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RPLIVE++: A Robust, Real-time, RGB-colored, LiDAR-Inertial-Visual tightly-coupled
state Estimation and mapping package (Under review)

Author: Jiarong Lin and Fu Zhang

Github: https://github.com/hku-mars/r3live (1255 %)

Introduction: In this work, we proposed a LiDAR-inertial-visual fusion framework termed R3LIVE++ to
achieve robust and accurate state estimation while simultaneously reconstructing the radiance map on the
fly. R3LIVE++ is developed based on R3LIVE and further improves the accuracy in localization and mapping
by accounting for the camera photometric calibration (e.g., non-linear response function and lens vignetting)
and the online estimation of camera exposure time. Our quantitative and qualitative results show that our
proposed system has significant improvements over others in both accuracy and robustness.

FAST-LIO2: Fast Direct LiDAR-inertial 0dometry (Transaction on robotics (TRO 2022))
Author: Wei Xu, Yixi Cai, Dongjiao He, Jiarong Lin and Fu Zhang

Github: https://github.com/hku-mars/FAST_LIO (1198 %)

Introduction: In this paper. we propose a fast, robust, and versatile LiDAR-inertial odometry frame-
work termed FAST-LIO2, which is built upon a highly efficient tightly-coupled iterated Kalman filter and is fast
with two key novelties: the direct use of raw point and an incremental k-d tree data structure. FAST-LIO2 is
computationally-efficient (e.g., up to 100 Hz odometry and mapping in large outdoor environments), robust
(e.g., reliable pose estimation in cluttered indoor environments with rotation up to 1000 deg/s), versatile
(i.e., applicable to both multi-line spinning and solid-state LiDARs, UAV and handheld platforms, and Intel and
ARM-based processors), while still achieving higher accuracy than existing methods.

R3LIVE: A Robust, Real-time, RGB-colored, LiDAR-Inertial-Visual tightly-coupled state
Estimation and mapping package (ICRA 2022)

Author: Jiarong Lin and Fu Zhang

Github: https://github.com/hku-mars/r3live (1255 %)

Introduction: In this letter, In this letter, we propose a novel LiDAR-Inertial-Visual sensor fusion frame-
work termed R3LIVE, which is developed based on our previous work R2LIVE. R3LIVE is a versatile and well-
engineered system toward various possible applications, which can not only serve as a SLAM system for real-
time robotic applications but can also reconstruct the dense, precise, RGB-colored 3D maps for applications

like surveying and mapping. Moreover, we also develop a series of offline utilities for reconstructing and tex-
turing meshes for various of 3D applications.
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r3live

fast-lio2

RZLIVE: A Robust, Real-time, LiDAR-Inertial-Visual tightly-coupled state Estimator
and mapping (Robotics and Automation Letters (RA-L 2021))

Author: Jiarong Lin, Chunran Zheng, Wei Xu and Fu Zhang

Github: https://github.com/hku-mars/r2live (601 %)

Introduction: In this letter, we propose a robust, real-time tightly-coupled multi-sensor fusion framework,
which fuses measurement from LiDAR, inertial sensor, and visual camera to achieve robust and accurate state
estimation. Our framework estimates the state within the framework of error-state iterated Kalman-filter, and
further improves the overall precision with our factor graph optimization. Taking advantage of measurement
from all individual sensors, R2LIVE is robust enough to various visual failure, LiDAR-degenerated scenarios,
and is able to run in real-time on an on-board computation platform.

loam_livox

r2live

A decentralized framework for simultaneous calibration, localization and mapping
with multiple LiDARs (IROS 2020)

Author: Jiarong Lin, Xiyuan Liu, Fu Zhang

Github: https://github.com/hku-mars/decentralized_loam (168 %)

Introduction: In this paper, we propose a framework for multiple LiDARs fusion, within this framework,
we can not only address the problem of localization and mapping but can also online calibrate the extrinsic
of 6-DoF. Our framework is based on an extended Kalman filter but is specially formulated for decentralized
implementation. In our experiments, we achieved the accuracy of localization up to 0.2% on the two datasets
we collected.

decentralized_loam

Others works

Loam_livox: A fast, robust, high-precision LiDAR odometry and mapping package for
LiDARs of small FoV (ICRA 2020)

Author: Jiarong Lin and Fu Zhang

Github: https://github.com/hku-mars/loam_livox (1178 %)

Introduction: In this paper, we present a robust, real-time LOAM algorithm for LiDARs with small FoV
and irregular samplings. By taking effort on both frontend and back-end, we address several fundamental
challenges arising from such LiDARs (i.e. small FoV, irregular LiDAR scanning pattern, motion compensation,
and etc), and achieve better performance in both precision and efficiency compared to existing baselines.
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[1] Cui Y, Chen R, Chu W, et al. Deep learning for image and point cloud fusion in autonomous driving: A review



—

. BRERNEA

2. HUCEIX (-IRS) SLAM

0 EHNETETEF EXIISLAMES (loam-livox)

® FUYEIXA-IREEZBERIERELT (FAST-LIO)

. ZEREE (BOtER-1RS u;‘u) RS

o BENHRANECEEXR-IBS- NS ERas £S5 %= (R2LIVE)

o EHTEOtEIX-1BS-MmAICivE#EEE (R3LIVE)

. BEOEEIARYSERTEFOMFE (mesh) EBEERZ (ImMesh)

