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(a) [@vipar#1 @ LivaR#2 @LiDar#3]

A A
A

LIDAR #2

B-Spline Interpolation based on IMU

(b)

Low Acq. Time Range
Uncertainty Uncertainty Ours

1% 1: (a) The B-Spline interpolation allows for a precise
consolidation of points, which expands the overall field of view (FOV)
in the composite map (b) Two distinct types of uncertainties are
modeled (c) An illustration of the FOV variations in datasets
incorporating multiple LiDARSs.

Al 1A AT WA

Ad 4 @ sk LIDARE g3t 22X hﬂl
Simultaneous Localization and Mapping (SLAM) < ¢ Z
T/ FokelA ddst e olFo guh thFEe V|E
@G LIDAR AAHS o]&st ofEgAlolds AARAE,
AleFFOV) & =419 7HE dd T4 EAl= st=dod
Ao 7] witell e LiDARWC 2= dldE & A ¢Sk
LiDARE] Aol tF4tt. tb% LIDARS B¢, FH5¥
stuz #x 7]E @Y LIDARS =¥ < %ioﬂ ARRE

H‘Jﬁi
)
OE‘,E—Q
2 ok s
2
=)

D 0 (o
o ofN o i rlo k1o

30 rin ki N

X
2

A
o
o

b

Odi

[
=
=i

-



TEAo® ts LIDARIA FHA5HE HS stuz w3 o, At
T Aolgkes F kA 2 =4 Jerﬂ 7b EA8H, o]&2 ZF LiDARCIA]
H5E AT $E WelsiA "k

S %3 Pulse per Second(PPS) Al E
AEste] w718k + oy, ol+= 27}7‘401 st=9ol7t dQ sttt
5colm, LiDARS 77 wepxivks wupe EAlZ op]d & Sith
PPSE AHE-3sHA] ¢Het® tiQto 2 Precision Time Protocol(PTP) &
AREEE = QIAIRE, PTPE] A9 Ee AXAE olE A dshA= oo}

A AzAAA ALH A xFol Bestth Ee, PTPE 4

M) NS St NFE ZAYgoR FUHFEE RolA, BE A
=4 NS st AROR BUANFA @bvhs A Aol
EAT oY BT B8 4F wEel, ©F dolEHAE [1-
1= 9F LDARS @a& A EHE EASA o,

o] sjd#o] FQstr}. old

A2 %ﬂﬂ% Q8 IMUE %ﬁo}@ Az ZpolE HAYEH Oﬂﬁl (5,

61 EAskd, IMUE 83k ofolfol&= @%2401951

Bdo] o]ab Hdle] H|FEHWH, o|F <l TEr d

EAP, w3 d2d AFEs [7]1S dF AL A8 =4S 9§

HAsE At AS AdFod o] AW 7 A7EY oju
2 *

Aol AA Ade FE4L & AAT, e ALY

T HAZ, FIHE Zolo] ket Aotk kA AE AR
2ol 5 Adshs = e WS A0 FZS JE5a AIFE Aol
gy = FAAE AAtste] Q) WE Al Beksk= Aolth aFA|RE,

2 27 Yy} FOVE Q& A7E &34 zkoli= A7 Wi o] A7t
2ol 5 Hekske AS Wejdtt. 53], viEHA s AW fHow
Agt Aol v WEgl FOV ztol [1], Z#lal vlAEsHA AXx€
317 e LiDAR [2]+= ZF AIME Abelo]l HA+= Oé%ﬂ—%}ﬁ—orﬁﬂl

2 A =T

==



A 3¢ =LA A9

(

[-'lj
12
HS
-
—
=— 09\_(:
:i
\\]
ogh
10
A
2
N
-~
%

A¥ Pt sty Ets Ak
Te 7= 2
gholl gtk webA, o] A
3 %3] vs LIDARE Alo]9] ded
T odefop gtk HZ 2 d FQh LiDARCIA 9
g} dejd 71Nk W Ee] 2HE wEo] B s
T [8-11159 $ivt. 28y, &g =y Zo] dF =g 7bk
ZHEL AAFHAEY, 95 S0 Wang et al. [6]12 IMU®} LiDAR
Al

Y
ulied
o
il
—m
o
ol

ol
i
offl
o

=

U
N
N
=)
ol
ol
X,
e
o 2
>
ox
o
e
12
ol

X

X
e
gt

>

2L,

B 4
= N

RUopo (o

HEg Afele]  Ao]lE wgo R  LiDAR  #xe IESAE

Kol
Asks Atk Aeld AP =
=
=

r
2
Ot
)
=
S LTI TR T
AL e o By ;E,
ol _>‘4 O_>C4
= N ftlo %
I
oE ‘ﬁf
do :&; o
& Fo
lof 1C o)
x =g 2
fljo o o
ot o9k o
E‘% lo [d
Ol
3 fi
52 bl
7
i3

&y oF
rif
S
O{N[‘]o
C =
-2
= 40
=2
2
N
I‘EO{
l O
it O
>
> 7
(T
s

ggato] HA st Fol 7tsA @& AAsk= Localization
NVEAE Aatstth. tE LiDARAA  AYHE  dige] AE5S
ayHo=w AHelstr] f8l, ikd—Tree} Iterative Error State Kalman
Filter (IESKF) [14]& &&3to] ALt 28488 2438 dld =19
A AL ofel

