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Abstract: Aiming at the poor robustness of monocular vision SLAM system in weak texture environment
only by extracting point features, a robot SLAM algorithm based on point-line feature vision and inertial
navigation is proposed. Firstly, adaptive weighted point-line features are extracted, and Pliicker coordinate
method is used to represent line segments, which reduces the amount of calculation and overcomes the
shortage of line segment fragmentation in line feature extraction. Secondly, the quadtree method is used to
realize the homogenization of point-line feature extraction to solve the problem of feature accumulation, at
the same time eliminate the mismatching of point-line features, and then the tight coupling optimization
mechanism of visual point-line information and IMU is used to improve the accuracy of robot SLAM
algorithm. Finally, the proposed algorithm is tested on EuRoC data set and weak texture environment. The
results show that the robustness of the improved line feature extraction is improved by 12.94% compared
with the traditional line feature extraction. Compared with the native algorithm ORB-SLAM3, the improved
feature matching time is saved by 19.2%, and the absolute positioning accuracy in large weak texture
environment is improved by 55.6%. The proposed algorithm has strong robustness and accuracy in weak
texture environment.
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Tab.1 Absolute trajectory error ( Unit: m )

AX  ORB-  PL- PL- PL-

Hyk  SLAM3 VIO SLAM VINS VINS
MHO1  0.028 0.037 0.172 0.087 0.192 0.152
MHO03 0.045 0.069 0219 0227 0258 0.245
MHO05 0.103  0.125 0346 0.185 0313 0.392
V1 01 0452  0.041 0.038 0.090 0.092 0.068
V1 02 0.015 0.026 0.133  0.501 0.152 0.084
V1 03 0.049 0.056 0.200 0.697 0.178 0.186
V2 01 0.032 0.041 0.085 0.078 0.168 0.080
V2 02 0.025 0.015 0.143 0265 0.145 0.161
V2 03 0.054 0.037 0270 0.847 0.182 0.273
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Tab.2 Comparison of robustness of line feature extraction
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T %3 L PAEE
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B ZAREAR I 0.935  0.964 0.973 0.969
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Fig.12 Comparative experiment of positioning effect
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