® ImMeshgy/ MEFNSLIE E I

® ETFImMeshF&AIN
> BOtEIRAR TR
> PRIETCHRAVIZ S S0E

FEs

mll




2.1 BMEFESHSSEERISLAM RS (loam-livox):

A EAN SR AN O TSR HARESE S, mXihiEnt, —SSHRZET
EROMEZKESLIDARKIL, WMENES (MEMS) i, SBAIMEF (OPA) | Risleyisins
TR KBS ELE L

MR (MEWS) 1351 SEHRISEIPES (OPA)

hEEEEEES (Risley prism)

Prism 1 Prism 2

Velodyne velarray QUANERGY S Serious Livox Mid Serious

&% 308k

[1] Lin J, Zhang F. Loam livox: A fast, robust, high-precision LIDAR odometry and mapping package for LiDARs of small FoV
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[1] Lin J, Zhang F. Loam livox: A fast, robust, high-precision LIDAR odometry and mapping package for LiDARs of small FoV
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{8 I {E(Related work)
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(b) System overview

[1] ). Zhang at el, LOAM

S k:
[1] Zhang, Ji, and Sanijiv Singh. "LOAM: Lidar Odometry and Mapping in Real-time."

[2] Shan, Tixiao, and Brendan Englot. "Lego-loam: Lightweight and ground-optimized lidar odometry and
mapping on variable terrain."
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[1] Lin J, Zhang F. Loam livox: A fast, robust, high-precision LIDAR odometry and mapping package for LiDARs of small FoV
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[1] Lin J, Zhang F. Loam livox: A fast, robust, high-precision LIDAR odometry and mapping package for LiDARs of small FoV



2.1 BENEFESHYSHEERSLAMES (loam-livox):
$HIE = HREY ENESETTEZE

Algorithm 1: Iterative LiDAR pose optimization

Input : The edge set £, and plane set P}, from the
current (sub-) frame; The edge set £,, and
plane set P,,, from maps; The LiDAR pose
of the previous frame (Ry—1,tx—1).

B) Output: The pose of the current frame (Ry, tx).

o Pw Start : R, <« Rp_1, tp < tr_q

; for Iterative pose optimization is not converged do
| for p, € & do

n

Compute p,, via (4) (or (8)).

Find 5 nearest points {p15} of p,, in &,,.
if {p1_5} are indeed in a line then

L Add point-to-edge residual r.o. via (5).

Flgure (a) Illustration of |nC|dent angle 0, deflection angle ¢;
(b)residual of edge-to-edge; (c) residual of plane-to-plane.

LeFlHiRE

for p; € Py do
Compute p,, via (4) (or (8)).
Find 5 nearest points {pj~5} of py in Pp.
if {p1~5} are indeed a plane then
L Add point-to-plane residual r,, via (6).

Perform pose optimization with 2 iterations.
Recompute r.o. and r,s,, then remove 20% of
the biggest residual.
for a maximal number of iterations do

if the nonlinear optimization converges then
L | Break;

w—P1) (P3—Ps5)x (P3—Py))
(P53 — P5) x (P3 —Py)|
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[1] Lin J, Zhang F. Loam livox: A fast, robust, high-precision LIDAR odometry and mapping package for LiDARs of small FoV



Scene 1: Long corridor in HKU campus

We evaluate the robustness of our algorithm in this scene,
which is full of moving pedestrian in a long corridor.
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2.2 B EE- RS EEaREREIT(FAST-LIO)
{8 I {E(Related work)

With rotation-constrained mapping (LIO-mapping)

4 -
¢ '“".’~ -

Without rotation-constrained mapping

[1] H. Ye at el, Lio-mapping [2] T. Shan at el, LIO-SAM
SEHR:
[1] Ye H, Chen Y, Liu M. “Tightly coupled 3d lidar inertial odometry and mapping”

[2] Shan T, Englot B, Meyers D, et al. “LIO-sam: Tightly-coupled lidar inertial odometry via smoothing and
mapping”

[3] Qin, Chao, et al. “LINS: A lidar-inertial state estimator for robust and efficient navigation."
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FAST-LIO (a) w—— (b)

[1] FAST-LIO [2] FAST-LIO2

S5 38k

[1] Xu W, Zhang F. “Fast-lio: A fast, robust lidar-inertial odometry package by tightly-coupled iterated kalman
filter”

[2] Xu W, Cai Y, He D, Lin, J, Zhang F “Fast-lio2: Fast direct lidar-inertial Odometry”
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S k:
[1] Xu W, Zhang F. “Fast-lio: A fast, robust lidar-inertial odometry package by tightly-coupled iterated kalman
filter”



2.2 HSER- RS EBANEBIET(FAST-LIO)
FAST-LIO: FEXNR/REETAVITE

K =PH'(HPH" +R)7}, . )
_ B. Equivalent Kalman Gain Formula
= X H(—Kz; — (I-KH)(J") " (x; 5%)) .

