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Summary

This papers deals with the problem of antenna selection (AS) for a multiple-input
multiple-output (MIMO)wireless system under the constraint of the channel capacity
maximization. The biogeography-based optimization (BBO) algorithm is applied on
the joint transmitter and receiver AS problem.Moreover, the performance of different
BBO migration models is compared with a real valued genetic algorithm (RVGA) as
well as with the ant colony optimization (ACO). Representative simulation scenarios
are provided in detail, involving selection of 2 × 4, 3 × 5, 4 × 6, 8 × 8 antennas in
a 16 × 16 MIMO system. The numerical results demonstrate the efficiency and the
applicability of the BBO algorithm in modern MIMO wireless systems.
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1 INTRODUCTION

Nowadays, there is a growing need for higher data rates, which makes MIMO antenna systems important at a greater extent.
MIMO wireless broadcast systems can achieve high data rates through spatial multiplexing gain and improved reliability via
diversity gain1,2,3. However, when multiple antennas at the transmitter and the receiver side of any connection are used, this
results to an increase of hardware complexity and cost considering the analog radio frequency (RF) chains (i.e., amplifiers, analog
to digital (A/D) converters and filters) per antenna. The authors in4 have showed that one way to reduce costs for hardware will
be to choose a proper subset of antennas from the set of the all antennas and then use only these selected antennas. In this way,
the advantage of MIMO is maintained and the complexity is mitigated.
The antenna selection (AS) method becomes even more important within the emerging massive MIMO technology5,6,7,8.

Thus, it is desirable to have a larger antenna number than the RF chains number in each link end and to choose the antenna subset
that will be in use. However, the reduction of the antenna number will certainly cause performance deterioration. For this reason,

0Abbreviations:AS, antenna selection; MIMO, multiple-input multiple-output; BBO, biogeography-based optimization; RF, radio frequency; A/D, analog to digital;
ES, exhaustive search; DTRS, decoupled transmit-receive selection; STRSS, separable transmit-receive successive selection; SJTRS, successive joint transmit-receive
selection; EJTRAS, efficient joint transmit-receive antenna selection; GA, genetic algorithm; BPSO binary particle swarm optimization; SGA, GA-based algorithm; PGA,
priority GA; RVGA real-valued genetic algorithm; CSI, channel state information; GAS, genetic antenna selection; CEE, channel estimation error; HSI, habitat suitability
index; CCDF, complimentary cumulative distribution function
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the selection of an optimal algorithm that will give good results is very important. This question translates to which antenna
subset should be chosen from each link end in order to provide the maximum channel capacity. In other words, the principle of
AS is to choose the best LR out of KR antennas located at the receiver side and the best LT out of KT antennas located at the
transmitter side. Therefore, the AS problem is a combinatorial optimization problem where all the problem decision variables
are in binary space.
An exhaustive search (ES) approach for solving this problem is to search over all possible combinations of antennas in each

side (ES). However, this method will result in undesired computational complexity. Hence, the only way to counterbalance this
high computational complexity is to find sub-optimal algorithms with performance as close as possible to the one provided by
the ES.
Several approaches have appeared in the literature that address the antenna selection problem9,10,11,12,13,14,15,16. There is a

considerable amount of studies available in the literature aiming to fulfill the antenna selection criterion, that propose different
sub-optimal algorithms, for channel capacity maximization. A separable transmit-receive successive selection (STRSS) as well
as a successive joint transmit-receive selection (SJTRS) were proposed and compared in terms of spectral efficiency and outage
probability. Later, a computationally efficient joint transmit-receive antenna selection (EJTRAS) algorithm was presented in9,
having improved performance compared to the previous decoupling methods.
Apart from decoupling-based algorithms mentioned in the previous paragraph, evolutionary algorithms were applied in

the same problem. These approaches include genetic algorithms (GAs)17,18,19,20, and binary particle swarm optimization
(BPSO)21,22,23. However, in most of these approaches the algorithms work in real space and map the real values to binary space.
In this paper, we apply algorithms that are better suited to work in binary spaces and combinatorial optimization problems.
Biogeography-based optimization (BBO)24 is an evolutionary algorithm, which is derived from a specific field in Biology, the
biogeography. BBO uses formulas that model the migration patterns of different animals between islands. BBO solves an opti-
mization problem through an iterative procedure using migration and mutation operators. The original BBO uses a linear model
for the migration operator. However, in order to improve BBO performance, authors in25 introduce two new nonlinear migration
models, namely model 7 and model 8. Several papers exist in the literature that apply BBO to antenna design problems. Among
others, these papers include Yagi-Uda antenna synthesis26, microstrip antenna design27,28 and antenna array synthesis29,30,31,32.
The goal of this paper is to apply BBOwith different migrationmodels to a joint transmit-receive antenna selection problem. In

