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Abstract; Many engineering optimization problems need to optimize more than 3 conflicting objectives at the same time,and this type of
problem belongs to many—objective optimization problem. The objective space of many—objective optimization problem is too large, and
many algorithms can only use a small number of population to approximate the results of the problem, which makes it difficult for many
algorithms to maintain better diversity and convergence. In addition, many algorithms often ignore valid information from nadir point to
speed up the algorithm’ s convergence. To solve the above problem,we propose a many-—objective evolutionary algorithm based on ap-
proximate boundary and hierarchical clustering. On the basis of a corner solution method, the corner solutions is used to approximate the
boundary (nadir point) to accelerate the convergence of the algorithm. We further propose the use of hierarchical clustering to select the
next population, thereby enabling the algorithm to maintain better convergence and diversity. Finally,the effectiveness of the proposed al-
gorithm is proved by comparing with many popular algorithms for solving super—multi—objective optimization problems.
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