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Design and Analysis of Test Problems
for Multi-Objective Evolutionary Algorithms

CHENG Peng, ZHANG Zi-li
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Abstract In order to test and evaluate the performance of Multi-Objective Evolutionary Algorithm(MOEA), multi-objective optimization test
problems are suggested in this paper on the following perspectives: constrained condition, uniform representation of Pareto-optimal solutions and
hindrance to reach the global Pareto-optimal front. NSGA-  is used to make experiments on these test problems and the non-dominated fronts are
visualized. Test results show that these problems can test the algorithm’s performance effectively in above three aspects.
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