(18) Based on the matrix inverse lemma [28], we can get:

(P'+H'R'H)"'=P - PH” (HPH” + R) ' HP

Substituting above into (20), we can get:

-~ = - I ) _ —1y—1 —
% =%, Py=(I-KH)P (19) K=H"R'H+P ') H'R™'
A problem with the commonly used Kalman gain form in
(18) is that it requires to invert the matrix HPH” +R which is
in the dimension of the measurements. In practice, the number
ge in number, inverting a

—PH’R'-PH” (HPH” +R)” HPH'R"'

Now note that HPH'R~! = (HPH” + R)R~! —1I. Substi-
tuting it into above, we can get the standard Kalman gain formula
in (18), as shown below.

h, existing w
ments. In this

from (17)

solution should be

state dimension. In fact, if directly solving

the same solution in (18) but with a new form of Kalman gain
shown below:;

K—PH'R™' —PH'R™' + PHT (HPH” + R)™

— PH” (HPH” +R) .

K=H'R'H+P~!) 'HTR"', (20)

SEHk:
[1] Xu W, Zhang F. “Fast-lio: A fast, robust lidar-inertial odometry package by tightly-coupled iterated kalman filter”
[2] N. J. Higham, “Accuracy and Stability of Numerical Algorithms.”

[3] B. M. Bell and F. W. Cathey, “The iterated kalman filter update as a gauss-newton method”
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FAST-LIO: SCIG4E
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Fig.7. Comparison between LINS [22] and FAST-LIO. The data is from [22]
and is collected by a Velodyne VLP-16 LiDAR and an Xsens MTiG-710 IMU,

Fig. 5. The Mapping results of different LIO packages in an indoor environ- . b .
the green straight line in the center is the odometry output.

ment with large rotation speed.

SEHk:
[1] Xu W, Zhang F. “Fast-lio: A fast, robust lidar-inertial odometry package by tightly-coupled iterated kalman
filter”

[2] Qin, Chao, et al. “LINS: A lidar-inertial state estimator for robust and efficient navigation."
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[1]1 Xu W, Cai Y, He D, Lin, J, Zhang F “Fast-lio2: Fast direct lidar-inertial Odometry”
[2] Cai Y, Xu W, Zhang F. ikd-Tree: An incremental KD tree for robotic applications
[3]1 He D, Xu W, Zhang F. Kalman Filters on Differentiable Manifolds
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KD Tree: ikd-Treel2l:
> LN > RISEEREN ©
> KEESBE R AR - o EHFIHEA (Insert)
> ® o EISHIER(Delete)
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Algorithm 2: Point Insertion with On-tree Downsam-
pling.
Input: Downsample Resolution [,
ew Point to Insert p,
of Parallelly Re-building ST

----------------------------------------------

— | ‘lIap;f::'!g

¥ LU-ivv aas :
On-Tree Downsampling

YPTITrEerY Map Move?
—

Algorithm End

Function

9 1_’ Tree Rebuld
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-------------------------------------------------
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[1] Xu W, Cai Y, He D, Lin, J, Zhang F  “Fast-lio2: Fast direct lidar-inertial Odometry”
[2] Cai Y, Xu W, Zhang F. "ikd-Tree: An incremental KD tree for robotic applications”
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Algorithm 3: Box-wise Delete.
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................................................ k-d Tree Node T,
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LI ¢
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SE

[1] Xu W, Cai Y, He D, Lin, J, Zhang F “Fast-lio2: Fast direct lidar-inertial Odometry”
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FAST-LIO2 FAST-LIO2 FAST-LIO2 FAST-LIO2 FAST-LIO2 IF»\ST] 02
(2000) (1000) (800) (600) (Feature) {ARM)

LILI-OM LIO-SAM LINS

Total Total Total Total Total
lili_6 13.15 12.56 13.22 15.92 15.35
lili_7 I 16.93 17.61 20.39 19.72 21.13
lili_ 8 14.73 15.31 17.73 17.15 18.37
uthm_8 I 21.72 22.05 21.39 20.82 21.16
uthm_9 28.26 25.44 21.41 21.35 17.46
utbm_1I() 23.90 22.48 23.09 20.74 15.30
ulhk_4 I 20.86 20.14 19.96 20.04 29.35
ulhk_5 24.10 23.90 23.96 23.75 28.70
ulhk_6 I 30.52 31.56 30.15 29.25 31.94
nelt_4 15.65 15.72 15.79 15.75 19,98
nelt_5 I 16.56 16.60 16.61 16.58 13.54

|

|

|

Total Odo. Map. Odo. Map. Odo. Map.
45.58 68.95 58.46 —
65.89 40.01 83.71 —
57.29 61.80 79.11 —

100.00  65.29 84.76 37.44 153.92
91.05 68.94 97.90 38.82 154.06
94.62 66.10 97.29 33.61 166.12
91.12 52.40 74.80 39.50 95.29 34.72 93.70
68.04  53.56 47.68 2568 127.63  28.01 99.13
92.38 64.46 70.43 15.16 164.36 41.54 199.96
69.09 62.49 98.46 13.38 184.03 46.43 188.40
6895  67.64 8334  19.09 18446  47.83 198.88
66.64  76.10  133.25 X x 5448 195.31
70.24 67.65 81.69 29.50 211.18 56.94 197.71
57.03 53.54 57.54 16.30 163.09 53.53 144.95
54.82 42.84 68.86 12.79 118.35 46.12 149.45
89.65 8292 13096 2313 32462 8312  252.68
60.60 4845 84.28 13.47 135.39 24.13 179.44
45.27 42.58 99.01 13.09 154.69 20.71 160.66
44.26 3842 64.02 11.32 124.35 40.47 117.25

