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Abstract— As wireless services proliferate, the demand for
available spectrum also grows. As a result, spectral efficiency
is still an issue being addressed by many researchers aiming
at improving the quality of service to a growing number of
users. Massive multiple-input multiple-output (MIMO) has been
presented as an attractive technology for the next wireless
systems since it can alleviate the expected spectral shortage.
Nevertheless, such a technique requires a dedicated chain of
radio frequency (RF) components for each antenna element
which result in high costs at base station (BS) side. To reduce
the number of RF chains, we propose several transmit antenna
selection schemes aiming at minimizing the mean square recep-
tion error and also reducing the transmission power which
is one of the main contributions of our work. The proposed
strategies are inspired by the matching pursuit technique and its
quantized version, named matching pursuit with generalized bit
planes. The presented results show that reliable reception can be
accomplished with low computationally intensive algorithms for
antenna selection.

Index Terms— Massive MIMO, antenna selection, matching
pursuit.

I. INTRODUCTION

MASSIVE MIMO is one of the most promising tech-
nologies for the future-generation wireless systems

for improving power and spectral efficiency and, hence,
meet the demands of the users for higher data rates [1]–
[6]. In such scenario, the BS is equipped with a large
number of antennas M to serve a set of K terminals or
user equipments sharing the same time-frequency resource.
Since multiple streams of data are simultaneously transmitted,
the use of precoding techniques is well motivated to reduce
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the multiuser interference [7]. In massive MIMO one considers
that M � K , which brings about the favorable action of the
law of large numbers [8]. This effect is known as channel
hardening, in which the small-scale fading effects vanish as
the number of antennas increases. Moreover, simple linear
processing is possible due to the quasi-orthogonal nature
of the channels between each BS and the set of active
users [5], [9].

In general, MIMO architecture requires a dedicated chain
of radio frequency (RF) elements for each antenna. Thus,
increasing the number of antennas leads to an increase in
the number of RF chains. Since each RF chain contains
costly components, such as high resolution digital-to-analog
converters (DAC) and amplifiers, allocating a dedicated RF
chain to each antenna is practically infeasible. One way to
reduce the number of RF chains is to employ a network of
RF switches that connect the RF chains with the most effective
subset of S-selected BS antennas [10], [11].

Basically, antenna selection can be performed before the
precoding stage or both procedures can work as a unit. To
distinguish these approaches, we refer to the first one as an
antenna selector and the latter one as a precoding-antenna
selector.

Precoding consists of modifying the stream of symbols
before transmission in order to minimize the effects of channel
distortion, noise and multiuser interference [12]. Prior knowl-
edge regarding the channel-state-information (CSI) and/or the
symbols is used to compute the new vector to be transmitted
and it is also common to classify the precoder as either
channel/block-level or symbol–level [13]. A channel–level
precoder is only dependent on the channels whereas a
symbol–level precoder is dependent on both the channels and
the symbols. Thus, the antenna selection method can also be
classified as channel–level or symbol–level. A channel–level
antenna selector chooses a new subset of activated antennas
when CSI is available at BS, whereas a symbol–level antenna
selector chooses such a subset whenever a stream of symbols
is available for transmission.

Solving the problem of selecting S out of M available
antennas by verifying all possible choices becomes prohibitive
as M increases. In the channel–level context, one of the
criteria used to select the antennas is maximizing the downlink
capacity [14]–[17] considering fixed user power allocation.
In [14], the binary constraints, which determine if an antenna
is active or not, are replaced by convex constraints that
enable a convex relaxed optimization problem which can be
solved by using interior-point methods [18], [19], and the
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subset of selected antennas is obtained using a rounding step.
In [20], the authors obtain a subset of antennas by find-
ing a channel submatrix with largest minimum singular
value. The sum-rate is another common criterion employed
to select the active antennas [21]–[24]. Moreover, the user
scheduling problem can be jointly addressed as proposed
in [22], [24]. In the symbol–level context, recent methods
exploit the sparse recovery problem in the precoding stage,
so that antenna selection and precoding procedures are jointly
performed [10], [25].

The antenna selection problem can be solved via convex
optimization as shown in [14] and [25], but the solution
involves high computational cost at the BS. As a consequence,
low complexity antenna selection approaches have been devel-
oped in order to minimize the resource usage. For example,
random antenna selection [26] and power/SNR (signal-to-noise
ratio) based antenna selection [27] are simple channel–level
methods that achieve reasonable performance.

In this paper, we develop antenna selection methods based
on a greedy algorithm called matching pursuit (MP) [28],
in which the computational cost is substantially reduced.
As a starting point, we advance a channel–level algorithm
suitable for selecting the antennas in slowly-varying fading
channels. When CSI is available, the channel responses for
the BS to all the terminals in the cell are utilized to perform
the antenna selection. In this particular case, we propose
an alternative description of the approximation problem to
allow the use of the MP formulation. Then, we propose three
symbol–level algorithms to deal with short-coherence time
scenarios. In this design, both the channel matrix and the
transmitted message are used to create the subset of active
antennas. The symbol–level algorithms require restraining the
residue energy decay rate so that enough antennas are selected
– i.e., one must balance sparsity (MP) and diversity (MIMO).
Two of the symbol–level methods consider precoding while
selecting the antennas so that both operations are jointly
performed, reducing the computational complexity since no
matrix inversion is required. Moreover, one of the latter
algorithms is based on the matching pursuit generalized bit
planes (MPGBP) which obtains a quantized-element message,
alleviating the amplifier linearity demands and further reducing
the BS cost.

The structure of the paper is as follows. In Section II the
system model is described and the antenna selection problem is
clearly stated. The matching pursuit technique is described in
Section III. In Section IV we present a channel–level antenna
selection, whereas in Section V we design a symbol–level
antenna selection, both based on MP. The symbol–level
antenna selection with precoding are introduced in Section VI.
In Section VII, the complexity of each proposed algorithm is
provided. Simulation results of our MP-based methods are
shown in Section VIII. Some concluding remarks are included
in Section IX. The complex matching pursuit with generalized
bit planes algorithm is detailed in the Appendix A.

II. SYSTEM MODEL

We consider a downlink Massive MIMO system in a single
cell as illustrated in Figure 1. The base station is equipped

Fig. 1. Downlink massive MIMO with only S selected BS-antennas.

with M antennas and serves K single-antenna terminals
simultaneously.

