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Semantic-enhanced Multi-view Stereo Vision Approach

HAN Xie'** ,WANG Ruo-lan'?*? ZHAO Rong'*”

(1. School of Data Science and Technology,North University of China, Taiyuan 030051 ,China;
2. Shanxi Province’ s Vision Information Processing and Intelligent Robot Engineering
Research Center, Taiyuan 030051, China;

3. Shanxi Key Laboratory of Machine Vision and Virtual Reality, Taiyuan 030051 ,China)

Abstract: We propose a semantic—enhanced multi-view stereo vision method that aims to address the issue of deep convolutional neural
networks lacking low-level semantic information in their feature extraction. Firstly, we propose a ConvLSTM ( Convolutional Long
Short—-Term Memory) semantic aggregation network that uses the ConvLSTM network structure to predict the feature map extracted by
multiple convolutional layers. This approach results in a feature map that integrates the semantic information of each layer, allowing us to
extract high—level features layer by layer in space. The long short—term memory neural network structure’s memory function enhances the
low-level semantic information in the high—level feature map,leading to improved reconstruction in weak texture regions and greater ro-
bustness and integrity in 3D reconstruction. Secondly,we propose a visibility network that highlights the visible area’s characteristics on
the feature map and deepens the visible area “s influence, resulting in better three — dimensional reconstruction. Finally, the texture
information of the image is extracted and entered into the ConvLSTM semantic aggregation network to extract the deep—-level features,
which improves the reconstruction effect of the weak texture area. Compared with mainstream multi—view stereo vision reconstruction
methods, the reconstruction effect is better.
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