-
tion. First, instead of computing all the three costs , ,
and and making a detection among the three values, a test
on is performed to possibly reduce
the three candidates to two, which could not only save the cal-
culation of one cost but also enhance the detection performance
by excluding the false MST candidate Case W4.3 from compar-
ison. Second, when the test is “yes,” we have found that
could be very close to if Case W4.1 (Case W4.2) is
true, indicating a possibility of misdetection of Case W4.1 (Case
W4.2) as Case W4.3, at a low level of SNR. On the other hand,
when Case W4.3 is true, is found to be much smaller than
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Fig. 1. MST detection scheme for� � �.

and . In the improved detection scheme, therefore, we
have employed a scaling coefficient to distinguish W4.3 from
W4.1 and W4.2. The value of should be chosen according to
the level of SNR. For example, for a moderate SNR, we have
found that is a proper choice.

Similarly, for , one can have the following possible
situations:

Case W5.1: , , and , when
and ;

Case W5.2: , , and , when
and ;

Case W5.3: , , and , when ,
, and ;

Case W5.4: , , and , when ,
, and ;

Case W5.5: , , and , when and
.

The corresponding MST detection scheme is described in
Fig. 2, which gives the following five detection results.

Case W5.1: , ; Case W5.2: , ;
Case W5.3: , ;

Case W5.4: , ; and Case W5.5: ,
, .

Clearly, the key to the aforementioned detection scheme is
to design a table listing all the possible MST candidates corre-
sponding to the same value of using the expression of
obtained in the previous subsection. This table can easily be con-
structed even if has a large value, since the expression of
can simply be derived by computer programming as stated be-
fore. The proposed sparse LS channel-estimation approach can
be summarized as follows.

1) MSLs are first estimated by comparing the absolute value
of the correlation function with the threshold calculated
from (28).

Fig. 2. MST detection scheme for� � �.

2) The estimated MSLs are utilized, together with a small
number of pilots, for the estimation of MSTs.

3) Based on the estimated MSTs, the channel coefficients are
estimated in an LS fashion as given by (7).

Note that, in some extremely noisy cases, the MSLs might be
incorrectly detected, which would lead to the cases that there
are no corresponding MST detected due to the logic in the MST
detection scheme, as shown in Fig. 1. In this case, we can use a
joint MSL and MST detection scheme. First, a relatively small
threshold is used to get more candidate lags, leading to all
possible combinations of different values of and positions
of lags. For each of these combinations, a minimum cost can
then be obtained by using the aforementioned proposed scheme.
The final decision can be made based on the minimum of all the
combinations. Overall, in comparison with many of the MST
detection methods available in the literature, which normally
require searching all the possible MST candidates over the en-
tire channel length , the proposed detection method reduces
the search range to a very small number of MST candidates, by
exploiting the MSL information of . More importantly, the
conventional methods need a large number of pilots or OFDM
symbols to conduct a training-based or CP-assisted MST de-
tection. In contrast, our technique uses only a small number of
OFDM symbols and pilots to implement an accurate detection.
It will be shown in Section V that the performance of the pro-
posed sparse LS channel-estimation algorithm is significantly
superior to that of the regular LS method.

IV. SPARSE-CHANNEL ESTIMATION OF MIMO–OFDM
SYSTEMS

In this section, we would like to extend the proposed
semi-blind MST detection algorithm for sparse channel esti-
mation of MIMO–OFDM systems. Consider a MIMO–OFDM
system with the vertical Bell Laboratories layered space-time
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(V-BLAST) structure, which consists of transmit and
receive antennas. Then, the th tap of the MIMO channel can
be described by a channel matrix as

...
...

. . .
...

where represents the channel re-
sponse between the th receive antenna and the th transmit
antenna. Accordingly, the time-domain signal model (2) in
single-input–single-output (SISO) OFDM systems can be
modified for the MIMO case as

(33)

where is the time-domain signal with respect to the
th transmit antenna and and are the

time-domain signal and noise with respect to the th receive
antenna. Here, we assume a sparse MIMO channel, in which
all elements of are assumed to have the same
MSTs. In this case, the channel matrix with respect to the th

MST (namely, the nonzero tap) can be
expressed as

(34)

where are integers with
. In the following, we first derive a sparse LS algo-

rithm for the effective channel matrix
.
The MIMO version of (4) can be easily obtained as

(35)

where and are the transmit
and received signal vector in the link between the th
transmit and the th receive antennas, respectively, and

. Using (34) and
(35), one can obtain

(36)

Fig. 3. MSE versus SNR.

where . By defining

...
. . .