When all the M antennas are active, the BS transmits the
signal x ∈ CM×1 to the terminals in the cell. In order to
mitigate the user interference, a precoding technique can be
employed so that vector x is a precoded version of the vector
q ∈ CK×1 containing the symbols intended to each terminal.
If a linear precoding scheme is applied, the transmitted vector
can be written as

x = Pdiag (PT η)1/2 q, (1)

where P ∈ CM×K is the precoding matrix and
diag (PT η)1/2 is the diagonal matrix with elements√

PT η1,
√

PT η2, . . . ,
√

PT ηK . That is, the power allocated
for each terminal is represented by PT ηk and

K∑
k=1

PT ηk = PT , (2)

where PT is the transmission power and ηk is the power
allocated for terminal k. Therefore the received signal vector
y ∈ CK×1 of all the terminals is

y = GTx + w, (3)

in which G ∈ CM×K is the matrix comprising the channel
responses for the BS to all the terminals in the cell. Each ele-
ment wk of vector w ∈ CK×1 is a realization of a circularly
symmetric complex Gaussian distribution CN (0, σ2

w) random
variable representing noise.

Terminal k receives the scaled symbol of interest qk plus
additive interference and noise

yk = gT
k x + wk

= gT
k pk

√
ηkqk

︸ ︷︷ ︸
Desired signal

+ gT
k

K∑
k′=1
k′ �=k

pk′
√

ηk′qk′

︸ ︷︷ ︸
User-interference

+ wk

︸︷︷︸
Noise

, (4)

where gk and pk ∈ CM×1 are the k-th column of G and P,
respectively [29].

Zero-forcing (ZF) [30] and maximum ratio (MR) [31] are
examples of linear precoding in which the precoding matrix is
P = G∗(GTG∗)−1 for ZF and P = G∗ for MR. Assuming
channel reciprocity, the BS obtains CSI in the uplink and hence
computes the correspondent precoding matrix. We consider
two possible propagation environments. In the first one,
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the system operates in a rich scattering environment with
non-line-of-sight (NLOS) propagation so that the signal arrives
at BS through many independent identically distributed (i.i.d.)
paths. Hence, the uncorrelated Rayleigh fading [29] model can
be used to model gk as a realization of the random variable

gk ∼ CN (0(M), βkI(M)). (5)

Consequently, gmk can be modeled as

gmk =
√

βkhmk (6)

where βk is a large-scale coefficient dependent only on k
and hmk is the realization of a random variable distributed
as CN (0, 1) which represents the effect of small-scale fading.
In the second case, the BS receives the signal only through a
small number of significant paths N , whereas space-selective
fading is observed [32]. For example, we consider the case
that the BS is a uniform linear array (ULA) with antenna
spacing dH and the terminals are located at fixed locations
in the far-field of the array. Then, each of the multipath
components results in a plane wave that reaches the antenna
from a particular angle θkn and gives an array response or
steering vector skn ∈ CM×1

skn = hkn

[
1 e2πjdH sin(θkn) . . . e2πjdH(M−1)sin(θkn)

]T

(7)

where hkn ∈ C accounts for the gain and phase-rotation
for this path. Considering channel reciprocity between the
transmitter and receiver, the channel response for terminal k
is the superposition

gk =
N∑

n=1

skn (8)

of the array responses of the N -path components. In this way,
the BS obtains the CSI of the k-th terminal to the BS.

A. Antenna Selection

To reduce the number of RF chains, we select S out of
M BS antennas, leading to exploitation of redundancy in the
spatial diversity while saving power as fewer antennas are
activated. In this way, the BS transmits the reduced message

xS ∈ CM×1, �x�0 = S, (9)

where the subscript S indicates that x has S non-zero ele-
ments. The simpler approach is to obtain the reduced message
xS by employing a linear precoding scheme in which the
precoding matrix is computed considering a selection rule.
In fact, the antenna selection algorithm produces the selection
vector

z = [z1 z2 . . . zM ]T ∈ {0, 1}M (10)

which must satisfy 1T z = S. After the selection is performed,
the S-selected channel matrix

GS = diag (z)G, (11)

is computed and an external precoding scheme should be
employed to produce x. If a linear precoding is chosen,
the vector to be transmitted can be computed as

xS = PSdiag (PT η)1/2 q, (12)

where PS is the precoding matrix. For example, the choice
can be PS = G∗

S(GT
SG∗

S)−1 with S ≥ K for ZF precoding
or PS = G∗

S for MR precoding. In this case, the antenna
selection algorithm only points out the antennas that should
be active and a precoding technique should be subsequently
employed.

Alternatively, the antenna selection algorithm could jointly
select the antenna and the correspondent precoding by solving
the problem of finding the vector x that best represents the
symbol vector q depending on the channel matrix. Hence, x
is directly obtained. We present algorithms to perform antenna
selection and precoding using dictionary based approxima-
tions, which will be further explained in the next section.

III. MATCHING PURSUIT ANTENNA SELECTION

Matching pursuit (MP) is a greedy algorithm employed to
represent a signal using a redundant dictionary [28], [33], [34].
Iteratively, the MP aims to solve

minimize
a∈CM×1

�Da − b�2
2

subject to �a�0 ≤ S (13)

by approximating the target vector b using the dictionary
matrix D and a sparse vector a. The columns of D are called
codewords and are used to represent the target vector b.

Originally, the MP method aims at finding the sparsest
vector a and thus the codewords can be chosen more than
once. However, in the antenna selection problem, we are
interested in selecting a fixed number of antennas, S. Then it
is more convenient to impose that a codeword is chosen only
once, as the solution of the following optimization problem

minimize
a∈CM×1

�Da − b�2
2

subject to �a�0 = S. (14)

Instead of approximating the l0-norm constrained problem
and applying a sophisticated optimization method or starting
an exhaustive search over all possible combinations, the MP
algorithm tries to find the best solution at each iteration. As a
matter of fact, it searches for the codeword which is closest
to the current approximation residue. To measure how close
the residue is from the codewords, the MP employs the inner
product, so that the selected codeword with index mi achieves
the maximum inner-product. The inner product between two
vectors x,y ∈ CN is defined as

	x,y
 =
N∑

i=1

x∗
i yi. (15)

In the first iteration, the residue is the target vector, whereas
in the remaining iterations it is composed by the last residue
subtracted from the last selected codeword scaled by its
correlation with the residue. In this way, as the number of
iterations of the MP algorithm increases, the residue norm
decreases. The approximate version of b

b̂I =
I∑

i=1

	ri, cmi
cmi (16)
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is composed by the sum of the projections of the current
residue ri on the selected codeword cmi , and I = S is the
total number of iterations, selecting one antenna per iteration.

