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A 1A A &

Al 1A d7-9 w73

HZ AEFY 2 RERYHZA V)Eo] 3y Ha e vhE, B2E
TR Axef 2R AAE FAld FHs= SLAM(Simultaneous
Localization and Mapping) 7]&=% T84 dFEHL 2
UGV(Unmanned Ground Vehicle)®} UAV(Unmanned Aerial Vehicle)
ZPES 93 SLAM LuglFoRE RGB 7hvEtE 283 Vision
based SLAM, Range sensor® <=9l LiDAR(Light Detection And
Ranging) ¥+ Radar(RAdio Detection And Ranging)E 83 LiDAR
based SLAM, Radar based SLAM o] &ds| dA+5a Qlom, 5
25 A9 SONAR(Sound Navigation And Ranging)? A4 & &&3t
SLAM 7]s=o] 7% §

[Z1¥ 1] Representative Range sensors for SLAM. First sensor is a
spinning LiDAR from Velodyne. Second sensor is an imaging radar
from Navtech. Last sensor is a chip radar from TI. Every sensor

provides distance information around the sensor.

LiDARG}FolTH)  AlM = ]
HHALE o] Eole = AlZkaks 23l
Jlold 2 A ApRES Folgr 2=
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HolHE Algsty 72t £dES A7

Y 25uE g8dte] F3olA BA9) ARE shetahe AN
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A odg gt wE, v, Ml e wAsh G 97 59
s A © wgol gtk WEAQ el AN
g483 SLAM OELJL %gib Lego-loam[1], LIO-SAMI[2], Fast-

= gre 3E Fdfste] EA9 A, £
WS mhetehs /ﬂ/ﬂ o]t} FMCW(Frequency-Modulated Continuous
Wave) 3 doldel 4% 3x4Yd Ao A 2 ¥JES9 radial
velocity ¥ %t H3 Algdc) 2o vho] sbge] ojArT Ak
4L zb7] "ol LiDAR Aol nlgte] #ol AlMel Hie H],
S, AL A7) SO 71 el i FFelA AEue ARE
zk=th, H2gh ool A, Fhdlet gholtk AlM el thEA ApEAke] HH
QHEo] A x|ste] AFEE A olE-HRE A% 4ddd AlsithE Aol
Utk shARE o] AlAoA  FHE5TH

= R
Hluste]  ¥QIES Ji4rt F3] How, 7}

3 w =
Hhato], #lojy *ﬂf\i«l 49 EA9 fEUE B4 5 e ol
gdojel A= AA owAH  #Heolr(Imaging radar)$t
#lo]t](Chip radar)® /& 4 Aom, zHzt [ 1]oA] 1 oA
APRE Elst gtk oA ol e Al TR ARE 23
dolgHz AFsid, gdsts T2E 7P wF AAA HoAFE
A= dHolHe dNET "olX= 3 AA(Sparsity)E 2=t
EAQl oA dHeolyE &&3 SLAM guFoEE  [5],
Pharao[6], RadarLoc[7] T°] Attt #H #oltl9 7% radial velocity
ARE x3gk 439 HT dHolEE ATEAR, dolH sdE7}
wo|z27F A, 53] 7 ERIES] 25 A™ELEI "ozlthe
o]t oo wep Holy AAE &8st 25X 3 A6
Dof® pose)® FAHT A% [8], [9] dAE 2% HAHE wAz
glojr] AlA@2atdol diste] #Zsdte) 2ME FHoE FAste] T
TAAS A e WHEe As FIEFoE hdsiA 3
A

2]
ego-velocity ¥ & A& $ dvts Aol AR, ZF AAMe zF

@AM} Bl dAN oz L
% Degree of freedom (A %)
Y RE AR T B2 =



ARzt WH AL, FooA
synchronization #1748 4= Q-3
A delge z% BERE AAS A
SEMED duyEFS A
Zhle 2 gl AME
719 SLAM ¢a8]59 ¢ IMU(Inertial Measurement Unit) AlA S
Z-gste] SEHUHE 4, 1A HA3Hpose optimization) TA A 6
Dof(x, vy, z, roll, pitch, yaw) 252 HZA3}sl# &l roll¥} pitchE
ALl UmA 4 Dofits FHAsgFo =N 2 posed] z5F HHEEE
=Y F Uves dagEs ARgASkTh ol residuals HAstsle =
HA 3t RGN FEHS 7IWe R AjtE o on AFEE F 9= rolld
pitchE A x, y, z, yaw & FHAs= ofolto]=#4, 2
A= sE ololrolE  #Holy rwWEZS HAsE dA