nclt_6 15.92 15.84 15.83 15.68 14.72
nclt_7 16.79 16.87 16.82 16.63 15.16
nelt_8 14.29 14.25 14.32 14.14 7.94
nclt_9 13.73 13.65 13.60 13.64 10.30
neli_10 21.85 21.79 21.78 21.61 20.62
liosam_1 16.95 14.77 14.65 16.19 15.93
liosam_2 11.11 11.47 11.52 11.19 19.68
liosam_3 I 19.38 16.64 12.00 13.01 12.37

rrrrrrrrrrrOTTTTT T T
The bold values stand for the best result of each data sequence.
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[1]1 Xu W, Cai Y, He D, Lin, J, Zhang F “Fast-lio2: Fast direct lidar-inertial Odometry”
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FAST-LIO:
FAST-LIO:
FAST-LIO:
FAST-L1IO2
LILI-OM
LIO-SAM

S Hk:

utbm_8  utbm_9

FAST-LIO2 (2000m) | 25.3 51.6
00m 27.29 51.6
258  51.86
2775 52.09
lFeatme) L 27.21 53.81 .6
S =T = T = T

48.17 54.35

utbm_10  ulhk_4 nclt_ 4 nclt 5 nclt_6

7.54
7.55
7.55
7.58
_7#

n L

L

B

n o FJI D) — B[O —

s Lad l
— LN l
—
—

—_
L OO

60,48

ra T h — 483 UfE1RZ (RMSE)

nclt_7  nclt 8

8.21
5.88

6.47
936 _

27.0

[1]1 Xu W, Cai Y, He D, Lin, J, Zhang F “Fast-lio2: Fast direct lidar-inertial Odometry”

nclt_9

nelt_10

1.68
1.62
1.67

liosam_1
4.62

4.58
4.58
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[1] Xu W, Cai Y, He D, Lin, J, Zhang F “Fast-lio2: Fast direct lidar-inertial Odometry”

%30



2.2 R BIA- RS EZESRIEIEIT(FAST-LIO)
FAST-LIOZ: FRIE, B %QJ‘UF'; ESEEA BT

EFINIE



2.3 BiEiT(FAST-LIO) EX AN LRIRZF
RIATTANEZ e NS H SR

Avoiding dynamic small obstacles with onboard
sensing and computating on aerial robots
Fanze Kong*, Wei Xu*,Yixi Cai and Fu Zhang

B ks
Univerisity of Hong Kong
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[1] Kong, Fanze, et al. "Avoiding dynamic small obstacles with onboard sensing and computation on aerial robots."
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[1] Ren, Yunfan, et al. "Online Whole-body Motion Planning for Quadrotor using Multi-resolution Search."
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ZERXIINSIFE: BUREECELIXR, BIRIVMAREE

ZRA-ANIISIFE: BEBEMERINSE EELDSIFE,
RaZ AR EEEEFRMRACTIXINS1]13]

BB R B SHFERENEEATT RIS E-ENIMS(1]12]

h j,{._., raw cloud Estimate S and Proi; o Optimize S
e
4 extract patches Pr, over Pr, ¢

]

raw cloud Optimize £, over

patches Pp, ¢, Pr, +;

s image Optimize & with 3 Jointly optimize S,&,
_— . .
'k each {image,cloud} pairs W over Pr,is PrL.t,
3 ;
X " T — 7
. \ s

LOFIAIERICER ULEEIISHEMRE HESME
EXGE it
SEGK:

[1] X. Liu and F. Zhang, “Extrinsic Calibration of Multiple LiDARs of Small FoV in Targetless Enwronments

[2] C. Yuan, X. Liu, X. Hong and F. Zhang, “Pixel-Level Extrinsic Self Calibration of High Resolution LiDAR and Camera
in Targetless Environments”.

[3] X. Liu, C. Yuan and F. Zhang, “Targetless Extrinsic Calibration of Multiple Small FoV LiDARs and Cameras Using
Adaptive Voxelization”.
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[1] X. Liu, Z. Liu, F. Kong and F. Zhang, “Large-Scale LiDAR Consistent Mapping using Hierarchical LiDAR Bundle
Adjustment”.
[2] Z. Liu, X. Liu and F. Zhang, “Efficient and Consistent Bundle Adjustment on Lidar Point Clouds”.
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Plane Fitting & Edge Extraction

Camera
focal

e
=

Voxel n

emitter

E%U
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.
o 8
4]
58 2
5 :
. BE 2
S o o

,
=

Laser Beam
emilter divergence

s192lqo punoidyoeg

angle
(b)

BRSNS ISEAES
EH TR SRR

(a) Our method (b) Zhou [6]

S Ai)GiE IRERTTiE
[1] C. Yuan, X. Liu, X. Hong and F. Zhang, “Pixel-Level Extrinsic Self Calibration of High Resolution LiDAR and Camera
in Targetless Environments”.
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[1] C. Yuan, W. Xu, X. Liu, X. Hong and F. Zhang, “Efficient and Probabilistic Adaptive Voxel Mappmg for Accurate

Online LiDAR Odometry”.
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2.3 RI(E: S, EHRBEEERIMUMIGILREE(L-Init)