® FOV xfo]= Qs A7 mjFo® sfAstA] gt A7H4 BAY

L o

N T
AlZF B—Spline Interpolatione &-83to 3o 24, H7Zsk FOV
7 3 11 =1
3 f’xq 'kl_,' 1_.l| t ¥



zpolo & EtEka H]%E 7] LiDAR A7 Ade daAdS A3
o Atd H Fo EFAAS WAl A AHAS Altel el Tk
2048 249 o] ¥ W BHUNe o Wel E=x o =)
A58 Aol sl o & BHANS Folgory, By o
A o7 LS ST
® Aokel Localization 7Fexl& HZAF Fol AFd 328 SH%
B Alolo nlgg AT olF Fd Edoly F& B
22 olE® gl 72 £x9 vHlEs AFor 24T F Uth
o Aord W oF dolEAd AW ASH  dlolelelA
ATHAoH, vFst AxAbA e A7 d"s 7R od
LiDAR Z%3% Z&#ch T3 72} 25 294y LiDAR
Mol w2 AR gl et F7hE EA 8
Pre-processing /_l—\
3 Residual
Point State ] Calculation
Undistortion Propagation
\ I —
~ I =, I N | Uncertainty
_Spli Propagation
, B-Spline
Time Manager Interpolation
8
% — State Update Converged?
INPUT 3 —
I— . .
LIDAR 1,2, N IMU sensor State Estimation
— - Updated State
s | 4

19 2: The proposed method

R

i1Is made up of three parts:

preprocessing, state estimation, and mapping. In the preprocessing,

points from each LiDAR are adjusted to remove distortion and

combined using B—spline interpolation. During the state estimation

phase, we propagate uncertainty on a point—wise basis and use an

IESKF until a state of convergence is reached. Lastly, the optimal

state is fed into the IMU model for precise interpolation in future

scans. After evaluating uncertainty, the points are then projected into

an ikd—Tree for organizing points in a k—dimensional space.
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pom, F ZYY Alole] A4 TS oY 22 idow® A=
T SUTh

AR;; = R{RExp(89;)) (2.20)
Avi; = Ri(v; — vi + gAL;) + 8v;; (2.21)
1
Ap;; =R (Pf — Pi — Vit _EgAtizi) +8py; (2.22)

10 ] o _



A 4 A Tterated Error State Kalman Filter

o]l HollA thE Iterated Error State Kalman Filter [14]+ 7]&
°] Kalman Filtere} =7 2+ Aeje] oeE F4 k= Znt e 2
ojtt, 7&Ao® AH F4 A F4 # (nominal state) 8} el
(error value) & 8] Zgk (true value) & T 4 v}, o] Wl Error

State Kalman Filter= YA+ o8]

1=

3

‘ 4 Ege

AFHE oA g4 OoR Folr EAZ Qths 540 Ytk = A

e M3 Qb B glow, ofs g S5HOR A A F3

Al AR S 7 AEE FASe 71 2Rt Yo vleE F o 9
s AEE 5 vk

Iterated Error State Kalman Filters t23 #e AdAxz

Fzhet=d], WA dld AEle] 4 4= IMU Preintegration %+
Tol LEWEYRE oFatal, ole st FEAbS FETH O
ASH AHE vtgoz 4 el dis dy dEe A AJE
Arbstey,. 1 5 oy AHg FEE AHE S AAFe] AHE
Bk, ¥4k s JulolE gt o] W ol Es AlS REESh
ol dHolESLY] Apol7t 54 AA Fk olshrt HW wWET

ole} e HAHE AT uff, o el ARt F2sin.
oflg] A= Fdol 0% 7F9AIQE #xE mErh olgid Ad g e
HZAst Al drgtulge] FE52AQ1 Aol WA a, A dAud

QYA tEel g A9sE Qe & ek H4¢ dAAE o7
AElZE SO3el Tigt stetelElE Ab47] e, Hage] shebve g
AT Sl A QIHE 2 o] AMet Wpe] MR stk

11 A ‘._, ‘_]l



A 3 & t+F LIDAR-IMU 2E=HEZ

AT FAeE =w9 F W&ol H+= ©<%  LIDAR-IMU
SEHEYE 93 B-Spline Interpolation™ E&AAS

HE Aust= 4, Localization 7FX], 28l A ¥ 2dy}
t}%s LIDAR A ¥ 29SS 7j¥to w2 3k lterative Error State
Kalman Filterg &al o9 A A 289 HejE FAs=A] &7)gt.

A 1A A A

A Q8% obd HA 0, & AT frame A ° i3] EAISHIL Sl
S St B (O frame A 94 vFEHE frame B & Quldtt}. Zak
2 ek gk oele gk HA 32 42 0,0.0.0 & F21HAT 9EA8E
8, N 7He] LiDAR % 7F& wkAl2 Altdiel] A5 # 53 LiIDAR &
Primary LiDAR (P), 2812 1 9]¢ EE LiDAR £ Secondary

LiDAR (S)Z %73} t}. Aerst A A8l state x 9 input u, and
noise w= T #t}

=

M= S0(3) xRS x 1Y, (50(3) x &)
x = [Rg G Vo by b g R, ] e

T T
A T T alT T T T
u = [a)m am] , W= {nm Ny Mg nba] . 3.1

Global frame (G)oJlA ® IMU frame (D9 W& #=hS T, =
(RGI,tGI) ]tq Tﬂ'i v, g = 7]’71 /\Eg]_ %Eﬂ :,_;x/] 5]:0 4 ]1_

o T, = IMU ¢} LiDAR AFo] €] extrinsic calibration ©|t}. 3t o, 2
anc IMU 2HE FHE5E 4559 7o, wie did Asse] g

¥ +
12 A =1



Xi+1 = X,'EE (Atf(Xijllj,Wi)),
[ Wy — by —ng
YGI + % (Rgr (am —ba —ng) + gc) At
RGI (am - ba - ”a) +gc
f(x,u,w) = Npeo
Rpa
03><1
03x2n

