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Abstract—This paper deals with the uplink of a wireless multiple-input multiple-output (MIMO) communication system based
on multicarrier (MC) code division multiple access (CDMA). We
focus on time-varying channels for users moving at vehicular
speeds. The optimal maximum a posteriori (MAP) receiver for
such a system is prohibitively complex and can be approximated
using iterative linear minimum mean-square error (LMMSE)
multiuser detection and parallel interference cancellation (PIC).
For time-varying channels, two LMMSE filters for channel estimation and multiuser detection need to be computed at every time
instant, making implementation in a real-time system difficult. We
develop a novel low-complexity receiver that exploits the multiple
antenna structure of the system and performs joint iterative multiuser detection and channel estimation. Our receiver algorithms
are based on the Krylov subspace method, which solves a linear
system with low complexity, trading accuracy for efficiency. The
computational complexity of the channel estimator can be reduced
by one order of magnitude. For multiuser detection, a PIC scheme
in the user space, i.e., after the matched filter, allows simultaneous
detection of all users as well as drastic computational complexity
reduction by more than one order of magnitude.
Index Terms—Joint antenna detection, Krylov subspace
method, low-complexity receiver, multiple-input multiple-output
(MIMO), orthogonal frequency-division multiplexing (OFDM),
time-varying channel.

I. INTRODUCTION
HIS paper deals with the uplink of a wireless multipleinput multiple-output (MIMO) communication system for
users at vehicular speeds. The communication system is based
on multicarrier (MC) code-division multiple access (CDMA).
Receiver algorithms for such a system require high computational complexity due to the linear minimum mean-square error
(LMMSE) filters employed for multiuser detection and channel
estimation [1]–[3]. We develop a novel low-complexity receiver
based on the Krylov subspace method.
The Krylov subspace method [4]–[7] allows to solve a linear
system with low complexity by trading accuracy for efficiency.
It has long been used in signal processing, e.g., for beamforming
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[8], [9] or detection [10], [11], where a computational complexity reduction is shown.
In [10], universal weights are computed, based on the self-averaging properties of random matrices modeling the channel.
The a priori random eigenvalues of the channel matrix can be
described by averaging over sufficiently large samples. The
eigenvalue distribution of the channel matrix converges to a
deterministic distribution when its dimensions grow to infinity.
Universal weights are thus computed independently of the
received signal. However, the authors in [10] do not take into
account an iterative scheme using interference cancellation. In
such a case, the projection computations are not common to all
users anymore, and no computational complexity reduction can
be achieved this way.
In [11], the authors use the Lanczos algorithm to approximate
the Wiener filter in an iterative receiver for a single-user singleinput multiple-output (SIMO) system. Their iterative scheme
uses an adjusted mean of the signal based on a priori information to cancel the multipath interference. The computational
complexity using the Lanczos algorithm in [11] scales quadratic
with the length of the observation vector.
We aim at developing an efficient low-complexity iterative
receiver for a multiuser MIMO system in time-varying channels, that scales linear in the number of users and the length of
the observation vector. At the receiver side, we consider an algorithm performing iterative multiuser detection with parallel
interference cancellation (PIC) and time-varying channel estimation jointly. For PIC and channel estimation, soft-symbols
are used that are supplied by a soft-input soft-output decoder
based on the BCJR algorithm [12]. Channel estimation is performed using LMMSE filtering and can be implemented with
low-complexity using the Krylov subspace method.
PIC can be implemented in two basic configurations. In the
first configuration, the other users interference is subtracted
directly from the received chip vector, thus operating in chip
space. A second configuration employs matched filtering first
and then subtracts the other users interference, thus operating
in user space. This model has been introduced in [13] and
allows joint detection of all users. The two PIC configurations
are mathematically nearly equivalent if an exact linear MMSE
filter is employed. However, when using a low complexity
implementation based on the Krylov subspace method, the two
setups lead to large complexity differences.
In MIMO CDMA channels, joint antenna detection schemes
are shown to outperform individual antenna detection schemes
[14]. However, such systems are computationally expensive.
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We develop a method to implement such a receiver with
low-complexity.
Contributions of the Paper:
• First, we develop a reduced-rank low-complexity channel
estimation method for a time-varying MIMO MU uplink
based on the Krylov subspace method.
• Second, we implement a joint antenna detector for an
MC-CDMA MIMO receiver, using parallel interference
cancelation in chip space. This approach does not allow
complexity reduction but parallelization of the computations into as many branches as transmit antennas. The
latency time can thus be reduced by a factor that is proportional to the number of users in case of a fully loaded
system.
• Finally, we develop a new model for joint antenna detection
with PIC in user space. This approach allows saving more
than one order of magnitude of complexity with only minor
performance losses.
Notation: We denote by a column vector with th element
. Similarly, is a matrix with
th element
. A diis denoted
. The
agonal matrix with entries
identity matrix and
zero vector are denoted by
and
respectively. We denote the real and conjugate transpose with
and respectively. The largest (respectively smallest) integer,
is represented by
lower (resp. greater) or equal than
(resp.
). The -norm is denoted through
. The expectation of a variable is denoted through
. The
th
for
and
elementary vector of size
is represented by
.
Organization of the Paper: The Krylov subspace method is
briefly recalled and details on the computational complexity
are given in Section II. The system model is developed in
Section III. The low-complexity implementation of the multiple antenna receiver using the Krylov subspace method is
described in Section IV. Simulation results as well as complexity comparison are presented in Section V. Section VI
summarizes the main results and concludes this work.
II. COMPLEXITY OF THE KRYLOV SUBSPACE METHODS
The main results of this paper are based on the Krylov subspace method which we shortly recall in this section. The complete description of the algorithm can be found in [4]–[7] and
more specifically for our use in [15].
, where is a known
Considering a linear system
and a known vector of length
invertible matrix of size
, the Krylov subspace based algorithms compute iteratively
( increasing) an approximation of the solution , starting from
and using projections on Krylov subspaces
an initial guess
of dimension . The final step is referred to as the number
of iterations in the algorithm or as the dimension of the Krylov
.
subspace on which we project
Using the algorithm which is recalled in Table I, we can now
discuss on the computational complexity using the Krylov subspace method for an LMMSE filter. Let us here define a flop as a
floating-point operation, as given in [16]. A flop is either an addition, substraction, multiplication, division or square root operation in the real domain. Thus, one complex multiplication (CM)
requires four real multiplications and two additions, leading to

