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Overview of 3D Lidar SLAM algorithms

Zhou Zhiguo,Cao Jiangwei,Di Shunfan

(School of Information and Electronics, Beijing Institute of Technology, Beijing 100081, China)

Abstract: The ability of unmanned platforms to achieve autonomous positioning and navigation in a wide range of environments is
increasingly demanding, in which Lidar-based Simultaneous Localization and Mapping (SLAM) is the mainstream of research schemes.
In this work, this paper systematically outlines the framework and key modules of 3D Lidar SLAM algorithm, analyses and describes
recent research hotspot problems and future development trends, collates the evaluation criteria for the performance of 3D Lidar SLAM
algorithm, based on these, selects six representative mature open source 3D Lidar SLAM algorithms, which are then tested and evaluated
on the robot operating system (ROS) , based on the KITTI benchmark data set, the parallel comparison is carried out from three aspects
KITTI official precision standard, SLAM algorithm precision index, algorithm time consuming and processing frame rate. The results
show that the LIO-SAM algorithm has the best performance among the six algorithms. The RMSE data of ATE and RPE in the 00
sequence data set test are 1.303 and 0.028, respectively, and the processing frame rate of the algorithm is 28.6. Finally, the
application trend of 3D laser SLAM technology is discussed based on CiteSpace analysis.
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data output for various algorithms
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F2 LB 6 TR 3D Bk FiE SLAM EiEH
KITTI it
Table 2 KITTI statistics of six selected open source 3D
laser SLAM algorithms'™’

Seq. 00 Seq. 05 Seq. 07
Bk
Lrel Trel Lrel Trel Lrel Trel
1. 10 0.75 0. 69
LOAM 1.92 1.17 0.91
(0.78) (0.57) (0.63)

LeGO-LOAM .05 2.17 0.74 1.28 0.81 1.12

SUMA 0.92 211 0.76 1.46 1.09 1.87

hdl_graph_slam ~ 1.00 3.92 0.69 1.41 1.10 1.28
LIO-SAM - - - - - -

Cartographer - - - - - -
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(a) The evaluation result of translation error
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(b) The evaluation result of rotation error
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Fig. 6 The evaluation results of translation error and rotation

error obtained with KITTI_odometry_evaluation_tool
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Fig. 7 Output trajectory comparison using evo tool
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Table 3 The root mean square (rmse) data of the ATE
and RPE of 00 sequence for five algorithms

LOAM
Seq. 00 LeGO-LOAM SUMA hdl_graph_slam LIO-SAM

(J& IMU)
ATE 7.463 8. 904 4.596 3.738 1. 303
RPE 1.027 1.218 0.079 0. 035 0. 028

TE R 28R A IMU 2l , b LOAM Sk AU T =
Kkl
F4 ET KITTI SRS JEZNRER ML EIRS T
Table 4 Statistics of time-consuming and processing frame

rate of various algorithms based on the KITTI data set

Seq. 00(4 541) Seq.05(2 761) Seq.07(1 101)

TIME/s FPS TIME/s FPS TIME/s FPS

JR A 470 9.7 276 9.6 117 9.7
LOAM [JGIMU] 248 18.3 146 18.9 56 19.6

LeGO-LOAM 127 358 74 37.3 28  40.0
SUMA 138 329 81 340 29 384
hdl_graph_slam 246  18.5 149  18.9 46  23.8
LIO-SAM 159 28.6 96 287 38 289
Cartographer 649 7.0 354 7.8 132 8.3

T () W3R iZ P 8 Mgk, TIME 3R 57 b 3%

7B 1Y) SRERT B0 . s FPS SRR A I AL FRITAY , vk 38 Ll

FHASZEE R IMU %08k, Horh LOAM 05 (UMl 2 = 800
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