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Abstract: A binocular stereo matching algorithm that integrates large-scale window information
and Manhattan distance is proposed to address the low matching accuracy of traditional methods,
such as AD-Census, in areas with low or repeated textures. The algorithm first uses an improved
SAD cost and multi-gray threshold Census cost to calculate the fusion cost, and assigns weights
based on the Manhattan distance between neighboring pixels and the center point to reduce the
influence of edge pixels on the cost. The algorithm also screens and filters the difference information
extracted from large scale windows to improve the accuracy in areas with repeated textures and
low gray similarities. Compared to traditional AD—Census algorithm, the proposed algorithm
reduces the false matching rate by approximately 18%. Furthermore, the algorithm has been
transplanted to the GPU, allowing it to run 1~2 orders of magnitude faster on images with
different scale resolutions, thus meeting the demands of quick and accurate binocular stereo matching.
Key words: binocular stereo vision; stereo matching; AD-Census; SAD (sum of absolute
differences )
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