TABLE I
KRYLOV SUBSPACE-BASED ALGORITHM FOR A HERMITIAN MATRIX

flops. Similarly, one complex addition (CA) corresponds to
flops.
The general structure of an LMMSE filter can be written as
[17]
(1)

where
,
, and
and
are diagonal.
Computing in (1) directly requires the following operations:
, i.e.,
• computation of
flops;
flops (see
• inversion of , i.e.,
Appendix A for details);
with
, i.e.,
• computation of
flops.
This leads to the approximate computational complexity
flops

(2)

Using the Krylov approximation, the main computations required to approximate are as follows:
for
• the product
, in lines 4 and 11 of the algorithm in Table I, as
on line 2, i.e.,
flops;
well as
• two inner products for steps, in lines 3, 5 and lines 9 and
flops.
12, i.e.,
The computational complexity of each step is detailed in Table I.
Adding all these steps, the total computational complexity using
the Krylov subspace method becomes after approximation
flops

(3)

, the computational complexity can be reIf
duced by first applying the matrix inversion lemma [6]
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to (1). Detailed computations in Appendix B lead to
. Similar computational complexity expressions as (2) and (3) can be obtained
for the new LMMSE filter and its Krylov approximation
Fig. 1. Pilot placement for J

= 60 pilots among M = 256 symbols.

flops
flops (4)
Finally, we obtain for the general case

and quadrature phase shift keying (QPSK) modulation with
Gray labeling.
data symbols are distributed over a block of length
The
fulfilling

flops
flops

(5)

If and are high enough, as it will be the case in our apmight be ignored, leading to
plication, the second term in
.
In this approximation, and are interchangeable, so we
without loss of generality. The exact
can set
LMMSE filter has a complexity of order
and the ratio
is of order
(6)
Assuming
, the computational complexity reduction
by the Krylov subspace method is substantial.

