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Abstract— To support the ever-increasing demand for radio spectrum, the cognitive radio
(CR) is proposed as a solution to dynamically assign the spectrum based on certain observations.
Weighting the coefficients vector is the principal factor influencing the detection performance of
the system in soft-decision fusion (SDF-) based cooperative spectrum sensing. In this paper,
the use of particle swarm optimization (PSO) algorithm as a significant method is proposed to
optimize the weighting coefficients vector. The proposed technique investigates the best weighting
coefficients vector. The performance of the proposed method is analyzed and compared with
genetic algorithm (GA) based technique as well as other conventional SDF schemes through
computer simulations. Simulation results validate the strength of the proposed method compared
to all other SDF-based schemes.
1. INTRODUCTION

Cognitive radio (CR) [1], i.e., radio systems with adaptive intelligence, is attracting researchers
to pass spectrum congestion bottlenecks in order to further increase the spectrum efficiency. In
spite of cost issues, nowadays, communication systems are present everywhere and arising rapidly.
Therefore, to overcome current spectrum paucity problem, they need to take advantage of CR.
Monitoring the radio spectrum at determined times, discovering the occupancy and finally utilizing identified spectrum holes, with negligible interference to licensed users or so called primary
users (PUs), are three main stages in CR. CR receiver within the sharp sensing interval might not
receive the PU transmitted signals due to hidden terminal problem and shadowing effect. Thus, at
a special geographical location the sensing performance will be degraded [2]. This disadvantage is
conquered by cooperative spectrum sensing [3] using CR’s unlicensed users to leave the frequency
band once present PU is detected. Unlicensed users in Cognitive Radio Network (CRN) are called
secondary users (SUs).
Decision on the presence of PU is made by fusion centre (FC) based on the hard decision fusion
(HDF) [3, 4], or soft decision fusion (SDF) [5, 6]. Detection performance of SDF-based schemes
is superior in comparison with HDF-based schemes [7]. In [6], linear soft combination schemes
for cooperative spectrum sensing in CRNs are investigated. In this paper, we focus on a scenario
of cooperative spectrum sensing, in which a linear soft combination of basic measurements from
individual SUs is performed at the fusion center using particle swarm optimization (PSO) algorithm
to evaluate the optimal weighting vector.
2. SYSTEM MODEL

The block diagram of the cooperative spectrum sensing is shown in Figure 1. M numbers of SUs
are acting as relays to amplify and forward (AAF) their individual perception of availability of PU
to a common FC which works as a decision center. Usage of optimal weighting vector in the linear
soft fusion eliminates the need for making a decision about optimal thresholds for each SU.
Each SU individually performs spectrum sensing to detect whether PU is present or absent.
The formulation of binary hypothesis test of the spectrum sensing method is:
Absence → H0 : Xi [n] = Wi [n]
Presence → H1 : Xi [n] = gi S [n] +Wi [n]

(1)

where Xi [n] is the received sampled signal at ith SU and i = 1, 2, . . . , M , n = 1, 2, . . . , K, K is
the total number of samples of the received signal defined by K = 2BTs wherein B and Ts are,
respectively, the bandwidth of the signal and sensing time, gi is the channel gain of ith PU-SU link
S[n] is the PU transmitted signal which is presumed to be independent and identically distributed
(i.i.d.) Gaussian random process with zero mean and variance σS2 , and Wi [n] is additive white
2 . The measurements collected by the
Gaussian noise (AWGN) with zero mean and variance σW
i
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Figure 1: Block diagram of the cooperative spectrum sensing.
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calculated by Zi = K
PR,i hi Xi [n] + Ni [n] is the analogous signal received
n=1 |Ui [n]| and Ui [n] =
at FC wherein PR,i is the transmit power of each SU and hi is the gain of the channel between FC
and ith SU. Ni [n] is assumed to be the AWGN in the SU-FC link with zero mean and variance δi2 ,
and lastly ωi is the weighting coefficient of ith link. Under this frame work, probability of detection
Pd in terms of the targeted probability of false alarm Pf , is concluded as fallows [5]:
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coefficients vector, T indicates the matrix transpose and diag(·) is square diagonal matrix whose
diagonal elements are the elements of a given vector. It is clear that the performance of detection
is highly dependent on ω
~ . Therefore, the optimal weighting vector maximizes Pd in (2). Additional
limitation is necessary to reduce the search space on which PSO works because any real multiple
value of ω
~ can q
be taken as an optimal solution. The ω
~ used in this paper fulfills the circumstances
PM 2
0 < ωi <1 and
i=1 ωi = 1.