particular, we extend and advance of our earlier work33. To the best of our knowledge, this is the first time that the BBO algorithm
with non-linear migration models is used for solving the AS problem. This paper contributes also to the performance comparison
of several EAs to different AS problem cases. Additionally, this work offers design cases which could be also used as a framework
of benchmark functions for testing evolutionary algorithms to complex combinatorial optimization problems. To this end, we
evaluate the BBO algorithms performance with other popular metaheuristics. These are the ant colony optimization (ACO)34,35,
which is a swarm intelligence algorithm that models the ants’ foraging behavior. The authors in36,37 have successfully used ACO
for thinned array design. The second method used for comparison is the real-valued genetic algorithm (RVGA) introduced in18.
The rest of this paper is organized as follows. Section 2 presents the related work . The antenna selection problem formulation

is described in Section 3. A brief description of the BBO algorithm used in this paper is given in Section 4. In Section 5,
numerical results for four antenna selection cases in a 16 × 16MIMO system are presented and compared by suitable statistical
tests. Finally, conclusions are drawn in Section 6.

2 RELATEDWORK

There are several papers in the literature addressing the AS problem. In11 the authors consider antenna subset selection employ-
ing space-time coding, taking two cases assuming different type of channel knowledge. The problem of only receive antenna
selection is examined by the authors in12 by introducing new selection algorithms for maximizing the channel capacity. A review
paper that discusses the AS problem algorithms is given in13. Moreover, the authors in14 introduce a generic methodology that
can be used not only in AS problems but also for any MIMO system where partial CSI is available at the transmitter side. A
new algorithm that solves the AS problem on the receive side and is based on the minimization of the union bound on the vector
error rate is proposed in16. The authors relax the AS problem variables from discrete to continuous and thus solve it using con-
vex optimization. Additionally, in10 the authors present a antenna selection protocol designed for IEEE 802.16/WiMax stations,
the protocol performance is verified by OPNET simulations.
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The authors in15 obtain measurement data from a MIMO antenna and study the transmitting antenna selection from four
elements to two elements. In9 the authors propose a joint transmit and receive AS (EJTRAS) algorithm. The new algorithm
according to the authors may produce near optimal outage and ergodic capacity results with low complexity.
The use of evolutionary methods for solving the AS problem is introduced in17. The authors in17 proposed a simple GA-

based algorithm (SGA) resulting in reduced hardware complexity. In19, a priority GA (PGA) was presented achieving superior
performance compared to SGA in terms of capacity and computational complexity. The main difference between SGA and
PGA lies to the fact that the later one consists of chromosomes with integer string while the former one uses a bit string. The
authors in20 propose a joint symbol detection and receive antenna selection framework, which uses the maximum likelihood
(ML) criterion. They apply a new GA variant, the heterogeneous GA (HGA), where the chromosome has two strings, one
discrete (integer) that represents the antenna selection and one bit string that represents the symbol detection. Moreover, the real-
valued genetic algorithm (RVGA) was introduced in18, where its chromosomes are random priority magnitude vectors. It has
been shown that, RVGA outperforms all the aforementioned sub-optimal AS algorithms in different antenna sub-set scenarios.
More recently, a genetic antenna selection (GAS) algorithm was introduced in38 for Massive MIMO systems given the channel
estimation error (CEE) at the receiver side.
The authors in21 use a Binary Particle Swarm Optimization variant (BPSO) for solving the AS problem. The authors improve

the original BPSO by tailoring it specifically for the AS problem and they increase convergence speed. The same authors in22

extend the AS problem by solving the real-time joint user scheduling and receive antenna selection (JUSRAS) in multiuser
MIMO systems. Additionally, they also apply the sameBPSO algorithm. Binary PSO is also applied in23 for a cross layer antenna
selection optimization problem. More specificality, the authors truncated selective repeat automatic repeat request (TSR-ARQ)
at data link layer, for increasing the MIMO system throughput, thus the throughput of the data-link layer is the fitness value of
the BPSO algorithm.
The BBO algorithm was introduced in24. Since then there has been a growing research interest in producing improved mod-

ifications of the original algorithm and in applying the BBO and its variants to real-world engineering problems. The original
algorithm uses a linear migration model. The author in39 studies the performance of six different migration models using test
functions. The author concludes that sinusoidal migration curves obtained the best performance. Moreover, the authors in25

complete the previous works by mathematically analyzing the BBO migration model. This mathematical analysis helps them to
introduce two new non-linear models, namely model 7 (BBO7) and model 8 (BBO8). The authors perform several simulations
on benchmark functions and compare different BBO migration models as well as other EAs.
Moreover, the application of the original BBO algorithm to Yagi-Uda antenna design is investigated by the authors in26. The

authors in27 present a modified BBO (MBBO) algorithm, which is used for designing circular microstrip antennas. Additionally,
the authors in28 design rectangular microstrip antennas with the original BBO algorithm. Linear and circular array design
using the original BBO algorithm is presented in31. Additionally, the authors in32 use BBO for obtaining the suitable antenna
amplitudes in a linear antenna array. The application of the original BBO to antenna array design with a reduced number of
elements is reported in29. Furthermore, in30 the authors use the original BBO as well as BBO with other migration models in
order to design large antenna thinned array design.

