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3D LIDAR-based SLAM
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C® LOAM: Lidar odometry and mapping in real-time ol e S
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lidar odometry and mapping on variable terrain
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https://www.bilibili.com/video/BV18K42117DT/?vd_source=a88e426798937812a8ffc1a9be5a3cb7

Image-based 3D SLAM
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https://kwanwaipang.github.io/Transformer_SLAM/

LIDAR + Image 3D SLAM
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Comparative Evaluation of RGB-D SLAM I\/Iethods g
for Humanoid Robot Localization and Mapping

i@ it 2 ik 4 T = A RGB-D SLAM X % (ORB-SLAM3, RTAB-MAP, OpenVSLAM) &
SURENA-V AT} L E A 52 {5 Fo o B M) 3 A4E 5 P 89 14 AR

Rz AE 7@, ORB-SLAM3 & L &1&, HATE#0.1073, kX Z »RTAB-Map (0.1641)
#OpenVSLAM (0.1847) ;

TABLE 1. Comparison of representative visual slam methods

RTAB-Map ORB-SLAM3A OpenVSLAM ’ camera

ROS Compatible v v v -z
Feature Matching GFTT., BRIEF FAST, BRIEF FAST, BRIEF

Map Output [()g:fp::::o:::g Sparse Sparse

Loop Closure v v v
Camera Tracking Indirect Indirect Indirect
Implementation Ct++ Ci+ Ci+
Publication Year 2019 2021 2019

Sensor Type .\'lm?o. Slcmﬁ, R(iB-l?. l-ishcsc. .\'lnnu... Stereo, R(}'B-D. Mono, Sl_crcfx. l.(_(iB-D. ‘;.' Intel® RealSense™ D435

LiDAR, External Odometry Fisheve, IMU Fisheye. Equirectangular RGB-D camera

(a) (b) (c) (a) (b)
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Achievement of Localization System for Humanoid Robots with

Virtual Horizontal Scan Relative to Improved Odometry Fusing

Internal Sensors and Visual Information
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Online Object Searching by a Humanoid Robot
In an Unknown Environment
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Hybrid contact preintegration for visual-inertial-
contact state estimation using factor graphs
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OptiState: State Estimation of Legged Robots using Gated Net
C_@with Transformer-based Vision and Kalman Filtering
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Cerberus: Low-Drift Visual-Inertial-Leg
Odometry For Agile Locomotion
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VILENS: Visual, Inertial, Lidar, and Leg Odometry
C® tor All-Terrain Legged Robots
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Leg-KILO: Robust Kinematic-Inertial-Lidar i
Odometry for Dynamic Legged Robots §5 e or oG v

RXMBA LB B (e D F E)L AL EE, #mFRIMUG R Zlidar
Wiz KB, MAFZERNIMURLMGEIEA~SEH FERHARLNES (WHAAAEZEH L) ;
ARAAF ST X GIRME, AR TATEHKIAWRBRXEARA T, FTRAEATURADIRAN=F
CEANEAL, P HRBRENBEAL PO S XEE T X LR GHE G L R E,

O leg odometry:#2 & 7 2 Fon-manifold error-state Kalman filter&9:z ) 1t 2 A2+, @34 54

= AR I 6 29 R Rt — 3 B = T ) B9 A

O lidar odometry:i%++ 7 —# B £ B AR A FedtiE 0 5k, URBESH NS EHNEI% M,
ETHENERFLRIL, E-Fza)it, baseliner EH AR KW SHEEL, mLeg-KILO
N & Z£10cm¥A A .

Adaptive Scan Distortion Compensation &0 T T T
LiDAR P P
Slicing and Splicing & Feature Extraction = '
40 Eu
( ESKF Prediction [ — Ol
303
, Joint Encoders Sk sgrwabisers ' leg odom <

2 £
‘ 204}

\ Contact Sensors ESKF Update » ‘"""h () update = 205t
- searc —
- V6 I—A-LOAH FASTLIO2 = Leg-KILO =—POINT-LIO == LIOSAM
i bot tri T—
IMU contact height ro centric ‘ : = — - - >
detection Incremental Map ., time [s]

. Factor Graph Optimization loop closure foctor

Fig. 8. Comparison of body height’s variation for various methods while
running on flat ground. The body height will drop slightly when running, and

leg odometry - Loip Clowice p % sy
N @ — J B
Al S\ CHaCi Mhdae o = ® @ w® w = uw will not exceed the gray area in the figure.

idar odometry




(@ &Ehia = R
=] 1:] THE UNIVERSITY OF HONG KONG

° aﬁA%m”Awsmmb%%%@%ﬁa%ﬁ&ﬁw 5 High nteligence
SLAM (42RTAB-Map) H k£ &Zsh XKk Tk A £4F 1L 0 [&n3
ORESE S ,%z%W£mpAfﬁ,%ﬂmpA% ) 4F .
PE R 32 S SLAME ik

@ S RERBBAERBE—MREFTE, HATFTE., AXH L, ¥ 4
M. BAEF, BMXEA T FHEMEERSE A4, Tl B WM

@ HIEER X4, BAWEMNBASLAMEEEE 5, 122
A FAHIEANTR Y ;

® 3D SLAME R E T EULAMNRKFHH B, T4 3

RAMBALERFENREAGEFRZFHESHITIHE,
® SLAMY ZhAEH 2 AMBHR, REfTERLESRKIT
A EER, o TEfr. ENLE L. BRI 5

%"]\ BERELX . &M . meshi: 5.

E\O O Pose
B Y el e O Velocity/IMU Bias
,-Q /?\ /Q Q O IMU Pre-Integration
o N e O Visual Factor
o N /_/IL\ /H\ AN - @ GNSS Factor
O ? O O O Wheel Speed Factor
a @ Marginalization



G, . _
(@ EZEIE 7 e
£ ey @ THE UNIVERSITY OF HONG KONG

® Awesome-LIDAR-Visual-SLAM: https://github.com/sjtuyinjie/awesome-LiDAR-Visual-SLAM;

® Awesome-LIDAR-Camera-Calibration: https://github.com/Deephome/Awesome-LiDAR-Camera-
Calibration;

® MARS-LAB: https://mars.hku.hk/;

@ — L AEHATFALDARE A TR https://zhuanlan.zhihu.com/p/602055107;

® A M HHE ALK ® L (Humanoid locomotion and manipulation: Current progress and
challenges in control, planning, and learning) ;

® (Quadruped SLAM using the Al's onboard sensors: https://github.com/jerredchen/A1_SLAM;

® Multi-Sensor State Estimator for Legged Robots: https://github.com/ori-drs/pronto;
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https://github.com/Deephome/Awesome-LiDAR-Camera-Calibration
https://github.com/Deephome/Awesome-LiDAR-Camera-Calibration
https://mars.hku.hk/
https://zhuanlan.zhihu.com/p/602055107
https://github.com/jerredchen/A1_SLAM
https://github.com/ori-drs/pronto
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