R ERRE

N =]
HiEnie
Comparison with Ground Truth
LiDAR-IMU Initialization i [ Livox Avia
£ Temporal Offset Refinement | [ Livex Mid360
! Measurement &Extrinsic Rotation Calibration :
} olse At pasation ? Time Compensation i 3 0.004—
S | ~ ! = 1 ‘|‘ T
L0k SUORERing ‘.‘ Central Difference g Extrinsic Translation & | = N
Calculation 2 Grayity Vector Calibration || = 0.003
| =
R ' o = |
I Initial L:\mn ; T.‘mi’U],’\yr: = 0.002
Temporal Initialization - A e b, Ity I .'2
b " ] =
200~400Hz J < 0.001—
_ Ground
HNBIRTE Truth (s) 0.05 0.1 0.5
Method Rotation Translation Processing Length of
Error(deg) Error (m) Time (s) Dataset
Ours 0.6208 0.0162 10.2 [1] Zhu, Fangcheng, Yunfan Ren, and Fu Zhang. "Robust real-time lidar-
- inertial initialization." 2022 IEEE/RSJ International Conference on Intelligent
LI-Calib [2] 1.0375 X 332.6 40 seconds Robots and Systems (IROS). IEEE, 2022.
Target-free [3 0.8483 0.0187 115.7 "
B s FHRIRBE Mk : https://github.com/hku-mars/LiDAR_IMU_Init

)i

The calibration scene.

Accurate pointcloud map constructed by our LiDAR odometry.

[2] J. Lv, J. Xu, K. Hu, Y. Liu, and X. Zuo. Target-less calibration of lidar-imu
system based on continuous-time batch estimation. In 2020 IEEE/RS)
International Conference on Intelligent Robots and Systems (IROS), pages
9968-9975. IEEE, 2020

[3] S. Mishra, G. Pandey, and S. Saripalli. Target-free extrinsic calibration of
a 3d-lidar and an imu. In 2021 IEEE International Conference on
Multisensor Fusion and Integration for Intelligent Systems (MFI), pages 1-7.
|EEE, 2021.
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3.1 SIEEE (BEEA-1RS-WH) Ma
HXIE

® LiDAR Plane Features

¢ LiDAR Edge Features

[1] LIC-Fusion [2] LIC-Fusion 2.0 [3] LVI-SAM
SEik:
[1] Zuo X, Geneva P, Lee W, et al. “Lic-fusion: Lidar-inertial-camera Odometry”
[2] Zuo X, Yang Y, Geneva P, et al. “Lic-fusion 2.0: Lidar-inertial-camera odometry with sliding-window plane-
feature tracking”
[3] Shan T, Englot B, Ratti C, et al. “Lvi-sam: Tightly-coupled lidar-visual-inertial odometry via smoothing and
mapping”



3.1. R2LIVE: A Robust, Real-time, LiDAR-Inertial-Visual
tightly-coupled state Estimator and mapping

Jiarong Lin, Chunrang Zheng, Wei Xu and Fu Zhang
All our codes will be available at:

https //g/thub com/hku mars/rZIlve

THE UNIVERSITY OF HONG KONG
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R2LIVE: LAY EE R EIR- RS- W ZiB S SLAMFEZE
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[1] Lin J, Zheng C, Xu W, et al. “R2LIVE: A Robust, Real-Time, LiDAR-Inertial-Visual Tightly-Coupled State Estimator and
Mapping”
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[1] Lin J, Zheng C, Xu W, et al. “R2LIVE: A Robust, Real-Time, LiDAR-Inertial-Visual Tightly-Coupled State Estimator and
Mapping”
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SEEK:

[1] Lin J, Zheng C, Xu W, et al. “R2LIVE: A Robust, Real-Time, LiDAR-Inertial-Visual Tightly-Coupled State Estimator and
Mapping”
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Experiment-2: Robustness evaluation in a narrow
tunnel-like environments with moving objects
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SE -
[1] Lin J, Zheng C, Xu W, et al. “R2LIVE: A Robust, Real-Time, LiDAR-Inertial-Visual Tightly-Coupled State Estimator and
Mapping”
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3.2 R3LIVE++: A Robust, Real-time, Radiance reconstruction package
with a tightly-coupled LiDAR-Inertial-Visual state Estimator
Jiarong Lin and Fu Zhang
All our codes are now available at:
https://github.com/hku-mars/r3live

e

W R T
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[1] Lin J, Zhang F. “R3LIVE: A Robust, Real-time, RGB-colored, LiDAR-Inertial-Visual tightly-coupled state Estimation

and mapping package”

[2] Lin J, Zhang F. “R3LIVE++: A Robust, Real-time, Radiance reconstruction package with a tightly-coupled LiDAR-
Inertial-Visual state Estimator”
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SEH:

[1] Lin J, Zhang F. “R3LIVE: A Robust, Real-time, RGB-colored, LiDAR-Inertial-Visual tightly-coupled state Estimation
and mapping package”

[2] Lin J, Zhang F. “R3LIVE++: A Robust, Real-time, Radiance reconstruction package with a tightly-coupled LiDAR-
Inertial-Visual state Estimator”
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SEH:
[1] Lin J, Zhang F. “R3LIVE++: A Robust, Real-time, Radiance reconstruction package with a tightly-coupled LiDAR-
Inertial-Visual state Estimator”
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Fig. 6 — We update the radiance «s of a map point via Bayesian
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[1] Lin J, Zhang F. “R3LIVE++: A Robust, Real-time, Radiance reconstruction package with a tightly-coupled LiDAR-
Inertial-Visual state Estimator”
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[1] Lin J, Zhang F. “R3LIVE++: A Robust, Real-time, Radiance reconstruction package with a tightly-coupled LiDAR-
Inertial-Visual state Estimator”
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[1] Lin J, Zhang F. “R3LIVE++: A Robust, Real-time, Radiance reconstruction package with a tightly-coupled LiDAR-
Inertial-Visual state Estimator”
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Demo-2: Online radiance map reconstruction in a
Iarge scale mdoor & outdoor scenarlo

o o

In this demo, we show the reaI-tlme process of ’LIVE++ in reconstructing
the large-scale, indoor-outdoor radiance map of HKU main building.