3 MIMO SYSTEMMODEL

We consider MIMO system that uses spatial multiplexing in a frequency non-selective fading wireless channel. This MIMO
system has KT antennas for transmission and KR antennas for reception. Then, the complex KR × 1 signal vector y can be
expressed with the following form:

y =

√

Ex
NT

Hx + z (1)

where x = [x1, x2, . . . , xKT
]T is the complexKT ×1 transmitted symbol vector,Ex is the constant signal energy of each trans-

mitted signal xi, which is transmitted from the i-th transmit antenna. Additionally, H is the KR ×KT channel matrix, where the
element ℎkm stands for the link gain from between the k-th transmit antenna to them-th receive antenna. This link gain is assumed
to be a zero-mean and unit variance (i.i.d) complex Gaussian random variable. Moreover, z = [z1, z2, ..., zKR

]T represents the
KR × 1 white complex Gaussian noise vector with zero-mean and covariance matrix N0IKR

, where IKR
is a KR × KR identity

matrix.
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FIGURE 1 A typical MIMO system model which includes antenna selection.

We make the following assumptions: the CSI is available at the receive side only and the transmitted complex vector x is
statistically independent, i.e.,E

{

xxH
}

= IKT
, whereE {}is the expected value operator. Thus, the capacity of the deterministic

MIMO channel can be represented by4,2:

C = log2 det
(

INT
+

Ex
KTN0

HHH
)

(2)

where det () and ()H are the determinant and the Hermitian operator, respectively. Equation (2) is applicable when KR ≥ KT
3.

Figure 1 presents a typical topology for a MIMO system. Suppose that there are LT and LR RF chains at the transmit and
receive sides respectively, LT ≤ KT andLR ≤ KR. Thus, the primary objective in the antenna selection problem is to select the
optimal antenna subset That is to select LT out ofKT antennas at the transmitter side and LR out ofKR antennas at the receiver
side, in order to maximize the capacity expressed by4:

C = log2 det
(

ILT
+

Ex
LTN0

H
H
H
)

(3)

where H denotes a LR × LT sub-block matrix of H. Taking into account that, for a MIMO wireless system with KT × KR
antennas there will be Kselect different possibilities of selection of (LR, LT ) antennas in operation given by:

Kselect = CKT ,LT × CKR,LR =
(

KT
LT

)

×
(

KR
LR

)

(4)

The AS optimization problem is therefore expressed by:

maxC (b) = log2 det
(

ILT
+

Ex
LTN0

H
H
(b)H (b)

)

(5)

where b = [b1, b2, . . . , bKR
, bNR+1

, . . . , bKR+KT
] is a KT + KR binary vector. If bi = 1 then the antenna in position i is

selected to transmit or receive depending on the position, otherwise the antenna does not operate. In case of a large antenna
number like in Massive MIMO, using the ES method is a compute-intensive application and thus not practical.

4 THE ANTENNA SELECTION ALGORITHMS

4.1 The ACO algorithm
Ant colony optimization (ACO)34,35 is a global optimization algorithm that is based on ants’ behavior. The ants communicate
with each other using chemical pheromone trails. By following these trails the ants can find short paths between their nest and
possible food sources. Thus, the ants sensing of pheromone is done the following way. The ants select to follow trails with strong
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pheromone intensities. That way they tend to follow the shorter paths than the longer ones. ACO algorithm models this type of
behavior and is widely used for solving combinatorial optimization problems.

4.2 The RVGA algorithm
The RVGA introduced in18 is a real-valued genetic algorithm that uses the operators of mutation, crossover and selection. In
RVGA each chromosome is a real number. Two random chromosomes are selected from the current population based on a
selection strategy. Then, crossover is applied to get features from both original parents to produce a child chromosome. The
crossover operator application depends on predetermined crossover probability. In a similar way, the new generated child may
mutate based on a predefined mutation probability.