Eqshs d7E AAsr

>
o
+

A2 A AT W&

Double
RANSAC 4 Dof Optimization OUTPUT
) )
LSQ Based Ego-Velocity GT-SAM
ﬁ ,fN':i'z:e —  Ego-Velocity Based 6 Dof Position
Calculation Optimization
| —
Orientation Quaternion Initial Orientation
Initial
nitial
X, Y Plane . .
i Orientation
RANSAC Estimation
~—
INPUT Gravity Based Orientation
4 N\ )
’ 1 Gravity Vector
v J Linear Estimation
3d Chip Rad 9 Dof IMU
\ AL 2 Acceleration ~

[1¥ 2] Pipeline of full system. Green boxes refer double RANSAC
algorithm, blue boxes refer gravity based initial orientation estimation,

while red box refers 4-Dof optimization.

£ AT YWeE A Al ER YEm U A HA 9 E=
@ H oy ool 23] Ego-Velocitys AAbstE Aol
wA, A dolgdA FH5g dlelHel Double RANSAC 71&&



Agst, Xy Hwo| i3 RANSACS WA AHE&3ste  FF
EA(Dynamic Object)®E A AdI} o]% X7 Hwd tst RANSACS
Agsto] BAES 25 AHE 2t ¥QJEES AAS o]F A3l
2 zl= A2 EA(Static Object)® H|o]Elo] Least Square
Optimizationg #-83fo] 259 Ego-VelocityE A3t}

F A4 EE IMU A4 ARE 7|noeg 58 WHE FHs
2%9] Initial Orientation W3S FA= Aotk ld FAHLS
F35to] Odometry ARE AAME o A}8-%+= Initial Orientations
HA g

oA StE = S Wkl 7IWkete] Roll, Pitchs A9l v ] 4
Dofel ™3+t Optimizations F&st= HAHo=2  7]¥2  6Dof
Optimization W¥ 3 vl udle] 2% Qx7} A& odometryS AAHeit},

7} st g wrt FEg 4y Al 3 & Double RANSAC %
%9 7|4t Orientation, A 4 & 4-Dof #ZA3} o]t Factorol A
Fsoilon, & A9 A &S Adeshd vuE3 2

O

o MN

2

o

o I dolr] Al FAEE 25 HAHE GAste] A&t Y
3 #eolyl SEvEL dugFS Atsidth

e T3 WS 7jWto R Roll¥t PitchE A28k 4-Dof
7| A4 R

=224 3 To® £ E ZE
® Z=¥ H3EA(Global Frame)S 7|70 % 1A H 0 gl &4



Al 2 w3 A

A 14 o]l&F WA
A 1 3 FMCW gt

FMCW o= Aot £X2E FAld 542 A= ol

PN
T
AXZ, AS$s= A& (transmitted signa)®] FHFE AEH5H o7

v}t a1 (frequency-modulated  continuous) =A3F= Al S (received
signaD®] FaE o] SAsE 7S 7Hx L ok [1§ 3]9] W3tk
A3} ghgh Aol Z; A5 9] o Al(Sawtooth shape)E &A& 4+ U
f
requency At
[t % 1

Af

fo

>
>

time

[2¥] 3] Shape of FMCW Signal (Sawtooth). Red line is the frequency
of the transmitted signal and Blue line is the frequency of the received

signal.

