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Abstract In order to increase the speed and performance of parameter decision in cognitive radio system,a cognitive ra-
dio decision engine (HPSO-BLDE) based on hybrid particle swarm optimization and learning differential evolution algo-
rithm was proposed. First, the adaptive mutation mechanism is introduced into the learning differential evolution algo-
rithm, so that each chromosome adaptively varies with individual fitness and average fitness to improve its local optimi-
zation capability. Then,the learning factor of particle swarm optimization algorithm is modified and the perturbation is
added to prevent the premature. The more appropriate transform function is selected to convert the forward and back-
ward velocity to the same probability to update the particle position and improve the precision of the optimal solution,
thus improving the global optimization solution. Finally, the improved binary particle swarm optimization (IBPSO) and
the improved binary differential evolution algorithm (IBLDE) are run in parallel in the cognitive engine model,and the
best individual information of the two algorithms is fused after a fixed number of iterations to obtain the HPSO-BLDE
algorithm. The populations of IBPSO algorithm and IBLDE algorithm have the both advantages, thus the optimal solu-
tion accuracy and convergence speed of the HPSO-BLDE algorithm are enhanced. Parameter decision simulation results
of multi-carrier communication system shows that the IBPSO algorithm, IBLDE algorithm and HPSO-BLDE algorithm
have better performance than hilling genetic algorithm (HGA) ,binary quantum particle swarm algorithm (BQPSO) and
binary learning differential evolution algorithm (BLDE),and HPSO-BLDE algorithm has the best performance among
these algorithms.
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Fig. 3 Fitness curves of three algorithms in low power mode
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Table 3 Optimal fitness values and corresponding iterations for six algorithms in three modes
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FAFI T 6 FHERAEMIFERI R B AR 2 AR 0.0125dbm, & BLDE, BQPSO. HGA., IBPSO A1 IBLDE 43 Jjl]

KPS E B4R, hsE 4 9] IF . HPSO-BLDE 7& 3 #h
T S50 B R T HAM B L . DU IR R 1, %
BT 75 /N & 13 %, HPSO-BLDE 1 3 & &t 2 & h

WL F) 1/35,1/8,1/35,1/2 F1 1/20, 3 H EA B/ B 15 65 %R Al
BREEHE, DL U A SRR R S T fR/ME
)Rk — E B AL B AR, RS T 5 4B B dr



100 B N N = R

2019 4F

F4 6 I RAE 3 AT B S B A5 R X

Table 4 Comparison of parameter configuration results of six algorithms in three modes

BLDE BQPSO HGA IBPSO IBLDE HPSO-BLDE
e % o % /dbm 0.4375 0.1000 0.437 0.0259 0.2500 0.0125
1R HE A& BER 0.0595 0.0710 0.052 0.0934 0.0527 0.0891
vk % /Mbps 4.7810 5.1870 4.500 6 4.5938 5.8750
e % o % /dbm 2.5875 5.2875 12.563 2.6250 1.500 0. 500

gFagX BER 8.2x10 7  7.8X10 0.0029 8.4x10 7 5.6x10 %  4.8x10 "’
% vk % /Mbps 1.4688 1.5313 2.5313 1.5625 1.1250 1.1250
t 3 % /dbm 20.750 8.4000 12.925 14,2875 19.6125 0.9125
% kA R BER 0.0179 0.0486 0.035 0.0299 0.0208 0.0833
% ek % /Mbps 5.870 5.950 5.8750 6.082 6 6.250
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