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Abstract: The single objective and multi-objective optimization methods are usually adopted to seg-
ment the moving objects in community background images. However, these methods can not adapt to
the dynamic change of the objects effectively. In this paper, a dynamic multi-objective optimization
image segmentation method is proposed. The method makes use of the time and environment dynamic
changes as dynamic factors, and takes the advantages of the K-Means and Fuzzy C-Means (FCM)
clustering algorithms to construct the multi-objective function. In addition, the Dynamic Multi-objec-
tive Particle Swarm Optimization (DMPSO) algorithm is also embedded in the method, and back-
ground difference method is used to define environmental change rules to implement dynamic multi-ob-

jective image segmentation. The simulation results based on the DMPSO algorithm are compared with
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that of K-Means and FCM algorithms. The results show that the dynamic multi-objective optimization

has made the Pareto optimal solution set evenly distributed as compared with single target segmenta-

tion algorithm, the accuracy of image segmentation reaches 95% , and the recognition accuracy reaches

90%. For the high recognition capability, the algorithm satisfies the accurate identification of moving

objects under the determined background.

Key words: image segmentation;image clustering; moving object; dynamic multi-objective optimiza-

tion; particle swarm algorithm
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