International Journal of Computer Applications (0975 — 8887)
Volume 99— No.3, August 2014

A New Approach to Semi-blind Channel Estimation for
MIMO Wireless Communication System

Gajanan R Patil*?

Army Institute of Technology"
Dighi Hills, Alandi Road
Pune-411015

ABSTRACT

A new approach to Semi-Blind Channel Estimation (SBCE)
technique for Multiple Input Multiple Output (MIMO)
wireless communication system is proposed. It combines the
Least Square (LS) and Minimum Mean Square Error (MMSE)
Training Based Channel Estimation (TBCE) scheme with
whitening rotation based orthogonal pilot maximum
likelihood (OPML) semi-blind channel estimation (SBCE)
scheme. In the new approach the whitening matrix is obtained
from blind data and rotation matrix is obtained from LS
estimated channel. Another modification suggested in this
contribution is the use of whitening matrix for MMSE
estimate. The channel correlation matrix required for MMSE
estimation can be obtained based on latest channel statistics
and hence is more reliable. At high SNR this scheme offers
better performance than the OPML SBCE method. These
advantages are achieved at the cost of negligible reduction in
performance in low SNR regime.
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1. INTRODUCTION

MIMO wireless communication systems are proving to be
useful for high data rate multimedia transmission. It was
shown that, the use of multiple antennas at transmitter and or
receiver can improve the capacity [1][2][3]. The simple
transmit diversity scheme suggested by Alamouti[4] and the
space time coding suggested by V. Tarokh et al.[5] triggered
research in this area. Several transmission schemes have been
proposed that utilize the MIMO channel in different ways.
These schemes can be categorized as spatial multiplexing,
spatial diversity (space-time coding) and smart antennas &
beamforming techniques [6].

The system’s ability to achieve MIMO capacity depends on
channel state information. Accurately estimating MIMO
channel is much more challenging than SISO channel
[7]1.There are number of channel estimation schemes
suggested in literature. These schemes can be categorized as
Training based (TBCE), Blind (BCE) and Semi-Blind
(SBCE). Training based schemes are capable of accurately
estimating a MIMO channel, provided a large training
overhead is made available. Hence there is considerable
reduction in system throughput. The least-square (LS) and
minimum-mean-square-error (MMSE) techniques are widely
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used for channel estimation when training symbols are
available. The LS method is simpler than MMSE but
performance of MMSE scheme is better. MMSE method
however, requires knowledge of channel correlation. Blind
methods do not require the training overhead. However these
methods not only impose high complexity and slow
convergence, but also suffer from unavoidable estimation and
decision ambiguities. Semi-blind methods offer attractive
practical means of implementing MIMO systems.Semi-blind
channel estimation schemes, use a few training symbols to
provide the initial MIMO channel estimation and make use of
blind information to further improve the estimation. Some
SBCE schemes also exchange the information between the
channel estimator and the data detector iteratively.

Several SBCE solutions have been proposed to minimize the
computational cost, and hence the energy spent in channel
estimation of MIMO systems. The SBCE schemes suggested
in [8] [9] use few training symbols to provide initial estimate
and then the data detector and estimator exchange the
information iteratively. In [10] [11] and [12] the MIMO
channel matrix is decomposed into whitening and rotation
matrix. The whitening matrix is estimated using blind
symbols and the rotation matrix is estimated using few
orthogonal pilot symbols. This Orthogonal Pilot Maximum
Likelihood (OPML) estimator shows a 1dB improvement of
bit error rate (BER) compared to the conventional least
squares (LS) training scheme if the same length of training
sequence is used. Furthermore, SVD has to be applied twice
to obtain the ‘whitening’ matrix and the rotation matrix. These
operations lead to the increased computational complexity
[12]. The authors feel that the semi-blind method with QR
decomposition suggested in [12] is not mathematically correct
and hence it is impossible to implement. Moreover the
improvement suggested in [12] over the SVD-OPML method
assumes knowledge of transmitted symbols X;, at the receiver
which is practically infeasible. Because of the assumption of
Xy, at receiver the authors of [12] are successful in getting near
optimal performance.A signal perturbation free whitening
rotation based semi blind channel estimation is discussed in
[14]. In [15] TBCE and SBCE, considering Perfect, LS,
LMMSE, ML, and MAP estimators are studied in terms of
BER and complexity. Subspace based semi-blind channel
estimation is discussed in [17] [18].A linear prediction based
semi-blind estimation for FIR MIMO channel is proposed in
[18]. Number of semi-blind channel estimation schemes are
reported for OFDM and MIMO-OFDM systems as well [19]-
[26].

