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Feature-enhanced visual SLAM algorithm based on the sparse direct method
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Abstract: To address the problems of weak feature extraction ability, lower positioning accuracy and poor robustness of the feature point-
based visual simultaneous localization and mapping ( SLAM ) algorithm in low-texture environment, this article proposes a feature-
enhanced visual SLAM algorithm based on the sparse direct method. Firstly, the image sequence is preprocessed to improve the feature
extraction ability of the algorithm. Then, the pose is solved by combining the sparse direct method based on graph optimization and the
feature point method. The operation efficiency and robustness of the algorithm are improved under the premise of ensuring the positioning
accuracy of the algorithm. The experimental results of the TUM data set show that the positioning accuracy of the proposed algorithm is
better than those of the current SLAM algorithms. In the scenario with sparse texture in the TUM data set, the number of feature points
extracted by the algorithm is 9. 6 times more than that of the ORB-SLAM2 algorithm, and the average number of points per frame tracking
time is reduced by 58%.
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Fig.1 Fed-SLAM algorithm framework
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Table 1 Comparison of successful tracking times for TUM low-texture scenes
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Fig. 4 Feature point extraction result graph
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Table 2 Absolute track error RMSE tablem m
Sequence Fed-SLAM ORB-SLAM2'"] SCHk[ 12] SCHR[13] SCHk[ 14] SCHR[15] SCHk[ 16]
frl-xyz 0.012 0.013 0.016 0.018 0.023 0.012 0.012
fr1-desk 0.014 0.014 0. 020 0. 037 0. 021 0.026 0.016
frl-desk2 0. 023 0. 022 0. 048 0.071 0. 046 0.025 -
fr1-room 0. 045 0. 047 0. 068 0. 075 0.043 0. 087 -
fi2-desk 0. 009 0. 008 0.071 0. 034 0.017 0. 057 -
fr2-xyz 0. 006 0. 006 0.011 0. 029 0.018 0.026 0.011
fr2-large 0.138 0. 140 - - - - -
fi3-office 0. 008 0. 008 0.017 0. 030 0. 035 - 0.022
fr3-nst 0. 018 0.019 0.018 0. 031 0.018 - -
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R3 RGEPIFRAEXIHIE RMSE R
Table 3 Absolute trajectory RMSE table for low

texture scenesm m
izl Fed-SLAM Rvs[!7! cpl®l
fr3-snf 0. 025 0. 062 0.017
fr3-snn 0. 027 - 0. 144

M1 3 KBRS B SR 55 T I T kgl
B WAL E ORG BE 1T BRI T R g R L] ST A
1 (geometric primitives based RGB-D SLAM, GP ) & Xt %
PRI 0.017 m B KEF] 0. 144 m, G HELH SLAM 53k
(robust visual SLAM system based on RGB-D camera, RVS)
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Fig.7 Average tracking time per frame
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Fig. 8 Motion trajectory and dense point cloud
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Fig.9 Dense point cloud image in low texture scene
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(b) fr3_nnf sequence
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