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Abstract Aiming at the accuracy challenges in stereo matching related to details, occlusion, and textureless regions, a stereo
matching method based on improved superpixel sampling is proposed. Initially,an enhanced superpixel sampling method is em-
ployed to downsample the high-resolution input images used for stereo matching. Subsequently,the downsampled image pairs are
input into the stereo matching network, where a convolutional network with shared weights is utilized for feature extraction.
Using 3D convolution,a feature-fused Cost Volume is generated,leading to the creation of a disparity map. The outputted dispari-
ty map is then upsampled to reconstruct the final disparity map. To tackle the issue of potential detail loss during the superpixel
sampling process,two innovations are introduced: the feature pyramid attention module(FPA)and an improved residual structure.
Based on these two innovations,a stereo matching network named FPSMnet (feature pyramid stereo matching network)is pro-
posed. This paper selects and partitions the image datasets BSDS500 and NYUv2 for training,validation,and testing of superpixel
sampling. Experimental results in stereo matching demonstrate that, compared to the baseline method, the proposed algorithm
achieves a reduction of 0. 25 and 0. 52 in average pixel errors on the SceneFlow and HR-VS datasets,respectively. These improve-
ments are achieved without compromising runtime efficiency.

Keywords Deep learning,Superpixels, Stereo matching, Attention mechanism
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Fig.5 Visualization of superpixel segmentation results
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Fig. 6 Superpixel evaluation
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Visualization of stereo matching parallax map results
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Table 3 Comparison of network model effects on SceneFlow
dataset
HiE EPE/px Runtime/ms

CRLLZ7 1.32 470

GCNel26] 2.51 900

PSMNett?] 1.09 410
SPSMNet!6/ 0.93 323
OverSegNet[?] 0.85 —

AKX & 0.68 328
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Table 4 Comparison of network model effects on HR-VS
dataset
Mk EPE/px Runtime/ms 3px-Error/ %
SPSMnet 2.77 375 2.20
A S ik 2.25 371 2.17
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