FMCW #lolt] A28 WE Aoe 54 A5 Aol Fuk
Zrol([15 319 Af )5 AEste] At =4 Aleld] AelE SA T
T3 A et B4 Atole] 2@ Fu([2¥ 319 f,)E

EA9] £X(radial velocity)E AXFstt). wheba, ko
2 E range AlAol H|sto] &g wto] theFsitteE Aol
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Al 2 3 RANSAC

RANSAC(RANdom SAmple Consensus)[12] WHS 7b4 e
inlierg zv EdES Mdstes WHoRE) HolgHAMoA wolz2E
AAGT A% dolHE # AT 4 Yr mde o3t
o] ol o},

25 T T T T T

© O il

20 @

jf
15+ jed -
O !
O //Q O
o)
10 /6// i
@ O
5t he :
of :
5h O Noisy points 4
0O Least squares fit| O
Robust fit
_10 1 1 1 1 1
-10 -5 0 5 10 15 20

[23] 4] Example of RANSAC. Result of Line fitting is much robust on
RANSAC compared with the Least square fitting on noisy points

including many outliers.

RANSAC R AA dolgelA nhe] MEs A9 H, 7
MES AHEete] Eel(Line, Plane, 5)& dS&t of% oS53 Rl
7IHkato] A dlolg Al T Edy dAsh= (LA AR ofsksl)
delele]l AeE A H, 2 et Ad #@d As ZEs S
At 9o AAE wHESte] AU inliers Zte RES AXbshe
dagFelH, outlierel Aletvh= s 7Rv [2# 419 Line

w7EA o] Jeast square fitting A3 H]3Fe] X409
At ag T wol= outlierd]l 3 line RES

==
ATt

fitting I} ol A,
RANSAC fitting
oS53t A& s 4



A2 A AY AT 24
A1 A oy LEHESF

A deld AlM = Algske Aol 3xkd 91AI9F HEo] radial
velocity T3 AlFdth= S5Ho] U & AHEE
A5 HolHERYH §24 =4 sdete A AA 2 ego-
motions {FeetAl ARbe 4 glvh. [13]2 RANSAC 71HS &&
A dold dHolgelA w4 =4 B mol=E AT H, AA =3
1 &% AHO| vwkele] ZH-9 2D Ego-Motions =35l W
Atstact. (1318 gste, [8]12 270 o]de H #Heolyg Al
ol & &-83sle] Z=E9 Ego-Motiond o538t} [13]13 FL35t
RANSAC 7|Heo= AHH EAE F5% 5, Least Square A3}
7|Wko % Ego-Motions AlAFeATE [9]= F 7R A #eoly AlA
TFHOE (PHE vigEE AlA S, vies viegtREE AlA S
Hae 5 [8]e) WHo® ®XO Ego-Motiong Z4F, ©]%F Factor
Graphell  ego-velocity® E93te] 339  poseE FHAH 3l
dugFE AT = A= H o delgd 7Wd L EWEF
eta1dg]% £ sota(state—of-the—art)el]l 3sE3l= [9]9] darg]lFd
7I9kstE], shube] 3 #HoldE &8st 3x9 poseE AlAbstr] 9l
XY A7 XZ ol 717} RANSACS & dth= 2ol o] gl
RANSAC 7|¥ke] " &8ekx & F deolgs &8
exHED duFs A Ad 3 SR Milli-RIO[14]1+= 3
doly  AAMea I HT dolgo NDTNormal Distributions
Transform)[15] #HE& A&, =% LS At [16]12
HE

A KRS deld  del 22 5 Ele FE, e =Ed

il

;O

off

&= 2 883 cost functiono] 7]¥bsle] ego-velocityS A4S T}
stAIRE s A A BE HolHZE B4 =Ade Mo ol %
A3} A A Linear velocity®} Angular velocityE loosely coupled
FEHE HAsE JPdrts A Rt milliEgo[17]19] A9, At
Pz AlgEH= F deldd HeolHE zlol ARE XS 2D o|u|A
FEl2 WEs 5, IMU dlo]le et #2o] deep attention network R 29
dHste] =5o A& AAtslh



A 2 3 F¥ 7)¥t 4-Dof A3}

IMU AAE 3t 75 AHE 95 45, 59 ¥ Waks
Aaker 4= ok g WY ARE 339 F2¥ HEA F, Rollg
PitchE IMUE &8&3te] Bs] SAE 5+ JA alFH, olet &4l
259 9 =4 FAE 6 Dof A4 4 Dof (Roll¥} PitchE A< 3h)

A= vroH[18].

