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LiDAR robust positioning and map maintenance method for changing scenes

Lyu Pin,Ji Bowen,Lai Jizhou, Fang Wei,Zheng Guoqing

(College of Automation Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: Unmanned vehicles usually locate themselves based on prior map matching when operating autonomously in industrial
scenarios. However, the scene change will affect the positioning accuracy of unmanned vehicles. In view of this, we propose a LiDAR
robust positioning and map maintenance architecture for changing scenarios, which includes map matching, positioning optimization, and
map maintenance modules. A matching algorithm based on change detection is proposed, which reduces the matching error caused by
changing scenarios. A factor graph fusion mode based on LiIDAR odometer and prior map matching is designed to improve the robustness
of the positioning solution. A filtering method of false detection points based on nearest point search is proposed, which improves the
accuracy of change point detection. Finally, we establish a changing scene verification environment through simulation and
experimentation and compare the performance of matching based on Loam and the proposed algorithm. The results show that the
algorithm can effectively suppress the matching error caused by the scene change, the root mean square error of positioning is better than
3 c¢m in the actual scenario, and the positioning accuracy is improved by 67.4% compared with the traditional algorithm.
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Fig. 1 Framework of the traditional LiDAR priori map

matching algorithm
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matching algorithm
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Fig.3  Priori map matching diagram base on change detection
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Fig. 5 Schematic diagram of disappeared points detection

W SR SRR T (V)] ., S
Kz Py, TR oS

Pn, = {pd l p, € Py,p, € 3Vi%,-:1v2,...,n} (10)

TETH 2R AR o v i T A F T IO B s D
AL R T A% 22 A LI, 23 A7 AE TR 20 b T A R B0
L2 T LA I A DL, ISR EO R ik A =
S, e B SRR T T 53 50 TR, S A T TR Y
THARAG



55 4 3 =

S A TN AR AR R Y LiDAR &0 8 7 5 Ho R 4 )5 295

2) R I A5 I

ZALIEARENLRZZ L, LT R — R A =
SR BRI, WA 6 FroR i RHZARE AR R
SRCHIBT B G AR A S PN AR 2 i W D T 0
X2 P HOARAG I T A G, 7R AR AR I S 3 R
R A5 B PR XA i = HEAT IR R I S
i 30 3 9 B 2 A T R AGHI T

;;(/

K6 iz Bl fRARR R EE
Fig. 6 Schematic diagram of right/wrong voxel

division of point cloud

AN R A A AR

(1) 4RI miad v

HTHE AT T R R AR AT A B AT BT A ] < X T
RLXTEE A P, R p, A R S P, R
BT p,, s M TR HH R SRS P, HHE—T R p,

TR S P, I REGL R p, o 47 p, Bp, HEAT AR
BS/NT 2 BE, Z AU AN i 4 JEAE T i AR

G P, SRR S P, THHER, 75 5 8 5 AT R AR
Py SRR RESR P, -
E, =ip,Ip.eP  lp-p,|l <d}
E, =1ip,|p, e Py, llp,—p, | <d}
P, =ip/lp; € P ,p. ¢ E,} (11)
P, =1ipilpi e Py.pi ¢ E, |
dy = llp | xr/A,d, = |p, || xr/A

Hrr d, d, (RFEE R A, A AARBOLE KR
TR r AR\ SO 3 B B, i K I B 4 1 4R
L E, AN BT R AR

(2) Rt

FESR I At U AN | F — 20 SR FH P A2 R gk % A i
GRAATILIE, X F P PR A
H R BRIA AR sk e IR T 4R E 1Y
BAE, T2 SR AR DR A I B . S8 i 1, AT LAXS
o WU 25 5 v B B A AT AR

FETAS SCHE A0 RS T 08 i A0, 7T AAT b B
ARSI ARG 2 1RSI i R SR AN B 7 B

3) M ETEEHT Ry 18 e is AT AR AR SO AR I 4
DLCHEEMOE AT A0 DG SRR 48 PE 25 F 17 eI, A2
MKW GE N F,o= T ,1,D} .., T RN

HERKIRE
o HMK H
(b) R IEBJE
(b) After false detection filterin

(a) TRAT I G

(a) Before false detection filterin

K7 A R R K
Fig.7 Effect of false detection filtering

D, ZRHEWUL =X BT R ARG N, FEE AT e
VT BTN, 7 B8 2R 7 A S S U BT S0T 15) [ S B T s
A TR, TR

(1) B R 2 ST« AR A Al G B P, — T
R T N B & | F, | A8 0 g i
RPN = F, F, SRR RO GRS 1 IS E
RS EDHUR B WU S FF

Fl =F Ul

F=F, Ul

(2) 2R i BT R AR AL OGP, vP g — WU
AL T IO & F, | RO A
EAR AR ICHEWUR & [ F, XL F, P BTAT G
BRIHZ R D, A S HDHTS 1 MR G F)

