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Research on Ground-Plane-Based Monocular Aided LiDAR SLAM

Yan Xiaobin"", Peng Daogang’, Qi Erjiang"™
College of Automation Engineering, Shanghai University of Electric Power, Shanghai 200090, China

Abstract The fusion of a vision sensor and LiDAR can achieve a simultaneous localization and mapping (SLAM)
system superior to a single sensor. However, the existing vision and LiDAR fusion algorithms still have such
problems as high computational complexity and the system accuracy and stability susceptible to wrong depth
matching. In order to combine vision and LiDAR information more efficiently and robustly, we made full use of
ground plane information in the images and LiDAR point clouds, and proposed an efficient SLAM algorithm of
vision-assisted LiDAR. Firstly, the ground point cloud was segmented from the laser point cloud to extract the
ground ORB feature points in the images, and feature matching was verified by the cross-ratio invariance in the
homography transformation. In this way, the absolute scale motion estimation of camera was realized efficiently and
robustly via the homography matrix decomposition. Then, the obtained motion estimate of the camera was
interpolated in the form of Lie group SE(3) to correct the point cloud distortion generated by the LiIDAR during its
own motion. Finally, the motion estimate of the monocular camera was taken as the initial value for the position
optimization of LIDAR odometry. The test results of KITTI, a public data set, and the actual environment show
that the proposed algorithm can effectively employ the motion estimate of the camera to correct the point cloud
distortion of LiDAR and achieve odometry and mapping in real time and accurately.

Key words remote sensing; simultaneous localization and mapping; LiDAR; monocular camera; homography
transformation; cross-ratio invariance
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Fig. 1 Flow chart of the proposed algorithm
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Fig. 2 Extract ground features point from LiDAR cloud and ROI
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Fig. 5 Comparison of feature point correspondence process. (a) Search the correspondence directly; (b) local details of

direct search process; (c¢) search correspondence after transformed by camera motion a priori; (d) local details of

search process after transform
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LeGO-LOAM-IMU, LeGO-LOAM-noIMU, and proposed, respectively; (b) satellite map of the trajectory
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22 (RMSE) ., T A 30 50k 0 A2 1 DL S HEBR 52
55 v A AR R 2200 5 ) DA PR R AL 3 X L P, AR S
X R AT 10 IREE L8, Gt & AR R
ATE J 45t fie KA A e /IME IS B9 244 Ge i 25
mE 1 m.

IFE T ATLUAE A SR 5 A IMU £ 4L 55
WA IE B LeGO-LOAM B ¥: 41 1, S 1 4 %f
BB R ZEW /N T 86. 92 %, iiF B T A% SCHE 9 A 4K
PR A SR E R 2 B R T LeGO - LOAM -

T AR B 0 500 1R 2%

Table 1 Comparison of ATE of different algorithms

unit: m

Sequence Proposed algorithm LeGO-LOAM-noIMU LeGO-LOAM-IMU
1 9.7763 72.3448 5.4013
2 12.9146 89. 8510 37.6222
3 9.7763 86. 6547 5. 3066
4 9.7762 102. 4516 6.2184
S 10. 9626 86. 0318 5. 2739
6 9.7762 75.7008 6.0007
7 8.7765 67.9349 11. 4841
8 12.9145 84.7132 6. 7188
9 9.8208 92.2212 5.2530
10 12.9146 60. 0927 7.7874
Total average 10. 7147 81.9316 6. 7739
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IMU , {H - 38 28 %) Bk 52 25 H 22 3. 9708 m, 5 i
B RE 5 A Y, e Ah B E AR AL AT DL AR R 8 Y
B AE B N BT SUAE B Il IR I A AT S A S
R, H S8 d A9 B B M ML (FLIR FL2-
14S3M-O) i A% IMU(OXTS RT3003) ik 40 %, 3%
AR A SO AR TR 2 AR RE AL

vt 2% T AL B — i S s 2ok R R R R Y O
P12 47 i 8] an % 2 o, Hodh AR SR X Ego-
motion undistortion 15 HFE Bt 19 48 1461 & B AN\ v