Gravity Vector

\

[2¥] 5] Due to the known gravity vector, roll and pitch angles are

observed absolutely.

gl AAE 283 SLAM F dxdem g g
283 H9-2E Vins—monol[1017F 2 z, yaw &k
HAstetl mRe] QxWEZE AAbete], FA g rollJJr pitch]
HA stz Qe WAsty FHHE 25 A5 AAAH JESE RS
ololtjol & glo|t} &= 2] ICP(terative Closest Point)[19] ] ﬂi’w}oﬂ
roll¥} pitchs #1¢|3 4 Dofell tigh ICPE X &sk= 4-Dof ICP=
At om 7]E grolt;t SLAM &argFoll Hlste] AuUje] EFo) A
zEWEo R AL 9AE Zhe A A=E AT
2 AFoAE sld 4-Dof FHAs}E olejtjol &

rEl UIN
[UO [UO

[9]9] <arg]Fel
g dd H goly AFE % 45 HIY BE ZYFor 9l
HASHE 25 eak EAE s Asklth



A 3 & Double RANSAC %2
%8 7]¥} Orientation

A 1 4 XY H3d RANSAC

F deldels 25 5 A= 3
AFeAN 2% AUE7} Hojx| a1, o] =7} AlsithE wAo] i), B
ATelME 329 ARE BF #8433 FAd andem F
2AE AA, 283 25 AT AR ZJAEE AAGT] $8]
o] RANSAC #4 & 7

H1 o

™
£ b

@ Static objects
Avxy @ Outliers

/x,
,, - 9
[ ) [ )

o
[1¥] 6] Left Picture: Green arrow v denotes the velocity vector of

v

the static object about the sensor(which is the negative of the ego-
velocity vector of the sensor). Blue arrow v, denotes the radial
velocity of the static object. Right Picture: Green points denote the
radial velocity of static objects which follow the sinusoidal curve. Red
points denote the dynamic objects and noise(outliers) that does not

follow the sinusoidal curve.

A HA RANSAC #FAL [8, 9, 13]9] RANSACS 83l 54
=4 2 o]z AA A L wHow sy WA 329
¥AE9 9% 2 radial velocity WEE XY HwWo] A © &
AlFewA 92 BEE (xy), 5% HHE v, U @G o]F, 7

Ao 2H
FRAES] 9A RS (xy)o HuzEolA (1,0)e] SHE= U

®
bl

o
(m

b=y
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-
2
1o
)

o] 1Tl =

Je1e] ZolH BHe] X 2
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el 54 zolEsh A% BAY A9, A deld AN 4@

vx.y,l cosf,; sinf, v,
KT R

cosf, sinf,

(8114 A58l whel o], 7} ERIEC] 99 v, o TS 1Y
B[4 619 # EX

qko] sinusoidal curved WE7 #Ht} o]o] e} sinusoidal curves
fittingsl= =9< 2= RANSAC 7IHE& 83 A5 229 2D
E£h(v,vy) 2 AA =4 HALsES F52T + Uk
Al 2 A XZ ¥ RANSAC

Hd XY ¥ RANSACE Fstol d2 44 =4 EJES9] 4,
wolz= g 4 EAZE AAE At delHolo o] w, 3 oy
A e 544 A4 EAE Yede IJEE ddx Esta, 7t
FRAES z5 A Holy AEE7} "olxA vt webA, XZ FH o
teto] RANSACS 3 ¥ O xdste], 7888 25 HARE ELetal
U= A oA AA o gk

WA, o XY "W RANSACOA A2 =Ae ¥JAE=Z 3
Ate] 3xkY ZRIEESS XZ HWol AANY Atk o] %, ok XY
HW  RANSACY ®|8Al 72 ¥RAES 99X AHARE  (xz) 9
AnEANA (r,0)°] SRR WHISY mpRTMA R, 25 B3 PR
A7l =2 ¥RJAEES 4%, 09 239 radial velocity( vy, )]
T2# 327} sinusoidal curve®E weEfop gtk wEbA (3.1 B
FHE 7HA= otdle Aol AdHetA dAvt. B4 =AE #Zdcke
FJAES] & nlE AYgdorn, 3.1)H FASHA =23 xF W
L v, 25 U S22 v,E 371949

