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Abstract: In order to improve the performance of Grasshopper Optimization Algorithm (GOA) in solving multi-objective
problems, a Hybrid Multi-objective Grasshopper Optimization Algorithm (HMOGOA) based on fusion of multiple strategies
was proposed. First, the Halton sequence was used to establish the initial population to ensure that the population had an
uniform distribution and high diversity in the initial stage. Then, the differential mutation operator was applied to guide the
population mutation, so as to promote the population to move to the elite individuals and extend the search range of
optimization. Finally, the adaptive weight factor was used to adjust the global exploration ability and local optimization
ability of the algorithm dynamically according to the status of population optimization, so as to improve the optimization
efficiency and the solution set quality. With seven typical functions selected for experiments and tests, HMOGOA were
compared with algorithms such as multi-objective grasshopper optimization, Multi-Objective Particle Swarm Optimization
(MOPSO) , Multi-Objective Evolutionary Algorithm based on Decomposition (MOEA/D) and Non-dominated Sorting Genetic
Algorithm II (NSGA II ). Experimental results indicate that compared with the above algorithms, HMOGOA avoids falling
into local optimum, makes the distribution of the solution set significantly more uniform and broader, and has greater
convergence accuracy and stability.
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based on differential evolution operators
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Mean 6.06E-05 1.03E-02 1.89E-02 7.44E-03 5.63E-03
ZTd Var  3.06E-11 3.42E-05 3.87E-05 9.28E-05 4.63E-06
Mean 1.74E-03 3.35E-03 2.78E-03 3.66E-03 2.93E-03
UFs Var  8.55E-09 4.37E-07 1.20E-07 5.55E-06 2.75E-07
UKo Mean 2.21E-03 3.38E-03 2.03E-03 2.42E-03 2.72E-03
Var 1.04E-08 2.97E-07 3.86E-07 2.29E-06 1.98E-06
UF10 Mean 2.71E-03 5.20E-03 4.15E-03 1.04E-02 4.80E-03
Var 9.21E-08 7.51E-03 1.68E-05 2.19E-05 1.55E-06
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Tab. 2 Results of A

Wik it ik
K% &  HMOGOA MOGOA  MOPSO MOEA/D NSGA Il
Mean 5.64E-01 1.06E+00 8.24E-01 1.06E+00 9.03E-01
ZbTl Var 1.54E-03 2.27E-02 8.22E-03 2.06E-03 6.52E-02
JDT2 Mean 5.67E-01 1.08E+00 9.69E-01 1.08E+00 1.05E+00
Var 1. 11E-03 1.29E-02 9.26E-02 4.80E-03 6.08E-02
7DT3 Mean 8.03E-01 1.14E+00 1.11E+00 1.33E+00 8.53E-01
Var 5.27E-04 1.02E-02 3.05E-02 8.22E-03 1.01E-03
Mean 6.02E-01 1.08E+00 1.06E+00 1.08E+00 1.22E+00
ZTd Var 2.29E-03 4.08E-03 5.17E-02 3.38E-03 5.85E-02
UFs Mean 6.82E-01 1.40E+00 7.76E-01 1.21E+00 1.26E+00
Var 2.72E-03 3.46E-03 2.39E-02 7.48E-03 3.51E-02
UF9 Mean 7.32E-01 1.36E+00 9.06E-01 1.14E+00 9.02E-01
Var 5.88E-03 6.29E-03 1.34E-02 1.57E-02 4.28E-03
UF10 Mean 7.50E-01 1.28E+00 8.02E-01 1.25E+00 1.29E+00
ar  4.02E-03 7.51E-03 1.33E-01 2.00E-02 5.02E-02
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Fig. 8 Comparison of Pareto optimal front for some benchmark functions obtained by various algorithms
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