(3.2)

o714 = AAES o]d T TS state & AAAAFTH, A

Mg o2 shebuE et s etk LIDAR (- %3 (o ARl <)
27 (i -1t ell A state 7} HAIE FrolEhd, IMU & o] €3
FA% AR vy 2k
X1 = X EB(AF (X, mt,0)) X0 =% (3.3)
Sl = FikEkF"T»‘i‘kaQkF\Tvi;iO:ii—la (3.4)

AZIM Q= w o FwARE s, Fz, 9 F,, © 2719 ot
A ey BRp) & AZBHE dwsicy, =8 7, 49X B &
ofgall & = A=dl, M HAHLE [14]] &7h=e] Utk B-spline
interpolation & ©J4F mele] AEwol Wit o] glow, 23}
o]x1 9] o]ik Felo] g}l Hi=oll LIDAR S33#t= o83t
dHlES T AAAE ol g3l thA] T W ALtetE 3ol
3 @ 3},

A 2 ¥ B—spline HItES o] &3 A& A7 AF 4

IMU o]AF dlo] As} 3 control points &+ &8 X 4 71¢] global
frame o] 3 (T4 to T&?) S €83 B—spline interpolation & 2
& o vk [16]. i interpolation & &8 sz AZtthe] =25
F4ol 7ks st7] wiitel ol HlE7] AA A AECA wg {85
AIZEA BAol Thss E% wh=ol & 4 vk At interpolation €
smoothness Yato & 4 AE5HQ AA4NA & a95 & 5 Utk
1A 2o Fgo] wet 3
At AFE 2R x_, oA state 9] control points &= B AAAE
&8 ‘H Tl AAbE o] 2tk 919 W&S T2 3H4, t € [ty tyyr) AFO
o] Wgk qHL ofef o}

BTGi(s(t)) = T, ' T exp (B, (s (£)) Qutn1) » (3.5)
13 A -1

flo

=

ar
o

o] w] B—spline Interpolation <&



LIDAR Time Manager \ 1. Point Undistortion \

‘R L s
o~ ,ﬁ L . - ™
!. Ly il . I

--------- T N
Find the LIDAR Set R
‘ ) 2. Temporal Discrepancy ! .1 1
uﬂ;‘z‘}nz ot Compensation (AT) ‘—o 1+ o
L m.iu ) i | P
] ]
] ]
(= RWE : b
L] Xx-1: Bk-1) : _-|—-|.:.,
. - . 1
L . - ™ :
(x1,Z1)) . ®e "0wIN !
. o b ., L] .:
-
\0 Discrete Model ij 2 B-Spline Interpolation t/)

19 3: IMU inputs are advanced using a discrete model and then
processed through B-—spline interpolation. The LiDAR set that
matches with the smallest time difference is searched. Based on the
interpolation, (i) points from each LiDAR are undistorted by
transformed into a single frame (the last point) and (ii) the temporal
discrepancy is compensated by the relative transformation among the
last points in each LiDAR.

o] W, t, =kAt, At=tp, —t,OlTF. FESH s(t) = (t—t,)/At0lH Q. &
incremental control pose & Q, = log((T5 )™ 1TE) I} 2o] AAEY. B+
s & Awdds st FHolw, AwFE BT = B-spline
interpolation & &3 dojx WIYLE on|sir}, vix|uto w5, . >
t €[ty ter o Aol W Ao At dA4d Fg& (27 3]

of LpE} Qe

A 3 & LiDAR S4#% 23 2 bF golt 5713

B—Spline Interpolation °|% &-3}3l, Global frame °42] ¢
staf g o] A= LIDAR 719 & A|7F zjolo] A HA o g s

o wEbd =2 Az ol S HAislel: LIDAR AEE
ol 9o BAS 98, Secondary LiDAR ¢l S 288 w3

Kol
LiDAR 9% Td3st #HS ALt 2Ao A dA= v&E

> 0o R R
o o rﬂ

o] A& HAEL dA frame o7 HWITEE= Fo|t} o]l= frame

14 . ﬂ 1]|::

1

I
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7] A A W3ks Aoz olFoH. old AFoM = FES
Q&) thEFdel IMU ojAF el == X3 HIES AFESST 7]E£9
A9 =4 B-—Spline interpolation & AFEshdA A7F ¢ oA A

pi = o THEdoer wgkste] sf=o 3l ;
Qael 9e 5 A
pgj = T]_SIBTI,!”TISPS], (3.6)
A7INAM & S oA 7P =A FH5E ﬁg] AlZkolar, =0l
HEE A2 u & 9 HAAE AR ¥, BEE LIDAR = 574
Agto] M, o] AR Aol AMAOE wAEolel Hek. arelA,
ol Wad uw 7P FHY LIDAR (P, [1¥ 3]old v&ta Ho=
ZAE) Y M =A HA5E A 5 E&ste] o & LIDAR A
ASH A5L W
.. _m—1B u _ m—1Bmp . . .
Ppigi _TIP Tp'ﬂT]Sij _TIP TI,NTISPSJ. (3.7)

o] W3S frame WA W3 o HAIY A BAS BT
, st MY AHE /w7 wHE & Qo mEkA ol &
d = EgAAAS 7 A HE A 4 glojof st

A

2
w
i
)
e
ko)
S
ko
e
Lot
2
oL
)
jﬁ,

H BEAAE o/ E HAS ATV f8 AR
Abgste] Zb el HdFtEojop gt BT o T, o TR (3.4
Iterated Error State Kalman Filterg &3l )

dade] Tt x - =TXTTE S A o7IM T T

2
filo

ey ol wE AU L (Tpigh S0 V2 23T + Atk
(33]. 2,09 thZ AR A5 A7 BIAYS ek, o) [

1-(b)]ell Alzka} o Ut

o) d Arsh Ma Y wEES Al AN Fod AAEE man.
AA, 7 LDAR Aol A5E Alzke] weh 2848 pasin], o]
7 43 paE 2oy ma9e ud 4394 dus @ o