A. Matching Pursuit With Generalized Bit Planes

It is desirable in practical applications that 	ri, cim
 in
equation (16) be quantized. The version of MP called matching
pursuit with generalized bit planes (MPGBP) [33] imposes the
approximation

̂	ri, cmi
 = αμi , μi ∈ Z, α < 1, i ∈ [1, S] (17)

where

μi =
⌈

logα

(
2	ri, cmi


1 + α

)⌉
, i ∈ [1, S], (18)

in which �z� is the smallest integer larger than or equal
to z. At iteration i, the current residue is approximated to a
quantized level represented by αμi . Then, the approximated
vector is formed by a weighted linear combination of the
matched codewords where the weights are the quantized levels.

B. Dictionary Normalization and Residue Rate of Decay

In the MP, the columns of the dictionary matrix D are
normalized. The residue is updated following the rule

ri = ri−1 − γ	ri−1, cmi
cmi , (19)

in which cmi is the codeword with maximum inner product
and γ is originally equal to one. By squaring both sides of
equation (19),one obtains the residue energy

||ri||2 = ||ri−1||2 − 2γ	ri−1, cmi
2
+ γ2	ri−1, cmi
2||cmi ||2. (20)

Considering normalized codewords, ||cmi ||2 = 1, we have

||ri||2 =
(

1 − (2γ − γ2)
	ri−1, cmi
2
||ri−1||2

)
||ri−1||2

=
(
1 − (2γ − γ2)δ(D, ri−1)

) ||ri−1||2 (21)

where δ(D, ri−1) is the squared correlation ratio [34] or decay
factor [35] at iteration i. Let δ(D) = inf

ri−1, i
δ(D, ri−1) [34]–

[36], equation (21) becomes

||ri||2 ≤ (
1 − (2γ − γ2)δ(D)

) ||ri−1||2, (22)

so that we can obtain a bound for the residue energy in a
non-recursive form as

||ri||2 ≤ (
1 − (2γ − γ2)δ(D)

)i ||b||2, (23)

where r1 = b, that is, the initial residue is the target vector
itself.

One can observe in equation (23) that if γ = 1 and the
correlation ratio of signal b and the dictionary is high,
the residue norm decreases quickly and hence a sparse vector
a is found. In the antenna selection problem, at each iteration i
an antenna with index mi is selected. Thus, if we want to select
S among M antennas, and the residue norm decays quickly,
as illustrated in Figure 2 for S = 100 and M = 400 for γ = 1,
one will actually select fewer antennas than desired. On the

Fig. 2. Decay of the energy of the MP residue.

other hand, if the correlation ratio is low, the residue norm
decreases slowly and it means that the information of signal
b spreads across the selected codewords [34]. Therefore, one
selects a sub-optimal factor γ, 0 < γ ≤ 1 [34], so that at
iteration i = S, the energy of signal b is diluted across S
codewords. In this case the residue energy is bounded by

||rS ||2 ≤ (
1 − (2γ − γ2)δ(D)

)S ||b||2. (24)

This is illustrated in the curve for γ ≈ 0.04 in Figure 2.
In the following proposed antenna selection methods,

the dictionary matrix has unit-norm columns. The MP residue
is updated using the rule in equation (19). This update rule
slows down the residue norm decrease rates, nevertheless more
significant terms are included in the decomposition. In this
way, the MP greediness is sacrificed to allow the selection of
S antennas.

The sub-optimal factor is defined as

γ =
K

S

(
K

K + T

)
, (25)

if S > K , whereas in the case that S ≤ K no adjustment
needs to be made. In the experiments we use T = 20. This
sub-optimal factor leads to good experimental results and it
is a reasonable choice since γ is proportional to the ratio
of the codeword length and the desired quantity of antennas
which are both parameters of the antenna selection problem.
More details in the sub-optimal factor choice can be found
in Appendix B, where the bit error rate (BER) is shown in
Figure 11 when parameter T is varied.

C. Antenna Selection Problems

In this subsection we summarize the two antenna selection
variants which will be further discussed in the next section.

1) Channel–Level Antenna Selection: By replacing a by the
selection vector z in equation (14) and changing the constraint
accordingly, we obtain the resulting optimization problem

minimize
z∈{0,1}M

�Dz − b�2
2

subject to �z�0 = S, (26)

which, for a given choice of D and b, the solution fits in
the antenna selection approach that only provides the subset
of selected antennas. Antenna selection methods operating at
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channel–level obtain the subset of selected antennas whenever
a new channel estimate is available. Hence, both the target
vector b and dictionary matrix D are dependent only on the
current channel estimate.

2) Symbol–Level Antenna Selection: If a new subset of
selected antennas is delivered, whenever a new symbol is
available for transmission, the antenna selection approach is
operating at symbol-level. In this case, the target vector b
and the dictionary matrix D in equation (26) are the current
symbol vector q and the channel estimate GT, respectively.

3) Symbol–Level Precoding Antenna Selection: By setting
a = x in equation (14) we end-up with the optimization
problem

minimize
x∈CM×1

�Dx − b�2
2

subject to �x�0 = S, (27)

in which both precoding and antenna selection are performed
since the values of x are not constrained to be zero and ones
entries.

IV. CHANNEL–LEVEL ANTENNA SELECTION

In this section, we propose one channel–level antenna
selection algorithm inspired by the MP technique. We are
interested in the indices of the non-zero entries of the selection
vector z in equation (26), which are equivalent to the indices of
the chosen codewords in the matching pursuit approach. The
following algorithm is named zero forcing greedy antenna
selection (ZF-GAS), which along with the remaining algo-
rithms comprise the main contribution of this work.

