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Expensive Multi—objective Optimization Algorithm Based on
Approximate Boundary and Clustering

ZHANG Feng
(28th Research Institute of China Electronics Technology Group Corporation,Nanjing 210007 ,China)

Abstract; Many engineering optimization problems involve optimizing more than two conflicting objectives at the same time,and the e-
valuation of the objective function is time—consuming. This type of problem is the expensive many —objective optimization problem.
Because the objective space is too large, and only a small number of objective function evaluation times can be used for solving, this
makes the convergence speed of the algorithm slower and it is difficult to maintain good diversity. In addition, many algorithms often
neglect to use the effective information of extreme points to accelerate the algorithm’ s convergence. In order to solve the above
problems, we propose an expensive multi—objective optimization algorithm based on approximate boundaries and clustering on the basis of
a novel many-objective evolutionary algorithm. By using a set of Gaussian processes to approximate the objective function to assist the
algorithm for evaluation,the algorithm also uses extreme points to accelerate convergence and optimize a better candidate population.
Then we further propose to use an evaluation indicator to select some of the most valuable candidate solutions in batches, so that the
algorithm can maintain better convergence and diversity. Finally,through comparative experiments with a number of popular algorithms
for solving expensive many—objective optimization problems,the effectiveness of the algorithm is proved.
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