This paper proposes a new approach to semi-blind channel
estimation in which the whitening matrix of whitening
rotation based schemes of [10], [11] and [12] can be used



along with the LS and MMSE channel estimation techniques.
In this new approach the SVD has to be applied only once.
Another advantage is that the MMSE technique which
requires the channel correlation matrix can be obtained based
on latest channel conditions. These advantages are achieved at
the cost of negligible reduction in performance.

The rest of this paper is organized as follows. Section 2
describes the system model. The design of the proposed
estimator is given in section 3. Section 4 has the simulation
results and discussion on the results. Finally conclusion is
given in section 5.

Throughout our discussions we adopt the following notational
conventions. Boldface capitals and lower-case letters stand for
matrices and vectors, respectively. | denote the identity
matrix. (.)7 () and (.)T are transpose, conjugate transpose
and Moore-Penrose pseudo inverse operators respectively,
while |[.]34 and |.| denote the Frobenius norm and
magnitude operators respectively.  Finally E[.] is the
expectation operator

2. SYSTEM MODEL

Consider a MIMO system with M transmit and N receive
antennas. Let us assume the channel to be flat fading with
channel matrixH € CV*™ Each element h; in the matrix,
represents the flat-fading channel coefficient between the ith
receive and jth transmit antenna. Denoting the complex
received data byY € CN *1the equivalent base-band system
can be modeled as[10],

Y(k) = HX(k) + n(k) (1)
k is a time instant of transmission of symbol vector X €
CM %and n is the additive white Gaussian noise with zero
mean and noise power a2. Also, the sources are assumed to
be spatially and temporally independent with identical source
power o2.

Assume that the channel remains constant for K symbol
periods. In these K symbols, the first L symbols are used for
training. Let these training symbol vectors be X, =
[X1,X2,X3 ..., X, ] Where X, € C"*'and its corresponding
output ¥, € C¥*L is the received training symbol output
vectors. The remaining K — L symbol vectors are blind data
symbols X, and their corresponding output Y, where
Xp, € CMXK-L and Y, € CV¥K-L,

3. ESTIMATOR DESIGN
The matrix H can be estimated using only training symbols.
The LS estimation of H is given by (2),

B =Y,X} 2
Where X;E denotes Moore-Penrose pseudo-inverse of X,.

The MMSE estimate of H is given by (3),

ﬁmmse = th(th + O—r%(XXH)_l)_lﬁls (3)
Rynis channel correlation given as E[HHY].The MMSE
estimator (3) performs better than LS estimator but is of
considerable complexity since a matrix inversion is needed
every time the training data in X changes. We reduce the
complexity of this estimator by averaging over the transmitted
data, i.e. we replace the term (XX¥)~lin (3) with its
expectation E[(XX™)~1]. Hence the simplified estimator will
be [19],

B N\ g
Hiyumse = Rhn (th + ﬁl) Hg (4)
Where E[(XXH)~1] = E|1/x,|*I and average signal to noise
ratio SNR= E|x; |2 /c2andB = E|1/x; |2E|x;|?.

Training based channel estimation techniques are easy to
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implement, but because of the redundant training information,
spectral efficiency suffers. Efficient usage of bandwidth can
be achieved through blind methods but they have poor
convergence rate and require long data records to be
processed. Hence techniques which use a small amount of
training symbols with blind data can provide attractive
solution for channel estimation. One such technique called
Orthogonal Pilot Maximum Likelihood Semi-blind Channel
Estimation (OPML SBCE) is discussed in [10], [11] and [12].

