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(Image Segmentation Based on Fusion of Range and
Intensity Images)
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Abstract

This paper proposes an image segmentation algorithm based on fusion of range and intensity
images. Based on the Bayesian theory, a priori knowledge is encoded by the Markov random field
(MRF). A maximum a posteriori (MAP) estimator is constructed using the features extracted from
range and intensity images. Objects are approximated by local planar surfaces in range images, and
the parametric space is constructed with the surface parameters estimated pixelwise. In intensity
images the o -trimmed variance constructs the intensity feature. An image is segmented by optimizing
the MAP estimator that is constructed using a likelihood function based on edge information.
Computer simulation results show that the proposed fusion algorithm effectively segments the images
independent! of shadow, noise, and light-blurring.
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