= =
M-LOAM lelA 2} LIDAR #Ee°l 4% =d44& 7Ikindx
7} gt Zil%?: o 2= 4] o] o,

=4, Primary LiDAR®] ™AI7F © o FastA v M-
LOAMO A+ Extrinsic Parameter®l] &@3ls & &%ko] Secondary

15 ] 2]



LiDARO W ZAstE]m 2 Secondary LiDARS] &&E4FS 34} Primary

LiDARK T} =t} A9 &3 =FoA AAstE WHE-S  Primary
LIDARE WAl H oz A AQ3}A] o} Hr} ddbdo|t}, w3l LiDARS}
IMU  Afele] &Y F&4bs &835te, ®E  F4ho]  Extrinsic
Parameter 342 ARgUrh ol EE  FiEAke]  Extrinsic
Parameter 3-4tol] TdstA S whA s
mpAero 2 ol Ao A= global frameelA 7} HEM
A S AgsA T, g =weAel H we 7 Ao

= =
A4S AHE o LiDAR Zddo =z A sksic),

ppisi = Tpigipsi =exp (Epig;) Tpisi (psi +DE)  (3.8)
(1 +exp (&pigi)) Tpisi (psi +DE)

714 g W@sEe] 9 Folal (e RP: LIDAR Z4zke] W
Hejolrh, 3 (3.8)Y pv =AY 1o F7Hd 4 x 1 #HEo|n, D=

Q

off

0ol F7HE 3 x 1914 4 x 12 29S WIels 84 ggo|r)
2242 AN &l ol EANE FuHow A2 s T BE,

1A aEjske] Th~q+ Qo= RAT = 3l

LIDAR ZA4#e &8 22 F7|HAeH, pug 7F 7F-Al¢t
oA A (39) Tl 2, =QEQ"E 9&
o7l BIAAL A po W #HA (Tp)© <
Tpig) =I-EH 9 ?oﬁzﬂt}. AlZrel W& IMU ©]

S Rgow Qs Wk S el uhe o
ol¢e} o] Wi BIAAMS o|gs] HTozn I

4

o ol ke o Mo
i, (N

N Uy ﬂ kel
to
u
H

b
il
i
o,
o
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Al 4 A Kalman Filter 7%k $1X] &4 3}

A 1 3 o= LiDAR A|A" AA 7

Aska w °© AAN FuA 7HY el 54 %—% glo] B
2dS #g3}h LiDAR frameolX e AL, {pgyj e 1P T
TS 3H global frame . & W3kE 4= It}
B
pGSj — TG]’.TIPpPiSj = TGII T]j[[T]Sp;j (310)

npA ek o & ~7E LiDAR Pel disl, (BT, )BT, & Hddller &

AIZE zpol7b gloms &9 Fdy sdstrt. HH-s A sy 91,
3d =2 ikd—Treedlr SAAC=EHRY 7HE 77k ofA 719
o] AL Mgt o] L 3 AIAFS ikd—Treeel x3H
AEe] ¥4 EFANS 54 2l &Sttt dukd S 98, LIDAR S
=& PE BT LE AREET A pol st B399 7ts AlE - At
v e o] Aitdch

ZLJ Z w Em Wp =

A7NA t BEAA QA vehlE, ot the A
YN AE AR BH WA WEQ v 5, &
Ao, Z4 Rae gt o] AxETh

EL’ (TGI' TP'I.’TIL (pz; +an) _qGLj)

0=hy (Xh nU) FIC (tr (E[_J) + Smaxs Smin ) (3.12)

o1714, n ;& LiDAROIA 9 wol=Z yelH, q ;= FH el
A ol g he T 8 T= i“% g AEe] §o] Lokl 54
2dS yeldit} o]7]14, Fixed Interval Conversion (FIC)E ©]-&3}¢]
EgAHS A4 W9 W=z Adtely, o3 2}

([max mm)(v me)
Vmax - Vmin
Inax HHmin & A2 T, PPIAR Vygy S Vi & V2]
HAd B HA grolth FICE 8oz, 4% e X @2
zAsto] Aoy 54 HolHE FAlskA o=, Aoy AFHA

2= 2dddE 7% 3

FIC( maxs Imm) = + Imina (3 1 3)

o
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A2 A R SR I X BE W 0%

A F4 [2™ 218 2ol Al T e4E FAdE gloH,
ol AHl Hdu, A A, a8a dE ddlolEo|th dHE At
L4F 24 (3.3)% (B.4)A mdEEUNOH, o= Abd FxE &8,
2 xF AElE vt 7ol Aoy

x; 5% = (XFBF) B, =X 3%+ J°% ~ 4(0,%) (3.14)
J*= @FEIHBR 7 X =021 FEelAe] Aaneke e,
k=19 ®, J<=1c°7 % o WaPAL B, 7} dvh v
S 7 94 BE 9 e 144 #AE gete] te o

0 = hy(xin;)~h;; (X,0) +H X+ v, (3.15)
—vj = 2 +HEXE ~ A7(0,5))
ol wl, H = hy(RFEE, )% ¥ Amueks dehn], v
(3.9) 014 At 2t T

H

Example Map

Case 2

Certain

1% 4: Diagram for Localization weight. In Case 1, it's better to
depend on the IMU instead of the LIDAR measurements since there
are only measurements in y axis. Conversely, in scenarios like Case
2, where measurements are available from all directions, it's more
beneficial to rely on the LiDAR rather than the IMU. This weight is

effective in preventing failures in degenerate environments.

