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Abstract — We propose a novel semi-blind tensor-based MIMO
channel estimation scheme that employs orthogonal space-time
block codes and per-antenna power loading at the transmitter.
Our scheme eliminates the unknown transmit codewords and
constructs a tensor model that contains the channel coefficients
by performing post-processing at the receiver. Then, the channel
matrix has been found through appropriate tensor decomposi-
tions of the post-processed data. Since the inherent structure of
the data model has been exploited, we obtain a more accurate
channel estimate compared to previously devised matrix-based
approaches. Further, introduced ambiguities have been resolved
via additional pilot symbols in a semi-blind manner. Simulation
results demonstrate performance improvements of our proposed
tensor-based approach with respect to some current state-of-the-
art semi-blind channel estimation schemes.

I. INTRODUCTION

In multiple-input multiple-output (MIMO) wireless communication
systems, space-time coding has been used to improve reliability and
transmission rate by exploiting the spatial diversity [15]. Particularly,
the popular class of orthogonal space-time block codes (OSTBCs)
are known to offer a simple decoding scheme while maximizing the
diversity gain, assuming known channel state information (CSI) at
the receiver side [14]. In practical systems, the CSI is commonly
acquired from known training symbols inserted in the transmission
at the expense of a reduced bandwidth efficiency.

To avoid the latter drawback, several spectrally efficient blind
methods for channel estimation and/or decoding have been proposed
in various OSTBC contexts. Optimal or suboptimal maximum likeli-
hood (ML) blind decoders were proposed in [12] and [7]. However,
their computational complexity is prohibitively high. Subspace-based
methods have been proposed to reduce the computational complexity
of blind techniques, e.g., the blind receiver proposed in [13]. Yet,
this receiver does not work for any rate-one OSTBC [16]. A different
approach based on the principle eigenvector of a modified correlation
matrix was proposed in [10]. Its advantage is that it requires less
assumptions about the correlation properties of the sources and has
a lower computational complexity. Unfortunately, some OSTBCs
cannot be identified with this technique.

In [11], a Khatri-Rao space-time code (KRSTC) is proposed to
achieve a variable rate-diversity trade off for any MIMO antenna
configuration. It introduces the parallel factor (PARAFAC) tensor
decomposition of the received signal to guarantee semi-blind channel
identifiability and unique linear decodability.

In this paper, we introduce a tensor-based approach for least-
squares (LS) type semiblind channel estimation of frequency flat
fading channels in OSTBC-based systems. In contrast to [11], it

is applicable to arbitrary OSTBCs. We show that the receiver can
construct a 3-way tensor that contains the unknown channel in the
first and the second modes. To achieve an essential uniqueness of
the latter tensor, a block-wise per-antenna power loading at the
transmitter is introduced. Moreover, corresponding ambiguities of the
channel estimates depend on availability of the power loading matrix
at the receiver. In the case that the power loading matrix is assumed
unknown it can be used to transmit additional information, thus
effectively increasing the data rate. We derive semi-blind algorithms
to obtain channel estimates where all aforementioned ambiguities are
resolved. We also show that the design of the power loading matrix
represents a trade off between the error probability of the OSTBC and
the channel estimation accuracy. Via computer simulations we show
that the proposed tensor-based channel estimation schemes result
in a superior channel estimation accuracy since more structure is
exploited. II. NOTATION

Throughout the paper, the following notation is used: scalars are
written as italic letters (A,B), vectors as lower-case bold faced letters
(a, b), matrices as upper-case bold faced letters (A,B), and tensors
as bold faced calligraphic letters (A,B).

The superscripts (·)T, (·)H, (·)+, and (·)∗ represent matrix trans-
position, Hermitian transposition, the Moore-Penrose pseudo inverse,
and complex conjugation, respectively. The Kronecker product and
the Khatri-Rao (column-wise Kronecker) product between two ma-
trices is symbolized by A ⊗ B and A � B, respectively. The p-
norm of a vector is denoted by ‖a‖p and the Frobenius norm of a
matrix by ‖A‖F. The Kruskal rank (k-rank) of a matrix A is the
maximum number r such that all sets of r columns of A are linearly
independent [6].