(7)
allowing for pilot symbol insertion. The pilot placement is defined through the index set
(8)
Fig. 1 gives an illustration of the pilot placement.
We use joint encoding [18], [19] for all
antennas of one
data blocks of one user are jointly encoded, inuser: the
coded symbols
terleaved and mapped. Then the
are split into
coded symbol blocks that are independently
spread to be transmitted over their corresponding antenna.
are added
After spreading, the pilot symbols
(9)

III. SYSTEM MODEL
We consider the uplink of an MC-CDMA system. At the same
users having each
antennas transmit to
time
antennas. Hence, we have a MIMO
a receiver with
multiuser (MU) system. In this section, we detail the model used
for the multiple antenna transmitter and receiver.
A. Multiple Antenna Transmitter
has
transmit antennas.
Each user
The MC-CDMA uplink transmission is based on orthogonal
subcarfrequency division multiplexing (OFDM) with
is also the spreading factor. We consider the
riers, where
data blocks per user, each data block
transmission of
consists of
OFDM data symbols and
pilot symtransmit
bols. From the receiver point of view, the
independent virtual users. Thus,
antennas behave like
and for clarity, we will refer to the transmit antenna of user
as transmit antenna or virtual user
. Each transmit
transmits symbols
antenna
with symbol rate
, where denotes the discrete
the symbol duration. Each symbol
time index and
is spread by a random spreading sequence
with
independent identically distributed elements chosen from the
. The data symbols
result from the
set
of length
by
binary information sequence
convolutional encoding with code rate
, random interleaving

and
, the elements
of
For
the pilot symbol vector
are randomly chosen from the
QPSK symbol set
. Otherwise
for
.
At each transmit antenna an -point inverse discrete Fourier
transform (DFT) is performed and a cyclic prefix of length is
inserted. A single OFDM symbol together with the cyclic prefix
chips. After parallel to serial conversion
has length
the chip stream with chip rate
is transmitted
over a time-varying multipath fading channel with resolvable
paths.
symbols at time instant is done
The transmission of
over independent
MIMO channels. These
channels are assumed uncorrelated. Thus, the receiver treats the
antennas in the same way as if they were
independent users having one transmit antenna each.
B. Multiple Antenna Receiver
The iterative receiver performing channel estimation and
multiuser detection is shown in Fig. 2. The receiver is equipped
with
receive antennas. At each receive antenna
, the signals of all
transmit antennas
add up.
receivers performs cyclic prefix removal and
Each of the
a DFT on its own received signal. After these two operations,
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Fig. 2. Iterative MC-CDMA receiver.

the received signal at receive antenna for subcarrier and time
instant is given by

receiver we perform joint antenna detection [14], [19]. Here all
received signals are processed jointly. We define

(10)

(15)

where
is the th element of
defined in
(9) and complex additive white Gaussian noise with zero mean
. The time-varying freand covariance is denoted by
quency response between transmit antenna
and receive antenna for discrete time-index and subcarrier is denoted by
, for
,
.
In vector notation, (10) becomes

containing the
received vectors. Similarly, we define the
effective spreading matrix

(16)
The column
of , denoted through
, corresponds to the joint effective spreading sequence of user
and contains the
effective spreading sequences of this user
(17)

(11)
Similarly, we also define the noise vector with covariance matrix
where

and

.
All time-varying channels
are assumed uncorrelated.
Hence, receive antenna can perform channel estimation independently from the other receive antennas without loss of inforas the channel estimate at discrete
mation. We define
time
of the time-varying channel
and the effective
at time as
spreading sequence for transmit antenna
(12)
Unless necessary, we will omit the time-index for clarity
sake. The time-varying effective spreading matrix containing
spreading sequences at receive antenna is given by
the

(18)
Using these notations, the joint received vector can be written
as
(19)
IV. LOW COMPLEXITY IMPLEMENTATION OF THE RECEIVER
The optimal maximum a posteriori (MAP) detector [20] for
(14) or (19) is prohibitively complex. The MAP detector can
be approximated using an iterative linear receiver with parallel
interference cancelation (PIC). We perform PIC using the soft
. These are computed from the extrinsic
symbol estimates
probabilities supplied by the decoding stage (see Fig. 2)

(13)
Using these definitions the signal received at antenna given in
(11) writes for

(20)
We define the error covariance matrix of the soft symbols

(14)
where contains the data symbols for the
virtual users.
To take maximal advantage of the multiantenna structure of the

(21)
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with constant diagonal elements
. The
elements of and are supposed to be independent and the off
diagonal elements of are assumed to be zero.
The goal of this paper is to combine the Krylov subspace
method with an appropriate iterative receiver structure to
minimize the computational complexity. More details follow
in Section IV-A for time-varying channel estimation and in
Sections IV-B and IV-C for MU-MIMO detection.
A. Iterative Time-Varying Channel Estimation
The performance of the iterative receiver depends on the
channel estimates for the time-varying frequency response
since the effective spreading sequence
directly depends on the actual channel realization.
The maximum variation in time of the wireless channel is
upper bounded by the maximum normalized one-sided Doppler
bandwidth
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by soft symbols that are calculated from the a posteriori probabilities (APP) obtained in the previous iteration from the BCJR
decoder output. The soft symbols are computed as