... (37)

and using a manner similar to the derivation of (9), it can be
proved that

(38)

where the relationship of the terms are given in (39) at the
bottom of the page.

From (38), an LS estimate of the sparse channel can be
obtained as

(40)

Now, we consider the extension of the proposed semi-blind
MST detection algorithm for the MIMO–OFDM systems.
In contrast to the correlation function for OFDM systems,
the second-order statistics of the received signal for the
MIMO–OFDM systems is a correlation matrix, which can be,
in general, written as

(41)

where

(42)

...
. . .

... (39)
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In the previous two equations, the symbol index has been
omitted. Substituting (42) into (41) and using (33) and (34), we
obtain

(43)

where

(44)

...
...

(45)

with . Noting that
, (45) can be rewritten as

(46)

Using (44), (46), and (16), one can prove that (43) can be
rewritten as

(47)

By comparing (47) with (17), one can find that the difference
between the two equations is that the scalers and are
replaced by the matrices and . Therefore, the pro-
posed semi-blind MST detection algorithm in Section III can be
applied to channel estimation of MIMO–OFDM systems after
modifications, as shown in the following.

1) The symbols and in the SISO OFDM
case should be replaced by and , respec-
tively, for MIMO–OFDM channel estimation. Accord-
ingly, in Table I is replaced with

.
2) Instead of using (28), the threshold used for MSL estima-

tion is calculated by

(48)

3) Instead of using (31), the cost function in the MST detec-
tion can be established from (38) as

(49)

where , and is given in the equation
shown at the bottom of the page, where has the same
definition as in Section III-B.

Once the MSTs are obtained by using the proposed semi-blind
algorithm, the MIMO channels can be estimated in the LS sense,
as given by (40), yielding a sparse LS estimate of the effective
channel matrix .

V. SIMULATION RESULTS

A. OFDM Channel Estimation

We consider an OFDM system in which the number of sub-
carriers is set to 1024, and the length of the CP is 30. In our
simulation, the QPSK modulation is used, and a sparse Rayleigh
channel modeled by a three-nonzero tap FIR filter is assumed,
in which each tap is independent identically distributed (i.i.d.)
complex normal distributed. The MSTs are , , and

. The constant in (28) is set to 0.8. The estimation
performance is evaluated in terms of the MSE of the channel
estimate as given by

where is the number of Monte Carlo iterations and and
are the true and the estimated channel vectors with respect

to the th Monte Carlo iteration, respectively.
Experiment A1: MSE Versus SNR: Here, the MSE perfor-

mance versus the SNR is investigated. The simulation involves
2000 Monte Carlo runs of the transmission of ten OFDM sym-
bols with 30 pilot subcarriers. Fig. 3 shows the MSE plots of
the proposed sparse and original LS methods. It is seen that the
sparse LS method performs significantly better than the original
LS method, and, in particular, it achieves a gain of about 5.5 dB
over the regular LS version when the SNR is 10 dB.

Experiment A2: MSE Versus Pilot Length: In this experi-
ment, we investigate the channel-estimation performance versus
the number of pilot subcarriers. Fig. 4 shows the MSE plots from
2000 Monte Carlo iterations for five OFDM symbols with pilot
subcarriers varying from 15 to 35 at an SNR of 10 dB. One can
find that the sparse LS method can achieve about 6-dB gain over
the regular LS method.

Experiment A3: MSE Versus the Number of OFDM Symbols:
In this experiment, we investigate the channel-estimation per-
formance versus the number of OFDM symbols. Fig. 5 shows
the MSE plots from 1000 Monte Carlo iterations for 30 pilot
subcarriers with OFDM symbols varying from 5 to 25 at an SNR
of 10 dB. One can find that when only five OFDM symbols are
used, the sparse LS method can achieve a gain of 6 dB over
the regular LS method. When 25 OFDM symbols are used, it
is observed that the performance improvement from the sparse
LS method becomes 4.9 dB. Obviously, the proposed method
is more advantageous for a smaller number of OFDM symbols
used.

...
. . .

... (50)
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Fig. 4. MSE versus the number of pilot subcarriers.

Fig. 5. MSE versus the number of OFDM symbols.

