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(A Study on the Stereo Matching Using Diffusion Networks)
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Abstract

One of the central problems in stereo matching is the selection of the optimal window sizes for
comparing image regions. The window size must be large enough to include enough variation for
reliable matching, but small enough to avoid the effect of projection distortion. This paper discusses
these problems with some novel algorithm based on iterative diffusion process at different disparity
hypotheses. Also this paper proposes four kinds of diffusion algorithms to preserve discontinuity in
stereo matching. We present and discuss extensive empirical results of algorithms based on various

sets of synthetic and real images.
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Fig. 1. Diffusion of unit impulse.
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Table 1. Performance of Diffusion Network.
Method RMS Error
[intensity]
Linear Diffusion(eq. (2)) 0.110
Nonlinear Diffusion(eq. (4)) 0.077
Anisotropic Diffusion(eq. (6)) 0.061
Weighted Diffusion(eq. (7)) 0.065
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Fig. 6. Synthetic stereo image.
(a) Left image. (b) Right image.

FHEZ S

)

B 2. Akl wh M dAke] RMS el
Table 2. RMS Error by diffusion methods.

Method RMS. Error
[pixel]
Linear Diffusion(eq. (2)) 0.144
Nonlinear Diffusion(eq. (4)) 0.123
Anisotropic Diffusion(eq. (6)) 0.088
Weighted Diffusion(eq. (7)) 0.089
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(a) Linear diffusion (eq. (2)) (b) Error
map by linear diffusion (c) Nonlinear
diffusion (eq. (4)) (d) Error map by
nonlinear  diffusion  (e)  Anisotropic
diffusion (eq. (6)). (f) Error map by
anisotropic diffusion (g) Weighted diffu-
sion {eq. (7)) (h) Error map by weighted
diffusion.
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