4.3 The BBO algorithm
BBO24 uses the mathematical models of Biogeography for predicting animal migration patterns. These patterns help in
estimating the number of species in a habitat. In BBO terminology, a geographically isolated area is called a habitat.
BBO maps a habitat suitability index (HSI) value to each habitat. BBO models these features as suitability index variables
(SIV ). The SIV s are the unknowns in a optimization problem, while HSI is objective function value. Therefore, we
can model in BBO each potential solution to the antenna selection as a binary string of SIV variables. For the case of
the antenna selection problem, the number of dimensions becomes KT + KR and the vector of the unknown variables is
h = [SIV1, SIV2, . . . , SIVKR

, SIVKR+1
, . . . , SIVKR+KT

]. In the antenna selection problem, vector h denotes the priority
magnitude vector (PMV ), which is related with KR receive and KT transmit antennas. A binary string is used to model each
habitat. The SIV s that have a binary value of one represent the higher priority for selection of the corresponding antenna ele-
ment. Therefore, H contains the rows with the LR larger values out of the first KR elements in PMV . Moreover, H contains
the columns of the LT larger values out of the last KT elements in PMV .
TheHSI value of a habitat or vector is the objective function value. Therefore, vectors that have highHSI values represent

the solutions with high channel capacity value. The emigration rate of these solutions is high because they have a large number
of species, while the immigration rate � is low. On the other hand, the bad solution vectors have low HSI value (low channel
capacity). Thus, this means that they have low emigration  and high immigration � rates, respectively.
The immigration rate � and emigration rate  , for the linear model, are expressed by24:

 k = E
(

k
Qmax

)

(6)

�k = I
(

1 − k
Qmax

)

(7)

where E is the maximum possible emigration rate, k is the species number of the k-th habitat, Qmax is the maximum number
of species and I is the maximum possible immigration rate. The immigration rate � and emigration rate  are linear functions
of the number of species k in the habitat, as it can be seen from the equations 6 and 7. Figure 2 depicts this relationship in a
graphic manner. Thus, if the the number of species in a habitat increases then the immigration rate linearly decreases, while the
emigration rate linearly increases. This means that when themore crowed the habitat becomes the fewer species can be successful
immigrants to that habitat. On the other hand, in this case more species are more probable to leave the habitat to other habitats.
However, as it reported in39, the linear models are a simple approximation of complicated phenomena in Nature like migration.
This fact creates the need for nonlinear migration models in order to model more accurately the migration phenomenon. The
authors in25 propose two new non-linear migration models. They have conducted a theoretical analysis of BBO where they

define the quantity K =

NP
∑

n=1

n
∑

m=1
 m

NP
NP
∑

m=1
 m

. According to them, a BBO algorithm with large K may perform better. Therefore, they have

designed the new non-linear models based on the above principle. It must be noted that immigration rate � is the same in both
models and is a sinusoidal functions of the number of species k, thus obtaining resulting in a bell-like shape. This type of model
describes better the natural phenomena in a habitat. The emigration rate  is different in both models and it a convex function
of the number of species k. For the non-linear models, called model 7 (BBO7) and model 8 (BBO8), the emigration rate  and
the immigration rate � are described by25:
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FIGURE 2Migration Model 3:Habitat index vs migration rates for population sizeNP = 80

1) Model 7

 k = E
(

k
Qmax

)4

, �k =
I
2

(

cos
(

k�
Qmax

)

+ 1
)

(8)

2) Model 8

 k = E
(

k
Qmax

)16

, �k =
I
2

(

cos
(

k�
Qmax

)

+ 1
)

(9)

Figures 3-4 depict graphically the relationship between habitat index and migration rates for models 7 and 8 respectively. The
migration forNP PMV s can be described as follows in Algorithm 1.

Algorithm 1 PMV migration
1: for n=1 toNP do
2: Choose PMVn using probability that depends on �n
3: if random(0, 1) < �n then
4: for m=1 toNP do
5: Choose PMVm using probability that depends on  m
6: if random(0, 1) <  m then
7: Choose a SIV � from Xm randomly
8: Choose a SIV in PMVn randomly to replace it with �
9: end if
10: end for
11: end if
12: end for
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FIGURE 3Migration Model 7:Habitat index vs migration rates for population sizeNP = 80

FIGURE 4Migration Model 8:Habitat index vs migration rates for population sizeNP = 80

The PMVi and PMVj in the algorithm 1 represent PMV s i and j respectively. In the BBO algorithm, the migration is not
the only mechanism that is used in order to modify existing solutions i.e., habitats, but a mutation operator exists as well. A
possible solution Q has a mutation rate m, which is a function of the solution probability, which is expressed as24:

m (Q) = mmax

(1 − Pq
Pmax

)