3. PARTICLE SWARM OPTIMIZATION-BASED WEIGHTING METHOD

Kennedy and Eberhart introduced PSO algorithm in 1995 [8], which is originally indicated as a
model of social behavior of swarm of fishes and birds. Each particle in PSO algorithm functions
based on its own knowledge as well as the group knowledge and has two main features: position and
velocity. The particles exchange information about their best position among each other during
many iterations.
Maximizing the objective function Pd (~
ω ) in (2) is the goal of this paper and the steps of work
are as follows:
Step 1: Considering the number of particles are N , initialize the algorithm by randomly generating N numbers of ω
~ s =[ω1 ,ω2 , . . . ,ωM ]T : (s = 1, . . . ,N ) in the range of and 1. For simplicity,
(j)
(j)
the position and velocity of particle s at iteration j are represented by ω
~ s and ~vs , respectively.
Particle velocities are initially set to zero.
Step 2: Evaluate the values of the objective function corresponding to initial particle positions
(0)
(0)
(0)
as Pd (~
ω1 )Pd (~
ω2 ), . . . , Pd (~
ωN ).
Step 3: Find the maximum value of the objective function in the step 2 and set its equivalent
particle position as the Pbest,0 . Set the iteration number j = 1.
Step 4: At the jth iteration, find the velocity of the sth particle as follows:
h
i
h
i
~vs(j) =~vs(j−1) +c1 r1 Pbest,j −~
ωs(j−1) +c2 r2 Gbest −~
ωs(j−1)
(3)
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where c1 and c2 are the learning acceleration coefficients used to describe individual and social
contributions of each particle, 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 using:
ω
~ s(j) =~
ωs(j−1) +~vs(j)

(4)
(j)
Pd (~
ω1 ),

Evaluate the values of objective function corresponding to new particle positions as
(j)
(j)
Pd (~
ω2 ), . . . , Pd (~
ωN ).
Step 6: Find 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 is converged to a stable value, stop the process. Otherwise, set the
iteration number as j=j+1 and repeat from step 4.
4. SIMULATION RESULTS

In this work, PSO-based SDF technique is proposed and comprehensively evaluated and compared
with genetic algorithm (GA-) based as well as conventional SDF methods such as normal deflection
coefficient (NDC), modified deflection coefficient (MDC), maximal ratio combining (MRC) and
equal gain combining (EGC). The number of users in CRN is M = 20, the bandwidth is B = 6 MHz,
sensing time Ts = 25 µsec, SU transmit power PR,i = 32 dB, PU transmit power σs2 = 35 dBm, PU2 = 0 dB, SU-FC channel noise δ 2 = 0 dB, number of particles is N = 25 and
SU channel noise σW
i
i
c1 =c2 =2. To realize the excellent performance of the algorithm at low SNR conditions at SU and
FC levels, the values of the {gi } and {hi } are randomly generated in the range of −25 ≤ gi ≤ −15 dB
and −20 ≤ hi ≤ −10 dB, respectively. Since the channel is assumed to be slow fading, {gi } and
{hi } are assumed to be constant during the sensing time. The comparison of convergence between
PSO- and GA-based SDF schemes for a given Pf = 0.25 are shown in Figure 2. This is obvious
that PSO-based technique converges after the 30 iterations while the convergence for GA-based
technique is attained after 44 iterations which imply the fast convergence of the PSO algorithm.
The 32% improvement in convergence of PSO-based technique is observable compared to GA-based
method.
The optimal weights obtained by PSO and GA algorithms in Figure 2 are used to plot the
receiver operating characteristics (ROC) curve shown in Figure 3 which illustrates the probability
of detection of PSO-based and GA-based scheme, as well as all other conventional methods for
different given probabilities of false alarm. It is observable that PSO-based method outperforms
all other methods with a large difference which validates the robustness of our proposed technique.
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Figure 2: Comparison of probability of detection
over 100 iterations for PSO and GA.
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Figure 3: Comparison of probability of detection
vs. probability of false alarm for PSO-assisted, GAassisted and other SDF-based schemes.
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Figure 4: Probability of detection for different number of SUs.

For instance, for the fixed probability of false alarm Pf = 0.1, the probability of detection achieved
by PSO is 97% which is the highest among all.
The effect of different number of cooperative SUs in CRN is also investigated on PSO-based
scheme which is depicted in Figure 4. The detection performance of CRN for 5, 10, 15, and 20
SUs has been evaluated. It is obvious that by increasing the number of cooperative users, the
performance is considerably improved. In fact, when M = 5, the ROC curve becomes closer to
the discrimination line (the line where PU signal and noise cannot be discriminated which is often
used as a bad detection indicator) than that when M = 20. Thus, as M increases, the separation
between the hypotheses H0 and H1 increases and the performance of the ROC curve improves
accordingly.
5. CONCLUSION

The appropriate choice of the weighting coefficients in CRN is a major challenge encountering
cooperative spectrum sensing schemes and hence, methods to optimize these coefficients are crucial
to the system detection performance. An enhanced SDF-based cooperative sensing using PSO
algorithm has been proposed in this work. The proposed method has been expansively examined
and compared with all other traditional techniques such as GA-, NDC- and MRC-based methods.
Simulation results indicate that the proposed method provides higher probability of detection than
those of all other SDF-based schemes with stationary convergence speed.
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