Demo-3: Online radiance map reconstruction in a

large- scale campus enwronmentf
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(Sequence “hkust campus seq_03" of R LIVE- dataset)
In this demo, we show the real-time process of SLIVE++ in reconstructing

the large-scale HKUST campus, with the traveling length reaching 2.1 Km.



Application-1: Offline mesh reconstruction and texturing
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While 2>LIVE++ reconstructs the radiance map in real-time, we also develop
software utilities to mesh and texture the reconstructed map offline.



Application-3: We use the maps reconstructed by F°LIVE++
for developing the video game for desktop PC

with shoting the rubber balls in the campus of HKUST.



Application-4: We use the maps reconstructed by R°LIVE++
to build the car and drone simulator with AirSim*

% it

[1] AirSim: https://microsoft.github.io/AirSim
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4.1 2T EUCERRIBPEEAANMIZEEZRST (ImMesh)

Jiarong Lin*, Chongjiang Yuan¥*, Yixi Cai, Haotian Li, Yuying Zou, Xiaoping Hong and Fu Zhang

https://github.com/hku-mars/ImMesh
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[1] Lin J, Yuan C, Cai Y, Li H, et al. “An Immediate LiDAR Localization and Meshing Framework”
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Figure 1: Intwuitive illustration of Poisson reconstruction in 2D.
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[1] Kazhdan, Michael, Matthew B, and Hugues H. “Poisson surface reconstruction.”
[2] Kazhdan, M, and Hugues H. "Screened poisson surface reconstruction."

[3] Kazhdan M, Chuang M, Rusinkiewicz S, et al. “Poisson surface reconstruction with envelope constraints”
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HBXTIE(EB%h ,ﬁ)—DeIaunay triangulation and graph cut(_ﬁ*ﬂf:hﬁ%])
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Figure 3. A ray emanating from a vertex to a camera center (and the putative surface), the corresponding visibility-related energy term that E (]
penalizes the number of intersections with the ray (the label 0 means s / “outside” and the label 1 means ¢ / “inside”) and the edge weights T
of the crossed tetrahedra in the graph. @

( Labatut P, et al.) (Jancosek M, et al)
SEik:
[1] Labatut P, Pons J P, Keriven R. “Efficient multi-view reconstruction of large-scale scenes using interest points,

delaunay triangulation and graph cuts
[2] Jancosek M, Pajdla T. “Multi-view reconstruction preserving weakly-supported surfaces”




4.1 E RO EANBIRTEMFIMISEZ RS (ImMesh)
*E;GI{’E(%?%TJ' iZ)—Delaunay triangulation and graph cut(=f&1 53 +El53 El)

(openMVG--PMVS/CMVS) (openMVS)

(R3LIVE)
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[1] openMVG: https://github.com/openMVG/openMVG
[2] openMVS: https://github.com/cdcseacave/openMVS
[3] R3LIVE: https://github.com/hku-mars/r3live
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(KinectFusion)
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(Marching cubes)

[1] Newcombe R A, Izadi S, Hilliges O, et al. “Kinectfusion: Real-time dense surface mapping and tracking”
[2] Lorensen W E, Cline H E. “Marching cubes: A high resolution 3D surface construction algorithm”



4.1 ETRCEEIRRIENETEMFIMNIEEZR RS (ImMesh)
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[1] Whelan T, Leutenegger S, Salas-Moreno R, et al. “ElasticFusion: Dense SLAM without a pose graph”
[2] Schops T, Sattler T, Pollefeys M. “Surfelmeshing: Online surfel-based mesh reconstruction”



4.1 ETHOCEIANBBTEMAIMSEERS (ImMe

a4

AR poiliey State Point cloud '

motion : : ; 4
i Estimation registration
compensation .

Probability
update

Triangle
facets

Dimensionality
reduction by
projection

o e e o e e - - e G G s G e e mn G G G -

Depth (meter)
26,367

(ImMesh R FHEE])
SE k-

[1] Lin J, Yuan C, Cai Y, Li H, et al. “An Immediate LiDAR Localization and Meshing Framework”
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L1-Voxel
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Algorithm 1: Voxel-wise vertex retrieval of O?