Zero Forcing Greedy Antenna Selection (ZF-GAS)

In order to obtain the target vector b and dictionary
matrix D, we start by observing the signal received at a certain
terminal. When all the BS antennas are active, the received
signal at terminal k is

yk = gT
k x + wk = gT

k Pdiag (PT η)1/2 q + wk, (28)

where P is the precoding matrix and vector η contains the
terminal power allocation. In contrast, when only S antennas
are active the terminal k receives

y′
k = gS

T
k xS + wk

= gT
k diag (z)PSdiag (PT η)1/2 q + wk, (29)

where PS is the precoding matrix for S active antennas, and
gSk is the k-th column of matrix GS in equation (11). By
comparing equations (28) and (29), we see that if diag (z)PS

is similar to P 1, then yk � y′
k, which means that the

obtained vector z leads to the minimum reception absolute
error, �yk − y′

k�2. The sum-rate [21]

K∑
k=1

log2 (1 + ηkρdl) , (30)

1We consider that two matrices are similar if the distance between them is
short. For example, the distance can be measured by the Frobenius norm of
the difference between the matrices.

where ρdl is the downlink SNR. This can be rewritten as

K∑
k=1

log2

(
1 + ηk|gT

k pk|2
)

(31)

for ZF precoding, and can also be maximized by making
diag (z)PS � P (the contribution of the reduced precoding
matrix diag (z)PS is closest to the full precoding matrix P
contribution, following a similarity criterion). This can be
verified by noting that gT

k pk is the k-th diagonal element of
GTPS , and gT

k pk is maximized if PS = P since GTP =
IK . For the ZF precoding, whose solution is P = PZF =
G∗(GTG∗)−1, the approximation diag (z)PS � P can be
rewritten as

diag (z)G∗(GTdiag (z)G∗)−1 � G∗(GTG∗)−1, (32)

in which diag (z)2 = diag (z) is used because z is a binary
vector. Zero-forcing (ZF) precoding is a simple method which
decouples the multiuser channel into multiple independent
sub-channels and reduces the design to a power allocation
problem. Indeed, ZF takes the inter-user interference into
account, but neglects the effect of noise. Thus, it performs
very well in the high SNR regime, but it is not as efficient
under noise-limited scenarios [30].

By left-multiplying equation (32) by GT, one obtains

(GTdiag (z)G∗)−1 � (GTG∗)−1. (33)

Since PH
SPS = (GTdiag (z)G∗)−1 and PHP = (GTG∗)−1,

the approximation in equation (33) can also be obtained by

PH
SPS � PHP, (34)

in which (·)H is the conjugate transpose of (·).
It is convenient to write

PH =
[
p̃1 p̃2 . . . p̃M

]
, (35)

where PH ∈ CK×M and hence p̃m ∈ CK×1, so that matrix
PHP ∈ CK×K can be understood as the summation of
rank-one matrices,

PHP =
M∑

m=1

p̃mp̃H
m. (36)

In a similar way, we can write

PH
S PS =

M∑
m=1

zmp̃mp̃H
m, (37)

so that the approximation in equation (34) can be rewritten as

M∑
m=1

zmp̃mp̃H
m

=
[
p̃1p̃H

1 p̃2p̃H
2 . . . p̃M p̃H

M

]
⎡
⎢⎢⎢⎣

z1IK

z2IK

...
zmIK

⎤
⎥⎥⎥⎦�

M∑
m=1

p̃mp̃H
m (38)

which is more convenient for MP purposes.
Although the approximation in equation (38) is between

two matrices and not between two vectors, we can get around
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Algorithm 1 : Zero Forcing Greedy Antenna Selection (ZF-
GAS)

1) Input: b = vec(PHP), DZF = [c1 . . . cM ], I =
{1, . . . , M}, 0 < γ ≤ 1
2) Initialization: i = 1, r1 = b, z = 0M

3) Repeat until i = S:
a) Find the closest codeword, i.e., find mi ∈ I such

that 	ri, cmi
 = maxi∈I {|	ri, cm
|}
b) Choose zmi = 1
c) Set fi = γ	ri, cmi


d) Let ri+1 = ri − ficmi

e) I = I − {mi}
f) Increment i.

4) Compute the S-selected channel matrix
GS = diag (z)G

5) Output: GS

this issue by the following manipulations. Considering the
auxiliary block matrix

Daux =
[
C1 C2 . . .CM

]
(39)

in which Cm = p̃mp̃H
m, for m ∈ {1, · · · , M}. Also, let R1 =

PHP so that we can try to find the best match for R1 in Daux

by computing

	R1,Cm
 = tr(RH
1 Cm) (40)

for m ∈ {1, · · · , M}. Since R1 ∈ CK×K and Cm ∈ CK×K ,
the trace of the product can be rewritten as

tr(RH
1 Cm) =

K∑
i=1

(
RH

1 Cm

)
i,i

=
K∑

i=1

K∑
j=1

(RH
1 )i,j(Cm)i,j , (41)

in which (·)i,j is the element of a matrix placed at the i-th row
and j-th column. Indeed the last summation in equation (41)
is the sum of entry-wise products of elements and thus can be
rewritten as the vector inner product

K∑
i=1

K∑
j=1

(RH
1 )i,j(Cm)i,j = vec(R1)H vec(Cm)

= rH
1 cm. (42)

using the vectorization operator: the vec(·) operator takes a
matrix as input and outputs a column vector which is obtained
by transposing the rows of the input matrix and stacking them.
Hence, by using b = vec(PHP) as target vector, and

DZF =
[
vec(p̃1p̃H

1 ) vec(p̃2p̃H
2 ) . . .vec(p̃M p̃H

M )
]

(43)

as dictionary matrix, we obtain the zero forcing greedy antenna
selection (ZF-GAS) detailed in Algorithm 1. This name comes
from the fact that zero-forcing scheme is considered in equa-
tion (32) and the active antennas are chosen in a greedy fashion
inspired by matching pursuit. The columns of DZF represent
the codewords, for example c1 = vec(C1) = vec(p̃1p̃H

1 ).

With the output of algorithm 1, a precoding scheme can
be applied and thus a precoded message xS produced.
For linear precoding, the vector to be transmitted can be
computed as

xS = PSdiag (η)1/2 q. (44)

Moreover, the transmitted signal can be scaled by a desired
transmission power PT , yielding

x̃S =
√

PT

�xS�xS . (45)

V. SYMBOL–LEVEL ANTENNA SELECTION

In the downlink of a massive MIMO system, the BS aims
to transmit vectors of the form q ∈ C(K×1) containing the
symbols intended to each terminal k ∈ {1, · · · , K}. In fact,
the BS generates a block of L message vectors [q1 . . .qL].
First, the BS performs precoding so that the transmitted signal
is x = Pdiag (η)1/2 q, when all the transmit antennas are
active. The precoding matrix P can be the same for all ql

in the block, as for the ZF-GAS algorithm, in which one
computes the matrix P only once. In contrast, matrix P
can be computed for every ql in the block, giving rise to
a symbol–level precoding.

In this section we propose one algorithm for symbol–level
antenna selection. For this symbol–level method, a precoding
technique must be applied after selection.

