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Searching for Rabust Pareto Optimal Solutions for MOPs with MOEA
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Abstract:  Searching for robus Pareto optimal solutions isone of the mos important fields in the research of multr objective
evoluionary algorithm (MOEA) . Recently, both traditional MOEA and EFFF MOEA which optimize “ original objective function’
and “ effective objective function” respectively easily lose some kinds of solutions. In order to solve this deficiency, we defined a
new robus Pareto optimal solution and proposed a novel M OEA named as MOEA/R, which converts a multt objective robust optr
mization problem (M ROP) into a br objective optimization problem. Each of the two objectives represents a sub MOP, one optr
mizes soluion’ s quality and the other optimizes s lutior’ s robustness. Through the comparison and analysis between MOEA/R, NS
GA Il and Eff MOEA, the experimental results demonstrate that MOEA/R can acquire go od purposes. The most important contrr
bution of this paper is that MOEA/R explores a novel methodology for searching robust Pareto optimal solutions.
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