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Abstract; To reduce the impact of noise in depth image acquisition on the accuracy of pose
estimation and to solve the serious problem of cumulative error over time, an improved RGB-D
SLAM system was designed. Firstly, the re-projection error model was established to nonlinearly
optimize the poses and features by minimizing the re-projection error. In addition, a closed-loop
detection algorithm was proposed. The dictionary model was established and the frequency-inverse
document frequency ( TF-IDF) was used to calculate the weight. Kullback-Leibler divergence was
used to calculate the similarity, and a relative similarity mechanism was used for the closed-loop
detection. The cumulative error was decreased. The algorithm was evaluated using 15 public
image sequences. Compared with three popular RGB-D SLAM systems, the maximum increase of
accuracy is averagely 119.07% and the minimum increase is 4. 24% . Experimental results show
that the proposed method has better accuracy than the current popular RGB-D SLAM systems.
Key words: simultaneous localization and mapping; BA optimization; KL
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Fig. 3 Histograms of absolute error in pose estimation by different methods
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Table 1  Comparison of root mean square error of pose estimation for different SLAM systems m
Jrs AR RGBDTAM' "/ ElasticFusion'"* ORB - SLAM2!""
1 0.015 0. 027 0. 020 0.016
2 0.018 0.042 0. 048 0.022
3 0. 010 0.010 0.011 0.010
4 0. 021 0.021 0. 025 0.022
5 0.043 0. 081 0. 083 0. 041
6 0. 062 0. 155 0. 068 0. 047
7 0. 008 0. 027 0.071 0. 009
8 0. 004 0. 007 0.011 0. 004
9 0.017 — 0. 049 0.013
10 0. 038 0. 026 0.074 0.043
11 0.018 0. 010 0.016 0.025
12 0.010 0.013 0.030 0. 009
13 0. 020 0. 044 0.021 0.021
14 0.010 0.010 0.013 0.011
15 0.011 0.010 0.015 0.011
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