(10)
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where Pq is the probability a habitat contains Q species; Pmax is the maximum Pq value over all q ∈ [1, Qmax], and mmax is a
user-defined parameter. The goal of the mutation operator is to make the population more diverse. If there was not a mutation
operator, then the algorithm would favor the most probable solutions to become predominant among the other vectors in the
population, thus reducing diversity. With this mutation operator the low HSI (low fitness) solutions are more probable likely to
mutate, thus they could be improved. Moreover, the good high HSI solutions also probable to mutate and to improve further.
The mutation procedure can be described in Algorithm 2. Simon in24 describes how Pq is varied from time t to time t + Δtas:

Pq(t + Δt) = Pq(t)
(

1 − �qΔt − �qΔt
)

+ Pq−1(t)�q−1Δt + Pq+1(t)�q+1Δt (11)

If consider the limit of Δt→ 0 in 11 then we get the following expression24

Ṗk =

⎧

⎪

⎨

⎪

⎩

−
(

�0 +  0
)

P0 +  1P1, k = 0
−
(

�k +  k
)

Pk +  k+1Pk+1 + �k−1Pk−1 , 1 ≤ k ≤ Qmax − 1
−
(

�Qmax +  Qmax
)

PQmax + �Qmax−1PQmax−1 , k = Qmax

(12)

Algorithm 2 PMV mutation
1: for n=1 toNP do
2: Calculate the probability Pn
3: Choose the SIV PMV n

k using probability that depends on Pn
4: if random(0, 1) < mn then
5: Generate randomly a SIV and then replace PMV n

k
6: end if
7: end for

where PMV n
k denotes the k-th SIV of the n-th PMV . The concept of elitism is also used in BBO. This requires the setting

of an additional control parameter the number of elites, which is usually called p. In particular, in each generation we select the
p best solutions and these survive to the next generation. The steps in the BBO antenna selection algorithm are summarized as
follows:

• Step 1: Set the BBO control parameters. Set the maximum number of generations Gmax. Moreover, generate a random
population from a uniform distribution that containsNP and PMV vectors.NP denotes the population size. Each PMV
vector consists of KR, it receive SIV s and it transmits KT SIV s. Thus, each PMV vector contains (KR + KT ) SIV s.
As mentioned before, each SIV value follows the bit representation. At that time, the full matrix ofNP × (KR +KT ) is
generated.

• Step 2: Compute the cost function values for each PMV vector of the population, as stated by equation (3).

• Step 3: For each PMV vector of the population, map the capacity value to the number of speciesQ, the immigration rate
�k and the emigration rate  k, from equations (6)-(9) depending on the migration model selected.

• Step 4: Employ migration only for non-elite habitats (PMV vectors) according to Algorithm 1.

• Step 5: Update the species count probability by applying24:

• Step 6: Apply equation (10) to mutate the no elite habitats.

• Step 7: Sort the population members according to the value of the cost function (capacity) in a descending order.

• Step 8: Replace the p worst PMV values with the previous generation elites.

• Step 9: Goto step 3 if current generation is less than Gmax.

Then select the PMV vector with the best cost function value. After that, the antennas corresponding to the LR highest receive
SIV s and the LT highest transmit SIV s are chosen as the desired antenna subset. Figure 5 shows the flowchart of the BBO
algorithm. More information about the BBO algorithm are found in40,24.
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FIGURE 5 The BBO algorithm flowchart for the antenna selection problem.

5 EVALUATION AND SIMULATION RESULTS

This section presents the evaluation set-up and the simulation results. We consider a 16 × 16 MIMO system. We apply the
original BBO, BBO7 and BBO8 to the channel capacity maximization problem. Moreover, we compare them with RVGA18

and ACO. The fitness function selected is that given by (5). We assume four antenna selection scenarios,
(

LT , LR
)

=
{(2, 4) , (3, 5) , (4, 6) , (8, 8)} for five different SNR values.
In BBO algorithms, for both migration models we select the following values for the control parameters. We set P mod = 1,

mmax = 0.005, and I = 1, E = 1. For the RVGA we adopt from18,19 the values for the crossover probability pc = 0.5 and
the mutation probability pm = 0.09. For ACO we set, the initial pheromone value �0 = 10−6, the pheromone update constant
Q = 20, the exploration constant q0 = 1, the global pheromone decay rate �g = 0.9, the local pheromone decay rate �l = 0.5,
the pheromone sensitivity � = 1 and the visibility sensitivity is � = 5. Moreover, for all the algorithms, we set the population
sizeNP , the maximum number of generations G, and the elitism parameter p same as in18,19. These values areNP = 80, G =
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{12, 25, 40} for (LT , LR) = {(2, 4), (3, 5), (4, 6)}, respectively and p = 4. For the last scenario, (LT , LR) = (8, 8), we select
NP = 80, G = 50 and p = 4.
We run Monte-Carlo simulations using 10, 000 channel realizations in total. In order to compare the algorithms performance,

we calculate the mean/ergodic capacity and the outage capacity. Additionally, we will examine the dispersion of values of each
algorithm presented graphically using box plots. The final comparison of the numerical results is based on non-parametric
statistical tests.