The MIMO channel matrix can be decomposed as,

H=weQ" ®)
Where the whitening matrix, W € CV*Mand rotation matrix,
Q € CM*M_|f we take SVD of channel matrix then, H can
be written as,

H = PxVH (6)
Where P € C¥N*Nand V € CM*M are unitary matrices and
T € CV*M js a diagonal matrix. Then, W = PZandQ = V*.
Hence HHY = WWH The whitening matrix, W can be
estimated using blind data and Q can be estimated using
training symbols. The output correlation matrix R, is given
as,

Ry, = E[Y,Y}| ~ (HXp)(HXp)" + 02 1 ©)
This can be further simplified as,
1
HHY = WwH = 7 (Ryy = ZE)) (8)

Here we have to make an important assumption about source
power g2 and noise power a2 . These will be assumed to be
known. It is not a practical assumption but then it is going to
simplify our estimation task. Practically we have to estimate
these values as well. Assuming o2 and o2 is known [10],
then from Singular Value Decomposition (SVD) of

1 2 .
7 (Ryy — o7 I) we can write,

1

7 (Ryy = o2 I) = Us2U", 9)
Hence from (6), (8) and (9) we can write,

W =Uz (10)

Thus W is estimated blindly. The unitary matrix Q is
estimated using orthogonal pilots. Constrained ML estimator
of Q is obtained by minimizing the likelihood function,

¥, - w@¥X, || Suchthat Q@* =1 (12)
It is shown in [11] that estimate of Q is obtained as,
Q =V, ,Ul, Where U,X,, Vi = SVD(WH"Y,XH) (12)

Thus it can be seen that the semi-blind procedure (OPML
estimator) described above requires SVD to be calculated
twice. This procedure is modified slightly as below in
algorithms 1 and 2..

Algorithm 1: Semi-blind Channel Estimation with LS
LS-SBCE (X, Y, Xp, Y, 07, 02)

1.Compute W using (9) and (10)

2. Estimate of H(H|;) is obtained using (2)
3. Compute Q" = WTH

4. Finally obtain estimate of H as H = WQ"
5. end

Algorithm 2: Semi-blind Channel Estimation with MMSE
MMSE-SBCE (X, Y, X, Y3, 07, 07)

1. Compute W using (9) and (10)

2. Estimate of H(H|;,) is obtained using (2)

3. Compute Ry, = WWH

4. Estimate of H(H,,nse) i Obtained using (4)
5. end




In this new approach, very few training symbols are used to
obtain initial estimate of the channel matrix. The whitening
matrix W is obtained using blind output symbols. The rotation
matrix Q is however estimated from the initial estimate of the
channel and W to avoid second SVD. Note that the Moore-
Penrose pseudo inverse in (2) needs to be calculated only once
as the pilots are fixed whereas the SVD in (12) has to be
calculated for every frame. The estimate obtained using
second scheme (Algorithm 2) is better than the first. It is
because the MMSE estimate has advantage over LS method
of not enhancing the noise. Moreover, the MMSE estimate is
obtained using the current statistics of the channel. Therefore
the estimate is more reliable.

The Moore-Penrose pseudo inverse suggested in step 3 of
algorithm 1 is used instead of second SVD of OPML SBCE.
The complexity of calculation of Moore-Penrose inverse is
discussed in [27][28][29]. Matlab provides the function pinv
which is based on SVD. Fast computation of this operation is
suggested in [28] and [29]. The alternative functions ginv and
geninv are provided in these references. It can be verified that
these functions provide better time complexity than pinv.

4, RESULTS & DISCUSSIONS

Extensive simulations are carried out in MATLAB 7.8 to test
the performance of the proposed channel estimators and they
are compared with the SVD-OPML estimators of [11] and
[12]. The simulation is carried out for 2X4 and 4X8 MIMO
systems under flat fading channel. The two types of MIMO
systems viz. spatial diversity MIMO system and spatial
multiplexing MIMO system with M-QAM modulation are
used for this study. Performance of these systems under the
assumption of channel knowledge is discussed by the authors
of this paper in [30] [31]. The performance parameters used
are Bit Error Rate (BER) and Mean Square Error (MSE).

4.1 Spatial Diversity MIMO System

Space Time Block Coded (STBC) symbols are transmitted on
multiple antennas. For 2 transmitting antenna G2 (Alamouti)
code is used while for 4 transmitting antenna G4 code is used
[33]-[35].