Zero Forcing Symbol–Level Greedy Antenna
Selection (ZFSL-GAS)

Consider the message transmitted by the M BS antennas

Pdiag (PT η)1/2 q = x (46)

and by left-multiplying both sides of equation (46) by GT,
and replacing matrix P by the zero-forcing precoding matrix
PZF = G∗(GTG∗)−1, we obtain

diag (PT η)1/2 q = GTx. (47)

Fortunately, we can bring it to the MP point of view as:
b = diag (η)1/2 q and D = GT and consider x as the
selection vector z. That is, we need to build z that reflects
the most informative elements of x. The resulting problem
can be formulated as

minimize
z∈{0,1}M

∥∥∥GTz − diag (η)1/2 q
∥∥∥2

2

subject to �z�0 = S. (48)

Since PT is fixed, we only need to inform the portions ηk

in problem (48). Therefore, we obtain Algorithm 2, named
zero forcing symbol–level greedy antenna selection (ZFSL-
GAS). This name comes from the fact that ZF precoding
scheme is considered in equation (47), the resulting algorithm
is symbol–level and a greedy method employed to choose
the active antennas. The vector to be transmitted xS can be
computed as in equation (44) and scaled as in equation (45)
to account for the transmission power employed.
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Algorithm 2 : Zero Forcing Symbol–Level Greedy Antenna
Selection (ZFSL-GAS)

1) Input: b = diag (η)1/2 q, D = [c1 . . . cM ] = GT, I =
{1, . . . , M}, 0 < γ ≤ 1
2) Initialization: i = 1, r1 = b, z = 0M

3) Repeat until i = S:
a) Find the closest codeword, i.e., find mi ∈ I such

that 	ri, cmi
 = maxi∈I {|	ri, cm
|}
b) Choose zmi = 1
c) Set fi = γ	ri, cmi


d) Let ri+1 = ri − ficmi

e) I = I − {mi}
f) Increment i.

4) Compute the S-selected channel matrix
GS = diag (z)G

5) Output: GS

VI. SYMBOL–LEVEL PRECODING ANTENNA SELECTION

Essentially, matching pursuit technique relies on
representing a target vector by using a combination of
the codewords of a redundant dictionary that best matches
the target vector. If the target vector is the scaled vector
of symbols diag (η)1/2 q and the dictionary matrix is the
transposed channel matrix GT, the resulting sparse vector
that contains the inner products could be an approximation
of the message to be transmitted x. Consequently, another
symbol–level antenna selector can be obtained in which
message x is directly obtained.

In this section we propose two symbol–level
algorithms which perform both antenna selection and
precoding.

A. Symbol–Level Matching Pursuit Precoding Antenna
Selection (SL-MPPAS)

Similarly to the approach in the ZFSL-GAS, ZF precoding
is aimed to solve the optimization problem

minimize
x∈CM×1

∥∥∥GTx − diag (η)1/2 q
∥∥∥2

2

subject to �x�0 = S, (49)

without the constraint on the values of x. In equation (49),
the vector x is a precoded version of the symbol vector q
using only S active antennas. Hence, the sparse vector in
the MP problem is the message we desire to transmit. The
resulting algorithm is called symbol-level matching pursuit
precoding antenna selection (SL-MPPAS) which is described
in Algorithm 3. This name comes from the fact that resulting
algorithm is symbol–level and it not only chooses the active
antennas, but also produces the precoded signal x using match-
ing pursuit technique. Observe that the non-zero elements
of vector x are the inner products between the selected
codewords and the residues. The vector to be transmitted
xS is the output of Algorithm 3, but xS can be scaled
as in equation (45) to account for the transmission power
employed.

Algorithm 3 : Symbol–Level Matching Pursuit Precoding
Antenna Selection (SL-MPPAS)

1) Input: b = diag (η)1/2 q , D = [c1 . . . cM ] = GT,
I = {1, . . . , M}, 0 < γ ≤ 1
2) Initialization: i = 1, r1 = b, x = 0M

3) Repeat until i = S:
a) Find the closest codeword, i.e., find mi ∈ I such

that 	ri, cmi
 = maxi∈I {|	ri, cm
|}
b) Set fi = γ	ri, cmi


c) xmi = fi

d) Let ri+1 = ri − ficmi

e) I = I − {mi}
f) Increment i.

4) Output: x

Algorithm 4 : Symbol–Level Matching Pursuit With Gen-
eralized Bit Planes Precoding Antenna Selection (SL-
MPGBPPAS)

1) Input: b = diag (η)1/2 q, D = [c1 . . . cM ] = GT, I =
{1, . . . , M}, 0 < γ ≤ 1
2) Initialization: i = 1, r1 = b, x = 0M

3) Repeat until i = S:
a) Find the closest codeword, i.e., find mi ∈ I such

that 	ri, cmi
 = maxi∈I {|	ri, cm
|}
b) Set fi = γ	ri, cmi


c) Choose μi1 = �log2

(
3

Re{fi}
)
� and μi2 =

�log2

(
3

Im{fi}
)
�

d) Let αμi = Re{fi}
||Re{fi}|| (

1
2 )Re{μi1} + Im{fi}

||Im{fi}||j(
1
2 )Re{μi2}

e) xmi = αμi

f) Let ri+1 = ri − αμicmi

g) I = I − {mi}
h) Increment i.

4) Output: x

B. Symbol–Level Matching Pursuit With Generalized Bit
Planes Precoding Antenna Selection (SL-MPGBPPAS)

Alternatively, we can impose that the non-zero elements
of x are quantized by using the MPGBP approach, as
described in Algorithm 4, named symbol–level matching
pursuit with generalized bit planes precoding antenna selec-
tion (SL-MPGBPPAS). This name comes from the fact that
resulting algorithm is symbol–level and it not only chooses
the active antennas, but also produces the precoded signal x
using matching pursuit generalized bit planes technique. Here,
the non-zero elements of vector x are the quantized inner
products between the selected codewords and the residues.
The vector to be transmitted xS is the output of Algorithm 4,
but xS can be scaled as in equation (45) to determine the
transmission power employed.

