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Simultaneous localization and mapping algorithm based on point and line features for medical service robots

YANG Jing-dong, GUO Yuan-shou’
Autonomous Robot Lab, School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and
Technology, Shanghai 200093, China

[Abstract] Objective To propose a point and line (PL)-simultaneous localization and mapping (SLAM) algorithm
and to compare it with oriented FAST and rotated BRIEF (ORB)-SLAM2, so as to improve the global localization accuracy
and real-time performance of SLAM algorithm for medical service robots. Methods The PL-SLAM algorithm added line
features based on point feature in the process of feature extraction, and carried out mapping and global localization in the
complex medical environment according to the point and line features after fusion. The public datasets (EuRoc and KITTI)
were used to compare the PL-SLAM and ORB-SLAM?2 algorithms, and the comprehensive performance of autonomous
navigation of the medical service robots was tested. Results Compared with the ORB-SLAM?2 algorithm, PL-SLAM
algorithm extracted more point and line features in weak texture scenario, and effectively enhanced the global localization
accuracy and real-time performance. The rotation error of the PL-SLAM algorithm decreased by 42.2% and the runtime
increased by 55.9%. Conclusion PL-SLAM algorithm can effectively improve global localization accuracy and the real-time
performance of medical service robots.

[Key words] medical service robotics; simultaneous localization and mapping; oriented FAST and rotated BRIEF; weak
texture scenario
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B 1 PL-SLAM &i%ifiiz
Fig1 PL-SLAM algorithm flow

PL-SLAM: Point and line-simultaneous localization and mapping; BA: Bundle adjustment
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Fig2 Point depth measurement by

triangulation method
O, and O, are camera spots; P is spatial point; p, is the feature
point in /;, corresponding to the feature point p, in /1,; ¢ is the

translation matrix of /, to /,. /, and /, are binocular cameras

K 2 0 py. p, B P AR E R EHARBL £, A0
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3 ORB-SLAM2 (A) # PL-SLAM (B) Ei£4r7iE1T EuRoc HIEELE RE
Fig3 ORB-SLAM2 (A) and PL-SLAM (B) algorithms for EuRoc dataset
The green point is the point feature extracted by ORB-SLAM?2 algorithm, and the green line is the line segment feature extracted by
PL-SLAM algorithm. ORB-SLAM: Oriented FAST and rotated BRIEF-simultaneous localization and mapping; PL-SLAM: Point and

line-simultaneous localization and mapping

E 4 ORB-SLAM2 (A) # PL-SLAM (B) &XiZ{T KITTI-07 #{#E&
Fig4 ORB-SLAM2 (A) and PL-SLAM (B) algorithms for KITTI-07 dataset
The red point is the current environmental feature extracted by the robot, and the blue route is the moving path of the robot. ORB-
SLAM: Oriented FAST and rotated BRIEF-simultaneous localization and mapping; PL-SLAM: Point and line-simultaneous

localization and mapping

0r B 8 A~ KITTI Hdfedk, AR PL-SLAM
400} il ORB-SLAM2 F53 (i PRI 2 e fh 2%, 45
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Fig5 PL-SLAM algorithm error for KITTI-01 dataset SLAM2 Bk, HFEITFIRS P A H £ S0l e
The green line is the estimated trajectory, and the black dotted rh AR ), 4500 PL-SLAM B EE LS
line is the dataset groundtruth. PL-SLAM: Point and line- R .
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simultaneous localization and mapping
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FRIAEE | [T ERAGIN 3 AN R 2 1 - X532 47 s i) 43 J31)
J 58.8.39.7, 23.0 ms, BB THIEN 121.5 ms;
1M ORB-SLAM2 5.3 3 PR FI4B 4T i ] 43
Bk 83.3.185.7. 6.8 ms, BBfTHIEA 275.8 ms.
PL-SLAM #HX} ORB-SLAM %431z 85 i 4

55.9%, Al PL-SLAM HiEMYia1TE % ORB-
SLAM2 Bk, X J2Hh PL-SLAM Bk H iR
INT L BERA AT, 2k BORRAF 75 B0 BE ORI A5, 3 2
Xif LT Mtk 30 S DG 4 45 AF A, P AL B 2R B
i, DR okt 1] PG A 20008 /0 T AR i DG FE B[] 445

W] PL-SLAM HLAHRE BT RS HLEE A A 5
SRt

% 1 PL-SLAM 5 ORB-SLAM2 EiZHJIREXTLE
Tab 1 Comparison of errors between PL-SLAM and
ORB-SLAM2 algorithms

%

PL-SLAM ORB-SLAM?2
KITTI
dataset Translation Rotation  Translation Rotation
error error error error
00 2.31 2.33 2.53 4.98
01 3.28 2.98 2.74 1.82
02 1.99 1.83 2.36 3.80
03 3.40 3.19 3.35 5.19
04 1.69 1.20 1.53 2.09
05 1.66 1.87 1.69 4.50
06 2.17 1.43 1.76 2.77
07 1.54 2.58 2.20 5.01

PL-SLAM: Point and line-simultaneous localization and
mapping; ORB-SLAM: Oriented FAST and rotated BRIEF-

simultaneous localization and mapping
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