(FLb = \FIF = {pilp € Fopy & DiJLF, €
[F, (13)

(12)

3 WIESSH

R TR A SO AT IR R, 43 ) i B
XPAR A S EAT AL, O A R AH B B IE T 5 . TE B
L, 3 F 4] 4 (unreal engine 4, UE4) #2145k 3%
S, P RS sl AL A AL B B I R AR A U IR
TEE B PR BE T J& | 3 ok B 2 ARAH 1B 400 37 5 A2 4k . Loam
VAR B0 T I8 MR VS BC A B 5 i DR A
SCEE A 5 VA 5 AT X L, DU B AE AR A 3 b g
FIAG M . A SCH R R TENL & NIRIE R &
(robot operating system, ROS) H 5 F C++ L, £
i7-9750 CPU AL BEER 21T,

3.1 HERIESHH

AL UE4 5 Airsim™ ,%@T%Tﬁi%@ﬁ?
HB| RIS . UR4 B—3FH TR =4k 5
HOP)ER G n] S = A S A ELSCREEL, Alrsim 2
—X H BB R A AT SIS T NG A AR IR Y
DB, D7 BT S EANIE 8 B, il it UE4 X5 3k



296 %A R ¥ R 43 %

e R E E, I8 Airsim BHUTC AN BB T Ot

e ME=A [ —Loam
GERZlIUR 8 - AU
R
]
=)
% -20
_40 1 1 1 1 I
0 100 200 300 400 500
I /s
20 -
— BXHE
- - HE
= 0
Bl /
o /
E 201 /
_40 1 L 1 1 ]
100 200 300 400 500
8 GiICEAER e
Fig. 8 Simulation platform framework (a)(;)a)iiﬂﬁﬁim

TEOTECh SORTE KRB 16, 3 111 A
=22.5°~22.5° KV A 0° ~ 360°, Hin th 5%
10 Hz, #5530 it SO0 b g % S 40 5 2 MR, SR
SR T R S R A A D097 30 8 | 9 PR 4 . . . . (
SO TS BOH , HETTT X LA SCH M35 5 Loam 76725163 ’ o0 200 s Y o 0
b sE AR BE . B S E AAR T SS LA PR O R , A {3

— IE&
SRR 10 ik, B Ain 2k L mE 1 Mkl . | %
PR 20
SFORAGH % - o |k 100
e o ‘ 200 : ' v
100 200 300 400 500
Al /s
(b) VAL E
(b) Y-axis position
it L — 10 (5 RORBE T s
Fig. 10  Positioning result in simulation
3 - Loam
— AXHE%

2
1 FFl S

g

#

s 0

g

O i U T R R MRS J
Fig.9 Total change detection result in simulation =3, 100 200 300 200 500
IR /s
DT RE T WAL (k7 5t 3 AR AT T 1k e

2 FEER LK IE I, B RA BN 2 mx2 mx 10 m,
HITET 9 W LAt A SCRE AT 0 37 5 A8 A AT AT 380k U



%41 B S ARMEIZ S LiDAR B0 E i 5 MR ey 1 297

YR % /m

100 200 300 400 500
I [8]/s
(b) YR AL H iR %
(b) Y-axis position error

11 5 FCEREE T S LR 2R L
Fig. 11 Comparison of positioning error in simulation
F1 {FEWET Loam AN EEEMIRERTLL
Table 1 The comparison of Loam and the proposed

algorithm about position error in simulation

ik SE Y1 Y2
j Y Y N = =]} =)
RMSE/m R IRZE/m HKIRE/m
Loam 0. 141 2.114 2. 665
A 0. 062 0. 094 0.163

hE 11 .21 LIEH 1) ET Loam HHE DT E 4
FERENL Y MR 1R 22 (root mean square error, RMSE) 4
0. 141 m, ZITIETEY) 5 TR OREFE T 48 i 14 28 124
JE AH S TEN A 2id 37 548 A DX B HG 45 22 TG R, i
RIRZEBF 2. 67 m, 25 B B Jo Nl R T4 A Fi817
AR, L EZ R S DR 1 s iR DL, A
12 iR, 2) ARSCHEEARIB T 2R IR 785 1 E L
KGEE , 22 7 RMSE 4 0. 062 m, 5t K254 0.24 m,
MINLEIBAT BT | e IR B