Input : The activated voxel O?
Output: The retrieved vertex set V;
Start : Copy all in-voxel pointer list to V™.
Vi=V".
foreach V;, € V" do
Vi, = RadiusSearch (V; ,d-)
foreach VeV, do
if Vv, then
| Vi=ViuV

Return: The retrived vertex set V; after dilation

(FPERERIEZ=, IR E




4.1 2T EUCERRIBPEEAANMIZEEZRST (ImMesh)
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[1] Lin J, Yuan C, Cai Y, Li H, et al. “An Immediate LiDAR Localization and Meshing Framework”
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Algorithm 2
Input : The retrieved vertex
Output: The pulled triangle f
Start : 75 = {null}

1 foreach V; € V; do
Get all vertices related triangle set T v,

= Tri(V
foreach T\, € Tv, do
Get triangle vertex index {
if (Vo eV,) and (V-‘ Vi)
L T}:\]ll — T};ull v

cmd tV € V J

Return: The pulled triangle facets 75"

(Mesh Pull :i7BY)

S8Fh:

[1] Lin J, Yuan C, Cai Y, Li H, et al. “An Immediate LiDAR Localization
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The reconstructed triangle facets T
Output: The triangle facets to be added 7%,
The triangle f °
Start : 7% = {nul1},
1 foreach T; € T; do
if T;¢
L 7

T}:ull do

)

L

foreach T; €

then

TE

(Mesh commit $23%)

Return: The triangle facets to be added 7% and erased

BEEZRS (ImMesh)

Algorithm 4: Vo>
Input :

> mesh push.

ts that need to erased 7=
ts that need to added 7744,
1 Function J
2 | Get point indices {a, |
3 Construct triangle
4 Calculate the cent p
5 Center(T(l 3 3

Find the L1-Voxel V! that Center(T, ) lomlu.l in:

V! = Get_L1_voxel(Hash(Center(
Set the status flag of V' to Sync-required (Section
IV-D2).
Add me,‘) to triangle list of L1-Voxel V.
Add Ptr(T ) to triangle list of points V., Vi, V..

«, [3,7) in global map.

Function E .
Get point indice:
Remove Ptr(T{,

) in triangle list of ]
Find the L1-Voxel V! with Center(T(l’) via (9):
vi= Get_L1_voxel(Hash(Center(

Set the status flag of V!
IV-D2).

Remove Ptr(

Delete tria

to Sync-required (Section

from triangle list of L1-Voxel V.
;7 from memory.

(Mesh Push 1%

and Meshing Framework”



4.1 BT EUCEIARIBETEAAMIEERE RS (ImMesh)

Algorithm 5: The full meshing process of each update
of LiDAR scan
Input : The set of L2-Voxels V? = 0?
activated in Section V-C
ve rtices Start : The triangle facets that need to udflcd _
T = {null}, and to be erased in this update
TEse — {null}.
1 foreach O? € V? do in parallel
AsynCh ronous Retrieve vertices V; with Algorithm 1.
copy 3 Reconstruct the triangle facets 77; with V; (Section
VI-D2),
Performing voxel-wise mesh pull (Algorithm 2) to get
Triangle it & // Mesh pull
5 Performing voxel-wise mesh commit (Algorithm 3) to
fa cets get the triangle facets that need to be added T4 and
erased TErase, e // Mesh commit

TAdd - TAdd U 7—?:‘1(1~ TE:Y:!:H‘, s TEr;\:;l) U Tfﬂx'x\:}n!

i / * Mesh push start */
ESt‘;maged PUII Push foreach T; € 7" do

———-— o e o= - am e oy,

ty

update

Probabil

ikd-Tree

Hierachica
voxels

Retriving

Add_triangle (T;) e // In Algorithm 4

\ foreach T, € T5*° do

g . 10 | Erase_triangle (T;) o // In Algorithm 4
| Voxel-wise 3D Dimensionality Voxel-wise mesh | o
/ * h push enc x
reduction by pull, commitand |, foreach O? € V* do
: pOIntS retrIEVIng project|on push | Reset status of OF as deactived.
| * Remark 1: ne 1~6 are ne in paralle ette

Meshing 5

DEaEppeES, GEN GE) GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED GED N o

(Meshingt&iR)
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[1] Lin J, Yuan C, Cai Y, Li H, et al. “An Immediate LiDAR Localization and Meshing Framework”
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Mini-PC

(a) show our handheld device for data collection and online mesh reconstruction. In
this experiment, we present three time-aligned views of different sources including:

a , a camera preview (in yellow), and a third-person
view (in blue), as shown in (b).



Experiment-1: ImiVesh for immediate mesh reconstruction
(Trial #2)

In this experiment, we present three time-aligned views of different sources including:
a , a camera preview (in yellow), and a third-person
view (in blue).
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4.1 BT RUCEIARIBRTENANMIEERE RS (ImMesh)

T P s S TABLE II: This table shows the detailed information (e.g., length, duration, scenarios) of each testing sequence, the time consumption of
TABLE I: The specifications of LiDARs in four datasets H = v A 8 seq : .,]
ImMesh in processing a LIDAR scan, and the number of vertices and facets of each reconstructed mesh in Experiment-2.

