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ABSTRACT

This paper presents LIDAR static obstacle map based vehicle position correction algorithm for urban autonomous
driving. Real Time Kinematic (RTK) GPS is commonly used in highway automated vehicle systems. For urban
automated vehicle systems, RTK GPS have some trouble in shaded area. Therefore, this paper represents
a method to estimate the position of the host vehicle using AVM camera, front camera, LIDAR and low—cost
GPS based on Extended Kalman Filter (EKF). Static obstacle map (STOM) is constructed only with static
object based on Bayesian rule. To run the algorithm, HD map and Static obstacle reference map (STORM)
must be prepared in advance. STORM is constructed by accumulating and voxelizing the static obstacle map
(STOM). The algorithm consists of three main process. The first process is to acquire sensor data from
low—cost GPS, AVM camera, front camera, and LiDAR. Second, low—cost GPS data is used to define initial
point. Third, AVM camera, front camera, LiDAR point cloud matching to HD map and STORM is conducted
using Normal Distribution Transformation (NDT) method. Third, position of the host vehicle position is
corrected based on the Extended Kalman Filter (EKF).The proposed algorithm is implemented in the Linux
Robot Operating System (ROS) environment and showed better performance than only lane—detection algorithm.
It is expected to be more robust and accurate than raw lidar point cloud matching algorithm in autonomous driving.

1_/&&

.

A5 AFsA} AT QlofA, Akl 945 S48t B ARG FEoh A EAER } 6£°ﬂ
A g-itelth
« Mgt 7| AlE e, A Real Time Kinematic(RTK) GPS+& GPS, BeiDou,
R e R AR o e GLONASS, Galileo, NavlC®} 72 Global Navigation
s A STl 7] Al TS 1l Satellite System(GNSS)ellA] €& 12| dHlo]gjel] o] &

*Iﬂ_/\ 142} kyi@snu.ac.kr
b R o] 7|5 A AgE vkes A} B A
E—mail: nhs0601@snu.ac.kr =r(rover)°] 71 &5 (base)ll A 1% ERCE

F BB N M142, M23, pp. 39~44, 2022 39
Y 2021.5.3, =2+FHY(1X: 2021.8.24, 2% 2021.11.8), HHHZL: 2022.10.4



POE 1~3cmz454 z*%l‘:% J*J/\]fﬂ =
149 RTK GPSE H& AZEE 714
o< °ﬂ level 3 ©] OH A& 7)e
o} SHAIRE vl & THA o] AL Qlo] FARS e
A& AFs Ak Aabslr o= A slA] etk ek &}
F AEso] BT BAAGAN FHEE leveld
&) AT A Al AHEE o= AT Wl o
$217F ek A A7k GPS(Low—cost GPS, LC GPS)
= A P Qe W S 8AFE] A} Hol glom
RTK GPSell H]af A5 Ark= 7HAARI o] 7]
ALt SHAIRE BE 1~3m 752 QAHSIE 2] v
LC GPS9] vlelEl & ul=2 9] ZH|2 ARgerol= 714
w]ojof & Fifo] @t}

TEA 2] 1ol A Al Fsk= High Definition Map (HD
map) AHET AR B2 4 B2 w9l A
A g wpe igk 93] AEE S A ] 10cmevle]
SR Al & 3ol E RTK GPSe} a4l 9
7 darels B 94 A 55 &8ato] 2| Al Ak map
S HD map til ARSI g A7) FolEES o] &
sto] A A FolE 7] A =(STORM)S AHe-3te
AP AR eJol| = AA] olEel] tigk X5 YERE map
& F7FE ARESIITh

AVM % Ai7heekE o]-g38te] 214 E dtof HD
mapZ} NDT(Normal Distribution Transformation) &1
g-3te] mishd xpgke] Al 92| B Aol oigh
2o tisk AR
D& 7 7] wiEel] AEFEle] wAlR s Tt Al
A 1A L 2l gk 34 Al @27t e 4 qlk.
Light Detection And Ranging(LiDAR)-2 #¢]A] é’\
& Wastal, 71 o] F9le] EAolA] giatelo] Eofe =
A& X 0} EA7A ] Aol dig 52 JEEE 7}{

o 1}, LiDAR sensorE Vision sensor¥} HE-o]
12 4RG4S 18] 71 2ol A7s]a gek?
o AVM 2 A i7beete) v Eo] A xheol| A
7(] = AR FNEES APl A4d3 LIDAR mapS
T FES o] &3to] vjAste] xpade] gle wAt=
THell tiate] A4 AAE FAT F AA Sk

