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Pixel-set Based Stereo Matching by Using Belief Propagation
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Abstract In order to improve the efficiency of stereo matching and resolve the problem caused by discontinuity of the dis-
parities in one region, new pixel-set based stereo matching algorithm using belief propagation is proposed in this paper.
Firstly, the initial disparity estimate is evaluated by hierarchical belief propagation in pixel domain. Secondly, the reference
image is segmented in turn according to color and disparity information. Thirdly, the segmented pixel-sets are fitted to a set
of planes based on the strategy of splitting and merging, which can eliminate the mistakes due to color segmentation. Final-
ly, the ultimate disparity estimate is achieved in the pixel-set domain by employing standard belief propagation. Experi-
ments on the international benchmark demonstrate that the performance of our algorithm is comparable to the state-of-the-art
stereo algorithms on various data sets.
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Fig.1 The implementation of the proposed algorithm
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Tab.1 The number of pixel-groups for four

standard data sets
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Fig. 2 The probability density distribution of different images and the re-segmented results
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Fig. 3 The ground truth map and our results

R2 ARIREERNINEESH bbb, ERRIERET ZTHUIKEREE

Tab.2 The results of different stereo matching algorithms testing by four standard images

4 WEAREEAR Y b g by ML

Bk Tsukuba Sawtooth Venus Map
bo by by, bo by by, by by by by by
AR SCHA 1.13[3] 0.34[5] 6.49[5] 0.29[4] 0.00[1] 2.81[5] 0.33[5] 0.13[5] 4.86[6] 0.37[5] 3.24[2]
Sym. BP + occl. 0.97 0.28 5.45 0.19 0.00 2.09 0.16 0.02 2.77 0.16 2.20
Patch-based 0. 88 0.19 4.95 0.29 0. 00 3.23 0.09 0.02 1. 50 0.30 4.08
Segm. -based GC 1.23 0.29 6.94 0.29 0.30 3.24 0.08 0.01 1.39 1.49 15.46
Graph + segm 1.39 0.28 7.17 0.25 0. 00 2.56 0.11 0.02 2.04 2.35 20. 87
GC + mean shift 1.13 0.48 6.38 1. 14 0. 06 3.34 0.77 0.70 3.61 0.95 12.83
Segm. + glob. vis. 1.30 0.48 7.50 0.20 0. 00 2.30 0.79 0.81 6.37 1. 63 16. 07
Belief. prop. 1.15 0.42 6.31 0.98 0.30 4.83 1. 00 0.76 9.13 0. 84 5.27
Layered 1.58 1. 06 8.82 0.34 0. 00 3.35 1.52 2.96 2.62 0.37 5.24
2-pass DP 1.53 0. 66 8.25 0.61 0.02 5.25 0.94 0.95 5.72 0.70 9.32
Region-Progress 1.44 0.55 8.13 0.24 0. 00 2. 64 0.99 1.37 6.40 1.49 17. 11
GC + occl. 1.19 0.23 6.71 0.73 0.11 5.71 1. 64 2.75 5.41 0.61 6. 05
MultiCam GC 1. 85 1.94 6.99 0.62 0. 00 6. 86 1.21 1.96 5.71 0.31 4.34
Improved Coop 1.67 0.77 9. 67 1.21 0.17 6.90 1.04 1.67 13.08 0.29 3.65
Adapt. weights 1.51 0. 65 7.24 1. 14 0.27 5.48 1.14 0.61 4.49 1.47 13.58
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