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Research Progress of Dynamic Multi-objective Optimization Evolutionary Algorithm
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Abstract Dynamic multi-objective optimization problems (DMOPs) have become a research focus on the engineering optim-
ization, the objective function, constraint functions and related parameters are likely to be changing over time, How to make
rapid response to new environment changes by using the historical optimal solution is the key and difficulty of designing dy-
namic multi-objective optimization evolutionary algorithm (DMOEA). Based on the introduction to DMOEA, this paper ana-
lyzes the main research progress of DMOEA based on individual and population level environmental response strategy and
multi-strategy mixing in recent years, introduces the performance test function, evaluation index and application of DMOEA in
the field of engineering optimization, analyzes the main problems still faced in DMOEA research and giving an outlook to the
future research.
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Fig.3 Framework for multi-population methods with scheduling in dynamic environments
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