TABLE 1 Comparative results of Ergodic capacity with different SNR values for different (LT , LR) combinations. The larger
values are denoted with bold font.

(LT , LR) = (2, 4)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 5.121 5.146 5.035 5.051 4.824

5 8.052 8.078 7.938 7.969 7.656

10 11.218 11.261 11.128 11.154 10.501

15 14.501 14.557 14.412 14.449 14.209

20 17.827 17.866 17.714 17.749 17.285

(LT , LR) = (3, 5)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 6.333 6.355 6.245 6.261 5.703

5 10.494 10.483 10.367 10.383 9.904

10 15.163 15.165 15.016 15.042 14.493

15 20.012 20.049 19.894 19.923 18.827

20 24.972 24.996 24.831 24.872 24.203

(LT , LR) = (4, 6)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 7.338 7.319 7.244 7.283 6.611

5 12.581 12.555 12.456 12.479 11.454

10 18.647 18.638 18.525 18.547 17.029

15 25.102 25.107 24.956 25.009 24.084

20 31.668 31.68 31.528 31.575 30.073

(LT , LR) = (8, 8)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 9.097 9.093 9.005 9.084 8.507

5 16.991 16.966 16.816 16.932 15.992

10 27.401 27.371 27.124 27.265 25.811

15 39.424 39.383 39.084 39.2 37.682

20 52.168 52.105 51.756 52.024 50.123

Tables 1 shows Ergodic capacity values obtained by all algorithms. Additionally, Table 2 summarizes the algorithms compar-
ative results. More specifically Table 2 reports the number of times that each algorithm ranked first in terms of ergodic capacity
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TABLE 2 Comparative results of algorithms ranking first. Ergodic capacity with different SNR values for different (LT , LR)
combinations.

SNR (dB) BBO7 BBO8 BBO RVGA ACO
0 2 2 0 0 0
5 3 1 0 0 0
10 2 2 0 0 0
15 1 3 0 0 0
20 1 3 0 0 0
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FIGURE 6 Ergodic capacity versus SNR for different (LT , LR) combinations. The insets show graph details.

values. The obtained results are for five different SNR values starting from 0 dB to 20 dB with step 5 dB, and four different
transmit-receive antenna scenarios. It can be clearly seen from Tables 1 that, BBO8 and BBO7 perform better among the other
evolutionary algorithms. We notice that BBO8 exceeds the performance of the other algorithms in 11 out of the 20 cases, while
BB07 achieves the best value in 9 out of the 20 cases. More specifically, BBO8 is superior to the other algorithms for the first
two cases: (LT , LR) = (2, 4) and (LT , LR) = (3, 5), while BBO7 is slightly inferior. In the other two scenarios (LT , LR) = (4, 6)
and (LT , LR) = (8, 8), BBO7 obtains the solution with the highest capacity value, while BBO8 is second best. For the remain-
ing algorithms, we should mention that RVGA competes the original BBO with the linear model in each scenario, resulting
in slightly better performance. Moreover, ACO is inferior for this problem. In Figures 6 and 7, the ergodic capacity is plotted
versus the SNR for all algorithms. We notice from Figure 6 that BBO8 and BBO7 results are close. For most of the cases
BBO8 is better, while the RVGA results are close to these of the two BBO non-linear models and almost overlaps with the oth-
ers. The BBO8 and BBO7 results are slightly inferior to the ES. Moreover from Figure 7 and Table 1, it is obvious that BBO7
outperforms the other algorithms. In both figures the ES obtains always the best results.
Figures 8-11 show the complimentary cumulative distribution functions (CCDFs) for the four different cases: (LT , LR) =

{(2, 4), (3, 5), (4, 6), (8, 8)}with SNR = 10dB. In all Figures the ES presents the best results. BBO8 and BBO7 are close to that
performance. From Figure 8 we notice that BBO8 and BBO7 clearly are superior to the RVGA and the original BBO. The RVGA
and the original BBO results are very close. The same picture is also the case in Figure 9 where BBO8 and BBO7 outperform
the other algorithms. Moreover, it is evident from Figure 10 that the non-linear models obtain performance very close to that
of the ES. The original BBO and the RVGA plots almost overlap. Additionally, Figure 11 shows that RVGA and the original
BBO are slightly inferior to the BBO7 and BBO8. Overall, it is obvious that, BBO8 and BBO7 performance is superior to the
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FIGURE 8 CDFs of capacities for (LT , LR) = (2, 4) at SNR = 10dB.