(26)
This enables us to obtain refined channel estimates if the soft
symbols get more reliable from iteration to iteration.
channels are assumed uncorrelated, thus
The
channel estimation can be performed for every receive antenna
independently, without loss of information. For clarity, we drop
the subscript in the following.
At each receive antenna, the subcarrier coefficients
can be obtained jointly for all
virtual users but individually for every subcarrier . We define the vectors

(22)
(27)
is the maximum (supported) velocity,
is the
where
OFDM symbol duration,
is the carrier frequency and the
speed of light. Time-limited snapshots of the bandlimited fading
process span a subspace with very small dimensionality. The
same subspace is spanned by discrete prolate spheroidal (DPS)
are defined as [22]
sequences [21]. The DPS sequences
(23)

for

and
(28)

containing the basis expansion coefficients of all
virtual
users for subcarrier . The received symbol sequence of each
single data block on subcarrier is given by
(29)

The sequences
are doubly orthogonal over the infinite
and the finite set
,
set
bandlimited by
and maximally energy concentrated on
.
We are interested in describing the time-varying frefor the duration of a single
quency selective channel
data block
. For
, we model the time-varying
using the Slepian basis expansion [21].
channel
The Slepian basis functions
for
are the time-limited DPS sequences. The
eigenvalue are ordered such that
.
The time-varying channel
is projected onto
the subspace spanned by the first
Slepian sequences and is
approximated as
(24)
and
. The dimension
of
for
this basis expansion fulfills
. For practical mobile communication systems,
for
, see [21]. Substituting the basis expansion (24) for
the time-varying subcarrier coefficients
into the
system model (10) we obtain

(25)
where
are the elements of
defined in (9).
For channel estimation, pilot symbols in (9) are known.
The remaining
symbols are not known. We replace them

Using these definitions we write
(30)
where

The matrix
bols at all time instants
..
.

(31)
contains all the transmitted symon subcarrier
..

..
.

.

(32)

Here,
are computed using the APP provided by the decoding stage (26).
The LMMSE estimator can be expressed as [1]–[3]
(33)
where
diagonal matrix

and the elements of the
are defined as

(34)
The diagonal covariance matrix

for

is given by
(35)
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where denotes the Kronecker matrix product. We note that
does not depend on the subcarrier .
and using (27) and (28), an estimate for
After estimating
the time-varying frequency response is given by
(36)

to obtain expressions for the computational complexity. We as. In this situation, each
sume a non overloaded system, thus
requires its own filter, while the
filters
virtual user
(40) have a common matrix inverse. However, an approximation algorithm such as the Krylov subspace method has to be
performed per (virtual) user. This adds a multiplicative factor
in the global computational complexity using the Krylov
subspace method, leading to

Further noise suppression is achieved if we exploit the correlation between the subcarriers
(41)

(37)
where

For a nonoverloaded system (i.e.,

for

.
For the projection (37), a different set of DPS sequences could
be used as well in the frequency domain [23]. However, using
DPS sequences in the frequency domain leads to a small reduction in BER only. Hence, we choose the low complexity DFT
implementation.
,
,
,
,
Given
and
, we can use the model in Section II.
With the parameters used in our simulations,
. Here the
approximation is computed individually for each subcarrier
but jointly for all virtual users
. We are able to use the
results (5) for the computational complexity. Channel estimaappears,
tion is done at each receive antenna, thus a factor
leading to the expressions of the complexity per subcarrier

(42)
satisfies
. Thus, is of order
. The complexity reduction expected by using the Krylov subspace method is neutralized by the multiplicative factor
and no computational complexity is achieved. However parbranches is possible
allelization of the computations in
[19], allowing dividing latency time by a factor
.
C. PIC in User Space
We want to define an LMMSE filter that allows joint detection
of all users using only one filter in order to solve the complexity
problem mentioned above in Section IV-B.
We apply a matched filter on the received signal (19), without
loss of information [20]

(38)
The ratio
is of order
.
Depending on the Krylov subspace dimension , considerable
computational complexity reduction can be achieved.

