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Survey of medical image segmentation based on swarm

intelligence optimization algorithm

Liu Gang, Chen Hua, Yang Fan
(Key Laboratory of Measurement Technology and Instrumentation of Hebei Province,
Yanshan University, Qinhuangdao 066004 )
Abstract

Medical image is the basis of medical image analysis, and segmentation is the key step of the study. With the
rapid development of intelligent technology, more and more people apply intelligent optimization algorithms to medi-
cal image segmentation. Among them, swarm intelligence optimization algorithm is a hot topic. The swarm intelli-
gence optimization algorithm refers to a new algorithm for the group living habits in the simulated biological system,
which is proposed based on the complex social behavior of the insects and animals living in the human reference
group. This paper mainly introduces several optimization algorithms, including particle swarm optimization ( PSO) ,
firefly worm algorithm (FA), cuckoo search (CS) and bat algorithm (BA), and their applications in medical im-
age segmentation, which will help the scholars to communicate and study in the future.

Key words: medical image segmentation, swarm intelligence optimization, particle swarm optimization

(PSO) , firefly algorithm (FA) ,cuckoo search (CS) ,bat algorithm (BA)
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