: B L



A 3 & A FHS $1F Localization 753

Localization 7}s*+= [29 4] 2ol F2& 4
Bal el AR 2 eH LIDARE Edl el 5%k A o'
e 7teAE =4 A4 F e #holth (19
AS 3k Fo A EAEEE IMUE & ¢ 9FEs= Zlo] £o
% LiDAR SFA#te] RE Wl EA3F
o &Aoot weba, TR
A ste] olg} T VFAE T S Qlojof Fh 4FH 18
TH FHNAg HAHA HHE FESIC
tgro 2 ZAgke] BE Aol mEA B E QA Feled
uwk2bA] | Localization 7FsA& HA ¥y d=HO Singular Value
Decomposition®l 4] 4 Hlgt oy 3 HELH 039 vl &S HFOEZNH
A74E 4 ot

A4 F AA ANEE HH3F

HFAoR (3.14)9 (3.15)9 HEXE o]f£3), state estimation
problem< maximum a posteriori (MAP) A= npZchd ol 2}
2t

H},icn(XiElk\i’zil“'le Z Z”ZU Hfj zK”R ) (3.16)

L=PS j=
R,, © FIC(tr(Z,) , Ruax, Rmin ) A¥o|th  Localization
weight W) 54 Bd X0 72 FoZth vk w0l bpay,
] EIIJI- ] 9»7\1;]—]:5_, max lmin ‘Cl] %}\'O] Z‘l]—Z"l]— Wl Oﬂ g—%%q—

bmin ‘O’l 7374
284 god w el F w = FICW g bnin ) & 0183 A& S
Atk 1 F, ZAvk FEE &8sl (3. 16)4 2AZ A = 9

¥, 2
K — ( R 'H+P~ ) '"HTR!, (3.17)
X;

= xFE (K - (1-KH) (V) (37 E%))
T T
H=w, x [Hsl ;e H  HET o HEm ] R = diag(Rs1, ", Rgm , Rp1,
,Rpm),P = (]")‘1’2\:i(]")‘T,z§C = w; X [zng, oz 2, e 2 Ta

ojulatn], [REVI ERE) < e 2 WET w2 MEAG HEH9 state

19 .__:Ix_s _'q.l.'\-'._ ]



% =% L=(-KH)P (3.18)

F7t2 719 Kalman Gain (K)° 7% PHT(HPHT+R)™1 &
AAbE]m, HPHT + RO 2bdo] St 9t FYstr] witel J934d<
T3 BAelA ¢ @& Aol #ASTE o]dl Kalman Filtert=
SAgkel st WA #HEZE A4S AgelA ool o, vF
LiDAR Al&®olA = S gke] ARk el ol & Y9

we ANE s A A 23S Bk wE & Yk
[e;

T
o
il
52
N

4 9tk Rell st =
FHol7] witel sl s
i 2

7}
7RO AgES 72 S HER ANt A

7+ Ao BIAAS FyHoew ey g8, AZel HAS
A7l A A EFAAEE Wristth wkek 7 Je EFAA,
tr(Z,) °©l Wl e tro W, ddes FE dolE Mol Ad
AgE A ek R R 2o FEohd A A EE S Sl
ikd—Treeol ATt Egio] ikd—Treed= 2, g =Foli+=
ol et A HAoMH EHEAYS uyI 7EY GAZH Y
dget wWas g8 Ed ddne S ke EJETHS
FASGES AAEAAE, Abst WS wheF 4Gl XJAEVE EF
SelA 0.05m ool g Eg ol we EFANAHS 7HH
XERQIEZE EFe] §A ¥
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A4 AY A9

3 1: Dataset Description

Dataset | Number | LiDAR IMU Environment

Hilti ! , O50-64 200Hz Indoor & Outdoor
2 Livox Horizon
1 HDL-32E

UrbanNav 2 VLP-16 400Hz | Urban with Skyscrapper

3 LS-16C
1 0S82-128

Ours 2 Livox Avia 100Hz Urban with Challenges
3 Livox Tele

A 1A AG &7 A

A 1 3 dolgal &

AR WHES] s ke 8o Frrekr] &, id =

& Hilti SLAM Dataset 2021 [1], UrbanNav[2], Z28]x A5 FHE53H
Clty dlolEl AL [34] el tisliA] A F3eksint. Hilti HelEAS At
oA 2 A9 oA Folg AA'S AFERES W dld E]
237F =AW 7Eeth UrbanNav HoJ B A B TA] $H4 9 A=
Al Eo A g RS Aes Brtetr] flE EEdnh @ dHolH
A g, dlY =i UdY S 23ste] =2 &% (2F 50 km/h)

of e E’ﬂx—?‘?l gl e s Hrlstzl 218 dHolE Al
At (City Dataset). 4 ZgolA 7} 4

71 A&, PTP7} AFEE Y. 18y} o] A2 BE AA7E FA] dlolH
£ FH53S 9u|slA] &3l Universal Time Coordinate (UTC) oA 2z}
AA7F dolHE HS53S oustt). do]g Ao AFg-3st AlA W 72} 5
A [E 1ol YgHo] o, ZF AlfA2ef st AAsh Ay 5