Fig. 1 and 2 show the BER performance and MSE plot of 2X4
MIMO system using Alamouti coding [4] respectively. In
simulation scenarios, 16-QAM data modulation is used with
flat fading Rayleigh MIMO channel. In the simulation, a
transmitted frame consists of 4 orthogonal pilots (L) and 100
blind symbols (K — L). The BER is calculated by averaging
over 100 rounds of simulation with Perfect CE, LS TBCE,
OPML SBCE and LS SBCE for different values of Eb/No.

4 s
Eniio (@8)

Fig. 1: BER Performance of 2X4 MIMO system using
Alamouti coding under Perfect CE, LS TBCE and OPML
SBCE and LS SBCE
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Fig. 2: MSE Performance for 2X4 MIMO system using
Alamouti coding under LS TBCE and OPML SBCE and
SBCE with LS

The BER plot shows that LS SBCE approach has negligible
difference in performance compared to OPML SBCE method.
The MSE plot however clearly shows that the OPML SBCE is
better than LS SBCE. It is because MSE is calculated taking
into account square of differences between all the channel
gains involved.

Fig. 3 and 4 show the BER and MSE plots respectively of
2X4 MIMO system using Alamouti coding with Perfect CE,
LS TBCE, OPML SBCE and MMSE SBCE for different
values of Eb/No.

The results shown in Fig. 3 and 4 depict that the proposed
MMSE SBCE approach has negligible difference in BER
performance compared to OPML SBCE method in low SNR
regime. In high SNR regime MMSE performance approaches
LS which in consistent with the theory [32].

—e— Perfect CE
—8— LS TECE
—&— OPML SBCE
—4— MMSE SBCE

7 8 B 10

[ 1 2 3

4 5 6
Eb/Mo (dB)

Fig. 3: BER performance of 2X4 MIMO system using
Alamouti coding under Perfect CE, LS TBCE and OPML
SBCE and MMSE SBCE
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Fig. 4: MSE performance for 2X4 MIMO system using
Alamouti coding under LS TBCE, OPML SBCE and
MMSE SBCE

Fig. 5 and 6 show the BER and MSE performance
respectively of 4X8 MIMO system using G4 STBC coding. In
simulation scenarios, 64-QAM data modulation is used with
flat fading Rayleigh MIMO channel. In the simulation, a
transmitted frame consists of 8 orthogonal pilots (L) and 100
blind symbols (K — L). The BER is calculated by averaging
over 100 rounds of simulation with Perfect CE, LS TBCE,
OPML SBCE and the new SBCE with LS for different values
of Eb/No

—e— Perfect CE
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Fig. 5: BER performance of 4X8 MIMO system using G4
STBC under Perfect CE, LS TBCE and OPML SBCE
and LS SBCE
The results shown in Fig. 5 depict that the proposed SBCE
approach has negligible difference in BER performance
compared to OPML SBCE method in low SNR regime. In
high SNR range, the proposed scheme outperforms the OPML
SBCE. It is observed that the performance of OPML SBCE
degrades with higher order modulation. To improve the
performance of OPML SBCE one needs to increase the data
length. For example, we have to increase the blind symbols (K
- L) from 100 to 1000 in our case. But then the channel state
should remain constant over this period of time which

practically may not be possible.
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Fig. 6: MSE performance for 4X8 MIMO system using
G4 STBC under LS TBCE, OPML SBCE and LS SBCE

Fig. 7 and 8 show the BER and MSE performance
respectively of 4X8 MIMO system using G4 STBC with
Perfect CE, MMSE TBCE, OPML SBCE and the new SBCE
with MMSE for different values of Eb/No.
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Fig. 7: BER performance of 4X8 MIMO system using G4
STBC under Perfect CE, LS TBCE and OPML SBCE and
MMSE SBCE
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Fig. 8: MSE performance for 4X8 MIMO system using G4
STBC under LS TBCE, OPML SBCE and MMSE SBCE

The results shown in Fig. 7 and 8 depict that the proposed
MMSE based SBCE approach performs far better than OPML
SBCE method. The MSE plot however indicates that the
OPML SBCE method is better but then the BER is more
trusted performance measure than the MSE. It is because the
MSE is calculated by taking sum of the square of the
differences between the channel gains.

