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Robot Visual Inertial Optical Measurement Method Based on Improved PL-VIO

WANG Haifang, LI Mingfei, LI Guangyu and CUI Yangyang

School of Control Engineering, Northeastern University at Qinhuangdao, Qinhuangdao 066004 , China.
Abstract An improved point-line vision inertial measurement algorithm(PL-VIO) is proposed to solve the problem of numerous
inertial measurement and visual track identification and imprecise image pose and edge accuracy in map object pose recognition. In
the front end of vision, the sub-pixel edge extraction method is used to iterate and improve the accuracy of image edge corners,
and the edge constraints are applied to the extracted corners to prevent sub-pixel edge detection from crossing the boundary. In
order to improve the extraction accuracy and reduce the repeated extraction of line features at the visual backend, the line features
and point features extracted by LLSD are extracted and optimized. After SFM, the extracted line features are combined and redun-
dant lines are deleted. Experiments are carried out using EuRoc data set based on ROS platform,and the obtained experimental
data are imported into Evo. Evo is used to analyze and plot the experimental data,and the error parameters are evaluated. The

overall reduction of error parameters in the experimental results verified the superiority and accuracy of the improved PL-VIO al-

gorithm,
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Table 1 Experimental data of source dataset
Data Set MHO03 MHO04 VRO03
Feature 1309 975 993
Max 0.602287 0.764637 0.381399
Min 0.239469 0.343698 0.175429
Mean 0.234 347 0.334905 0.164410
Median 0.019711 0.069526 0.016712
Rmse 0.267473 0.363292 0.201680
Sse 93.64817 128.6813 40.39013
Std 0.119149 0.117696 0.099496

2 MR S B

Table 2 Experimental data of improved dataset

Data Set MHO03 MHO04 VRO3
Features 1309 979 991
Max 0.590880 0.670043 0.389498
Min 0.236801 0.330873 0.194015
Mean 0.233105 0.306197 0.140240
Median 0.014145 0.072892 0.010651
Rmse 0.242184 0.336685 0.180421
Sse 85.98155 109. 66660 33.93386
Std 0.112538 0.103506 0.096743
ZWIE  (DAE PL-VIO HiSm &S & 1 16 B 5 1E 10 o6 20

FRAT T B AR 4 iy A0 B T B Ak 1Y 25 5 TR ARG T
FE1 00 B X A0 (AT AR RORG R T TR A G Y
AT EME D G AL AT, L REMR 0 f S AR 3R D G i, 4
i1 A5 B 3R B 3 B A 3R ), 4 A R S A5 S RS

(OFEJE I B0 1 HEAT LSD 4R R 5 45 AF 32 B R AL S
¥E SFM Z JG % B R L4717 &30, M0 T B & LR B 5
INT D705 BIR 2 BT A IR T 2 R ITTAR L.

Otk i PL-VIO 76 W A7 B9 i B 32 17 00 B R0 L 4 44 o7
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