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Real-time 3D semantic map building in indoor scene

Shan Jichao'?, Li Xiuzhi'*, Zhang Xiangyin"*, Jia Songmin'"
(1.Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China;
2. Beijing Key Laboratory of Computational Intelligence and Intelligent System, Beijing 100124, China)

Abstract ; Autonomous mapping for mobile robot is the premise of completing intelligent behavior.To improve the intelligence and intuitive
user interaction of robot, maps are needed to achieve the semantics beyond geometry and appearance. This paper studies the 3D semantic
map construction method, which fuses the pixel-level image semantic segmentation based on Deep Residual Networks ( DRN) and
Simultaneous Localization And Mapping( SLAM ) . Firstly, the combined median filter algorithmis used to restore the depth of the map.
The improved Tterator Closest Point (ICP) algorithm is employed to estimate camera pose and loopback detection based on random ferns
is proposed for 3D scene reconstruction. Then, the optimized DRN is utilized to achieve more accurate semantic prediction and
segmentation. Finally, the predicted semantic classification labels are migrated to the 3D model by Bayesian based incremental transfer
strategy to generate a globally consistent 3D semantic map.Experimental results show that the proposed method can build the real-time 3D
semantic map in the real and complicated environment.
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Fig.1 Framework of the semantic mapping
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Fig.3 The appearance of overlap and dislocation
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Fig.4 Ilustration of image coding
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Table 1 The encoding of key-frame
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Fig.5 CNN architecture ; Residual network with skip connection and deconvolution
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Fig.6  Restoration results on depth maps
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Table 2 Rotation and translation error of camera pose (m)

Fik PENFRAE A ARE hEEE A ERIREE  hEMERE TP ERE hEh R EGE
TR 0.247 0.143 0.634 1 0.499 1 0.472 1 0. 256
o ek 1R 2 9.914 4.875 3.793 4.791 2.692 6.218
o TR 0. 089 0. 062 0.073 0. 062 0.073 0. 057
e ek iR 2 5.018 3.246 3.870 2. 850 4.316 2.769
. TR IR 0.072 0. 059 0.079 0. 057 0. 063 0. 044
Nt EksiR 2 5. 694 3.524 4.349 2. 699 4.136 2. 601
TR 0. 060 0. 061 0.076 0. 049 0.051 0.033
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Fig.8 The effectiveness of random ferns
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Fig.9 The global effectiveness of random ferns
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Table 3 The result of segmentation accuracy
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Fig.10 The comparison of semantic segmentation results
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Fig.12  The results of semantic segmentation about key-frame
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