10 "-:l:" I 'kl-.|- 1_-li [= 5



[me] [00591 sinell[v
N I : * (3.2)

Uxz,m COSQm sin0m

T3k, ok XY HW RANSACS &3l €& = e 289 £=
AR T x5 Wl alFete= vx9] g, Zolzet 54 EA7F AAR
AH EAES J|Foz 3= y % §% ArRyo=z Aikw
Adfolmz N w7t =t} w}am XZ HWHES 7]F22 RANSACS
2183 o kAl ALte v abS 1A FHE JAPT A9 25 GEETL
=2 A4 BA IJEE HET S 9

[23] 7] Result after Double RANSAC. Left picture includes the side

view of full points from the chip Radar sensor. Right picture includes

the side view of inlier points after the Double RANSAC process. As
the data is acquired indoor, the points above ceiling can be treated as
outliers including z axis error. In the right picture, every point is

including reasonable z axis value.

2o 3‘}% ego—velocityé— AAReE 4= 9tk olw), = inlier
IAES AFE R AHsH, n & kHA EUAES} AN
A @)% + 0% + () E fwlgeh _

11 A0 T H




Ura n rn 1|[Y
[ 5 ]= : [vy] (3.3)
VUrn n In Znilv,

n, T, In

9ol A& 7|Wko ® least square optimizations G- 3dle] = H 9
3219 ego-velocityE AAFsE 4= ).

A 3 A 59 7|vt Initial Orientation

$=3 A 4 & 4-Dof HA3S ol Factore] 7] 714 F710]

“IMU - AlA 9] 71EE WEE 7|etoz Aakst =8 dgE 88359

Roll, Pitch®] #& ST 4 o, o] 55 AL YA 4 Dofel
!

3 HZ3tE APste] e EHED Y 2% X2 Y £ Urp o=

259 %7] orientation®} T8 HE e z}o
%7] orientatione 5 WEH WFo=z H
IMU AlM= 259 relative orlentatlon(éﬂ orientation®]]
Az, A=ge] Fx 9@ F¥ 239 HEFE
&l

N ed
E it
i
4
fg o
= N
o lr
e
-1}4 ol
Ry ﬁ
o
2y
Wb

ofN Rl & fR N

JE T ol o
ok
Y g Mo

, A e xE WA ] Yty ZH9 %7] orientation®
A Ao AMSE Bge Aedoln.

2 AFelM = dHoly FHE HAAA EHol wFo]r] oldFH
AA dHely 274 wgl AlFtste], WE de ZXY IMU AlA
5otk @Y IMU9S 7HEXE dHlolH (2 Aol

glomz 8 &w wEHRE ¥ F, 9.75~9.85 m/s2? Abeld
e #HHe Has A, T8 JFEREE et Adkd 59
7HEE WE L 25 WEko g FAEA AEehe AA TE VSR Wy
Atele]l  orientation xfolE Al 2R %7]  orientations
HASATHE =E szrijw_gl z%o|l 9 7t&Ee #HHY Wiy Fdo
i

wAsdh. [O2¥ 8]1& &3t 2R ¥ 9 FWH 84 Fo=
olsfo] AR %7 ] orlentatlon«] == L At Ays

_ o =
A EH @es F
0)

Ze7IA R 547 @3 vaste] F1d 4 ok

@

=98 7} X9 4£0.05m/s?% thresholdE A 4. ;
192 -":lx_! _'\-\.I:-'_ T



init_cnt: 100

init done

acc_avg: -0.221676 0.101251 9.80406

gravity orien: [
0.999744, 0.000233437, 0.0226036;
0, 0.999947, -0.0103269;
-0.0226048, 0.0103242, 0.999691