The main advantage of the precoder antenna selectors algo-
rithms, here named SL-MPPAS and SL-MPGBPPAS, is that
their outputs are already the message to be transmitted x using
a subset of S active antennas, which reduces the complexities
of the algorithms. The previous algorithms, which are only
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TABLE I

NUMBER OF FLOPS REQUIRED TO COMPUTE A BLOCK OF L MESSAGE VECTORS BY THE PROPOSED ANTENNA SELECTION ALGORITHMS; M IS THE
NUMBER OF BS ANTENNAS, S IS THE NUMBER OF SELECTED ANTENNAS, K IS THE NUMBER OF TERMINALS AND L IS THE LENGTH OF THE

TRANSMITTED BLOCK

antenna selectors, output the reduced channel matrix GS and
need to perform an external precoding scheme to generate
the message to be transmitted. Since the SL-MPGBPPAS
algorithm provides a message formed by quantized elements,
the requirements on the amplifier linearity at the BS is reduced,
further reducing the BS cost.

VII. COMPUTATIONAL COMPLEXITY

In this section we quantify the complexity of the presented
algorithms by counting the required number of flops to com-
pute a block with L message vectors x. We consider that
during the coherence time τ , i.e., the time in which the impulse
response of the channel can be considered invariant, we can
transmit an L-symbol transmission block. A flop is a real
floating point operation [37]. A real addition or multiplica-
tion is counted as one flop, whereas complex addition and
multiplication have two flops and six flops, respectively [38].
The complexity (in flops) of each proposed antenna selection
algorithm is summarized in Table I.

The initial residue used in ZF-GAS is b = vec((GTG∗)−1)
and requires 28K3/3−3K2 +8M2K flops considering that
the QR decomposition was employed to perform the matrix
inversion operation. The initial residue b = q employed in
ZFSL-GAS, SL-MPPAS and SL-MPGBPPAS requires zero
flops.

To generate the dictionary matrix for ZF-GAS, we need to
compute M outer-products that require 6MK2 flops in total.
The ZFSL-GAS, SL-MPPAS and SL-MPGBPPAS algorithms
use GT as dictionary matrix which does not require extra
computation.

The main loop of ZF-GAS, ZFSL-GAS and SL-MPPAS
consists of S vector additions and MS − (S2 − S)/2 inner
products. It requires 2SK2+4MSK2−(S2−S)4K2 flops in
total for ZF-GAS and 6SK+8MKS−4KS2 for ZFSL-GAS
and SL-MPPAS. The main loop of SL-MPGBPPAS is almost
the same as the SL-MPPAS. The difference is that the
SL-MPGBPPAS requires (S + 1) additional multiplications
and hence 3(S + 1) additional flops.

Moreover, ZF-GAS, ZFSL-GAS, SL-MPPAS and
SL-MPGBPPAS algorithms compute the sub-optimal
factor 0 < γ ≤ 1 once. For γ = K

S

(
K

K+20

)
, it is required

one real addition, and three real multiplications, amounting
4 flops.

The last stage consists of computing the S-selected message
vector xS . Algorithms ZF-GAS and ZFSL-GAS are only
antenna selectors and thus require a precoding scheme to
obtain the message vector xS = PSdiag (η)1/2 q. For ZF
precoding, PS = (Gdiag (z))∗(GT

SG∗
S)−1 and then, it

requires 28K3/3 − 3K2 + 8SK2 + 8MSK + 8SK flops
to compute x. For MR precoding, 8MSK + 8SK flops are
required to compute x.

As shown in Table I, the ZF-based methods have almost the
same complexity in flops due to the matrix inversion operation.
On the other hand, SL-MPPAS and SL-MPGBPPAS are the
fastest algorithms since their complexity is concentrated on
the main loop where no matrix inversion is needed.

We consider the approximate version of maximum capac-
ity antenna selection (MCAS) algorithm [14] by using one
iteration of the log-barrier method [39]. Using this strategy,
the inequality constraints are implicit in the objective function
and hence the optimization problem can be solved via Newton
Method [18]. Therefore, the complexity of MCAS algorithm
is concentrated on the Newton step computation. The Newton
step depends on the gradient vector and the Hessian matrix of
the objective function.

The expressions of the gradient and the Hessian matrix are
the same as the ones shown in [39], as well as the Newton
step. To compute the gradient vector, M(28

3 K3 + 8M +
6MK2 + 13K2 + 16) flops are required, since M matrix
inversion operations are performed using QR decomposition.
The Hessian matrix costs 8M2K2+6M2+8MK2+11M +1
flops and its inverse requires 28

3 M3 − 3M2 additional flops.
The total number of flops required to compute the transmission
block are shown in Table II, in which U is the number of
iterations required to achieve convergence. Typically, U < 10,
as reported in [39].

To produce the selection vector z, the power-based antenna
selection (PBAS) algorithm [27], [40], [41] requires 8MK2

flops since M inner-products are computed, whereas the RAS
algorithm [26] requires zero flops, since additions and mul-
tiplications are not performed. The number of flops required
to compute the transmission block using both ZF and MR
precoding schemes are also exposed in Table II.

The algorithms complexities are illustrated in Figures 3
and 4 for a fixed number of BS antennas M = 400. Since
the complexity of SL-MPPAS is almost the same as the
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TABLE II

NUMBER OF FLOPS REQUIRED TO COMPUTE A BLOCK OF L MESSAGE VECTORS BY EXISTING ANTENNA SELECTION ALGORITHMS; M IS THE NUMBER
OF BS ANTENNAS, S IS THE NUMBER OF SELECTED ANTENNAS, K IS THE NUMBER OF TERMINALS, L IS THE LENGTH OF THE TRANSMITTED

BLOCK AND U IS THE NUMBER OF ITERATIONS REQUIRED TO ACHIEVE CONVERGENCE IN MCAS

Fig. 3. Number of flops as a function of S and K . In this case, M = 400, L = 100.

Fig. 4. Number of flops as a function of S and K . In this case, M = 400, L = 25. We use a different scale for MCAS since the order of magnitude of
MCAS complexity is two times greater than the other methods.

SL-MPGBPPAS complexity, we only show in Figures 3 and 4,
since it has the highest complexity.

In Figure 3, we consider a long coherence time and hence
the transmission block size is L = 100, whereas in Figure 4
L = 25 represents a short coherence time. Even with only one
iteration U = 1 considered, MCAS is the most complex among
the tested algorithms. When we have long coherence time,
i.e., L = 100, channel–level antenna selection is preferred. In
contrast, when we have short coherence time, i.e., L = 25,
symbol–level antenna selection is a good choice. Moreover,
a symbol–level like SL-MPPAS has almost the same complex-
ity of channel–level PBAS, with the advantage of achieving
better performances in terms of bit error rate (BER) and mean
squared error (MSE), as will be seen in the simulations.