), the ratio

(43)
Performing interference cancelation for user
matically exactly identical way as in (39) writes

in a mathe-

(44)

B. PIC in Chip Space
In this section, we briefly recall iterative multiuser detection
based on PIC in chip space [2], [19] and describe its implementation using the Krylov subspace method. After parallel interference cancelation for user
, the received signal (19) becomes

In this equation, the element
contains most
. In all other elements of
information on the specific user
, the information about user
consists of interference
which is mostly canceled using PIC. From now on, we set these
correcting terms to zero. This way the received signal after PIC
becomes
for user

(39)
The corresponding unbiased LMMSE filter [17] is

(45)
Combining these

(40)

and the estimate of
is given by
. These
estimates are then demapped, deinterleaved and decoded using a BCJR decoder [12].
Given
,
,
,
,
and
, we can use the model in Section II

expressions in a matrix form leads to
(46)

is defined as the diagonal matrix with
where
,
diagonal elements of the covariance matrix
for
.
Performing PIC in user space as described in (46) allows joint
detection of all users using one filter only. It is expected that
some information will get lost since we have set some terms to
zero, and as a consequence performance will slightly degrade.
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The LMMSE filter for PIC in user space
defined by
can be expressed as

(47)
The proof of (47) can be found in Appendix C. Estimates
of the transmitted symbols
are then given in
.
The
estimates are demapped, deinterleaved and decoded by a BCJR decoder.
Although the LMMSE filter in this case is more complex than
needs to be computed
the one in chip space, the product
only once to detect all users simultaneously. Thus, the use of the
Krylov subspace method allows a considerable computational
complexity reduction, as we will show now.
Applying the Krylov method to the LMMSE filter (47), we
need to define

(48)
In this case slightly differs from the model in Section II.
However, replacing the complexity of the computation of ,
and the multiplication of with a vector, the following expressions are obtained

(49)
Note that in this case, no simple expression can be obtained
for the filter (47) using a matrix inversion lemma, thus an eventual computational complexity reduction can not be achieved
and
are of the same order, (49)
this way. Assuming
cannot be simplified in an obvious manner. However the ratio
(50)
. Hence, and depending on the
is of order
Krylov subspace dimension , considerable computational
complexity reduction can be achieved.

Fig. 3. Detection Methods Comparison: BER versus SNR after receiver iter32 users. We compare the performance of joint antenna detecation 4 for
tion with PIC in chip space (denoted “Chip”) and in user space (denoted “User”).

K=

and
4 receive antennas at the base station. The number
and the OFDM symbol with cyclic
of subcarriers is
prefix has length
. The data block consists of
256 OFDM symbols including
60 pilot symbols. The
102.5 kmh which results in a
system is designed for
for the Slepian basis expansion. The MIMO
dimension
channel taps are normalized so that
(52)
in order to analyze the diversity gain of the receiver only. No
antenna gain is present due to this normalization.
For data transmission, a convolutional, nonsystematic, noncode with code generators
recursive, four state, rate
, is
[101] and [111], see [26], denoted in octal notation
used. All illustrated results are obtained by averaging over 100
independent channel realizations. The QPSK symbol energy is
normalized to 1 and we define the signal-to-noise ratio (SNR)

V. SIMULATION RESULTS

(53)

A. Simulation Setup
We use the same simulation setup as in [1], [2]. The realizations of the time-varying frequency-selective channel
, sampled at the chip rate
, are generated
using an exponentially decaying power delay profile
(51)
with root mean-square delay spread
s for a
s [24]. We assume
chip rate of
resolvable paths. The autocorrelation for every channel tap is
given by the classical Clarke spectrum [25]. The system operates
2 GHz and
users move with
at carrier frequency
70 kmh . These gives a Doppler bandwidth of
velocity
126 Hz. We use
transmit antennas per user

taking into account the loss due to coding, pilots and cyclic
is assumed to be known at the
prefix. The noise variance
receiver.
B. Discussion of the Results
Simulations are performed in three steps. Firstly, we compare
PIC in chip and in user space in terms of bit-error-rate (BER)
versus SNR. All filters are exact LMMSE filters, and the receiver performs four iterations. In Fig. 3, we see that when PIC
is performed in the user space, a slight increase in BER can be
observed.
Second, we focus on the joint antenna detector with PIC in
user space: at this point, the channel is either assumed to be
perfectly known or that LMMSE channel estimates are used.
The multiuser detector utilizes the Krylov subspace method.
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Fig. 4. Performance of the Krylov subspace method for joint antenna detection with PIC in user space: BER versus SNR after receiver iteration 4 for
32 users. The channel is either assumed perfectly known at the receiver
or we use LMMSE estimates. We vary the Krylov subspace dimension S for
multiuser detection.

