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Depth map completion for indoor scenes based on the

channel attention mechanism
REN Hanshi*, ZHOU Zhiyu", SUN Shusen"
(a. School of Information Science and Technology; b. School of

Computer Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: When the depth camera scans the indoor scene, the depth information of some pixels is
missing. To solve this problem, we proposed a depth map completion method for indoor scenes based on a
channel attention mechanism and an end-to-end scene depth map completion network. With the scene color
map and incomplete scene depth map as input, the network first extracted the scene color map features and
depth map features, and decoded the extracted combined features based on the channel attention
mechanism to obtain the initially predicted depth map. Then the predicted scene depth information was
gradually optimized with the help of non-local spatial propagation algorithm to finally obtain the complete
scene depth map. Finally, the proposed method was compared with typical methods using datasets such as
Matterport3D. Experimental results show that this method, integrating the feature information of the
scene color map and the depth map, improves the performance of depth map completion network through
the attention mechanism, and effectively complements the lack of depth information when shooting indoor

scenes by depth camera.
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