A 3-dimensional tensor X ∈ C
I1×I2×I3 is a 3-way array of size

In in modes n = 1, 2, 3. The n-mode vectors of X are obtained by
varying the n-th index while keeping all other indices fixed. The n-
mode unfolding of X is a collection of all n-mode vectors as columns
of a matrix and denoted by [X ](n) ∈ C

In×(I1·I2·I3)/In . In this
manuscript, the columns are arranged in reverse cyclical order [3].
The n-mode product between a tensor X ∈ C

I1×I2×I3 and a matrix
U ∈ C

Jn×In is defined as the multiplication of all n-mode vectors by
the matrix U from the left-hand side, i.e., [X ×n U ](n) = U ·[X ](n).
The concatenation of two tensors along mode n is symbolized by
[A nB]. The tensor I3,r ∈ C

r×r×r is the 3-way identity tensor.
Its (i1, i2, i3)-th element is one for i1 = i2 = i3 and zero otherwise.
Likewise, Ir represents an r × r identity matrix.

III. DATA MODEL

We consider a frequency flat block-fading MIMO link with MT

transmit and MR receive antennas. The transmitter employs an
OSTBC, i.e., the information bits b(n) are encoded in P blocks of
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symbol vectors s(p) ∈ C
K×1, p = 1, 2, . . . , P using an M = 2b-ary

modulation scheme, which are then mapped into codeword matrices
X(p) ∈ C

MT×T . Here T stands for the codeword length, i.e., the
code rate of the OSTBC is equal to K/T , which results in an average
bit rate of K ·b/T Bits/s/Hz at the transmitter. Since X(p) is assumed
to be an orthogonal codeword, we have [10]

X(p) ·X(p)H = PT(p) · IMT
, (1)

where PT(p) � ‖s(p)‖22 represents the total power used by each
transmit antenna for the transmission of p-th block. Assuming that
the channel is constant over P consecutive blocks, the received signal
corresponding to the p-th transmitted block can be expressed as [10]

Y (p) = H ·X(p) + V (p), (2)

where H ∈ C
MR×MT is the unknown MIMO channel and the

matrices Y (p) and V (p) ∈ C
MR×T represent the received signal

and the additive noise component in the p-th block, respectively. The
noise samples are assumed to be i.i.d. zero mean circularly symmetric
complex Gaussian random variable with variance σ2

n.
For the proposed tensor-based channel estimation scheme, we mod-

ify (2) by including a per-antenna power loading at the transmitter
to obtain

Ỹ (p) = H · diag {wp}
1/2 ·X(p) + V (p), (3)

where wp ∈ R
MT×1
≥0 is the power loading vector for the p-th block

which is normalized such that ‖wp‖1 = MT. Moreover, diag {·}
transforms a vector into a square diagonal matrix.

IV. TENSOR-BASED SEMI-BLIND CHANNEL ESTIMATION

A. Receive processing and tensor model
As a first step, we propose to form the Gramians of the received

signals Ỹ (p) in order to eliminate the unknown codewords X(p).
Using (1), we obtain

Z(p) � Ỹ (p) · Ỹ (p)H

= H · diag {wp}
1/2 · PT(p) · diag {wp}

1/2 ·HH + V̄ (p)

= H · PT(p) · diag {wp} ·H
H + V̄ (p) ∈ C

MR×MR , (4)

where V̄ (p) accumulates all terms that result from the additive noise
component V (p). To establish the link between (4) and a tensor
decomposition, we arrange the matrices {Z(p)}Pp=1 as slices of a
tensor Z ∈ C

MR×MR×P in the following manner

Z =
[
Z(1) 3Z(2) 3 . . . 3Z(P )

]
. (5)

Then, Z can be expressed as

Z = I3,MT
×1 H ×2 H

∗ ×3 W̃ + V̄, (6)

where V̄ contains the noise contributions V̄ (p) in a similar way
as (5) and the matrix W̃ ∈ C

P×MT is given by

W̃ � diag {pT} ·W , (7)

with pT � [PT(1), PT(2), . . . , PT(P )]T that contains the trans-
mit powers during P consecutive transmitted blocks and W �

[w1,w2, · · · ,wP ]
T.

