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Stereo Matching Algorithm Based on Pixel Category Optimized
Patch Match
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Abstract PatchMatch-based algorithms that simultaneously estimate the disparities and normal unit of a disparity
plane have achieved highly accurate sub-pixel disparities in the stereo matching problem; however, this kind of
methods can not effectively deal with error matching in the non-texture regions of image. To solve this problem, we
improve the LocalExp (local expansion move) algorithm and present a new stereo matching algorithm integrating
multidimensional information for adaptive pixel category optimization. First, a crossover window is designed, the
color and color self-correlation information in the window are used to establish the weight, and the restrained
function is utilized to eliminate the outliers in the matching cost. Second, the constraint mechanism is added to the
label initialization procedure, the proposal generation mechanism is modified, and the local expansion movement
algorithm is used to optimize the label values. Finally, the pixel category information-based filling strategy is used
to refine the disparity. The experimental results show that the proposed method can obtain a low matching error on
the Middlebury dataset.
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Fig. 10 Iterative optimization process. (a) LocalExp; (b) proposed algorithm
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Fig. 11 Flow chart of proposed algorithm

Algorithm 2: algorithm optimization procedure

. Define three levels of grid structures: G={G,,G,,G; };
. Initialize pixels classification (S) by SNIC and meanshift and texture function 7 (») .
. Initialize perturbation size | A |;

. Initialize the generation proposals cycles.

forl each gird structure G do
for2 each disjoint groups £=0,...16 at small gird or £=0,...,35 at big grid do
Produce cross window models with gird size at 2.2.1

1
2
3
4
5. Repeat
6
7
8
9 Initialize the solution L by IPMS at 2.2.2 in first iteration.

10. for3 each cell (7, /) in the group K do [in parallel];

11. Do improved local expansion move (S,L,cell(, ), |A |) at 2.3.2;
12. endfor3;

13. endfor2;

14.  Refinement the solution D by filling error disparities using the disparity refinement at 2.3.3;
15.  endforl;

16. |A[FA)2;

17. Until convergence and stop repeat.

18. Do post processing.

12 ASCH AL R

Fig. 12 Optimization procedure of our algorithm
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Table 1 Matching results of some PatchMatch based stereo algorithms in Midd2006 datasets with nonocc regions

(threshold is 1 pixel, and the best results are shown in bold)

Image PMBP SPMBP GCLSL PMSC LocalExp Proposed
Aloe 4.51 6.75 3.21 3.06 3.92 3.25
Babyl 4.10 3.27 2.21 1.98 2.74 1.34
Baby2 4.77 3.97 2.08 1.05 5.48 1.41
Baby3 4.77 3.92 3.07 3.12 6.56 2.73
Bowling1 14.10 12.10 4.14 2.06 5.37 2.46
Bowling?2 4.64 5.27 2.19 1.45 6.44 1.99
Clothl 1.68 1.17 0.71 0.60 0.78 0.59
Cloth4 3.10 2.20 1.75 1.87 0.99 0.98
Flowerpots 9.28 8.80 4.60 2.49 10.89 4.01
Lampshadel 13.50 8.67 12.60 1.50 5.96 2.14
Lampshade2 16.50 17.20 10.00 0.99 21.70 1.08
Midd1 37.40 37.40 34.90 12.80 30.80 6.07
Midd2 38.40 33.20 32.90 4.37 25.60 4,71
Monopoly 42.40 32.70 21.10 3.46 28.04 4,97
Plastic 44.80 35.20 43.90 4.40 40.10 3.34
Rocksl 4.15 2.60 2.19 1.80 1.60 2.34
Woodl 1.52 4.19 0.48 0.73 1.30 0.71
Average 14.68 12.85 10.70 2.80 11.66 2.59
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Table 2 Comparison of error rates between proposed method and LocalExp on Midd2003 datasets (threshold is 0.5 pixel)

Image GroudTruth LocalExp Rate Proposed Rate
4.08 5.13
4.73 6.69
9.71 10.6
0.35 0.74
0.56 0.87
3.30 5.94
3.46 3.01
8.65 8.26
9.72 8.98
5.16 4.35
7.73 7.06
14.2 11.2
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