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Binocular Stereo Matching Algorithm Based on Guidance Information

WEI Dong ,HE Xue "
(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract : Aiming at the problem that the existing stereo matching algorithms have large matching errors in areas such as edge,occlusion,
parallax discontinuity and weak texture, a stereo matching algorithm based on parallax attention mechanism and introducing edge and
semantic information is proposed. In the cost calculation and cost aggregation using parallax attention mechanism, the edge detail
information is introduced to improve the problem of large matching errors in edge and occluded regions. The timing of the fusion of the
edge information and the different scale feature maps obtained in the process of feature extraction is discussed,and it is determined that the
introduction of edge information in the shallow large—scale feature map can improve the matching accuracy. The semantic information is
introduced to improve the parallax discontinuous and weak texture regions in parallax optimization, and the influence of semantic
information extracted from feature maps of different scales on the matching accuracy is discussed,and semantic information extracted from
deep small -scale feature map can improve the matching accuracy. The proposed method is evaluated on the SceneFlow dataset and
compared with other algorithms,and the error of the benchmark network PASMNet is reduced by 49.05% . Experiments show that the in-
troduction of edge and semantic information improves the disparity solution of existing algorithms in edge,occlusion and weak texture, so
as to improve the overall prediction accuracy.
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