other algorithms. In the first two cases, BBO8 retains its first place in terms of maximum capacity value, while BBO7 is the
best algorithm according to the more complex cases, i.e., (LT , LR) = {(4, 6), (8, 8)}. Moreover, the other EAs performance is
similar to that of Figure 8. The ACO performance is the worst among the other algorithms in all cases.
Table 3 reports the 1% probability of capacity outage results. Moreover, Table 4 reports the comparative results of algorithms

ranking first for the 1% outage capacity case. In this case, BBO7 obtains the best results in most of the cases (17 out of 20),
while BBO model 8 performs better in 3 out of the 20 cases. The 1% outage capacity results are also presented graphically in
Figures 12 and 13 (for an SNR range of 0 to 20 dB). We can notice that the outage capacity found using the BBO7 is closer
to the outage capacity offered by the ES regardless of the scenario that is being used. BBO8 is slightly inferior to BBO7, while
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TABLE 3 Comparative results of 1% Outage capacity with different SNR values for different (LT , LR) combinations. The
larger values are denoted with bold font.

(LT , LR) = (2, 4)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 4.43 4.43 4.367 4.319 4.095

5 7.255 7.212 7.106 7.103 6.616

10 10.391 10.369 10.26 10.19 9.599

15 13.647 13.615 13.6 13.501 13.463

20 16.965 17.02 16.858 16.803 16.583

(LT , LR) = (3, 5)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 5.514 5.557 5.426 5.401 5.098

5 9.528 9.412 9.33 9.385 9.1

10 14.096 14.061 13.893 13.923 13.481

15 18.906 18.876 18.737 18.668 17.74

20 23.885 23.837 23.712 23.682 23.233

(LT , LR) = (4, 6)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 6.453 6.383 6.365 6.357 5.606

5 11.414 11.433 11.293 11.2 10.086

10 17.378 17.2 17.273 17.206 15.693

15 23.815 23.714 23.671 23.6 22.906

20 30.292 30.263 30.146 30.128 28.699

(LT , LR) = (8, 8)

SNR (dB) BBO7 BBO8 BBO RVGA ACO

0 8.116 8.079 7.985 8.082 7.534

5 15.563 15.529 15.435 15.443 14.642

10 25.421 25.368 25.04 25.313 24.08

15 37.245 37.128 36.853 36.853 35.79

20 49.95 49.75 49.561 49.477 48.075

TABLE 4Comparative results of algorithms ranking first. 1%Outage capacity with differentSNR values for different (LT , LR)
combinations.

SNR (dB) BBO7 BBO8 BBO RVGA ACO
0 3 1 0 0 0
5 3 1 0 0 0
10 4 0 0 0 0
15 4 0 0 0 0
20 3 1 0 0 0
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FIGURE 10 CDFs of capacities for (LT , LR) = (4, 6) at SNR = 10dB.

BBO linear model is in the third place performing slightly better than the RVGA. Additionally, from Figures 12 and 13 it is
obvious that ACO obtains the worst performance.
Figs 14-17 depict the dispersion using box plots for each algorithm at SNR = 10dB. All the algorithms have similar value

spread in each scenario, with the BBO7 and BBO8 achieving a higher median value. BBO7 shows a slightly smaller dispersion
of values compared to BBO8. The original BBO and the RVGA seem to obtain similar median capacity values. It is interesting
to note that the value of the spread seems to be independent of the number of antennas and shows the performance differences
between the algorithms.
It is worth mentioning that in all cases the BBO algorithm with the non-linear models obtains the best results. A possible

explanation of this is attached to the the unique BBO features. In particular, BBO has a unique way for sharing information
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among different individuals that does not exist in other algorithms like RVGA and ACO. For example, contrary to the RVGA
and ACO, BBO uses the migration model in order to change and improve the population from one generation to the next, where
the HSI value of each vector determines the emigration and the immigration rates. Thus, in BBO the sharing mechanism
among the population vectors is the migration models. This sharing mechanism through migration helps BBO to have a good
exploitation ability. Moreover, it seems that the use of the non-linear models with high K value results in better performance
than the original BBO, as it reported in25. Additionally, BBO works in the discrete space, if the original values are in discrete
space, while RVGAworks in real space. Both migration models have the same immigration rate equation, while their emigration
rate equations are similar. Thus, this could explain the fact that both models results are close.



16 K. Fountoukidis ET AL

0 5 10 15 20
6

10
15
20
25
30
35
40
45
50

SNR (dB)1%
 O

ut
ag

e 
C

ap
ac

ity
 (

bp
s/

H
z)

 

 

BBO7
BBO8
BBO
RVGA
ACO

9.5 10 10.5
24

24.5

25

25.5

26

 

 

L
T
 = 8 L

R
 = 8

FIGURE 13 1% Outage capacity versus SNR for (LT , LR) = (8, 8). The insets show graph details.