B. Closed-form PARAFAC-based approach

From (6), we conclude that Z obeys a canonical polyadic (CP)
decomposition (also known as CANDECOMP/PARAFAC decomposi-
tion [5]). Consequently, applying a numerical method to compute
an approximate CP decomposition of Z yields an estimate of H

in the first and second modes without requiring knowledge of the

power loading matrix W̃ . We propose to use the so-called closed-
form PARAFAC (CFP) algorithm [8] for this task, since it is able to
exploit the fact that the loading matrices of the CP of Z in the first
and second modes are conjugates of each other (Hermitian symmetry
between the first and the second mode in the CP context).

Note that the CFP algorithm is only applicable when MR ≥ MT,
because otherwise Z is degenerate in the first and in the second
mode but the CFP algorithm allows only one degenerate mode in the
three-way case. Consequently, for MR < MT, a different CP solver
that is applicable to doubly-degenerate CP models is required, e.g.,
the alternating least squares scheme [1] or [2]. However, MR cannot
become arbitrarily small, since Kruskal’s identifiability condition [6]
must be satisfied for uniqueness. For the tensor Z , the condition
reads as

2 ·min {MR,MT}+min {P,MT} ≥ 2 ·MT + 2, (8)

assuming H and W̃ are of full k-rank. Expanding this condition
yields MR ≥ MT/2 + 1 and P ≥ max {2, 2 · (MT −MR) + 2}.
For example, for MT = 6 we can have MR ≥ 6 for P ≥ 2, MR = 5
for P ≥ 4, and MR = 4 for P ≥ 6. However, identifiability breaks
down for MR < 4.

The advantage of the proposed CFP-based approach is that the
knowledge of power loading matrix W̃ is not necessary at the
receiver side. Since W̃ is estimated at the receiver, additional
information can be transmitted in this way. For instance, if W̃ is
chosen from a codebook with 2nW entries and the receiver is able
to retrieve the codebook index from the estimate of W̃ , the average
bit rate increases from K

T
· b to K

T
· b+ nW

P ·T
.

However, the disadvantage of the CFP-based approach is that the
CP decomposition has inherent scaling and permutation ambiguities,
which results in an unknown permutation and scaling of the columns
of the channel matrix estimates. These ambiguities are critical since
the codewords X(p) are not decodable unless the ambiguities are
resolved. This can for instance be achieved by the transmission of
Np ≥ MT additional pilots, rendering the algorithm effectively semi-
blind.

Let P ∈ C
MT×Np be the known pilot symbol matrix and Ĥblind

be the blind channel estimate. The received signal from transmitting
P is given by Y = H ·P+V . Then the semi-blind channel estimate
can be computed via

Ĥsemiblind = Ĥblind · Ĥ+
blind · ĤLS, (9)

where ĤLS � Y · P+ represents a least-squares estimate of the
channel matrix H . Therefore, we can view (9) as a projection of the
LS-based channel estimate onto the subspace spanned by the blind
channel estimate Ĥblind. Since the proposed blind estimation method
takes advantage of the additional structure obtained by forming
different linear combinations via the power loading at the transmitter,
its subspace is potentially more accurate, which explains why (9)
improves the estimation accuracy of ĤLS.

C. Khatri-Rao factorization-based approach

An alternative to the previous approach is to devise a power
loading matrix W which is known a priori. Then, the matrix W̃ is
known up to one real-valued scaling ambiguity per row since PT(p)
is still unknown. Moreover, if a modulation scheme with constant
power is used (e.g., BPSK, QPSK) such that PT(p) = PT ∀p, the
ambiguity reduces to one scalar PT for W̃ . By applying the three-
mode unfolding we rewrite (6) as

[Z]T(3) = (H �H∗) · W̃T +
[
V̄
]T
(3)

. (10)
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We can solve (10) for H �H∗ provided that W̃ has full row-rank,
which implies the necessary condition P ≥ MT. An estimate for H
is then obtained by factorizing the Khatri-Rao product as explained,
for instance, in [9]. Each column represents a Kronecker product of a
column of H and its conjugate and can, therefore, be reshaped into
a square matrix that is approximately rank-one. The best rank-one
approximation of this matrix is easily found via a truncated singular
value decomposition (SVD). Continuing this procedure column by
column provides an estimate for the entire channel matrix H .