]
X, y degs: 0.591697, |1.29527

4 ER =1
a,\ =i |
= e &
- - :

i -

g 0
a

[23] 8] Upper picture: Result of gravity vector estimation based on
the static IMU data. Tilted orientation about x axis and y axis (Roll and
Pitch) are depicted. Lower left picture: Tilt meter on the x axis. Lower
right picture: Tilt meter on the y axis (highly related with the z axis

error on odometry result).
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Al 4 & 4-Dof A3} #H ol Factor

A 1 & doly €% Factor

St W&t #Zel, [10, 11] &, 719 7zt 9 2kelty SLAM
wopdl M= TE TSR WEe e dAsivs S 248, Rolld
PitchE A<t YA 4 Dof(x, y, z vyawdl g+ FHAsnt
Agstozyn SLAMS Az &vEzZ 9 Ak F AHUL
FAA AT, B AFgAE &y WWHES [9]d ¥ #o
factord] A&3Fo=zxn H =2 zE% AER YA HHF
sy, el AolHMoRi=, orientation 7|l yaw TS
HAslstm 2, IMU AlA7F 543 orientations A= AT,
vaw W] HAsE 93 A YHS AMEA Aosilvt= ol

i" frame 2] orientation matrixS R;, i" frame2] IMU orientation
matrix Hl|HE R;;, Lgi " frame A yaws HAs7] 9%
orientation matrixE Rygpe 2FL AT 45, olste] 2ol AysH

ot
Ri = Ri,optRi,I (41)
i" frame °] yaws HASE WFE y; 2 HYT AT Riop
]

matrix®} 3 matrix®] Jacobian< thS-3 o
7% WEoR y, g I|HAA7E A ¥

o
cos(y;) —sin(y)) O
Riope = R(y)) = [sin(yi) cos(y;) 0] (4.2)
0 0 1
ORiope  OR(r) —sin(y;) —C?S(Vi) 0 .
= = | cos(y;) —sin(y;) 0|= Riopt (4.3)
dyi dyi 0 0 1

[9]9] #lo]ly factor® TA3t= residual¥®} Jacobian 212 Z+z}

523F (4.4~7)3 2}
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- (x 0Ap;;
Tap, = Ri(Pj — Pi — villt) — [Api,- (b7) + (’)le] 6b}] (4.4)
s (T a‘_I] r
r,, =v; — |%(b]) + Pl (4.5)
2 ' T 2
”rAb{j = ||b} - b}|| (4.6)

arApij arAPij arApij arApU arAPij arAPij arAPij arAsz
¢, dp; v, “ab] [9¢; dp;  Ov;  db]
arvij arvij arvij arvi,- arvl.). arvij arvl.). arvl.j 4.7)
d¢; dp; v, ob] |dp; dp; dv; ab]
Orypr,  OTppr, Orppr,  OTppr, Orypr,  Orypr, Orypr, O gy,
0¢;  Op; “av; ob, | 0¢; Ip; ~dv; Ib]

A 1
(RT(p; =P = VjAt)) —lyws —RTAL 054(03xs RIR; 0s,; ;RIRjAC
- 03><3 03><3 03><3 03><3 03><3 03><3 l3><3 Rj
03><3 03><3 03><3 _13><3 03><3 03><3 03><3 l3><3

(4.4~6)2 [9]° xgH Hold factore] residual #kolH, (4.7)
N factors 83 factor graphS HZ 3317 9sle] AlgHE
Jacobiano|t}. (4.4~6)2 Z}Zb ithframe ¥} " frame A}o]2] pose
difference®] w3t residual, " frame o429 X gk residual,
2] 3 (" frame ¥} j* frame A}o]9] bias W3l W)t residuale]th. Z}
HE 9} s biase] Ho] B W 17+ [9]9 At FYsirt.
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Al 2 A Residual Errors and Jacobians

(4.4~7)0 2 FAHE [9]9 factore X, vy, z, roll, pitch, yaw =55
3} Mol optimizedl:= 6-Dof optimizeE 93} tixlE AL E
AFoN M= (4.1~3)e] G20l 71938l 4-Dof optimize(x, vy, z, yaw)=E
23 M2 residual ¥ Jacobian 21S of#e] 23} o] HolEdc).

