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Weighted cost aggregation approach for depth extraction of stereo images

Hee-Joo Yoon* - Eui-Young Cha*
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ABSTRACT

Stereo vision system is useful method for inferring 3D depth information from two or more images. So it has been the focus of attention in
this field for a long time. Stereo matching is the process of finding correspondence points ift two or more images. A central problem in a stereo
matching is that it is difficult to satisfy both the computation time problem and accuracy at the same time. To resolve this problem, we
proposed a new stereo matching technique using weighted cost aggregation. To begin with, we extract the weight in given stereo images based
on features. We compute the costs of the pixels in a given window using correlation of weighted color and brightness information. Then, we
match pixels in a given window between the reference and target images of a stereo pair. To demonstrate the effectiveness of the algorithm,
we provide experimental data from several synthetic and real scenes. The experimental results show the improved accuracy of the proposed
method.
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Fig 1 The flowchart of the algorithm
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