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Visual SLAM algorithm for improving ORB feature extraction session
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Abstract: In order to solve the problems of poor scale invariance of the traditional ORB-SLAM2 algorithm and the
instability of localization tracking due to complex changes in the lighting environment, an adaptive thresholding ORB
feature point extraction method based on the B-Spline image pyramid is proposed. First, the B-Spline image pyramid
method is used to divide the image layer by layer., and subsequently, the adaptive threshold is set by calculating the gray
value of the feature points around the image so that the threshold is automatically adjusted with the change of lighting,
thus realizing the effective extraction of the image feature points. The improved aspects were experimentally verified,
and the results revealed several significant enhancements. In scenarios involving drastic changes in illumination, the
improved method significantly reduced the overlapping points in feature extraction and offered a more uniform extraction
range. When encountering changes in the image scale, the number of feature matches using the improved method nearly
doubled. In trajectory tracking experiments, the improved method achieved a reduction in estimated trajectory error of
over 20%. The enhanced ORB-SLLAM algorithm has the potential to significantly improve the localization accuracy of
robots in complex environments.
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Table 2 Comparison of absolute trajectory error evaluation indexes before and after improvement of ORB

feature extraction algorithm

MEAN RMSE SSE STD
GRS
ORB-SLAM2 A3 ORBSLAM2 43X ORBSLAM2 A3  ORBSLAMZ A&
frl_xyz 0.011 0.010 0.013 0.012 0.008 0. 006 0. 006 0. 005
fr1_floor 0.014 0.010 0.017 0.013 0.010 0. 009 0.008 0. 007
fr1_desk 0.012 0.015 0. 020 0.018 0.030 0. 021 0.012 0. 009
fr3_long_office_household 0.011 0.010 0.012 0.011 0. 045 0.021 0. 005 0. 004

TE T IR 4 AR S v o DU 5 oot Bk i AR G
(R IR SR 3 P, MRAER 3 Al AR SUR A/
FAPLAL 2 0R 25 B (EL 33 7 RAR 25 IR 22 - 07 T s oM 25 1Y e

Hh [ Bk AZ 0 30

KA 5154 0. 015,0. 018.,0. 021 F1 0. 004 m ; 5 /ME 4351l
4 0. 006.0. 007.0. 007.0. 004 m, PEH 845 ¥ T ORB-
SLAM2,

AN T EEA  — 59 —



Big 5 B &

20244 4 B
H43E F4H

R 3 ORB FF{EHR BN E 3% 23 7 J5 40 X4 i R R &2 TN FE AR 3t b

Table 3 Comparison of relative position error evaluation metrics before and after improvement of ORB
feature extraction algorithm
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