Odometry @ & A4 0 2 e guhit HolA] §l=A
& Fletsh= AiARl A& F4ske Adolth & A
ol A= A& o 219 LiDAR sensorg 53 SLAM
(Simultaneous Localization And Mapping)®} Chassis
CAN AHE o]g3fo] A} FAGH(&HE 2 445%)

&

ARE QL 5 Ak A ol

%

40

o disl g vdE] (EKF)el 7|9kste] gt

: FHE v o ® AR (EKF)ell 7]
93l process updateE 3t Wl Z IS measurement
updatedl] E-g3to] age] FAHLXE B dag
=5 A5 9 BA LSS Robot Operating
Systems(ROS)AIA F& =] LiIDAR 2 Vision 414, Low
cost GPS7} 425l AH&78) 2o 2 Agdistul AlS
i 2~ v R 2]E| Al E] 9] Bl AEH =0l A3t} 7]
&9 Vision 7|9k 2k 17 &arE]Fo] Fofek F<1 al
22 g 45 HnE 8l wARI} e FAE test§
FAE AT Vision 718F 24 Q1A &t 71
B GaelFo R gfo] o] =Tl A AAIS dar

1o Ags daugET vlasksit.

2. A3 A AM A R dloly HS WY

2.1, 2FF 2 MM

il

 Aellx= darE]Fe] ke 5SS 98l map

& AL A% Ay dads A58 A 4

& Ao R Faatgivh. Maps A &sh7] 948k A
Hyundai Sonata DN82 ©]-&3}3 1 OxTsAe] RTK GPS
RT30005 2 AVMH Logitech AF2] streamcams: ©]-&
& 2P| ARE-EF 2™ LIDAR sensorZ+% Velodyne
AFO] VLP-16 471& & ato] Abdg 7 1A &
A 33T

A8 F test-d O 2+ Hyundai IONIQS ©]&3}
Q3 27193 2718k Hal ARES Low cost GPSE
u—bloxAFe] C100-F9K A< o] &3 A&
13t reference RTK GPSZ+ Inertial labs AF2] INS—P
S AH& AVM ¥ logitech AF] streamcame ©]-&-8f 4}
AolxE &9 o™ LIDAR sensorZ+E VelodyneAl2]
VLP-16 471& A& aielch daels A58 A% =
o7k AlA 2 FuH)Ee] JH= Table 13} k.

2.2. dlolg] 5 W 2 HD map A%

3 HAEE Aegw

Al 570 2~ w] | B 2 E] 1€_E1(FMTC)91 H~EH
oA sttt dae]ES ROSTHAANA TR
A

=
f— =
3 FeEa AHo] gl 33 AHile] gl 32 vlish

Kl M4, M2z, 2022



A AT AT oltt A Aol A=

Table 1 Sensor specification for a test car

Components/Model Specification

— Type: 4—door sedan
— Length: 4470mm
— Width: 1820mm

Test Car /
Hyundai IONIQ

— Channels: 16

— Update rate: 5—20Hz

— Position accuracy: 3cm

— Angular resolution (horizontal):
0.2 degree

3D—LiDAR /
Velodyne VLP—16

Reference GPS/
Inertial Labs

— Update rate: 200Hz
— Position accuracy: 0.03m

INS—P — Velocity accuracy: 0.03m/s
— 4 Camera
AVM . — Horizontal field of view: 185°
Camera/Omnivue ) ) o
360 — Vertical field of view: 142°
— Total pixel: 120M pixel
camef;/?;lt itech - FOV:T8
s — 60fps (MIPEG)
stream cam

Low cost GPS/
U-blox EVK—MS8L

— Update rate: 1Hz
— Position accuracy: 2m
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Fig. 1 FMTC automated driving testbed
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Fig. 2 STORM of the FMTC automated driving testbed
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Table 2 Result comparison of the Algorithms

Heading
MSE/Var
(deg,deg?)

—8.4782/
36.051

Lateral
MSE/Var
(mm?)
—3.294/
100.487

—0.038/
0.024

Longitudinal
MSE/Var
(m,m?)
3.629/
31.909

0.149/
0.037
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