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Dynamic Programming

Zhu Shiping Yan Lina LiZheng

School of Instrumentation Science and Optoelectronics Engineering, Beihang University, Beijing 100191, China

Abstract In order to reduce the mismatching rate of binocular stereo matching algorithm in the disparity
discontinuity region and under noise disturbance, a stereo matching algorithm based on improved Census transform
and dynamic programming is proposed. An improved Census transform with a noise margin is applied to compute
the cost based on a cross shape support region. The reliability of single pixel matching cost is enhanced. The guided
image filter is used to aggregate the cost volume fast and efficiently. In the disparity selecting step, an improved
dynamic programming algorithm is designed to eliminate the scan—line effect and improve the matching speed and
accuracy. The final disparity maps are gained after post—processing. The experimental results demonstrate that the
proposed algorithm evaluated on the Middlebury benchmark achieves an average error rate of 5.31%, and the
accurate disparity can be obtained in both low texture and disparity discontinuity regions with low computing
complexity and strong robustness.
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Fig.1 Comparison between (a) traditional Census transform and (b) improved Census transform
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Fig.2 Disparity maps computed by traditional Census algorithm and improved Census algorithm. (a) Venus image added with salt and pepper

noise; (b) disparity map computed by traditional Census algorithm; (¢) disparity map computed by the improved Census algorithm
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Fig.3 Results of cost filtering. (a) Cost map aggregation when d=5; (b) cost map after guided image filtering when d=5;
(c) cost map aggregation when d=10; (d) cost map after guided image filtering when d=10
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Fig.4 Disparity maps selected by different methods. (a) WTA method; (b) DP method; (¢) improved WTA-DP method
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Fig.5 Effect of disparity post—processing. (a) Disparity map after region voting; (b) left-right consistence check;

(¢) obtained final disparity map
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Fig.7 Experimental results of the Middlebury benchmark images. (a) Reference images; (b) real disparity; (c) disparity maps obtained

by the improved algorithm; (d) error matched pixel map
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Fig.9 Results of the Middlebury benchmark images. (a) Left reference images;
(b) real disparity; (c) disparity obtained by of the proposed method
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