4.2 Spatial Multiplexing MIMO System

The proposed estimators are also tested and compared with
OPML SBCE for spatial multiplexing MIMO system as well.
Fig. 9 and 10 show the BER and MSE performance



respectively of 2X4 MIMO system using Spatial
Multiplexing. In  simulation scenarios, 4-QAM data
modulation is used with flat fading Rayleigh MIMO channel.
In the simulation, a transmitted frame consists of 4 orthogonal
pilots (L) and 100 blind symbols (K — L). The BER is
calculated by averaging over 100 rounds of simulation with
Perfect CE, LS TBCE, OPML SBCE and LS SBCE and
MMSE SBCE for different values of Eb/No. The results
reiterate the fact that for low order modulation the OPML
SBCE scheme has a slight edge over the proposed schemes.

—e— Parfact CE
—e— LS SBCE
—&— OPML SBCE
—&— MMSE SBCE

° ; é :; ‘ EWN:EUB)

Fig. 9: BER performance of 2X4 MIMO system using

Spatial Multiplexing under Perfect CE, LS SBCE and
OPML SBCE and MMSE SBCE

—e— LS TBCE
—— LS SBCE
~—&— OPML SBCE
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Fig. 10: MSE performance of 2X4 MIMO system using
Spatial Multiplexing under LS TBCE, LS SBCE, OPML
SBCE and MMSE SBCE

Performance of 4X8 MIMO system with higher order
modulation was also studied. Fig. 11 and 12 show the BER
and MSE performance respectively of 4X8 MIMO system
using Spatial Multiplexing. 16 QAM modulation was used
along with 8 pilots and 100 blind symbols in a frame.

The results shown in Fig. 11 and 12 depict that the proposed
LS and MMSE based SBCE estimators perform far better than
OPML SBCE method for spatial multiplexing MIMO systems
which use higher order modulation schemes.
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Fig. 11: BER performance of 4X8 MIMO system using
Spatial Multiplexing under Perfect CE, LS SBCE and
OPML SBCE and MMSE SBCE
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Fig. 12: MSE performance of 4X8 MIMO system using
Spatial Multiplexing under LS TBCE, LS SBCE, OPML
SBCE and MMSE SBCE

5. CONCLUSIONS

A new approach to semi-blind channel estimation for MIMO
wireless communication system is proposed. The SVD based
OPML SBCE method calculates the SVD twice. In the new
approach, the second SVD is replaced by the Moore-Penrose
inverse to calculate the rotation matrix. Another modification
suggested takes advantage of MMSE based channel
estimation which is based on current statistical information of
the channel. The proposed scheme is tested using different
MIMO systems and the two performance parameters viz. BER
and MSE. The results obtained show that the performance of
proposed schemes LS SBCE and MMSE SBCE is almost
comparable with OPML SBCE scheme in the low SNR
regime whereas their performance is better with higher SNR
values. These schemes have far better performance if higher
modulation order is used.

6. ACKNOWLEDGMENTS

The authors would like to sincerely thank the senior
professors at SCOE, Pune and the anonymous reviewers
whose valuable comments have helped us improve the paper
significantly.

7. REFERENCES

[1] G. J. Foschini, “Layered space-time architecture for
wireless communication in a fading environment when
using multi-element antennas,” Bell Syst. Tech. J., pp.
41-59, Autum 1996.

[2] G. J. Foschini, M. J. Gans, “On limits of wireless
communications in a fading environment when using



multiple antennas, Kluwer Wireless Pers. Commun.,”
vol. 6, pp. 311-335, Mar 1998.

[3] E. Telatar, “Capacity of multi-antenna Gaussian

channels, European Trans. Telecom,” vol. 10, no. 6, pp.
585-595, Nov/Dec 1999.

[4] S. M. Alamouti, “A simple transmit diversity technique
for wireless communications,” IEEE J. Select. Areas
Commun., vol. 16, no. 8, pp. 14511458, Oct 1998.

