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Odometry Estimation from Sparse LiDAR Point Cloud Constrained by Image Feature Correspondence
—Depth Estimation by Gaussian Process Regression and Odometry Estimation Considering Its Reliability—

Masayuki SHIMIZU, Yasutomo KAWANISHI, Daisuke DEGUCHI, Ichiro IDE and Hiroshi MURASE

Estimation of translation between consecutive frames, i.e., odometry, plays an important role in autonomous navigation.
This paper presents an odometry estimation method using sparse LiDAR points and image feature points. In case of
sparse LIDAR measurements, it is difficult to accurately estimate depth at image feature points. Image feature points with
low-accuracy depth cause misconvergence in odometry optimization. To improve the robustness to the misconvergence,
a new method with a Gaussian process that estimates not only the depth at image feature points but also the variance is
proposed. By using this variance, it estimates the residual of image features in the world coordinate with depth, or in the
image coordinate without depth. This allows more accurate and robust estimation than conventional methods in case of
sparse LIDAR points. In an experiment with simulated sparse LIDAR points from the KITTI dataset, the proposed method
is confirmed to estimate the odometry more accurately than conventional methods.

Key words: odometry estimation, image features, sparse LiDAR points, depth estimation, Gaussian process regression
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Fig. 1 Overview of the visually constrainted sparse LiDAR odometry estima-
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Fig. 2 Concept of the opitimization of odometry estimation

DIBAEPREVREEDPAET D &, HEEREMMETT S
EWSHENRS B,

2. FRBEUR O, mEEE L TREUEIZ IS W LIDAR
HAPSHEESI NS, I LIDAR sUELE L7 WRFEUR
T, PR ICEE A HEE T 5 Z &AM L V. FFIC LiDAR
NEEPHREEIIE, 20X RREEAS BT ET D &
WS D H S,

AR, TS ORI E AR U 7= Bk E 7 odometry HEE
FHERETH. WEFHE, BENIZRD 2 >OREEH
T5.

1. FEUR O BEREHEE O E 26 LT, odometry % ¢
At b HWBEEE Y D 2 5. HWEEIE, His
i S REUE I O L, G & 7z LIDAR 5
MBI IOWTEHT D, WIS S S Eum
DOFHREE, BEHEEOREFENRWES, EEEHNT3
RICHERLRICER U TR 5. — 4, BEEMEWES
&, W{SEERTHLT 5.

2. WU ORREE & GEEHEE OESBIE L, B/ LiDAR il
ABe LT, Ao AREREACCHEEEITS. AV A
ABFRE] L, PR OHEENEATL Y 5 B E N T A5 L
LT, TDFHERBENEST S, REHEOEBFER,
ZZTCROLFEEOHEMEN A OOV TERT 5.

PR FRITGHE DBV EEEE & F 3712 odometry HEE O Il
LTS, ZOXB3IcTaZ8ink-T, EEHEOTEIZN
U T TR E A odometry #ESE 2 FBLT H Z LW TE 5.
B ICREFEOSEMEERT. AFiKE, (1) FERE
FREOR R, (2) Ho BRI & 2 REUR O EE#EE,
(3) RS oG, (4) LiDAR S#E0 435, (5) LIDAR A
DGR, (6) odometry HEEMN SHERE NS, 22T, (4)
& (5) IZ2WTIL LOAM L FE L FHEEHAWS. B2 (6)
odometry #EFEEDOWIZE RS, 20 (a) & (b) MBI E

N EHGRFEU O MM A RS, ERREUI O D A
F it S BEHEOFHEIC L > TE L S — b
REhd, 7, FE20 () & (d) EIE) X i LIDAR
MOEE R L, LOAM & HUFHETHHT S, LIDAR si&
WSRO O 2 MAaSbE - BMMEEEERL T, ZhE
Ie/MZF % odometry ZHEET 5.

AL OEBIZLL T O@E D TH B,

. BERSEERICIBWT, BEOREHEDID 5 B % A
A5 LARE L THE L B EHE T 2 FHEORE

2. BEHEEOSEITIEL T, HRECIOHMMBET hEA 5
odometry HEE FHEOHRE

AW, 2 BECHBERIRIZ W TR S, A3, LOAM &
5 A T &AL DY odometry HEE T2 RET S0, %
¢ 3 T LOAM (2 & % odometry i FiEIZ 2 WTHMNT 5.
WIZ 4 T, B4 LiDAR sUBED & M GUR i 0 TR % HE e
L T odometry 2 H#EE T 2B FIEICOWTFEMEZ RN T 5.
SHTIHERBIZ DWTHET A2 L biz, 6 MTHEEMX
. MBIZTHTRRXEZLDS.

2. B E W R

LiDAR % i\ 7= odometry #£3Z, localization %> mapping {2
DNTE L OWERBEIREZI N TNE VDD LIDAR 2
& 3 odometry #£5E 13 Iterative Closest Point (ICP) % '® %3k <
FIHZ TS, ICP R, 2 20Kf2EREGHEL DD
TNTY XLT, mosifire, SR Ehizgrs 2o
DEHEEERGDE D DI BRERBE A E T T 2 00 5
Mg Ens.

LOAM V I3 ICP #: &, Velodyne £ ' @ LiDAR (BLF#, Velo-
dyne) % W/ {REM L 3 Rt LIDAR SLAM TH 5.
LOAM I, Velodyne ®ERIBRDOREEH & LIDAR si%k a2 —
FEHICAET 5. AERERICIE U TRolbREO B EHcE
E %L odometry 2T 5. LU, ICPEIZHDIL TR,
LiDAR OEREIR (H1Z1E Velodyne (XY > ZTIR) 12K
% LiDAR i@ #UHGA 1 HE AT, odometry O HE 5L A3
TEaGands 129,

LiDAR % fWg'iz, H A 5 &M \\iz Visual SLAM MR X
NTW5, Visual SLAM X ¥ 12, BEUEONIGMITHELS
odometry ZH#EEd A FikEY &, BEMOBEHEMDAES S H
AR B R 3% L T odometry 2 HET 2 FHEY ¥ kBT
5. RS ERMET A RER, kT 52 71— ARTHIG
1 s hi-Fiui &, BEUSOERED S odometry ZHEET 5.
—HT, ERMOmEMEFATSEFEIE2 7 L —AMOMEE
fED XS D INMZ 225 & 5 7 odometry Z HEET B, Fiih’
i Lz  WERBETH odometry #EEMNAIHET, i, BN
BEGONARENH L. WmGHEOmEFEHE R TS 5 ik,
G CEFBEEDE S E T S RHCEE S B BT R 5.

HREH A 5D SLAM®P 919 i3 HesE U 7= odometry 5 & HEHE
EHEET S, L L, odometry & BERED AT — L% —FEICHk
ETERVWIEEDHZ ). EHLEEERABINEGTsZL
MHRERAT LA A ASIZES SLAM? %, RGB-D # £ 51z
&% SLAM® REBIEINTWAS, RGB-D # 4 J IZEREDHIEE
FEEEASEN VDS, MR AT < IR VBT IR EE Al T E 4
WD D 5.

FRE T odometry HESET A2z, MW TFEHEEE D

448 BT ZR5E/Journal of the Japan Society for Precision Engineering Vol.87, No.5, 2021



Table 1 List of variables

Variable Definition
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Fig. 7 Translation and Rotation errors in the Freeway data evaluation
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Fig. 8 Example of a challenging situation

" 10
5

(¢) Variance of depth at image feature points (Color: variance [m?])

Fig. 9 LiDAR points, depth and variance estimated from Gaussian process re-
gression at image feature points in the challenging situation
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