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Multi-Object Optimization Algorithm Based on Improved Adaptive Clustering
Algorithm

XIE Qian—-wen, HE Li-li
(School of Information Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract: Simultaneous optimization of multiple conflicting goals is called a multi-objective optimization problem. Multi—objective evo-
lutionary algorithms are developed to solve these multi—objective problems. In the iterative process of evolutionary algorithm, the algo-
rithm uses constant crossover factor and mutation factor, which obviously does not meet the characteristics of the iterative evolution of
the population, so it is necessary to adjust the evolution direction of the population according to the convergence of the initial and late
population solutions. At the same time, when using the boundary and cross aggregation algorithm, the clustering algorithm dominated
by 6 only refers to the vertical distance of the weight vector, but the linear distance from the projection point of the weight vector to the
ideal point is not considered, which directly affects the individual. The convergence problem on the Pareto frontier. Using the improved
adaptive population generation strategy to dynamically change the crossover probability and mutation probability, and adjust the evolu-
tion direction according to the current iteration of the population; by increasing the distance between the projection point and the ideal
point and the penalty factor, calculate the individual to the center of aggregation The distance of the individual is randomly selected in
the cluster, which effectively improves the convergence of the algorithm. By testing on the multi—objective problem test sets ZDT and
DTLZ, NSGA-ACM has a better convergence and distribution effect on the solution set.
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