The disadvantage of this Khatri-Rao factorization (KRF) based
approach is that the power loading matrix W must be known at
the receiver and hence it cannot be used to transmit additional
information as in the CFP-based approach.

However, a major advantage is that there are no restrictions in
terms of the antenna configuration. As long as P ≥ MT is satisfied,
the number of antennas at the receiver is arbitrary, even MR = 1
is allowed. Moreover, there are no permutation ambiguities but only
scaling ambiguities for each column of H . In the case where it is
known that the transmit power is constant, i.e., pT = PT · 1MT×1,
(e.g., when using phase modulation) the only relevant ambiguity that
remains is a phase ambiguity per column, since H �H∗ = (H ·D)�
(H ·D)∗ if D = diag {ejϕ1 , . . . , ejϕMT }. Note that this ambiguity
is created already by computing the Gramian matrices Z(p) in the
very first step and hence, it cannot be resolved by processing Z

further.
However, for MR ≥ MT, the aforementioned phase ambiguity

can be resolved by the help of a single pilot symbol vector. Let
d ∈ C

MT×1 be the vector of unknown scaling coefficients such that
D = diag {d} and let p ∈ C

MT×1 be the known pilot vector. Then
an estimate of d is given by

d̂ = diag {p}−1 · Ĥ+ · y, (11)

where Ĥ is the estimate of H from the least-squares Khatri-Rao
factorization and y = H · p + v is the received signal from the
single pilot transmission.

V. DESIGN OF THE POWER LOADING MATRIX

Next, we design the power loading matrix W ∈ C
P×MT in-

troduced to facilitate the proposed tensor-based channel estimation
scheme. The choice of W impacts the channel estimation accuracy
as well as the performance of the OSTBC encoding. Therefore, we
investigate both impacts separately and then propose a simple design
strategy that we use in our simulations.

A. Impact on the OSTBC

We first analyze the impact of the power loading matrix on the
performance of the OSTBC assuming that the channel and the power
loading matrix are perfectly known. To this end, we observe that (3)
can be rewritten as

Ỹ (p) = H̃p ·X(p) + V (p), (12)

where H̃p � H · diag {wp}
1/2. Consequently, it can be assumed

that the receiver replaces the true channel matrix H by H̃p to
decode transmitted data matrix X(p). Based on this observation, we
investigate the effect of the power loading on the symbol error rate
considering the Alamouti code as an example.

Using the nearest neighbor approximation, the symbol error rate
for an Alamouti coded system can be approximated as

Pe(η) ≈ N̄e ·Q

(√
η · d2min

2

)
, (13)
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Fig. 1. The effect of power loading on the OSTBC performance.

where N̄e and dmin represent the number of nearest neighbors and the
minimum Euclidean distance of the underlying (uncoded) modulation
scheme. Moreover, η represents the SNR after the Alamouti receiver
which is given by

η =
∥∥∥H̃∥∥∥2

F
/2 · ρ, (14)

where ρ = PT/σ
2
n is the SNR of the equivalent SISO link.

Consequently, the array gain η/ρ satisfies

E

{
η

ρ

}
=

1

2

(
wp,1 · E

{
‖h1‖

2
2

}
+ wp,2 · E

{
‖h2‖

2
2

})
, (15)

where E{·} stands for statistical expectation and h1 and h2 are the
two columns of the channel matrix H . In the uncorrelated Rayleigh
fading case, we obtain E{η} = MR since wp,1 + wp,2 = MT = 2.
Consequently, the array gain is not affected by the power loading. To
show the effect on the diversity we bound (13) with the help of the
Chernoff bound Q(x) ≤ 1/2 · exp(−x2/2) which yields

Pe(η) ≤
1

2
N̄e · exp

(
−
η · d2min

4

)
. (16)

This expression still depends on the random channel realization via
η. To find the diversity order, we need to compute the statistical ex-
pectation over channel realizations. Assuming uncorrelated Rayleigh
fading we obtain

E{Pe(η)} ≤
1

2
N̄e ·

(
1 +

ρ · d2min

8
wp,1

)−MR
(
1 +

ρ · d2min

8
wp,2

)−MR
.

