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Localization and Dense Mapping Algorithm for Orchard Spraying Robot
Based on Improved ORB — SLAM?2

CONG Peichao CUI Liying WAN Xianquan LI Jiaxing LIU Junjie ZHANG Xin
(School of Mechanical and Automotive Engineering, Guangxi University of Science and Technology, Liuzhou 545616, China)

Abstract; In view of low localization accuracy and poor map construction during the visual navigation for
orchard spraying robot, a visual localization and dense mapping algorithm was proposed. The algorithm
was based on the ORB — SLAM2 algorithm architecture, firstly, through the optimization of FAST corner
points, descriptor thresholds, and adopting the image pyramid method and Gaussian filtering algorithm
poor quality ORB feature points were eliminated to improve the image key frame quality and feature
matching accuracy. Secondly, the dense map building thread was introduced, the point cloud recovery
algorithm and statistical filtering method were used to form the point cloud queue, the point cloud
stitching technology and voxel filtering algorithm were adopted to output the dense point cloud maps, and
the key frame output interface and position publishing topic were added in the ROS node of ORB —
SLAM2 algorithm, and then the key frame generated by ORB —SLAM2 algorithm was selected through the
NeedNewKeyFrame function to reduce the system computation. Finally, the RGB — D camera was used to
realize the precise positioning and dense mapping of the orchard spraying robot. In order to verify the
effectiveness and practicality of the algorithm, simulation analysis of TUM dataset and real scenario
testing were conducted. The results showed that compared with that of ORB — SLAM2 algorithm, the
absolute trajectory average error of this algorithm was reduced by 44. 01% , the relative trajectory average
error was reduced by 7.93% , the average number of ORB feature point matching was increased by
19.03% , and the positioning accuracy and running trajectory effect were improved significantly. In
addition, the working scene information of orchard spraying robot can be obtained with high accuracy.
The algorithm can provide a theoretical basis for the autonomous navigation of orchard spraying robot.

Key words: orchard; spraying robot; ORB — SLAM2; Gaussian filtering; precise positioning; dense
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Fig. 14  Relative trajectory error comparison charts
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Tab.5 Trajectory coordinates of linear motion
Fr s T, T, T, Q. Q, Q. Q.
1 0 0 0 0 0 0 1..000 000 O
2 —-0.000963 4 -0.0020125 0.011 2543 0.008 4511 -0.002797 4 0. 000 002 1 0.999 960 4
3 -0.0012150 -0.0021142 0.013 094 6 0.008 878 1 -0.0030390 0. 000 041 8 0.999 956 0
4 -0.0022855 —-0.004 649 1 0.028 0358 0.015207 2 —-0.005748 5 -0.000 1859 0.999 867 8
5 —-0.002 4260 -0.006434 1 0.048 465 1 0.023 1919 -0.007 1552 0.002 3869 0.999 702 6
6 —-0.002 427 4 -0.009 254 8 0.074 268 4 0.029 6707 —-0.009 658 4 0. 006 625 1 0.999 491 1
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9 -0.005918 6 -0.010947 7 0.168 0459 0.026 456 2 -0.0126346 0.011997 6 0.999 498 1
10 —-0.0065305 -0.0128875 0.191 109 8 0.0384140 -0.015627 1 0.018 8512 0.998 9619
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