r pl r
rAPl} - ”RT()/)(p} pl VlAt) [Apl](b )+ abr] &b; ] (48)

- ov
ry; = v; = (b)) + ab’r W] (4.9)
2 2
vy | = [16 = i (4.10)

arAPi; arApi} arApi,- arApij arAPij arAlJij arApij 6rAPij

dp; dp; “dv; “obr |09, dp; dv;  Obf

oy, ﬂ o, ory, ory,  Ory, % ory,; ( 4.1 1)
dp; dp; dv; ob] | 9¢; Jp; av; b;

OrAbr arA,,;j 6rAblrj 6rAbirj arAb{; 6rAbirj arAb{j 6rAb{j

L) p: av; abl | 9¢; dp; av; 6bJT
A TpT 1
Lopt(p] pi _VjAt)) —Isxs —RIR] optAt 0343 0353 RiRiopRjopR; 0345 2R R}, optRjope RjAL
0353 0343 03y3 033 03x3 0343 Ixs R;
03><3 03><3 03><3 _l3><3 03><3 03><3 03><3 l3><3

[9]9] residual ¥ Jacobian®l 3|9 3= 6 Dof 7]HFe] (4.4~7)
23 B AGe] residual % JacobianS! (4.8~11)& Z}Zt H|wE
749, residual®] 749 Poseol d|E3sli= 4.49F 4.85Fo] vl o, &
residual®ll @3t Jacobian A a=o] o] niyl S T
Atk vaw W] optimized 9% yHATe IMUZHREH 2 =23
orientation #< Ry; dHo] 7|9 R, WFE diAs AvtesE H
T3 gl 4 Aok

K3
N
T

o

¥%
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A5 7 Ad 29 2 24

A 1 A RPM SPOT AlAl A|2H

(29 9] Overview of RPM SPOT Sensor System

= e dadEs AUl 919 A9 Boston Dynamics
ARe] SPOT 45H3¥ 2Xs ZU9Fo=2 &8s RPM SPOT AlA
Alz=dlo] &g HAT. [ 9]olA A=A Al Al2dle] AR B x
y, z F WS st £ o IMU 2 H dlojy] A9 F wake
sty SPOT 45138 =3 49, 7]£¢ Wheeled UGVel H]3}
At 22 3o AokH A ki FAY F JAT, duA =
doixa 7zt g7t B3 A5 o A7|= contact impact® €
z% Zlso] AlsttheE wo] 9t

3 ey AlAe]l A9 2R Advte] AWS nigtEEE A X H o
o™, TI mmwave2] AWRI1843-Boost Al&= AF&ssith. 12719
otelUZ AT 4418 dshH, 20hze] 22 ZHgdhie AlFolt)h
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3 0~14me] B4 WHE 7, 38 F 1600, AL FEF £15°9]
fov(Field Of View)E 7Fdth. 3 ot Al el AAIgE ARl |
1019 9= Apzlell A &Ql& 4 gtk IMU A4+ Microstrain® 3dm-
gx5-25 AFS AFEsIY. Sl AFS 95 AR (x, y, z5 W9
linear acceleration, roll, pitch, yaw ®3&9] angular velocity,
A A 71S 7Hko. 2 d= 3AH] orientation)E A|&3shH, 100 hz=
AEohe AHE AFES A9 IMU AlAe] Boh zpAlgh AR
[ 10]19] = ARxIelA 1S 4 Tt

ad

Bird-Eye View Front View

9 Dof IMU

mmWave Chip Radar

[719 10] Bird-Eye View and Front View of RPM SPOT Sensor
System
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[71¥ 11] Cite of first experiment. Corridor of 12™ floor of 301 SNU.
Left picture is the picture of the corridor and Right picture is the Bird-
Eye view of 12" floor of 301 SNU.
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[71¥ 12] Cite of second experiment. Corridor of 12" floor 301 SNU.

