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EDNet++ : Improving Stereo Matching
with Two-Stage Combined Cost Volume
and Multiscale Dynamic Attention

WANG Zhicheng, WANG Zehao

(College of Electronics and Information Engineering, Tongji
University, Shanghai 201804, China)

Abstract: Most state-of-the-art stereo matching networks
construct 4D cost volume to preserve the semantic
information of the image , which increases the computational
cost of the network. To solve this problem, a network named
EDNet++ with a two-stage combined cost volume and a multi-
scale dynamic attention is proposed. First, a correlation cost
volume is constructed based on global and coarse-grained
disparity search range , which is used as a guide to construct
a fine-grained combined cost volume on the local disparity
search range. Then, the dynamic attention mechanism based
on residuals can adaptively generate spatial attention
distribution according to the intermediate result information,
and the effectiveness of this method is proved by the transfer
experiment. The comparison experiments on various public
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data sets show that EDNet++ can achieve a good balance
between accuracy and real-time performance compared with
other methods.

Keywords: stereo matching; neural network; attention
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Fig. 5 Application of attention-based residual module into two kinds of aggregation networks
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Tab.5 Comparisons of running time, running memory, and computational costs
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Fig, 6 Results of disparity prediction for KITTI 2015 testing data
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Fig. 7 Evaluation of model generalization on Middlebury 2014 dataset
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