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Fast local binary fitting optimization approach for image segmentation

LIN Yazhong' |, LI Xin®, ZHANG Huiqi’, LUAN Qinbo’
(1. The 175 Hospital ( Southeast Hospital of Xiamen University) , Zhangzhou Fujian 363000, China,
2. Department of Computer Science, Xiamen University, Xiamen Fujian 361005, China )

Abstract: It is difficult to get the correct segmentation results for the intensity inhomogeneity images, and the
segmentation results are very sensitive to the initial contours. Thus, a fast and stable approach was proposed to overcome these
disadvantages. First, an Adaptive Distance Preserving Level Set ( ADPLS) method was utilized to get a better initial contour.
Second, the Local Binary Fitting (LBF) model was used for a further segmentation. The experimental results show that the
improved model can achieve good performance and is better to solve the contradiction among the segmentation speed, accuracy
and stability.
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