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Abstract Stereo matching algorithms used currently are ineffective at matching weak textures, shadows, and other
pathological regions. To make full use of scene context information to improve disparity matching accuracy, this study
proposes an effective multiple attention stereo matching algorithm (MAnet). At the feature extraction stage, according to
multiple attention mechanisms, such as location channel attention and multiheads crisscross attention (MCA), we adjust
the feature channels and selectively aggregate contextual information in any range to provide more discriminative features
for matching cost calculation. Extending MCA to 3D convolution expands the network perceptual region to accumulate
more precise matching cost. The learning ability of challenging regions is enhanced for the networks’ loss function by
weighting the loss outside the error threshold. The algorithms are experimentally validated on the KITTI dataset, and the
error of MAnet for the KITTI2015 test set is 2.06%. The experimental findings demonstrate that compared to the
benchmark algorithm, the MAnet enhances disparity accuracy and improves the matching performance in the pathological

region.
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Fig. 7 Parallax evaluation results on KITTI2015 test set. (al) (a3) Left images; (a2) (a4) partial enlargement of left images;
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Table 1  Performance evaluation of different algorithms on the

KITTI2015 test set

) Dl-bg /%  DI-fg/%  Dl-all/%
Algorithm
Noc All Noc All  Noc All
GC-NET! 2.02 2.21 5.58 6.16 2.61 2.87
SegStereo'™! 1.76 1.88 3.70 4.07 2.08 2.25
PSMnet'” 1.71 1.86 4.31 4.62 2.14 2.32
Bi3D"™ 1.79 1.95 3.11 3.48 2.01 2.21
CTFnet" 1.68 1.84 3.69 4.03 2.01 2.20
DeepPruner-Best™ 1.71 1.87 3.18 3.56 1.95 2.15
GW Cnet™! 1.61 1.74 3.49 3.93 1.92 2.11
SSPCVNet' ™ 1.61 1.75 3.40 3.89 1.91 2.11
MAnet 1.51 1.65 3.88 4.13 1.90 2.06

F2 ARSIELEKITTI 2012 R4 A HERET M
Table 2 Performance evaluation of different algorithms on the

KITTI2012 test set

2-pixels /% 3-pixels /% 4-pixels /% EPE /pixel

Algorithm
Noc All Noc All Noc All Noc Al
GC-NET"' 2.71 3.46 1.77 2.30 1.36 1.77 0.6 0.7
SegStereo™’ 2.66 3.19 1.68 2.03 1.25 1.52 0.5 0.6
PSMnet™ 2.44 3.01 1.49 1.89 1.12 1.42 0.5 0.6
SSPCVNet™ 2.47 3.09 1.47 1.90 1.08 1.41 0.5 0.6
MAnet  2.34 2.97 1.44 1.87 1.09 1.42 0.5 0.6
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