SR AR ARG DN RS BE HEAT SR, A SCIE R & 1
A FHATE ARG BEXT LG, An & 13 iR, X A8k s 5E £
BERNER 2 PR, ATLLE A SCROE A 0 g 5t s
ST R R ZELT 0. 15 m,,

x2 (AEWMET Loam MIAXEEEMIRESTLL
Table 2 The comparison of Loam and the proposed

algorithm about position error in simulation m

5 HAH RN R
A A (-34.70,-87.70)  (-34.57,-87.76) 0.14
B & (-34.70,-99.70)  (-34.73,-99.84) 0.15

(a) 3 FE 1R IL ALK B

(a) Fault matching in the first scenario

(b) FHF2RILECFE 5L

(b) Fault matching in the second scenario

E 12 {5 EE T IR ICELE R

Fig. 12 Fault matching result in simulation

(a) i F3H R

(a) Simulation scenes

P13 R R s R

Fig. 13 The diagram of detection accuracy

(b) ZRALR P55 5

(b) The result of change detection

3.2 EWIES S

AT R BE I & T 5 @ 44 W &
RSB T 58tk fEIRgh, T AP RER T
Velodyne 16 ZEHOGE A, JFR A Leica MS60 423 {X A Ny
7B e, e R LT 0.01 m, WA 14 fiiR, A
JeR I THEAL CPU RS Intel i7-8850 H, ##4E R G0 H
Ubuntu 18. 04, 3758 AL RN 25 S a0 & 15 FioR, 2 L iR
Z2%F b inlEl 16 fiE 3 iR,



298 % # L F ¥

43

52 77R

lEzRE7R s

ENETH
Kl 14 LR BHER

Fig. 14 Experiment design framework

Leica MS60

H5t2 Ok «— EANEHE
C#+ 10 ik # 8l
L kB E
— BTN
> A
E759)
T L
D =>

122 A3

i AN N SN S B B

[CNREE 2775 SUS alllEV € S

Fig. 15 Total change detection result in experiment

AR I E T WAL e 1 AR
FR 0.6 mx0. 6 mx2 m MARFHFE SN T 0. 6 m, FE 355 2 X
WEBDS T 1 m, HE 15 7T LLFE A SCH %] 5t
Yise 1.2 BARARAEO0 AT A kil R 16 AR 3 W]
PIEH 1) 55T Loam A Ml 1] DT L5 1k 4 2 € fi RMSE
$90.051 m, ZIEAES RTINS IR EE TR SR
FENKEEE  TES 584k 1 PR RIR 2N 0.175 m, 248
b2 KR 250 0. 051 m, ATLLE ARSI 55
EAVCACR 22 A BT X5, BT Loam 545 BA —E G 1%
P, 5 5 A8 A/ N AT B AR FF A s DT S B, T 7E 3 55
AR Fe2y 5 DR IRV E (3 846 1 A I FC 1R 0 an
BT FiR) o 2) ARSCEH SRR IE T &I FE T
BRI ENREE , R E AL RMSE 4 0. 029 m, fix KiR2%
H70.104 m, BTN IETT 2R, 20
ZENF AN XIS S O LR T LUR R e
ALK BEAHAL 5 BA P e, E 2 i T B e g Sk 3 50/,
AT IR VCBORS B o

0.10
=== Loam

0081 — Ak

0.06

0.04
0.02 1

iR % /m
(=)

—0.02}
~0.04|
~0.06 |
-0.08
0104 20 40 60 80 100
I 1) /s
(a) YBPL B IR ZE

(a) X-axis position error

759 G52

YRR 2 /m

-0.05 :
-0.10 75| 77594

-0.15

020, 20 40 60 80 100
I} 8l/s
(b) YL B iR 2=

(b) Y-axis position error

K16 sSibpst FEMIRZER

Fig. 16  Comparison of positioning error in experiment
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Table 3 The compared of Loam and ours algorithm about

RMSE and max-error in experiment
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Fig. 17  Fault matching result in the first scenario
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