Left two pictures includes the environment from two corners of the

corridor. Red line is the robust odometry of robot and black arrows

are the directions of the robot at the positions.

npR et AEe Aedtn 301% C1ZolA Ewale] 2%ow
=izt F, gk vk EZobA A SEstd 259 d9AE Eolles
ARZ AP, AE el roll, pitch, yawd W3}t EF IS
A9 2% akE SAHSY] Sk Ao, AE Al §A| 9 wp
AA7E A2 g2oa, 2344 IJds AAE 25 Folet vy
A - z% FolE wluste 25 HHIAY. g A A dHL
[29 13]elA &g &+ Ut
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[71¥ 13] Cite of third experiment. 1% and 2" floor of 301 SNU
including the center stair. Upper two pictures depict the 1% floor and
stair that connects the 15" and 2" floors. Lower two pictures show the
2" floor area while red lines are the robust odometry of robot and

black arrows are the directions of the robot at the positions.
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A3 A AY A% 2 2y

7t Ado] Ay side view ZYEZEE [ 14,15,16]9

=
Z718kl o, 25 eake] ARl Hrhs [ 5-1,2]00 &7t

Original [9] | D-RANSAC + 6 Dof opt Ours
Straight | 1.79 m 1.70 m -0.44 m
Square 3.14 m 2.23 m -0.14 m
Stair 1.73 m 1.5 m 0.57 m

[ 5-1] z axis error of each algorithm about each experiment.

Original [9] | D-RANSAC + 6 Dof opt Ours
Straight | 4.7 % 4.47 % 1.15 %
Square 3.14 % 2.23 % 0.14 %

[3 5-2] z axis error of each algorithm about each experiment in

percent (z error per travel distance)

Side View
15 C T T T T T T T |
10 | .
51 11.79m
(4.7%)
= 1.7m
— 0 R | (4.47%)
N -0.44m
(1.15%)
-5+ 4
= Original Radar Odometry
-10F m===_Double RANSAC + 6 Dof Opt -
m—— Our method

0 5 10 15 20 25 30 35
X [m]

[72¥ 14] First experiment at 12" floor. Robot go straight about 38

meters.

22 SEas



Side View

10 |
314m
(3.14%p [
223m
(2.23%)
E 0 - 0.44 m
N -0.14m
o169 it
-5+ _
e Original Radar Odometry
-10 + Double RANSAC + 6 Dof Opt
——— Qur method
0 5 10 15 20 25 30 35

Y [m]

[71¥ 15] Second experiment at 12" floor. Robot follows the rectangle
shape with edge length of 35m and 15m.

Side View
20+ 4
15+ J
Diff
173 m
1.50 m
'g 0.57 m
N
5k 6.87 m |
— Original Radar Odome’(ry 6.42 m
" 582m
1 | — Double RANSAC + 6 Dof Opt 1525m
514 m
Our method 5-14m
-15F , l , ] i
-10 0 10 20 30

X [m]

[72¥ 16] Third experiment at 15 ~2™ floor. Robot go straight about

15m, go up stairs about 6 meters, and follows square shape with total
length about 80 meters.

—
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Abstract

Radar Odometry for
Quadrupedal Robot using Gravity

Sangwoo Jung
Mechanical Engineering

The Graduate School

Seoul National University

Sensor odometry is critical in the field of SLAM as the inaccurate
odometry may affect the quality of result 3D map or path planning. One
of the important issues of odometry accuracy is z axis floating
occurred from incorrect optimization or feature matchings. The use of
gravity vector that can be estimated from IMU sensors can provide
opportunity of exploiting 4-Dof optimization, the technique that has
been widely utilized in the Camera and LiDAR SLAM. Inspired from the
idea, we present a novel single chip radar odometry with 4-Dof
optimization based on gravity estimation. Our method proposes double
RANSAC technique to remove noise and dynamic objects first, and z
axis inaccurate points second. Exploiting the IMU acceleration data,
gravity vector is estimated and based on this, initial orientation of the
robot is calibrated. Lastly, 4-Dof optimization on X, vy, z, and yaw 1s
done to calculate the sensor odometry that is more robust on z axis
error. We tested our algorithm with Boston Dynamics Spot
quadrupedal robot as a legged UGV which occurs high level of z axis
vibration. Our algorithm demonstrates a significant improvement in z

axis accuracy compared to the base method.
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