VIII. SIMULATION RESULTS

In this section, we present simulation results to verify the
performance of the proposed antenna selection approaches.
Our experiments are carried out in a single-cell system where
K = 12 single-antenna terminals are served by a BS equipped
with M = 400 antennas. In average, it is required M ≥ 100
BS antennas so that channel hardening effect can be observed.

As in [14], we assume equal power allocation among the
terminals when choosing the subset of active antennas. The
power allocation can be treated as a side problem which can
be solved by using water-filling algorithms [18], [42] or by
using an aproximation [21]. We consider both rich and poor
scattering environments where the downlink channels are mod-
eled using uncorrelated and correlated Rayleigh fading, respec-
tively. To simplify, we consider the large-scale coefficient
βk = 1.

In the uplink phase, BPSK pilot symbols are transmitted
by the terminals and used to estimate the channel matrix
using minimum mean square error (MMSE) estimator. The
pilot matrix Φ ∈ Cτp×K is generated as a Walsh-Hadamard
matrix, in which τp = K is the pilot duration [29] and
hence the complete set of pilot signals transmitted by the
terminals is given by Xp = √

τpΦH. The BS can estimate
the channel matrix by right-multiplying the received signal
Yp = √

τpGΦH + GW by the pilot matrix. The noise
represented by W is generated so that the uplink SNR is
ρul = 3 dB.

The MMSE estimator [29] is then applied in the columns
y′

k of the noisy estimate Y′
p = √

τpG + GW, obtaining the
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Fig. 5. Scenario 1: Average BER per user for a massive MIMO system with perfect CSI knowledge, rich scattering environment and ZF precoding scheme
(4-QAM).

TABLE III

ANTENNA SELECTION ALGORITHMS EVALUATED IN THE

BER SIMULATIONS

estimate of the channel response for each terminal k,

ĝk =
√

τpβk

1 + τpβk
y′

k. (50)

The simulation scenarios with the true channel are referred
as Perfect CSI. In this case, no channel estimation is performed
and the only impairment is the noise effect. We have also ver-
ified how the performances of the antenna selection methods
are affected when CSI is not perfect. In this case, we perform
channel estimation and we refer to such a scenario as Partial
CSI.

In the downlink phase, the BS generates a block of 50 mes-
sage vectors [q1 . . .q50], where each vector q ∈ CK×1

contains a stream of 4-QAM or QPSK samples. In particular,
a stream of 16-QAM samples is used in the simulated scenario
5 to verify if the proposed methods support higher order
modulations. The BS applies the antenna selection algorithms,
listed in Table III where the proposed antenna selection algo-
rithms are highlighted in boldface. The proposed algorithms
utilize γ as in equation (25), with T = 20. For comparison,
we consider the algorithms closely related to our methods.
Moreover, we consider in the simulations the case in which
all the antennas are active, referred as “Full”.

With only S out of M active BS antennas, the signal to
be transmitted is produced. Considering an AWGN with fixed
variance σ2

w = 0.9, the transmission signal power PT is varied
in order to obtain a downlink SNR ρdl ∈ {−12, 12} dB. The

downlink SNR is obtained by

ρdl = 10 log10

(
PT

σ2
w

)
. (51)

Since the noise level is fixed, comparing the SNR is the same
as comparing the transmission power required to deal with
a certain level of noise. The received symbols are detected
following minimum euclidean distance criterion as in [43]. The
averaged BER and MSE are presented as function of the SNR.
We show the simulation results in several distinct scenarios in
which channel model and CSI knowledge are explored. All the
simulation results are obtained by averaging 100 Monte Carlo
runs. The simulations are performed using MATLAB soft-
ware and the convex optimization problems are solved using
CVX [44].

In scenario 1, we consider a rich scattering environment
where the channel is modeled using uncorrelated Rayleigh
fading. We also consider that the BS has perfect CSI knowl-
edge, that is, no channel estimation is performed. Moreover,
ZF precoding scheme is used in the antenna selection methods
that need to perform external precoding after selection.
Scenario 2 is a version of scenario 1 in which the external
precoding is MR instead of ZF. Scenario 3 addresses the
case when BS has partial CSI knowledge and also provides
the comparison between a channel model for rich and poor
scattering environments for S = 100 selected antennas.
In scenario 4, a comparison between the proposed methods
and their pair counterparts based on convex optimization is
provided for S = 40 selected antennas, considering perfect
CSI knowledge at the BS in a rich scattering environment.
Scenario 5 is scenario 1, but using 16-QAM symbols.

A. Scenario 1: Perfect CSI Knowledge, Rich Scattering and
ZF Precoding

Figure 5 depicts the average BER per user for scenario 1,
when S = 12, 40, 100 and 200 and 4-QAM samples are
transmitted. For a fixed transmission power value, the pro-
posed ZFSL-MPAS, SL-MPPAS and SL-MPGBPPAS methods
obtained the lowest BER among all selection approaches in the
configurations tested. This advantage is more evident when
few antennas are active, as shown in Figure 5a. Moreover,
compared to the other methods, ZFSL-MPAS, SL-MPPAS and
SL-MPGBPPAS achieve a given BER with less transmission
power. As expected, when compared with the symbol–level
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Fig. 6. Scenario 2: Average BER per user for a massive MIMO system with perfect CSI knowledge, rich scattering environment and MR precoding scheme.

Fig. 7. Scenario 3: Average BER per user for a massive MIMO system with
partial CSI knowledge, S = 100.

Fig. 8. Scenario 4: Average BER per user for a massive MIMO system with
perfect CSI knowledge.

ones, the proposed channel–level algorithm exhibits a notice-
able loss in performance. However, symbol–level methods
must obtain a subset of selected antennas whenever a sym-
bol is transmitted and hence select the antennas more often
than the channel–level methods, making symbol–level less
advantageous in this scenario.

B. Scenario 2: Perfect CSI Knowledge, Rich Scattering and
MR Precoding

To investigate the impact caused by the precoding scheme
applied after antenna selection, MR precoding is used to
compute the message vector x in scenario 2, whose results
are depicted in Figure 6.

The SL-MPPAS and SL-MPGBPPAS methods, that already
perform precoding when building the message vector, are not
reevaluated in scenario 2 results. By comparing the results
obtained in Figure 5 for ZF precoding and Figure 6 for MR
precoding, we note that MR is inferior in terms of BER.

Fig. 9. Scenario 4: MSE for a massive MIMO system with perfect
CSI knowledge.