(17)

From (17) we conclude that for wp,1 > 0 and wp,2 > 0 the
diversity order for high SNRs approaches 2MR, i.e., full diver-
sity is maintained. However, high SNRs can only be assumed for
ρ · d2min/8 
 1/wp,i which shows that choosing wp,i different
from one has a negative effect on the bit error rate. Consequently,
the more the power allocation deviates from the equal power case
wp,1 = wp,2 = 1, the higher the bit error rate for any limited SNRs,
even though the diversity order for high SNRs as well as the array
gain remain unaffected.

This effect is demonstrated in Figure 1, where we compare the
analytical Chernoff bound from (17) (“Chernoff”) with a semi-
analytical Monte-Carlo average of the the nearest neighbor approxi-
mation from (13) (“NN”). We consider a system with MR = MT = 2
antennas transmitting uncoded QPSK symbols via an Alamouti code.
The power loading coefficients are chosen as w1 and w2 = 2− w1,
where w1 is varied. As expected, when the weights differ significantly
from the equal power allocation case w1 = w2 = 1, the SER

451



performance degrades. In the extreme case when w1 = 0, the
diversity order drops from four to two. The Monte-Carlo average
of the Chernoff bound (16) was also computed but is not shown
here since the curves coincide with the analytical result from (17),
as expected.
B. Impact on channel estimation accuracy

While for the OSTBC performance, equal power allocation is
optimal, for the channel estimation accuracy the converse is true.
If the powers are almost equal, the matrix W has almost colinear
columns which means that it is badly conditioned. However, ill-
conditioned loading matrices are a severe challenge for the CP
decomposition resulting in a negative effect on the estimation accu-
racy of the other loading matrices [8]. Similarly, for the Khatri-Rao
factorization-based approach, a badly conditioned matrix W renders
its elimination in (10) difficult which has again a negative effect on
the estimation accuracy of the channel matrix. Hence, the design of
W is a trade off between channel estimation accuracy and OSTBC
encoding performance.
C. A simple design rule

The design of W must obey several rules. First, W must be a
matrix with positive entries to maintain full diversity. Second, the
deviation of elements in each row should not be too large (to achieve
a good SER performance of the OSTBC) and not too little (to ensure
W is not too badly conditioned). Third, W should have full k-rank
to guarantee essential uniqueness. Finally, since the channel is not
known, it must be a channel-independent design.

Assuming that P is an integer multiple of MT, We propose to use
the following power loading matrix

W =
MT

1 + (MT − 1) · α
·
(
1 P

MT
×1 ⊗W0

)
(18)

W0 = α · 1MT×MT
+ (1− α) · IMT

, (19)

i.e., W contains repeated blocks of the matrix W0 which is a matrix
with one on the main diagonal and α on all off-diagonal elements
(scaled such that the sum power constraint is always met). The
conditioning number of this matrix W is given by

cond(W ) = 1 +MT · α/(1− α). (20)

Thus, the parameter α allows to control the trade off between the
conditioning of W and the deviation from uniform power loading:
For α → 1 the power loading becomes uniform but cond(W ) →
∞ and for α → 0, W becomes orthogonal but the diversity order
approaches MR (instead of MR ·MT).

