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System of real time mobile robot semantic map building

Li Xiuzhi'? | Li Shangyu'?,Jia Songmin"?Shan Jichao'"

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China;
2. Engineering Research Center of Digital Community, Ministry of Education , Beijing 100124, China)

Abstract ; Semantic information can help the robot to better understand unknown environment and lay the foundation for more advanced
human-computer interaction and more complicated task. To enable mobile robot to build semantic map in real time, a light deep learning
model is developed for object detection on embedded computer Jetson TX1. The inter-frame optical flow information in the video stream is
used to reduce the missing rate of object detection algorithm, which is called motion guided propagation (MGP) algorithm. A real-time depth
map restoration algorithm based on CUDA is utilized because the depth map generated by Kinect has black hole and black border. SLAM
technology is employed in this paper for robot location, navigation and mapping. On this basis, Bayesian inference framework is integrated with
measurement information of environment and object detection information to complete the building of semantic map. Experiments show that the
proposed method can enable the mobile robot to build the semantic map in real time in the real, complicated indoor environment.
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Fig.4  Architecture of base network
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Fig.5 Framework of motion guided propagation
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Table 1 The motion guided propagation algorithm

Py 1 3348 544K (motion guided propagation, MGP)
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7. end if
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Fig.8 Results of proposed depth map restoration method
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Table 2 Efficiency comparison for deep map restoration
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Fig.9 Results of proposed object detection algorithm
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Table 3 Comparison of efficiency and precision for CNN

object detection network with different base nets
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Fig. 10  Effect of motion guided propagation algorithm
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Table 4 Performance of MGP on detection recall

recall =

Kodhs Sl MGP 3% PE GRS
- x 0.85
Vv 0.88
2 x 0.84
; Vv 0.91
— x 0.34
; Vv 0.53
x 0.60
W4 Vv 0.69
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Results of semantic map building
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