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Abstract— In the diversity concept, the maximal ratio combining (MRC) provides the best
performance if the channel is perfectly estimated. However, channel estimation is scarcely perfect
in practice which degrades the system performance. In this work, a diversity combining technique
based on particle swarm optimization (PSO) algorithm is proposed to optimize the weighting
coefficients vector of the system. Results indicate that the proposed method eliminates the need
for estimating the channel and outperforms the MRC when channel estimation is imperfect.
Nevertheless, it has almost the same performance as MRC when channel is perfectly estimated.
1. INTRODUCTION

Diversity, as an effective solution, is employed to overcome detrimental effects of channel fading
and to improve the reliability of wireless communication systems [1]. In other words, having
received multiple signals from multiple fading channels, diversity techniques are used to derive
the information from received signals and consequently, enhance the received signal-to-noise ratio
(SNR). Maximal ratio combining (MRC), equal gain combining (EGC), and selection combining
(SC) are three commonly used diversity combining methods. The objective of these methods is to
determine a set of weights w
~ = [w1 , w2 , . . . , wM ] to combine the received signals, as illustrated in
Figure 1. The mentioned techniques differ in the selection criteria of this weight vector.
These methods have been expansively investigated in the literature for their functionality in
Rayleigh fading environment. Considering perfect channel estimation, it is shown in [1] that MRC
can be applied to maximize the output SNR and minimize the bit error rate (BER). However,
estimated channel is scarcely perfect in practice which degrades the system performance [2, 3]. The
current enhancements in multiple-input-multiple-output communication systems have attracted the
interests in discovering and diminishing the impact of imperfect channel estimation on diversity
techniques [4–6]. Considering independent and identically distributed (i.i.d.) diversity paths, the
performance of the MRC in Rayleigh fading channel has been examined in [3, 4]. For same scenario,
the SNR distribution is investigated in [5]. In [6], the performance of the MRC in terms of BER
has been studied when independent but not identically distributed (i.n.d.) paths were used. In
this work, a diversity combining technique based on particle swarm optimization (PSO) algorithm
is proposed in which the received signals are weighted based on PSO algorithm. The proposed
PSO-based scheme opts for the best weighting coefficients vector, leading to improved performance
of the system. The channel estimation error is considered as an additional source of noise with
a parameter ρ, which is the normalized estimation error correlation coefficient. It is shown that
the proposed diversity combining method does not require the channel estimation and outperforms
the MRC when channel estimation is imperfect while it has almost the same performance as MRC
when channel is perfectly estimated.
2. SYSTEM MODEL

Information symbols are√ assumed to be binary phase-shift keying (BPSK) modulated where the
random variable S = ± E s presents the transmitted signal points with equal probability and Es

Figure 1: Diversity combining block diagram.
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is the average symbol energy. It is assumed that the channel is frequency nonselective and slowly
fading over the interval of the transmitted symbol. It is also presumed that the signals are received
at M diversity paths at the receiver. The received signal at the ith path is then expressed by
ri = gi S + ni

i = 1, 2, . . . , M

(1)

where gi is the channel gain which is complex and its real and imaginary parts are uncorrelated
and Gaussian distributed, each with zero mean and variance of σg2 . The complex additive white
Gaussian noise (AWGN) random variable is denoted by ni with zero mean and variance σn2 = N20 .
It is assumed that the channel gains gi are identically distributed and uncorrelated at two different
diversity branches. It is also assumed that there is no correlation between gi and ni . The receiver,
then, linearly combines the received signals ri with wi which is the weighting coefficient of the ith
path. The output r of the linear diversity combiner is given by
r=

M
X
i=1

wi ri = S

M
X
i=1

wi gi +

M
X

wi ni

(2)

i=1

Conditioned on the set w
~ = [w1 , w2 , . . . , wM ], the SNR at the output of the combiner (as per the
definition of [3]) is expressed as
¯P
¯2
¯ M
¯
Es ¯ i=1 wi gi ¯
(3)
γs (w)
~ =
PM
2
N0
|w
|
i
i=1
Note that the SNR is greatly depending on wi . As a result, the best possible solution is the
weighting vector which maximizes γs (w)
~ in (3) as an objective function. In the ith diversity path,
let pi be the estimated channel gain and ei be the estimation error with zero mean and variance of
σe2 = σg2 (1 − ρ2 ) where ρ ∈ [0, 1] is the normalized estimation error correlation coefficient. Under
Gaussian-error model, the relationship of gi and pi can be expressed as gi = pi +ei [7]. Based on the
diversity combining rule for MRC method, the weights of the combiner adopt the values wi = p∗i
which, according to Cauchy-Schwartz inequality, maximize (3) if channel is perfectly estimated (i.e.,
ρ = 1). However, since channel is often imperfectly estimated in practice, the MRC is a suboptimal
solution. In the next section, the PSO-based combining technique is described as a breakthrough
to achieve the optimal weight vector w.
~
3. PSO-BASED SOLUTION