[5] V. Tarokh, N. Seshadri, and A. R. Calderbank, “Space-
time codes for high data rate wireless communication:
Performance criterion and code construction,” IEEE
Trans. Inform. Theory, vol. 44, no. 2, pp. 744-765, Mar
1998

[6] Jan Mietzner, Robert Schober, Lutz Lampe, Wolfgang H.
Gerstacker, Peter A. Hoeher, “Multiple-Antenna
Techniques for Wireless Communications — A
Comprehensive Literature Survey, IEEE communications
survey and tutorials,” Vol II No 2.pp. 87-105, Second
quarter 2009

[7] Mohammed Abuthinien, Sheng Chen, and LajosHanzo,
“Semi-blind Joint Maximum Likelihood Channel
Estimation and Data Detection for MIMO Systems,”
IEEE Signal Processing Letters, pp.202-205, 2008.

[8] A. Medles and D. T. M. Slock, “Semiblind channel
estimation for MIMO spatial multiplexing systems,” in
Proc. VTC2001-Fall, Oct.7-11, 2001, vol. 2, pp. 1240
1244,

[9] C. Cozzo and B. L. Hughes, “Joint channel estimation
and data detection in space-time communications,” IEEE
Trans. Commun., vol. 51, no. 8, pp. 1266-1270, Aug.
2003.

[10] A. K. Jagannatham and B. D. Rao, “Whitening-rotation-
based semi blind MIMO channel estimation,” IEEE
Trans. Signal Process., vol. 54, no. 3, pp. 861-869, Mar.
2006.

[11] A.K. Jagannatham, B.D. Rao, “A semi-blind technique
for MIMO channel matrix estimation,” in: Proc. of IEEE
Workshop on Signal Processing Advances in Wireless
Communications, SPAWC 2003, Rome, ltaly, pp. 304-
308

[12] Jaymin Bhalani, Dharmendra Chauhan, Y.P. Kosta, A.l.
Trivedi, “Near optimal performance joint semi-blind
channel estimation and data detection techniques for
Alamouti  coded  single-carrier  (SC)  MIMO
communication systems,” Physical Communication, vol.
8 pp. 31-37, Sept 2013.

[13] Wan F, Zhu W P, Swamy M N S. “A signal perturbation
free whitening-rotation-based semi-blind approach for
MIMO channel estimation,” IEEE Transactions on
Signal Processing, Vol 57(8), pp 3154-3166, 2009.

[14] Xia LIU, Marek E. Baikowski, Feng Wang, “A Novel
Blind Channel Estimation for a 2x2 MIMO System, Int.

J. Communications,” Network and System Sciences, Vol
5, pp. 344-350, 2009.

[15] Shahriar Shirvani Moghaddam, Hossein Saremi, “A
Novel Semi-blind Channel Estimation Scheme for
Rayleigh Flat Fading MIMO channels (joint LS
estimation and ML detection),” IETE Journal of research,
Vol 56, Issue 4, pp 193-201, 2010

International Journal of Computer Applications (0975 — 8887)
Volume 99— No.3, August 2014

[16] V. Buchoux, O. Cappe, E. Moulines, and A. Gorokhov,
“On the performance of semi-blind subspace-based
channel estimation,” IEEE Trans. On Signal Processing,
vol. 48, no. 6, pp. 1750-1759, 2000.

[17] S. Zhou, B. Muquet, and G. B. Giannakis, “Sub-space
based (semi-) blind channel estimation for block
precoded space-time OFDM,” IEEE Transactions on
Signal Processing, Vol. 50, No. 5, pp. 1215-1228, May
2002.

[18] A. Medles, D.T.M. Slock, E.D. Carvalho, “Linear
prediction based semiblind estimation of MIMO FIR
channels,” In: Third IEEE SPAWC, Taiwan, 2001, pp.
58-61.

[19] O. Edfors, M. Sandell, J.-J. van de Beek, S. Wilson, and
P. Borjesson, “OFDM channel estimation by singular
value decomposition,” IEEE Trans. Commun., vol. 46,
no. 7, pp. 931-939, Jul. 1998.

[20] Y. Li, “Pilot-symbol-aided channel estimation for OFDM
in wireless systems,” IEEE Trans. Veh. Technol., vol. 49,
no. 3, pp. 1207-1215, Jul. 2000.