K=

Fig. 4 shows the BER curves for varying Krylov subspace dimension . As lower bound we plot the BER curve with the
exact LMMSE filter for multiuser detection. When the channel
is sufficient to reach LMMSE mulis perfectly known,
tiuser detection performance. When LMMSE channel estimates
are used, some loss in performance appears, and a higher subleads to a loss of approxispace dimension is required (
matively 0.25 dB). The expected computational complexity reduction involved allows trading accuracy for efficiency.
constant for joint antenna deAt the final step, we keep
tection with PIC in user space, and vary the Krylov subspace dimension for channel estimation. Results are shown in Fig. 5.
Again, a slight loss is inevitable but a trade-off has to be made
between computation complexity and performance. A dimenis sufficient for channel estimation, introducing a
sion
loss of about 0.5 dB compared to the double LMMSE receiver.
Knowing these results, we now compare the computational
complexity quantities. We plot the computational complexity
,
as obtained from the simulain Fig. 6 for
tions. Exact LMMSE computation and its approximation using
the Krylov subspace method are compared.
The following observations can be made from these results.
• The use of the Krylov subspace method for channel estimaallows a complexity reduction of about
tion with
one order of magnitude.
• For PIC in chip space, the use of the Krylov approximation
induces an increase in complexity of about one order of
magnitude. However, it allows parallelization of the combranches, reducing processing delay
putations in
with a factor
, 7.
• Using PIC in user space allows joint detection of all
users using only one filter. Applying the Krylov subspace
method leads to computational complexity reduction by
more than one order of magnitude for multiuser detection.
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Fig. 5. Performance of the double Krylov subspace method: BER versus
SNR after receiver iteration 4 for K 32 users. Joint antenna detection is performed after PIC in user space. Both multiuser detection (MUD) and channel
estimation (CE) are performed using the Krylov subspace method, and we vary
the Krylov subspace dimension S for channel estimation. For multiuser detec5 is kept constant.
tion, S

=

=

Fig. 6. Computational complexity: We show Krylov (left) and LMMSE (right)
implementations, per receiver iteration. Parameters are S = 12 for channel
estimation (denoted “CE”), S = 5 for multiuser detection using joint antenna
detection with PIC in chip space (denoted “Chip”) or in user space (denoted
“User”). K = 32, N = N = 4, M = 256, J = 60 and D = 3.

This complexity reduction comes at the cost of a slight
increase of BER (about 0.5 dB).
VI. CONCLUSION
We have presented a low-complexity receiver performing
joint antenna detection. Trading accuracy for efficiency, we
approximate the two LMMSE filters for joint time-varying
channel estimation and multiuser detection using the Krylov
subspace method. Combined with interference cancelation in
the user space, our new method allows drastic computational
complexity reduction of one order of magnitude at the channel
estimator as well as at the multiuser detector, compared to a
system using exact LMMSE filters. Using the Krylov subspace
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TABLE II
GAUSSIAN ELIMINATION FOR A OF SIZE Q
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. We can write

where

2Q

(59)
methods implies a slight loss in performance which is negligible
compared to the gain in computational complexity.
APPENDIX A
INVERSION OF A COMPLEX MATRIX USING
GAUSSIAN ELIMINATION [16]

designs the trace of a matrix. We analyze separately
where
the elements
, , and
of the previous equation. We recall
and
.
that

The Gaussian elimination algorithm [16] to invert a matrix
of size
is given in Table II.
multiplications are needed at line 2 and
For each step ,
multiplications as well as
additions at line
3. This leads to the total computational complexity in a complex case (recalling one complex multiplication corresponds to
flops and one complex addition requires 2 flops):
(60)
Taking now the expectation of

, and knowing that

(54)
(61)

APPENDIX B
MATRIX INVERSION LEMMA FOR EQUATION (1)

we obtain

Using the matrix inversion lemma in [6], we can write
(62)
(55)
Combining

leading to

,

, and

, the expectation of (59) becomes

(63)
The matrix

is hermitian and invertible, thus we can write

(64)

(56)
This expression is minimized when
leading to
and

Finally, we obtain

,

(57)
APPENDIX C
DERIVATION OF THE LMMSE FILTER (47)
We need to determine

(65)
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