FHALIE S Ak T B R AR . B T A SCR R A T
FHHLM (8] 32 Bl . £ Ego-motion undistortion & 5t &
I AH B HG Al P9 B Rk AT BT I (LeGO-LOAM-
nolMU BEA W AL 2 1E i3 & 5 [N I FE S 0) L (H 78
Odometry 53 (% #E B B 5 98 20, X 1E 2 A0 AL iz 3
Jeem s BRI EIE SO 45 R . AR SR
WUSAERS 2 62, 4 ms, 3 B Wi Ak L B G 5 2
16 frame/s, MG 5 TAEM AR N 10 frame/s, B
2 S I PR K

# 2 AFFHEEBITHE 5T

Table 2 Runtime statistics of different algorithms

unit: ms

Module Proposed algorithm LeGO-LOAM-noIMU LeGO-LOAM-IMU
Ego-motion undistortion 32.6 0 2.2
Ground removal and segmentation 21.7 22.1 21.6
Feature extract 4.8 6.2 4.8
Odometry 3.3 15.1 7.6
Total 62.4 43.4 36.2

5.2 ELRBHELH

S o B4 I 4 S 50 R IR B A A F 0 & 1 75 5
MLgs ALK 8(a) ], Bahblas N L5207 FE ARK-
3500 L #L . velodyne ¥t F 15 VLP-16.Fotric £
SR L e WA = B A AL WIFT B B s it 45,

(2)

visible light
camera

VLP-16 4% SCH 1 42 4k J 6 B 5% 19 30 21 = 5K
Wit B P ar L A AL AR R IR BT 0 R B . A
ENAER LR . 2G5 2BENTHN. BT LR
FERA IMU & &, LR Em A LeGO-
LOAM-noIMU & A7 XT L .

K8 Hlads N REHNERIRE, (P A () LR ERE

Fig. 8 Robot and laboratory environment. (a) Robot; (b) laboratory environment

AR S B 4y B T = N g s R E S g R
Bl 8 () JIF 7 Jhy 52 56 %8 IR B L A1 1% 555 SC B 1Y) M A L SR
(NS5 /LN W ol £ LD K NP /N
SEAT B — 3 e RO T 2L, SEBR IS AT 0 T
M 11,4 m B8 4.2 m B9 5 T B L A SO
LeGO-LOAM-noIMU %% ki 1+ 0y B3k an &l 9 fr
AN 9 FTRLE L R B Al T 0 B0l 5 RO
T Bl AR A LeGO-LOAM-noIMU
Al 110 0 A B G 8 25 T RS, AR SO IR AR Y
LI B S L S (R T TR L)

10 LeGO-LOAM-
noIMU

— proposed

-8 -6 -4 -2 0 2 4
x /m

P9 S 2 PR BTS2 50 0 A L

Fig. 9 Estimated trajectory of laboratory environment
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TR EE L B 10(h) Ry i = H B [ 10 (o) S = AR 52 56
PREE 0 TR ] b i T2 R K SO S 56 e B
120 @

100

80
60

z/m
S
(=)

LS N A7 3 s 2k . NI 10 () BT DL 1, LeGO-
LOAM-noIMU A 11 i %L 7 (LeGO-noIMU) % #7 fhi
B AT A 2SR SR AT (R BR (0,040 HE A, #
RGNS TR K bR R U A 22 8K AR SCHR
i 11 F LT (proposed) IR 24 5 TR B h 45 Hh ) S B iz
TR EEA W) G RA SCHE AL T LeGO-LOAM-
nolMU B3 , BLAG JE M I K B A7 5t & ik .

LeGO-noIMU
— proposed

B 10 ZFEAMREE ISR, (OB IEM X s (b) = HLE 5 (o) TR H &

Fig. 10 Experimental results of outdoor environment. (a) Comparison of trajectory estimated by algorithms;

(b) point cloud map; (c¢) satellite map
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