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Abstract

To improve the accuracy of disparity refinement, this paper proposes a disparity refinement and
sampling method based on adaptive convolution. The refine hypothesis is used to introduce other
available information for disparity refinement, and different information is attached at different
stages to augment the refine hypothesis. Based on the adaptive propagation method, the local cost
volume is constructed and the aggregation operation is converted from the spatial domain to the
disparity domain to alleviate the boundary blur problem caused by using large convolution win-
dows and augmented the aggregation effect in texture-free or weakly textured areas. At the same
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time, adaptive convolution is used to update the disparity from similar disparity planes, which in
turn improves the accuracy of disparity. For the upsampling process, disparity adaptive sampling
is used to overcome the degradation of accuracy caused by bilinear interpolation. The algorithm is
validated on the SceneFlow and KITTI2015 datasets, and the experimental results show that the
algorithm in this paper has significantly improved in terms of accuracy compared with the original
method, especially on the KITTI2015 dataset, the Endpoint Error (EPE) and 3-pixel error rate indi-
cators have increased by 9.7% and 12.5%, respectively.
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Figure 2. Output module
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Figure 3. Parallax-attention module
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Figure 4. Overview of refine hypothesis
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Table 2. Comparison of the improved algorithm with the original algorithm
= 2. HMEESRIREALLR

Model SceneFlow KITTI2015
EPE >3px EPE >3px
PASMNet 6.227 0.203 1.389 0.080
PASMNet_AR 6.214 0.193 1.254 0.070

Figure 8. Experimental comparison results on KITTI12015, with the improved model on the left and the original model on

the right
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