[21] Y. Li, L. J. Cimini, Jr., and N. Sollenberger, “Robust
channel estimation for OFDM systems with rapid
dispersive fading channels,” IEEE Trans. Commun., vol.
46, no. 7, pp. 902-915, Jul. 1998.

[22] B. Muquet, M. de Courville, and P. Duhamel,
“Subspace-based blind and semi blind channel estimation
for OFDM systems,” IEEE Trans. Signal Process., vol.
50, no. 7, pp. 1699-1712, Jul. 2002.

[23] C. Li and S. Roy, “Subspace-based blind channel
estimation for OFDM by exploiting virtual carriers,”
IEEE Trans. Wireless Commun., vol. 2, no. 1, pp. 141-
150, Jan. 2003.

[24] T. Cui and C. Tellambura, “Joint channel estimation and
data detection for OFDM systems via sphere decoding,”
in Proc. IEEE Global Telecommun. Conf., Nov. 2004,
pp. 3656-3660.

[25] T. Cui and C. Tellambura, “Joint data detection and
channel estimation for OFDM systems,” IEEE Trans.
Commun., vol. 54, no. 4, pp. 670-679, Apr. 2006.

[26] M.-X. Chang and Y. T. Su,” Blind and semi blind
detections of OFDM signals in fading channels,” IEEE
Trans. Commun., vol. 52, no. 5, pp. 744-754, May 2004.

[27] GH Golub, CFV Loan, Matrix Computations, 3rd edn.
(Johns HopkinsUniversity Press, Baltimore, MD, 1983)

[28] P. Courrieu., “Fast Computation of Moore-Penrose
Inverse matrices,” Neural Information Processing-Letters
and Reviews, 8:25-29, 2005.

[29] Vasilios N. Katsikis, Dimitrios Pappas, “Fast Computing
of Moore-Penrose Inverse matrix,” Electronic Journal of
Linear Algebra ISSN 1081-3810 A publication of the
International Linear Algebra Society Volume 17, pp.
637-650, November 2008

[30] Gajanan R Patil, V K Kokate, Simulation Study of Some
Spatial Diversity Techniques for MIMO Wireless
Communication Systems, International Journal of
Emerging Technology and Advanced Engineering,
Volume 2, Issue 12, Dec. 2012


http://www.jr.ietejournals.org/searchresult.asp?search=&author=Shahriar+Shirvani+Moghaddam&journal=Y&but_search=Search&entries=10&pg=1&s=0
http://www.jr.ietejournals.org/searchresult.asp?search=&author=Hossein+Saremi&journal=Y&but_search=Search&entries=10&pg=1&s=0

[31] Gajanan R Patil, V K Kokate,*Simulation Study of Some
Spatial Multiplexing Techniques for MIMO Wireless
Communication Systems,” International Journal of
Electronics Communication and Computer Engineering,
Volume 3, Issue 6, Nov. 2012

[32] S. M. Kay, “Fundamentals of statistic signal processing:
Estimation theory,” Prentice-Hall, Incorporation, 1993.

IJCA™ : www.ijcaonline.org

International Journal of Computer Applications (0975 — 8887)
Volume 99— No.3, August 2014

[33] Yong Soo Cho, Jaekwon Kim, Won Young Yang, Chung
G. Kang, “MIMO-OFDM Wireless Communications
with MATLAB,” Wiley-IEEE Press, 2010.

[34] Eric G Larsson, Peter Stoica, “Space Time Block Coding
for Wireless Communications,” Cambridge University
Press, 2003.

[35] D. Tse and P. Viswanath, “Fundamentals of Wireless
Communication,” Cambridge University Press, 2005.


http://as.wiley.com/WileyCDA/Section/id-302477.html?query=Yong+Soo+Cho
http://as.wiley.com/WileyCDA/Section/id-302477.html?query=Jaekwon+Kim
http://as.wiley.com/WileyCDA/Section/id-302477.html?query=Won+Young+Yang
http://as.wiley.com/WileyCDA/Section/id-302477.html?query=Chung+G.+Kang
http://as.wiley.com/WileyCDA/Section/id-302477.html?query=Chung+G.+Kang