o
4 Ao A Frhm Al g Ht

v

z,
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A 23 F7F Ay A0

g =
LiDAR), 283 LOCUS 2.0 [4] (t}F LIDAR)E 23Fs Al 74A] #HAl
7 ¥ vlweteh, FAgs nlug 2] ds8l, e 2 dEE Ab
3ttt Fast—LI02% @ LiDARYHS A 9&t7] wjiof, 714
AES Alests F4 LIDARE IES=Z &8kt Hilti do|e Al
i = 7z LiDARO sigsts A4S 2% dgom, 0S0-64¢9
Livox Horizono] ©a FAST-0% H=Z XAlsle] FE3FT. M-
LOAM 3|1 LiDARR®HS A €st7] wjol, Livox LIDARS] A&+ 3
H SR ™olgr 7hgsta 18 o= F3Uth LOCUS 2.0° tisiA+=
GICPO] Wi/NATE 54 4o DA At 8, degzor ¢
SHEE 9 #ox AT 5 e, 24 dolHAd s LEWEE
7F M2 EASHA] ¢k7] wiitel o go= ARGERA kSkrh. ARE-SE w
NH S Z = diag(0.05,0.05,0.05), (Smin Smax) = (1,1.25), (Bmin, Pmax) =
0.2,0.8), (pin> bmax) = (0.5,3), (Rmin» Rmax) = (0.0075,0.0125),t = 1 %}
Zom, 7t dlolEAle] whet oFke] WFo] QISiTh

WHEC MHe5S Aoz oz vuwsdty] Yall, Evo evaluator [35]&
o] g3slo] ATES RTES RMSEE Axtslgdth. ATEE  meterd}
degree®, RTE: HAIESQ deg/meter® =75}t Hilti tlo] g Aol
sl = dloleAle] AFE  evaluators &83to] ATE, , ATES)
translation &4 % A4S T City Dataseto| A+ Inertial Navigation
System (INS)ZE ©]&3}o] Ground—truth7} Qojxith. A¥e] AFAS
BA3st7] Y&, INS_SOLUTION_FREEZ}H:= AEHZ  7HA 55
g =g

FH

21 ATE, for Hilti SLAM Dataset 2021

Ours Fast-H Fast-O M-LOAM LOCUS 2.0

Basement 0.036 0.709 0.046 0.115 0.120
Campus 0.046 0.063 0.063 0.386 0.087
Construct  0.063 0.200 0.088 2.647 0.290
LAB 0.024 Err 0.026 0.064 0.040
UZH 0.177 0.233 0.184 0.276 0.177

The best results are in bold and the second—best results are in stalic.
§
= )

22 A 21 }

-
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1
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= 9 050-64
& @ Livox Horizon

19 5. (a) The accumulated scans from LAB are displayed. The
Ouster (gray) is contrasted with Livox (red), showcasing a limited
FOV, leading to localization failures due to inadequate features. (b—
c) These illustrate maps with the Fast—0 and ours, using the Parking
dataset. In the red box, the Fast—O cannot align the map upon

returning to the start point, however, our result is well—aligned.
A 22 AE A7 4
A 1 & Hilti 2021 SLAM Dataset

Hilti evaluatorZ2%H 4 Ad= [E 2] AAEH o B&
W SollA, dld =Ee EE O AIE2AdA M JdEs dnE
AFsttt. FuEA, Fast—OF TS LIDARE AHgshA %
7ot L] AlEAA F AR £ Aee AT M-
LOAM¥ LOCUS 2.0 th& ¢agFel nlal] %7t "ojxm, o=
LiDAR zFe] v]s7]stel] 7|1yt LABSH UZH4 Ao o= A
S olA Arst FAqlo]l §l7] wWiEel BlEr1Age] Yol HAstEo &
7t EEEHA kskvh 2y, O A S o]l £3E Campuset
Construct®] A%, AA=9 1F3st HE7144 die /7 U5
TFEHHY, olyst ®A =
Interpolation® AlZH4  HAY  EBISAAY 1y Yo REE
A A 2oA AnAS HolFt)
3t Fast—0% =], Fast—HE LiDARS #|3® FOV wjio|
3] Astech Livox LiDARS Agt®l FOVi [23 5(a)]elA
HoAA = RAAH Aokt Algtel] x=Fd 7lsAo] =tk ©] FOVI
ofst At FH-st Eﬂml EAsE A= F%@ A8 a5
Atk o] FAA, Fast—0+i w2 Ao dist 242

2 of

Parking® 7<% Ground—truth’} AFHA 7] w&o, [2¥

23 A ‘._, ‘_]l

1 o] =] 1t E—é] Parking®] 4d-¢-°l= 27 9 f‘fﬂ Zo] oL 3itt.



L) ]elM BoAX= FAAd S8 A=ES olgsl A H7t=
eyttt Parking®l T olM= Aol 50l LiDARC 7+ 5 A]
ol ALelx F A5 xS
Am A= &

L) ]eM HogA= A
TAE ¢std 4 glom, b LIDAR AlAHS A3/d8 Kot

3% 3: UrbanNav Dataset Evaluation

Fast-LIO2  M-LOAM  LOCUS 2.0 Ours

v | ATE, 5.917 25.899 6.846 2.579
o | ATE, 4.039 9.140 5.616 2.383
S | RTE, 0.188 0.632 0.174 0.167
= | RTE, 0.749 1.006 0.710 0.736
S | ATE, 7.066 31.482 18.124 4.236
O | ATE, 7.066 8.286 9.404 4.600
S | RTE 0.390 0.710 0.339 0.207
= | RTE, 1.034 1.213 1.238 1.033