VI. SIMULATION RESULTS

In this section we demonstrate numerical results showing the
performance of the proposed tensor-based channel estimation scheme
under various conditions. Unless stated otherwise, uncorrelated
Rayleigh fading is assumed and the space-time codewords are built
from a stream of uncoded QPSK symbols. The average transmit
power is set to one so that the SNR is defined as ρ = σ−2

n .
Figure 2 demonstrates the trade off in the design of the power

loading matrix discussed in Section V-C. We construct the power
loading matrix as proposed in (18) and vary the design parameter α.
The power loading matrix is assumed to be known at the receiver so
that the Khatri-Rao factorization approach can be applied to estimate
the channel. The remaining phase ambiguities are resolved via a
single pilot symbol according to (11). As before, a MR×MT = 2×2
Alamouti-coded system that transmits QPSK symbols is chosen. We
observe the trade off in the design of α that was highlighted in
Section V-C: For small values of α the error rate becomes worse

due to the loss in diversity, whereas for large values of α the
channel estimation errors deteriorate the performance. However, there
is a broad region of possible values for α ∈ [0.2, 0.8] where the
performance is almost constant. For later simulations we choose
α = 0.7.

In the following simulation results, we compare the closed-
form PARAFAC (CFP)-based algorithm for unknown W from Sec-
tion IV-B and the Khatri-Rao factorization (KRF)-based algebraic
solution for known W from Section IV-C with the blind channel
estimation approach of [10]. For bit error rate (BER) plots, “perfect”
represents the performance of the informed receiver with exact
knowledge of the CSI.

In Figure 3 we depict the channel estimation error of the proposed
tensor-based channel estimation schemes. We depict a MSE defined
as

MSEblind = min
D∈PDM

∥∥∥H − Ĥ ·D
∥∥∥2
F
/ ‖H‖2F , (21)

where PDM is the set of permuted diagonal matrices. In other
words, the MSE is defined such that it is insensitive to permutation
and scaling ambiguities. This allows to compare the performance of
the underlying blind estimation schemes without resolving the scaling
ambiguities by additional pilots. For this simulation a MR ×MT =
4×2 Alamouti-coded system transmitting QPSK symbols in P = 100
blocks is assumed. We observe that the MSE of [10] is superior for
lower SNRs but the CFP-based approach from Section IV-B as well
as the KRF-based approach from Section IV-C outperform [10] for
higher SNRs. This is due to the error floor that appears in [10] in the
cases where non-scalar ambiguities need to be resolved, i.e., rotatable
codes (e.g., Alamouti) as well as most of the MISO cases (MR = 1).
In all other cases this error floor does not appear and the performance
of [10] is superior. However, we consider such a case here, since the
Alamouti code is one of the most important OSTBCs from a practical
point of view.

Figures 4 and 5 demonstrate the final symbol error rate for different
semi-blind channel estimation schemes. In both cases, P = 100
codewords are transmitted from which the channel is estimated. The
ambiguities are resolved with MT pilots via an LS fit according to (9).
Then, the original codewords are decoded to recover the symbols and
the corresponding SER is computed. For Figure 4 the Alamouti code
is used, whereas for Figure 5 the following 3/4 rate code is chosen [4]

Xp =

⎡
⎢⎣
s1(p) −s∗2(p) −s∗3(p) 0
s2(p) s∗1(p) 0 −s∗3(p)
s3(p) 0 s∗1(p) s∗2(p)
0 s3(p) −s2(p) s1(p)

⎤
⎥⎦ . (22)

Moreover, in Figure 4, MR = 4 receive antennas are assumed
whereas Figure 5 represents the case of a single antenna MR = 1.
Since MR = 1 violates (8), the CFP-based approach is not applicable
to the second scenario. For high SNRs, the proposed tensor-based
schemes outperform [10] due to the error floor, as explained above.

VII. CONCLUSIONS

In this paper we have proposed a new tensor-based approach
for LS type semiblind MIMO channel estimation of frequency flat
fading channels in OSTBC-based systems. We have shown that by
introducing per-antenna power loading at the transmitter, a tensor
can be constructed at the receiver that contains the unknown channel
matrix and that can be decomposed in an essentially unique manner.
Depending on whether the power loading matrix is known or un-
known at the receiver, different levels of ambiguities remain that must
be resolved by transmitting additional pilots in a semi-blind manner.
Using analytical results, we have investigated the impact of the power
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using a 3/4-rate OSTBC averaged over 2500 channel realizations.

loading on the performance of the OSTBC and the channel estimation
accuracy which has shown that a fundamental trade off exists. We
have proposed a simple design strategy that allows to control this
trade off via one scalar variable. Finally, numerical simulations have
been conducted to support the claims of this paper and to evaluate
the performance of the proposed tensor-based approaches compared
to some current state-of-the-art blind channel estimation schemes.