Dataset Kitti NCLT NTU VIRAL R*LIVE Sequece Traveling Durations LIDAR  Meshing Localization ~ Number of Number of
Sequece length (m) (s) frames _mean/Std (ms) _mean/Std (ms) _ vertices (k) facets(k)

mm ; Kitti_00 3,724, 456 4,541 3217120 490 /117 3339.4 7,692.7 Urban city
w = A= Kiti_01 146 1101 345/ 105 5117185 3.0 4,046.8 High way
— Kitti_02 5.058. 509 4,661 335170 362195 4,390.3 10.028.1 Residential
o b - Kitti_03 8 801 7.1 490 /122 730.0 550.8  Countryside; Road
) ] ; . Kitti_04 303, 2 271 30.1/9.4 4247129 4117 850.6 :
I e . : I - - i _
Velodyne HDL-64E Velodyne HDL-32E Ouster OS1-16 Genl Livox Avia Kiti_05 5 30; 2761 20.6 /82 1877115 21674 49503
Scanning Mechanical, Mechanical, Mechanical, Solid-state, Kiui_06 23 1101 1175 569197 886.1 1.889.4
mechanism spinning 64-line spinning 32-line spinning 16-line Risley’s prism Kimi_07 . 1,101 313786 764.4 J !
= = Kiti_08 : 4071 3. 457 /177 3.559.1 7.936.3 Urban city
Field of View arh MO w e g . arn oo . A N Kitti_09 J705. 1,591 345/75 4317192 1,827.4 4,127.5 Countryside; Road
(Horizontal” x Vertical®) 360.0° x 26.8 360.0% x 41.3 360.0° x 33.2 70.4% x 77.2 Kitti_10 132 1,201 234769 309/119 939.6 2,096.5 Residential
] cecondl!] 05 o a5 NCLT 2012-01-15 6739 66889 263/ 141 3798 9.659.7 26,6083  Campus: Indoor
Points per second ,333,3 695,000 327,680 240,000 NCLT 2012-04-29 31831 2508 25819 ; 48209 13.483.9
Price 3 75, S 8.800 $ 3.500 $ 1.599 NCLT 2012-06-15 4,085.9 3310 32954 57 14 / 17.473.5 ;
NCLT 2013-01-10 11323 1024 10212 : : 5.495.8 Campus
NCLT 2013-04-05 4523.6 4167 41,651 206 / 13.8 26.8 7 .582.3 23,9824 Campus
. . . . . . NTU VIRAL 265.3 398 3987 2 14.5/ 3.4 597, 1.380.3 Aerial: Outdoor
TABLE IV: The average/maximum time of meshing and localization | = ~wvwiweo e 96 5o : 102/17 : ral: ndor
NTU VIRAL rtp_01 449.6 482 109726 2,030.5 Aerial; Outdoor

module for processing eaCh LIDAR scan in four datasets. NTU VIRAL sbs_01 2221 354 11.4 /80 17.2/32 150, Aerial; Outdoor

NTU VIRAL tnp_01 3194 583 6.3 /3.7 88/ 1.2 Aerial; Indoor
R3LIVE hku_campus_00 190.6 202 2,022 12.0/73 115732 E 3 Campus
sgge 3 RILIVE hku_campu 374.6 304 1043 2041126 172769 : Campus
Kitti NCLT NTU VIRAL R°LIVE ROLIVE hku_camp s a5 13576 11928 y Campus
RYLIVE hku_campus_03 173 737 12.2/ ¢ 550.0 1,130.6 Campus

mean/max mean/max mean/max mean/max IVE 1170 03 169/ 14. 3.031.2 68036 Indoor; Outdoor

228 5 30.1 /7159 919.5 2,380.2 Cluttered field

MeShing (mS) 31.3/345 242/254 98/17.2 25.3/33.6 R‘)t:\L,]ljiﬁk:tt]‘:ﬂx;i?,l(m 1 '7“7]'3 10,732 2(131‘1; :f; ig?;;} wjiuzhjﬁiﬁ e
Localilation (IIlS) 42.2 / 56.9 22.3 / 26.8 11.9 / 17.2 16.6 / 21.0 R‘Iil\u’k& hhm,c;impm:(]l 1 :{I:; ‘-1];'; ;hlﬂ I1: .\\;9:(]\ ‘-;:j:il Campus

RPLIVE hkust_campus_03 478 16,181 33.6/13.3 7.673.8 18,247.3 Campus

EN N EIESE ERYNL

Scenarios

=

SEE
[1] Lin J, Yuan C, Cai Y, Li H, et al. “An Immediate LiDAR Localization and Meshing Framework”




Experiment-2: Evaluation of Imlesli on Kitti dataset

In this experiment, we extensively tested ImMesh with public datasets. This
video show the online mesh reconstruction process of ImMesh that tested on

Kitti_00 sequence.




Application-1: [mileslh for LiDAR point cloud reinforement

In this application, we show how ImMesh can be applied for LiDAR point cloud
reinforcement, which can output the reinforced points in regular pattern, and
with higher density and wider FoV compared to raw LiDAR scan.

Depth FoV=30.0°x22.7° Depth FoV=50.0°x38.6° Depth FoV=77.4°%62.0° Depth FoV=120.0°x104.8°

&

pepth FoV=150.0°x140.7°

Comparison of input and
reinforced LiI_JAR points

Projection of
current LiDAR scan

Projection of re-
inforcgd LiDAR Points

Depth (meter " Depth (meter . Depth (meter
79.383 150.000§6.125 78.063 150.000§2.059 76.030 150.000}0.869 75.434



Application-2: [mMesh for rapid, lossless texture

reconstruction (Trail #1)
In this application, we show how ImMesh can be applied in applications

of lossless texture reconstruction for rapid field surveying.

(bl) g~




Application-2: for rapid, lossless texture

reconstruction (Trail #2)
In this application, we show how ImMesh can be applied in applications

of lossless texture reconstruction for rapid field surveying.

Height . Height
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