ATE, 8.783 53.682 33.292 2.342
& | ATE, 6.640 21.584 13.367 5.085
& | RTE, 0.494 2.177 0.841 0.351

RTE, 1.264 1.355 1.748 1.261

Al 2 8 UrbanNav Dataset

UrbanNav HlolE AL F 708 3] LIDARZF 7]&9% AH=
ztel FRbEo] glom, Fote] st 3 LIDARE Fol, & Al /¢
314 LIDARZ %] Qlth dld #A4& A2 998 FHdshshaA
Haste FERE J9& wEo], $% LIDAREZEE HolA] ¢+ 1%
ALZ 55 A 5 Avk. gy, o] dHolEAle ok Hilti
glo]Ej Mo Hle]l o & L% g HolHE FHESl] BlEy|E <l
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AE T EAStE HEE A3l diFis gugFelA oS &
OFE HoFg (29 10(a)]. T3 TSTAAM Y 2 4%+ Mongok
Alvglee] oF F ud ArxE FFH wE Hdul o]E <ld] kA
AHH AL vlF7] A|AgloA o] e ojyFor Q3] v<% LiDAR
Nadel efE §A 2/ ol ojdgdE By, A
WS LIDAR 749 4tjd WaS 983 3931 @l LiDARZE:
BT BUAE 20E FseA sol B oS Masde o
aRdom s =9 F Atk (27 6, 21 7]
— Groundtruth
0 fttiog y0 = Groundtruth -
— LOCUS 2.0 Fast-LIO2 [\’
0 M-LOAM Ours | /
200+ —— LOCUS 2.0 / [
o : ! \ : M-LOAM I,’ f'/
:—-700 § . 3 ) E’ . /,f
-300 | P = = A A_ %\._\ lf‘
/ - - \\::70;
~400
—-400 -300 -200 -100 0 100 200 0 100 200 300 100 500 600 700
y (m) y (m)
(a) TST trajectory (b) Mongok Trajectory

1% 6: Trajectory of TST and Mongok. Our method (blue)
demonstrates a highly close alignment with the Ground—truth (black).

@ LiDAR #1
LiDAR #2
@ LiDAR #3

719 7: These images show the partial map from our method. Even
points are arrived at different time, they are integrated accurately.
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3£ 4: City Dataset Evaluation

Fast-LIO2 M-LOAM LOCUS 2.0 Ours

— | ATE, 9.970 33.907 23.998 6.538
<, | ATE, 4.575 8.792 5.521 3.491
2 | RTE, 0.292 0.955 0.609 0.266
© | RTE, 0.898 1.020 0.895 0.874
~ | ATE, 35.308 72.382 58.211 6.707
<, | ATE, 7.473 4.683 4.722 3.522
5 | RTE, 0.608 3.665 1.531 0.565
“ | RTE, 1.179 1.104 1.167 1.084
o | ATE, 6.951 33.801 21.753 5.470
<, | ATE, 4.194 6.657 4.773 3.522
2 | RTE, 0.996 1.310 1.159 0.565
© | RTE, 1.088 1.070 1.089 1.084

A 3 & Citty Dataset

A FHES dolEAlSl City01-03& zF AlfA HE A9
WA S A B, F 4olA HoA= viel o] RE AlfAE O
ol Al wulE & oHE JxIth IR ARbe WS diiE
oA 53t Aes G AE = 5 Uk City0l2 @2 3|4
A= U-"s g5t & M-LOAMY} LOCUS 2.0
Wt Ggtshs oA AR A E Feu A
J213t olgl= LOCUS 2.0°14 %7] F4 A9 l‘%xﬂ&} H] % 7]
LiDAR A% s89 Bz 7|ttt AyAoz A

el AEet= Bo] obd, F7HAQ WS
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o
X
iih)
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City02+ ¢F 400me Zol¢ gY 4L Exo= 3} g
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Atk E3sk UrbanNav do]EAlz  wixb7kx]2  H]E7] LIDARE
Abgsioiels, Akt HHS LIDAR =A% Aol A7 ®RAMY
244 18 gt oddE Fo (19 8] T2 W A E

ox M
ox
o
)

 9lgit,

1% 8: (a) The City03 map displayed here uses color—coding to
indicate point height, transitioning from low (red) to high (green)
values. On the right, the stacked scans from (b) our proposed method
and (¢c) LOCUS 2.0 are demonstrated. Our method successfully
corrects temporal discrepancies, resulting in reduced noise even

when dealing with street markers, as highlighted in the red box.
A 34 EE E 7% &4
AlFEsEE AR 4

A <4385 (FULL)S B-Spline Interpolation (CNT)3} $]X]
A4 7tsA e At =844 A3 (UNOZE FA45H . sid
BEo] AAR AL 7|ost= vbE Fetstr] 9§, IMU o]At
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2dy 2E g st #d ThEAE AFESE HE V1 (RAWE
xrphez st zh WHER wwdch E=3 e A4 E B3
Aute] aadS gyl Yl Ao v FEARS AMESHE M-
LOAM® A7 @Y A FRAS AMgshe I E vus
Agsitt (F-UNC). BE WHES ATE, & AMgste] #d5®ch ©3
g5 ztolE Fletr] Sl olef7F £ UrbanNav Hlo]E{ A3 City

Ho]E AL o] &3] &elsty

d

3 5! Component—wise comparison using ATE;

RAW CNT F-UNC UNC FULL

City01 7.345  7.280 7.001 6.831 6.538
City02 7.346  6.835 7.058 6.844  6.707
City03 6.043  5.969 6.547 5837 5470

Mongok 2,652 2,597 2.645 2.611 2.579
Whampoa | 4.728  4.463 4.657 4.078 4.236

TST 2721 2.143 2.773 2752 2.324
[ 5] ZF "HAE Aolxe uis ATE, & AATH. RAWSH
CNTE 2% B7b 1‘?3 gg3to] thE LiIDARY A|7HZE ¢l BAdA=

