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Scene Restoration and Semantic Classification Network Using

Depth Map and Discrete Pooling Technology

LIN Jin-Hua' 2 YAO Yu'! WANG Ying®

Abstract In the machine vision perception system, it is very important to robustly reconstruct the 3D scene and
recognize target semantics. At present, commonly used methods generally deal with these two functions separately. In
this paper, we propose a scene restoration and semantic classification network using the depth map. Based on the RGB-D
information in the depth map, reconstruction of a 3D target scene is completed along with classification. Firstly, a deep
convolutional neural network model from the CPU end to the GPU end is constructed, which takes depth samples as
input from sensor and deeply learns contextual target scene information in the camera projection area. The output of
the network comes from the improved truncated signed distance function (TSDF) coding voxel-level semantic annotation.
Secondly, in order to enhance the deep learning ability of the convolutional neural network, a three-dimensional target
scene dataset with semantic annotation is constructed to enhance the robustness of the proposed network. Experimental
results show that compared with the current advanced network model, the reconstruction scale of this network model
expands by 2.1%. The proposed convolutional network has good reconstruction effect on the missing scene and the
accuracy of semantic classification is also guaranteed.

Key words Machine vision perception system, pooling technology, depth map, deep learning, convolutional neural
network
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Fig.8 Prediction of surrounding object by our network
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