10

11

12

13

ACO RVGA BBO BBO7 BBO8

C
ap

ac
ity

 (
bp

s/
H

z)

FIGURE 14 Box plots of capacity values distribution for each algorithm for (LT , LR) = (2, 4) at SNR = 10dB.

5.1 Non-parametric statistical tests
Additionally, in order to compare the algorithms performance we have conducted non-parametric statistical tests. These are the
Friedman test and theWilcoxon signed-rank test, which have been used as a metric for the performance evaluation of EAs41,42,43.
We perform these tests using data from the results reported in Tables 2 and 4. Tables 5 and 6 hold the ranking results for both
tests. It is obvious that BBO7 algorithm ranked first and outperforms the other algorithms.
In order to examine if BB07 actually outperforms the other methods, we set the significant level for the Wilcoxon signed-

rank test to 0.05. In Table 6, all the p-values found (shown in bold font) are below the significance level (0.05) for the case of
BB07 vs. the other methods. Therefore, the null hypothesis can be rejected and we can accept that a significant difference exists
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FIGURE 16 Box plots of capacity values distribution for each algorithm for (LT , LR) = (4, 6) at SNR = 10dB.

between BBO7 and the other methods. Thus, BBO7 is proven to be significantly better than BBO8, the original BBO algorithm,
RVGA and ACO.

5.2 Complexity of the BBO-AS algorithm
It is also useful to comment on the complexity of the algorithms that affects implementation. We have used similar imple-
mentations for all algorithms as in24, thus every algorithm uses elitism and sorts population from best to worst at the end of
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TABLE 5 Average Rankings achieved by Friedman test.

Method Average Rank Normalized values Rank
BBO7 1.35 1 1
BBO8 1.71 1.27 2
BBO 3.6 2.67 4
RVGA 3.34 2.47 3
ACO 5 3.7 5

TABLE 6Wilcoxon signed-rank test between BBO7 and the other algorithms. The bold font indicates values below significant
level.

BBO7 vs p-values
BBO8 0.0346
BBO 2.05E-08
RVGA 2.51E-08
ACO 1.16E-08

each iteration. Therefore, the time complexity of all used algorithms is the same. The BBO time complexity at each iteration
is (NP 2K + NPg), where g is the time complexity of the cost function, and K is the problem dimension. The time com-
plexity of each objective function evaluation is 

(

LRL2T
)18, which contains a matrix multiplication of an LT × LR matrix

with an LR × LT matrix. Therefore, the overall complexity of the BBO algorithm in the AS problem at each iteration is
(NP 2

(

KR +KT
)

+NPLRL2T ). The computational complexity for the ES is far greater than the one produced by the BBO,
since it examines all the possible antenna subset combinations. Namely, we have 2184 × 102, 2446 × 103 , 1457 × 104 and
1656×105 different antenna subset combinations for each scenario: (LT , LR) = {(2, 4), (3, 5), (4, 6), (8, 8)} respectively. On the
other hand, the number of objective-function evaluations for each algorithm is the same, given by the product NP × G, This
translates to 960, 2000, 3200 and 4000 antenna subsets for each scenario: (LT , LR) = {(2, 4), (3, 5), (4, 6), (8, 8)} respectively,
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in order to execute the capacity calculations. Bearing that in mind, ES is a time consuming method with increased computa-
tional complexity, which is impractical for complex problems. The BBO algorithm could be hardware implemented for real-time
applications as it is reported in44.

6 CONCLUSION

In this paper, we proposed the application of the BBO algorithm in the problem of joint transmit/receive antenna selection
in MIMO wireless systems. We have evaluated the original BBO algorithm performance as well as its different migration
models with other evolutionary algorithms using the capacity maximization criterion. The simulation results showed that, in
terms of ergodic capacity, and for low computational complexity scenarios, i.e., (LT , LR) = (2, 4), (3, 5), the BBO antenna
selection algorithm that uses the migration model 7 outperformed the other EAs, while BBO8 obtained the second best results.
Additionally, for higher computational complexity scenarios, i.e., (LT , LR) = (4, 6), (8, 8), BBO7 obtained results with the
highest ergodic capacity value. Furthermore, with regard to 1% outage capacity, BBO7 was much closer to the ES methods
results of several combinations (LT, LR) of transmit and receive antennas and outperformed BBO8 in all scenarios. Both non-
linear migration models outperformed the original BBO linear model. In accordance with the previous analysis, it is evident
that, with its overall performance, BBO migration model 7 fulfils the AS criterion for the maximization of the MIMO channel
capacity, especially for high computational complexity cases of operating antennas in the transceiver. n our future work, we will
examine massive MIMO scenarios and evaluate how the performance of BBO migration models is scaled.
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