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Abstract
using a message passing-like scheme to infer the segmentation. Different from other grabcut models, our MRF function

In this paper, we propose a Markov random field (MRF) based representation for the Gestalt law, and suggest

is specially encoded to consider orientations along the contour, thus the Gestalt law is embedded into the inference.
As a basic framework of the research in figure-ground separation and Gestalt law, our system is designed in reference
to neurophysiology, and the architecture is composed of three modules: primal visual cortex (V1), extra-striate cortex
(V2), and the interest selected region. To validate our method, we conduct experiments in both auto and interactive

segmentation algorithm. The results are better than those of grabcut and other related algorithms.
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segmentation, and our segmentation.)
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U C C odular objectives;
“““ C(B,ByHCU,CU)<C(B,CU*+C(CU,B)
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Fig.7 Smooth price matrix in horizontal direction for
adjacent units (F shows the foreground; B shows the
background; C'D shows the contour which cut-direction is
down; C'U shows the contour which cut-direction is up;

and Cmax shows the largest price.)
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