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Abstract: Precise dense disparity estimation is the key for stereo visual system to recover three-dimen-
sional information of observation scene. From practical application perspective of stereo vision in robot
environment perception,a dense disparity figure estimation algorithm having good robustness, accura-
cy and processing speed to key influence factors (texturelessness, shadow and blocking etc. ) was pro-
posed. Aimed at texturelessness, shadow and uncontinuous, belief propagation algorithm based on
gray-scale similarity probability had been designed to realize rapid and accurate estimation of initial

value of disparity by combining with disparity smoothness constraint. The message vector defined by
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disparity class was propagated through anisotropic diffusion and parallel iteration. Message vector in-
cluded energy information representing gray-scale similarity and smoothness of pixel point. Initial esti-
mation of disparity could be gained rapidly through iteration convergence of global energy function.
According to the priori knowledge that independent connected area generally had similar textural fea-
tures and disparity conformance, parameter space voting self-adaption disparity approximation surface
estimation algorithm on the basis of Mean-Shift clustering partitioning algorithm was proposed to per-
form fine optimization estimation of dense disparity. 5 groups of standard test image having different
textureless features, 4 groups of actual image under indoor environment, 4 groups of actual image un-
der outdoor environment and 4 groups of actual environment image under special lighting environment
through selenographic simulation were utilized to perform test experiment and experimental result
shows that the proposed algorithm has good robustness and effectiveness.
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Fig. 1 Dense disparity estimation of five test images
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Fig. 2 Binocular cameras and experimental platform
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Fig. 3 Dense disparity and reconstruction results of

four typical indoor images
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