REFERENCES

[1] R. Bro, N. Sidiropoulos, and G. B. Giannakis, “A fast least squares
algorithm for separating trilinear mixtures”, in Proc. Int. Workshop on
Independent Component Analysis for Blind Signal Separation (ICA 99),
pp. 289–294, Jan. 1999.

[2] L. de Lathauwer, “A link between the canonical decomposition in
multilinear algebra and simultaneous matrix diagonalization”, SIAM
J. Matrix Anal. Appl., vol. 28, no. 3, pp. 642–666, 2006.

[3] L. de Lathauwer, B. de Moor, and J. Vanderwalle, “A multilinear singular
value decomposition”, SIAM J. Matrix Anal. Appl., vol. 21, no. 4, 2000.

[4] G. Ganesan and P. Stoica, “Space-time block codes: A maximum SNR
approach”, IEEE Trans. Inf. Theory, vol. 47, no. 4, pp. 1650–1656, May
2001.

[5] T. G. Kolda and B. W. Bader, “Tensor decompositions and applications”,
SIAM Review, vol. 51, no. 3, Sept. 2009.

[6] J. B. Kruskal, “Three-way arrays: Rank and uniqueness of trilinear
decompositions, with application to arithmetic complexity and statistics”,
Linear Algebra Applications, vol. 18, pp. 95–138, 1977.

[7] E. Larsson, P. Stoica, and J. Li, “Orthogonal space-time block codes:
Maximum likelihood detection for unknown channels and unstructured

interferences”, IEEE Trans. Signal Process., vol. 51, no. 2, pp. 362–372,
Feb. 2003.

[8] F. Roemer and M. Haardt, “A closed-form solution for parallel factor
(PARAFAC) analysis”, in Proc. IEEE Int. Conf. Acoustics, Speech and
Sig. Proc. (ICASSP 2008), pp. 2365 – 2368, Las Vegas, NV, Apr. 2008.

[9] F. Roemer and M. Haardt, “Tensor-Based channel estimation (TENCE)
and iterative refinements for Two-Way relaying with multiple antennas
and spatial reuse”, IEEE Trans. Signal Process., vol. 58, pp. 5720 –
5735, Nov. 2010.

[10] S. Shahbazpanahi, A. B. Gershman, and J. H. Manton, “Closed-form
blind MIMO channel estimation for orthogonal space-time block codes”,
IEEE Trans. Signal Process., vol. 53, no. 12, pp. 4506–4517, Dec. 2005.

[11] N. D. Sidiropoulos and R. Budampati, “Khatri-Rao space-time codes”,
IEEE Trans. Signal Process., vol. 50, no. 10, pp. 2377–2388, 2002.

[12] P. Stoica and G. Ganesan, “Space-time block codes: trained, blind,
and semi-blind detection”, Digital Signal Processing, vol. 13, no. 1, pp.
93 – 105, Jan. 2003.

[13] L. Swindlehurst and G. Leus, “Blind and semi-blind equalization for
generalized space-time block codes”, IEEE Trans. Signal Process., , no.
10, pp. 2489–2498, 2002.

[14] V. Tarokh, H. Jafarkhani, and A. R. Calderbank, “Space-time block
codes from orthogonal designs”, IEEE Trans. Inf. Theory, vol. 45, pp.
1456–1467, 1999.

[15] V. Tarokh, N. Seshadri, and A. R. Calderbank, “Space-time codes for
high data rates wireless communication: Performance criterion and code
construction”, IEEE Trans. Inf. Theory, vol. 44, pp. 744–765, 1998.

[16] J. Via and I. Santamaria, “On the blind identifiability of orthogonal
space-time block codes from second-order statistics”, IEEE Trans. Inf.
Theory, vol. 54, no. 2, Feb. 2008.

453