PSO algorithm is taken from social behavior of flock of fishes and birds [8]. The behavior of these
social organizations is emulated by PSO algorithm. In the PSO, each solution is referred to as
a ‘particle’. Each particle functions based on its own knowledge as well as group knowledge and
has two primary operators: position and velocity. In this algorithm, each particle in the design
space iteratively tries to find the best position, such as objective function’s maximum value. The
information about the best position is exchanged among the particles during many iterations. This
information enables particles to update their position and velocity to achieve the best position. As
such, after adequate number of iterations, the algorithm converges to the optimal solution of the
objective function. In this section, the objective is to determine the set w
~ which maximizes the
objective function γs (w)
~ in (3). It is helpful to introduce additional constraint to reduce the search
space
~ used in this work satisfies the conditions 0 < wi < 1 and
PM on2 which the PSO works. The w
w
=
1.
The
steps
involved
in
the
PSO algorithm to obtain the optimal weighting vector are
i=1 i
shown in Table 1.
4. SIMULATION RESULTS

In this section, the performance of the proposed PSO-based technique is evaluated and compared
with MRC, EGC and SC methods in two different environments of perfect and imperfect channel
estimation using Monte-Carlo simulation. The average symbol energy is presumed to be Es = 1 and
the variance of the channel gain and AWGN at each dimension are σg2 = σn2 = 0.5. The parameters
for the PSO algorithm are N = 25 and c1 = c2 = 2.
The normalized output SNR of PSO-based combining, MRC, EGC and SC techniques in terms of
different number of diversity paths M in perfect channel estimation condition (ρ = 1) are shown in
Figure 2. As it can be seen, the MRC provides the best SNR gain when channel state information
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Table 1: Steps of the PSO algorithm to achieve optimal weight vector.
Step 1: Start the algorithm by randomly generating N numbers of w
~ s = [w1 , w2 , . . . , wM ] (s =
1, . . . , N ) in the range of 0 and 1 where N is the number of particles. For simplicity, the position
(j)
(j)
and velocity of particle s at iteration j are given by w
~ s and ~vs , respectively. Particle velocities
are initially set to zero.
Step 2: Calculate the values of the objective function for the initial particle positions as
(0)
(0)
(0)
γs (w
~ 1 ), γs (w
~ 2 ), . . . , γs (w
~ N ).
Step 3: Determine the maximum value of the objective function in the step 2 and set its equivalent
particle position as Pbest, 0 . Change the iteration number to j = 1.
Step 4: At the jth iteration, determine
using i
h the velocity of ithe sth particle
h
(j)

(j−1)

~vs = ~vs

(j−1)

+ c1 r1 Pbest, j − w
~s

(j−1)

+ c2 r2 Gbest − w
~s

10

10

9

9

8

8

normalized output SNR, dB

normalized output SNR, dB

where c1 and c2 are the learning acceleration coefficients, r1 and r2 ∼ U (0, 1) are uniformly
distributed random numbers in the range of 0 to 1 which present stochastic components to the
algorithm. Pbest,j is the best value of experienced position of the particles at the jth iteration.
Global best position (Gbest ) is the best value of experienced position among all iterations.
Step 5: Update the sth particle position at the jth iteration as follows:
(j)
(j−1)
(j)
w
~s = w
~s
+ ~vs
(j)
Calculate the values of objective function corresponding to new particle positions as γs (w
~ 1 ),
(j)
(j)
γs (w
~ 2 ), . . . , γs (w
~ N ).
Step 6: Determine the maximum value of the objective function in the step 5 and set its equivalent
particle position as the Pbest,j . If Pbest,j ≥ Gbest , replace Gbest with Pbest,j .
Step 7: If the algorithm converged to a stable value, stop the procedure. Else, change the iteration
number to j = j + 1 and jump to step 4.
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Figure 2: Comparison of normalized output SNR
of PSO-based, MRC, EGC and SC methods when
channel estimation is perfect.
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Figure 3: Comparison of normalized output SNR of
PSO-based and MRC methods when channel estimation is imperfect.

is perfectly known at the receiver. However, the PSO-based solution demonstrates almost the
same SNR improvement as MRC without the need of channel estimation which results in reduced
complexity in the receiver.
Figure 3 shows the comparison between proposed PSO-based and MRC techniques in imperfect
channel estimation environment (ρ = 0). It can be seen that the PSO-based method outperforms
MRC when channel estimation is imperfect. The improvement achieved can be justified by ability
of the PSO algorithm to thoroughly scrutinize the search space and appraise the objective function
in (3) to maximize the output SNR.
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5. CONCLUSION

A PSO-based diversity combining method is proposed to optimize the weighting vector which is
used to combine the received signals at the receiver. Simulation results validate that the proposed
PSO-based method provides higher output SNR gain than that of MRC when channel estimation
is imperfect. On the other hand, in perfect channel estimation environment, the proposed method
yields as much SNR gain as MRC.
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