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Salp Swarm Algorithm with Random Inertia Weight and Differential Mutation Operator
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Abstract After analyzing and summarizing the related research achievements of particle swarm optimization (PSO) and differen-
tial evolution (DE) algorithms, this paper proposes an improved salp swarm algorithm (iSSA) with random inertia weight and
differential mutation operator for enhancing the convergence rate, computational accuracy and global optimization of SSA algo-
rithm. Firstly,the random inertia weight of particle swarm optimization is introduced in the followers’ position update equation of
SSA algorithm in order to enhance and balance the exploration and exploitation ability of SSA algorithm. Secondly ., the leader po-
sition update of SSA algorithm is replaced with the mutation operator of differential evolution algorithm DE, which is used to im-
prove the convergence rate and computational accuracy of SSA algorithm. For the purpose of checking the improvement effect on
SSA algorithm by the random inertia weight and differential mutation operator, simulation experiments on some high-dimension
benchmark functions are performed and comparisons between the proposed iSSA and two typical improved SSA algorithms named
by enhanced salp swarm algorithm (ESSA) and crazy and adaptive salp swarm algorithm (CASSA) are performed. The experi-
mental results and analysis show that,the proposed iSSA with random inertia weight and differential mutation operator obviously
improves the convergence rate,computational accuracy and global optimization when compared with two typical improved ESSA
and CASSA algorithms in the case of no any increase in the time complexity of SSA algorithm.

Keywords Salp swarm algorithm,Swarm intelligence, Particle swarm optimization, Random inertia weight, Differential evolution,

Mutation operator
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Table 1 Benchmark functions
Name Number Search Range Minimum

Sphere 1 [—100,100] 0
Rosenbrock 2 [—30,30] 0
Step 3 [—100,100] 0
Quartic 4 [—1.28,1.28] 0

Schwefel 5 [—500,500] —418.9829D
Ackley 6 [—32.768,32.768] 0
Rastrigin 7 [—5.12,5.12] 0
Griewank 8 [—600,600] 0
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Table 3 Improvement effect on SSA algorithm
SSA SSAsiw
Function
Number Average Sm‘?dérd Average Star_lda,rd
Deviation Deviation
1 2.50 1.97 1L17x10 0 2.85x10 10
2 1.77X10° 1.58%10° 7.84X 10 3.99X10
3 3.11 2.21 0 0
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Table 5 Experimental results of proposed iSSA algorithm and
CASSA algorithm
Function Algorithm Best Average Star.lda.rd
Deviation
F, CASSA 2.07x10° %  2.92x10" % 5.25%x10 9
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