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Efficient Semi-global Binocular Stereo Matching Algorithm Based on PatchMatch
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Abstract In recent years,the binocular stereo matching has developed rapidly. The application of high accuracy, high resolution
and large disparity put forward higher requirement for the computational efficiency. Since the computational complexity inherent
in the traditional stereo matching algorithm is proportional to the disparity range,it has been difficult to meet the high resolution
and large disparity applications. Considering the pros and cons of several types of stereo matching algorithms from the aspects of
computational complexity,an efficient semi-global stereo matching algorithm based on PatchMatch through the effective combina-
tion of the two algorithms is proposed. It significantly reduces the computational complexity of the original SGM algorithm,since
it reduces the possible disparity with only agroup of best ¢ candidate disparities(z is much smaller than the disparity range) in-
stead of the whole disparity range by means of the PatchMatch spatial propagation scheme. The evaluation results on KITTI2015
dataset demonstrate that the proposed algorithm achieves a significant improvement in accuracy and real-time performance with
an 5. 81% error matching rate and a matching time of 20. 2 seconds. Therefore, as an improved algorithm for traditional stereo

matching, this design can provide an efficient solution for large disparity binocular stereo matching system.

Keywords Binocular stereo matching, PatchMatch algorithm,Computational efficiency, High accuracy and large disparity
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Fig. 1 Diagram of PatchMatch algorithm
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Fig. 5 Disparity image quality comparison on KITTI2015 dataset
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