2] 847k, CNTi= B-Spline Interpolationg AFEgo =z  oF7Fo]
A& HolFEtl. B-Spline Interpolations 53] #E9] ¥2 A4S
Hol= dHolgAle] axAolty. o4 Z, UrbanNav H OB Al A]
ATE.7} &l 5=, dld delel Al City vlo]ElAl (100Hz) H.tt o
F< IMU F35 (400Hz) = 7HAal vk ©] A= B-Spline
Interpolatione &3+ $f3F 4 W H]F7] LIDARS A|3F R7Fo] IMU
Tt BAGe] 7 oHolHA EFolA adAQls HojFErh EI
UNCelA &  Qlxe], A 28448 B8 5 74 <ddE AA
=39°H, F-UNC %A 44 59 oy #AaE HoAFANE Abst
RS ZolAe XA
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(a) The Output of RAW (b) The Output of UNC

19 9: (a) This map is generated using Livox Horizon after the
successful initialization (60sec from starting) in the LAB. (a)
unsuccessful mapping in this degenerate environment. (b) consistent

map by the proposed method overcoming the environment.
A2 AL FA 7|9 a3
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719 10: Partial maps of (a) CityO2 and (b) Whampoa are shown, with
points color—coded based on the localization weight, spanning from
low (red) to high (pink). In both maps, there is a clear decrease in
welght within the tunnel areas. However, the decrease is less
pronounced in (b) because the top of the underpass is open and being

scanned by an angled LiDAR.

A 3 & Localization 7+&X] 7|9 &3}

[2" 10]°lA+= City022} Whampoad H& XEE HOFU}
He¥ At &7 Fold dEhd F2 33k 7} LIDARS #H3F di&
eFE FEAZE T 7] ", AAd FEVF SA% EEe ExHEY
o & FF= AEE Adstolof gk [2¥ 10]eA4 & F Slkel,
Localization 7FaAle AREHAqd SAoAT FHRA FAsh=,

Al 37 oA Localization

ol A AR Aol Fdsi, 1
g gk

VeA o] ATt AAR FTFe] e

W R

¥ 6: Time analysis according to the number of LiDAR [ms]. The

numbering follows the description in [3% 1].

Whampoa | City01l
LiDAR # 1 2 3 1 2 3
Point (Down.) # 4045 5647 6784 8554 10172 12244
LiDAR HDL-32E  +VLP-16  +LS-Cl16 | 0OS2-128 +Avia +Tele
Preprocess 1.1 1.4 1.9 1.6 2.0 2.1
Pre-integration 29 4 6.4 2.6 35 4.9
B-Spline 7.4 8.6 94 7.9 10.5 13.1
Uncertainty 1.6 2.3 3.5 2.9 3.3 5
Kalman Filter 13.1 18.9 222 27.2 31.6 47.2
Mapping 2.0 34 43 42 55 6.7
Total | 28.1 38.6 477 | 46.4 56.4 79

x*Specification: Intel 17 CPU@2.50Ghz and 48GB RAM
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80 T T T
= Pre-process

70| m Pre-integration

= B-spline

m Uncertainty

= Kalman
= Mapping

60 -

50 -

40 |

30

Time (ms)

20

1 2 3 1 2 3 # LIDAR
Whampoa City01

1% 11: The computation times relative to the number of LiDARs are
displayed. Pre—process refers to the time taken to reformat the point
cloud. Pre—integration involves the integration of IMU measurements
and the undistortion of points. The usage of B—spline during
undistortion is separately listed from Pre—integration. Uncertainty
includes the time taken to calculate the point—wise uncertainty and

the localization weight.
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Agdehzd 79msE  Avlste]  AAol AT
Mezk b5 74 A9 g=undgd de deAdEds
F7F s el 7hesit.

9o, LiIDARE
£Ye FYFORA

4

A2 F A= £4

LiDARS] &7} A& %o njx+= 932 TST, Whampoa, City03,
< Al 7HA HolE s ARgSte] oS B 7EE QI City03ol4 RAWSE
o] d3= wlwskd, LiDARS 57} S7bgtel wheh @ 77F aebm, Ab
9 Wels 2E HAE A o o H9E ek Ae [OH

12@@)]°lA & 4 St

o

14 [N LiDAR #1 '
[ LiDAR #2
12 [ LiDAR #3 —

|
+os

10
= No. | Median ATE,
=8 A
w 1 (RAW) 5.76
<6 1 (FULL) 5.65
- 2 (RAW) 5.27
2 (FULL) 5.08
3 (RAW) 5.22
- 3 (FULL) 4.73
Whampoa
(a) ATE; in the TST and Whampoa (b) City03

1% 12: (a) an evaluation for three cases for two datasets. The
median values of ATE; and standard deviations are shown as: (3.69,
1.22), (2.44,0.96), (2.14, 0.98), (5.69, 2.53), (4.01, 2.69) and (3.58,
1.93). (b) represents the median ATE, in City03 as a function of the
number of LiDARs for the FULL and RAW.
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Abstract

Asynchronous Multiple LiDAR—

Inertial Odometry using Point—

wise Inter—LiDAR Uncertainty
Propagation

Minwoo Jung
Department of Mechanical Engineering
The Graduate School

Seoul National University

Over the past few years, LIDAR has emerged as an essential sensor
for location estimation and mapping. However, a single LiDAR has
limitations in field of view (FOV) and object occlusion. Multiple
LiDAR systems, offering higher accuracy and expanded FOV, have
become popular but pose integration challenges due to temporal and
spatial discrepancies. This paper presents a new approach to address
these challenges by using the continuous—time trajectory with B—
Spline interpolation. This method derives point—wise uncertainty,
helping to alleviate strict time synchronization and overcome FOV
differences. The proposed method i1s validated on open—source and
proprietary datasets, showing compatibility with various LiDAR
manufacturers and scanning patterns. The software 1s also open—

sourced on GitHub to promote further research.

Keywords : Multiple LiDAR , SLAM, Uncertainty, Asynchronous
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