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Foreground-Background Segmentation Based on Full Connected Conditional Random Fields

WU Guanchen, ZHAN Yu, DENG Jie

( Department of Information Engineering, Guizhou Jiaotong College, Guiyang 550008, China)

Abstract: Pixel-level fore/back-ground segmentation is often treated as the minimization of energy function based on
conditional random fields( CRF') , but it is just based on the locally connected conditional random fields, not the fully con-
nected because of huge complexity of fully connected CRF. The binary constraints between the pixels are converted into low-
pass filtering operations by mean-field approximation, while simplifying the computation, but losing a large amount of correla-
tion constraint. In this paper, to avoid the loss of correlation constraint, only binary constraints between the pixels at the far
distance are considered to transform into the low-pass filtering operations, while the binary constraints between the adjacent
pixels are kept. In addition, the local smooth term is added to constrain the edges. Then, the graph cut algorithm is applied
to optimize the final Energy function. Experimental results show that the algorithm has good segmentations benefiting from
more fully utilized of global binary constraints, especially on the objects with complex edges, dendritic components or
depressed edges.

Key words: image segmentation ;conditional random fields; kernel density estimation; graph cut; mean field approach