TABLE II
ERROR PROBABILITY OF THE MST DETECTION VERSUS DIFFERENT SNR

B. MIMO–OFDM Channel Estimation

Based on the same condition for the OFDM system as in the
previous subsection, we consider now a MIMO–OFDM system
with two transmit and four receive antennas. The training se-
quence is generated using the method in [2]. For the purpose
of comparison, the channel is first estimated by the regular LS
method and our previously developed semi-blind method[7],
[8]. As for the estimation of the effective channel, we consider
the proposed sparse LS method with the MST detection. An
ideal sparse LS method with the knowledge of the true MST
information is also simulated for comparison.

Experiment B1: MSE Versus SNR: In this experiment, the
channel estimation performance in terms of the MSE as a func-

Fig. 6. MSE versus SNR for a Rayleigh fading channel.

tion of the SNR is investigated for a three-tap sparse channel
with , , and . First, the channel is consid-
ered as Rayleigh distributed, i.e., each tap corresponds to a
random matrix whose elements are i.i.d. complex Gaussian vari-
ables with zero mean and unit variance. The simulation involves
20 000 Monte Carlo runs of the transmission of one OFDM
symbol at 1024 subcarriers, of which 30 are used as pilot for
training purpose. The error probability of the MST detection
versus SNR is shown in Table II. It is clear that a high perfor-
mance of the MST detection is achieved despite the fact that
only one OFDM symbol is used. In particular, when

dB, the error probability is . Fig. 6 shows the MSE plots
from the proposed as well as the ideal sparse methods along
with two regular methods. It is seen that the sparse LS method
is highly consistent with its ideal version. It is also noted that
the proposed sparse method significantly outperforms the two
regular methods. Specifically, the sparse LS method is consis-
tently superior to the original method by nearly 6.5 dB. It is
seen that the ideal and the proposed sparse LS methods deliver
almost the same estimation results. It is interesting to see such
a phenomenon. This is because the MSE plot is the averaged
result from 20 000 Monte Carlo iterations; meanwhile, the error
probability is very small, which does not considerably affect the
MSE of the channel estimation for most of the SNR levels. It is
of interest to mention that, by utilizing the proposed MST de-
tection algorithm in conjunction with our previously developed
semi-blind channel-estimation method in [8], an additional gain
in the channel-estimation performance can be expected.

We now show the estimation result of another channel, which
has a similar sparsity as in the previous channel, but undergoes
an exponential decay with variances of the three significant taps
as , , and . It is
seen from Fig. 7, for this exponential channel, that the MSE of
the sparse method is slightly worse than that of the ideal sparse
method. However, the LS sparse solution is significantly better
than the two regular methods.

Experiment B2: BER Versus SNR: Now, the bit error rate
(BER) performance of the MIMO–OFDM system is investi-
gated by using the estimated channel matrix and an ordered
V-BLAST decoder. The channel is modeled by a four-tap sparse
Rayleigh channel with , , , and . The
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Fig. 7. MSE versus SNR for a channel with exponential decay.

Fig. 8. BER versus SNR.

simulation involves 4000 Monte Carlo runs of the transmission
of one OFDM symbol with 20 pilot subcarriers. Fig. 8 shows the
BER performance of the proposed sparse LS method as well as
its original version. Clearly, the performance improvement pro-
vided by the proposed sparse LS method gets more prominent
compared with the regular one as SNR increases. For example,
when SNR is increased to 17 from 5 dB, the performance gain
of the proposed sparse LS method is boosted to 24 from 3 dB.

VI. CONCLUSION

A semi-blind MST detection approach has been proposed for
the sparse channel estimation of OFDM and MIMO–OFDM
systems. A relationship between the MSTs of the sparse
channel and the MSLs of the correlation function of the OFDM
signal received in the absence of noise has first been revealed.
This relation has then been exploited to develop a highly effi-
cient semi-blind MST detection algorithm that requires only a
small number of OFDM symbols and pilot subcarriers for an
LS-based detection. The semi-blind MST detection algorithm
has been extended to MIMO–OFDM channel estimation. As

the new approach does not require estimating all the channel
taps, it has saved a large amount of computations compared
with regular channel-estimation methods. Computer simula-
tions based on various sparse channels have confirmed that
the proposed sparse-channel-estimation approach significantly
outperform the regular OFDM and MIMO–OFDM channel-es-
timation techniques without utilizing the MST detection.
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