Fig. 10. Scenario 4: Sum-rate and computational times for a massive MIMO
system with perfect CSI knowledge.

Among the methods evaluated in scenario 2, ZFSL-GAS and
ZFSL-MPAS achieved the best results.

C. Scenario 3: Partial CSI Knowledge, Poor Scattering and
ZF Precoding

In scenario 3, we address the case where the BS has partial
CSI knowledge, so that the uplink SNR is ρul = 3 dB.
Figure 7 depicts the Average BER per user for scenario 3.
As in scenarios 1 and 2, we consider a rich scattering
environment in Figure 7a. We also consider a poor scattering
environment [45] in Figure 7b, in which only 2 paths reach the
receivers, that is equivalent to use a correlated Rayleigh fading
model with N = 2 in equation (8). As expected, the overall
performance illustrated in Figures 7a and 7b is less favorable,
when compared with the case where perfect CSI knowledge is
available as in Figure 5c. However, we can observe that even
when the channel estimate is not very accurate the antenna
selection algorithms perform reasonably well.
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Fig. 11. Average BER per user for the proposed Symbol–Level Matching Pursuit Precoding Antenna Selection (SL-MPPAS) algorithm when parameter T
is varied. The system has perfect CSI knowledge, rich scattering environment and ZF precoding scheme (4-QAM).

D. Scenario 4: Perfect CSI Knowledge, Rich Scattering and
ZF Precoding: Comparison With Other Methods

In scenario 4, we compare the proposed antenna selection
methods with their counterparts based on convex optimiza-
tion approaches. We refer to the channel–level method
presented in [14] as maximum capacity antenna selection
(MCAS). It is worth mentioning that MCAS is also related
to the sensor selection approach introduced in [39] as both
methods have similar objective functions. Likewise our pro-
posed symbol–level methods, the least absolute shrinkage and
selection operator (LASSO) proposed in [25] are based on
sparse recovery. Nevertheless, LASSO is more related to the
SL-MPGBPPAS and SL-MPPAS methods since both generate
the precoded signal x directly. As one can see in Figure 8,
the proposed antenna selection methods are very close in
performance to the algorithms based on convex optimization,
with the benefit of being less computationally expensive.

Since the proposed antenna selection methods are developed
aiming at minimizing the MSE, we also present in Figure 9
the observed MSE plotted against the transmission power for
S ∈ {40, 100}. Moreover, Figure 10a depicts the average
sum-rate in which the downlink SNR ρdl in equation (30)
is calculated at the terminal. The advantages of SL-MPPAS
and SL-MPGBPPAS can also be noticed in Figures 9 and 10a
in terms of MSE and sum-rate, respectively.

For comparison, Figure 10b provides the processing time
[46] spent by LASSO, MCAS and the proposed antenna
selection algorithm to transmit a block of L = 25 mes-
sages. A machine with an Intel Core i7-7500U CPU 2.70GHz
x4 processor and 7.7 GB of memory was employed. The pro-
posed antenna selection algorithms are less computationally
intensive than LASSO, specially the symbol–level ones. More-
over, we verify that the symbol–level algorithms require less
computation than a channel-level algorithm such as MCAS.

E. Scenario 5: 16-QAM, Rich Scattering and ZF Precoding

The average BER per user for scenario 5 is shown in
Figure 12 for perfect CSI condition. As can be verified,
the proposed antenna selection methods can also support
higher modulations schemes.

IX. CONCLUDING REMARKS

In this work, we proposed an aggregation of antenna selec-
tion methods based on matching pursuit and matching pursuit
with generalized bit planes techniques.

Fig. 12. Scenario 5: Average BER per user for a massive MIMO system with
rich scattering environment, ZF precoding scheme, Perfect CSI and 16-QAM.

The proposed methods were categorized as channel–level
and symbol–level antenna selection. Among the symbol–level
group of methods, we highlight the SL-MPPAS and
SL-MPGBPPAS which do not need to perform external pre-
coding scheme after selection is made.

The proposed algorithms based on the matching pursuit
technique were evaluated and compared against the state-of-
the-art via bit error rate and MSE as the transmission power
was varied. The computational complexity of the proposed
antenna selection algorithms was quantified by the number
of flops required to compute the transmitted block composed
of 25 messages, x ∈ CM×1. We do this in order to be fair with
the channel–level methods. Moreover, it is worth mentioning
that both LASSO and MCAS solutions methods are generated
with CVX-MATLAB which can be slow when the number
of optimization variables is large. The results show that
channel–level algorithms are preferred when the coherence
time is long, whereas the use of symbol–level algorithms
becomes interesting for short coherence time.

The proposed channel–level ZF-GAS algorithm out-
performs its counterparts MCAS and PBAS in terms of
BER, however ZF-GAS is more complex than PBAS. In
the symbol–level context, the proposed SL-MPPAS and
SL-MPGBPPAS algorithms outperform LASSO in terms of
BER.

APPENDIX A
COMPLEX MATCHING PURSUIT GENERALIZED BIT

PLANES

In the MPGBP algorithm [33], the approximation b̂ of b is
written in quantized form as

b̂ =
I∑

i=1

αμicmi , (52)
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where α < 1. To obtain the approximation αμi ≈ 	ri, cmi
,
μi is defined as

μi =
⌈

logα

(
2	ri, cmi


1 + α

)⌉
. (53)

However, in the case that 	ri, cmi
 ∈ C, using different bit
planes for the real and imaginary parts of the inner product is
preferred.

Therefore, the calculation of μi introduced in [33] is split
in

μi1 =
⌈

log2

(
3

Re{	ri, cmi
}
)⌉

(54)

and

μi2 =
⌈

log2

(
3

Im{	ri, cmi
}
)⌉

, (55)

in which Re{z} and Im{z} take the real and imaginary part
of z, respectively and α = 1/2.

The resulting quantized form of 	ri, cmi
 is

αμi =
Re{	ri, cmi
}

||Re{	ri, cmi
}||
αRe{μi1}

+
Im{	ri, cmi
}

||Im{	ri, cmi
}||
jαRe{μi2}. (56)

APPENDIX B
SUB-OPTIMAL FACTOR CHOICE

The sub-optimality factor γ is inversely proportional to the
desired quantity of antennas. Indeed, more antennas to select
means that the residue rate of decay should be lower.

Although T is chosen experimentally, its value does not
severely impact the BER as shown in Figure 11 for the
proposed Symbol–Level Matching Pursuit Precoding Antenna
Selection (SL-MPPAS) algorithm.
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