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Abstract

Aiming at the problems of trajectory drift and missing features in the visual simultaneous localization
and map building (SLAM) method based on point features in the indoor weak texture and insufficient
light environment, a visual-inertial SLAM method combining point and line features is proposed by
introducing line features with richer scene structure information in this paper. Firstly, an optimized
bilinear interpolation method is introduced in feature detection and an iterative approach is used to
find sub-pixel corner points, and the robustness of tracking is improved by pyramidal optical flow and
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forward-backward detection methods; secondly, stepwise marginalization is used to improve the back-
end nonlinear optimization time with respect to the different amount of residuals when constructing
the Jacobi matrix. The experimental results show that the improved algorithm is significantly more
adaptable and robust in complex environments, with an average increase of 30% in the marginaliza-
tion speed and 18.2% in the average accuracy compared to the PL-VINS algorithm.
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Figure 1. Diagram of the system framework
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Figure 2. Constructing the Schur complement matrix
B 2. 2 EFRANMERE
FERE, P RPIRESEN:
X :[x()axla'“axn’xfaﬂ'oaﬂqa"'a/lm:l
xk=[pg‘;€,vg2,q;”k,ba,bg},ke[O,n] (7

(P04 ]

b
Xe

Figure 3. Diagram of the marginalize the oldest frames
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Table 1. Marginalization speed comparison (ms)

= 1. WGAERE XTEE (ms)

il JRAR R BIgEi TS
MH_01_easy 13.41 11.46
MH_02_easy 14.23 12.01
MH_03_medium 15.12 12.68
MH_04_difficult 15.37 12.83
MH_05_difficult 14.27 12.13

V1 01 easy 11.19 9.56
V1_02_medium 12.84 10.12
V1 03 _difficult 13.17 11.03
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Figure 4. Feature pyramid model
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Figure 5. Bidirectional reversibility model view
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Figure 9. RMSE plot of the trajectory of the algorithm in this paper
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Table 4. Comparison of localization accuracy of different datasets (m)
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