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Overview

Most state-of-the-art techniques for multi-class image segmentation and Update all Qi(m)(/) simultaneously

labeling use conditional random fields defined over pixels or image regions. . ZeXp (_l(f_(m) B f_(m))2> o0
While region-level models often feature dense pairwise connectivity, ’ J /
pixel-level models are considerably larger and have only permitted sparse
graph structures. In this paper, we consider fully connected CRF
models defined on the complete set of pixels in an image. The resulting
graphs have billions of edges, making traditional inference algorithms N
impractical. Our main contribution is a highly efficient approximate > Qi(m)(/) is smooth

inference algorithm for fully connected CRF models in which the > well reconstructed by sparse samples
pairwise edge potentials are defined by a linear combination of Gaussian
kernels. Our experiments demonstrate that dense connectivity at the pixel
level substantially improves segmentation and labeling accuracy.
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Efficiently computed using a cross-bilateral filter [2, 1]
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Evaluated using the permutohedral lattice [1]
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Yu(x;) learned from data
Color sensitive model (position p; and color c;)

PASCAL VOC 2010 dataset
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Find the most likely assignment (MAP) FC label comp 0.5s30.2

X = argmax P(x)  where P(x)=exp(—E(x)) , background

X

Mean-field approximation
» Find Q(x) = ][ Q(x;) close to P(x) using KL-divergence D(Q||P) References
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