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Abstract: This paper proposes a method of estimating the pose of a mobile robot by using a learning
model. When estimating the pose of a mobile robot, wheel encoder and inertial measurement unit
(IMU) data are generally utilized. However, depending on the condition of the ground surface, slip
occurs due to interaction between the wheel and the floor. In this case, it is hard to predict pose
accurately by using only encoder and IMU. Thus, in order to reduce pose error even in such conditions,
this paper introduces a pose estimation method based on a learning model using data of the wheel
encoder and IMU. As the learning model, long short-term memory (LSTM) network is adopted. The
inputs to LSTM are velocity and acceleration data from the wheel encoder and IMU. Outputs from
network are corrected linear and angular velocity. Estimated pose is calculated through numerically
integrating output velocities. Dataset used as ground truth of learning model is collected in various
ground conditions. Experimental results demonstrate that proposed learning model has higher accuracy
of pose estimation than extended Kalman filter (EKF) and other learning models using the same data

under various ground conditions.
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[Fig. 1] Proposed pose estimation architecture



]C‘]H‘_ IMU®] 7} 5 q Yo B2 7}
£ |55 HH v ES 2 U Fel 4
01 A A H 7] o]tk

o
Ho
rir
N

L
=
=

=
9

e oAbl
2> H
o

1~

5w

=)
i
°
ift=3 I’ﬂ

8o
oXx
ol[‘

py :pnfl—’_Rn*l(Un,fldt) (1)
i)n :i)n—1+§n—l(@n—ldt) (2)

p= ground truth] 817 Y2 R 3} 512 0 F 0] §-3fe] A
Fald 7o Ak pi= W=D Feglel 317 B R
3} 5 0% ol g3te] A2 FaAM T3 914k

KN
=

ol

R, =R, _iexpg ) (0,dt) (3)

R, =R, iexpg (d,dt) C))

R 2 ground truth Z4 % o & ©]8-3) 75 37 sfdo|u},
REUEY A EE3t 2455 ¢ 2 o] -8l 73 34 o)
T} expgy ()= SO (3) o141 €] exponential map ©. & 32411 2t
J—%kﬁ-ﬂﬂ A= AIANNATT A 3)37 A (4)¢] 785
31 Fd7)2] wAlS FesA € o ol 2R S AbEo]
HEHA gho] EojA= ddo] WA ge whebA v Sy
wAlE & wjrtt} Solgk 28l (SVD)E ol &3 31 Ad S
37t8 2= 3k AL, 21 (3)9] R & ground truth 3] 4 R
IS v AX|sh= RS FlHich

Ground truth®] p o} R = d|o]EjAlol| A 45 31 AFR-3)
A AL AR FalA ek ol ok 1 overfitting= 2F
oA gk5 A =ol57] 9180 training HlolE S A
k= A W egshy] wiitol v} v -2 training H| o]
£ o] &3l g5-S X381 overfittingo] A 7154 0] =
ol7t), whehA] A& e A7k 7H4 © & U training H|©]E] Al
= i Bl A A E el AR EE dolH o] £e v ot 2t
&5 ool wheh 313 W) 91217} vk Al = ground truthell
A -8 31 ek 91X E T = ARS-E < glok kA A
(2)9F 2 (4)°} #ol p&} R & Alrlsto] ARE-gtk

£ G458 oA WAkl nle} 8% wle) i
o) Webd 4 qIrk S5 WA BRO| £E o0, 2] 7}
$% 6,.6,6,% FHNDE 22 sl £ S 0E
% ik

kel 252 Sl5 o} 7]u $y-Hka] o Er =2 429

A
n |
S
~
e

@

LT
ot
i)
_1\1
1
ol
]
©
ofo
:oé
oty
=
b
i
ool
-+
h

b
i
o,
il oo
%
Ho
b
(D
oo
4
&~

)
fru
T
L
ol
ro
o
ELt
I
=
m
o
o
2,
Y
)

>,
i
\

N
%
ko)

o £ 4
b
ql
[rt
N
Ry
9
oo
%
O
o
x
~
.
ol
£
o
>
o

oM
do o)

|‘-|D: o
S o

A& oA EH T lolE 7} 914 4
202 gl Tk A5k 5o
74455 Zhztol] tisl|A] 91%] &4 @—’F
L& W0l 7FeA] gy k& o]&
o] & 4= Q&= B3Itk 313 &4 3o
radian & & E|o]lo] &41¢] 717} Ahkal,
JolE] & 213k 9 217} vl Az £x= <)
gk @ xpel v 14917101] 31 &4 el k& wsto] ARg-st
ATk 2 =Eoll A= k= 1500< o] 833 Th
31 A A e] A AR SEl A B Ao
Aol whe} =43t 5= 9= 54 0] ok o] 54 o83}
31 &4 el 914 &4 FrE Aol WA 3 &

=y
A g4 T3t o) 4o

o KT o o

mo mu ot
N,
s
o,
4
)

o o I o1l B Jp

1
49

B

= ﬁ‘ o o Jpy

i
£
2 ﬁ
{02 X

)

i

2
o
ol
EI> —[>

o,
_1
& N
N b
-
ﬂ :L

L, =Lyt Lyt LystLygt Ly (6)

'_ZN/J()P(IOggo (&S}Xi,jxi+j(YRj><i1in+j)) @)
L(M:Zi,op(logso )((sﬁ;riﬂ(miiﬂ))

ZN/IGP(IOggo (JR 164, 16z+1()éR161 161+16))

éRigiJrj:R;rRi+j ®
§RiAi+j:R;rRi+j ©)
Ly .
et iflal <6

pla) = 1 (10)
& (|lall — 5*5), otherwise

¢E]R3i HFAAT 6R, .2
dtruthS’Jr HELFS &8 ko= 3l
514 PHSolrh
WO Bhe] £, W ARRSEA] AL of 7
tjste] ARG o= L, oA 7 2s wiel 2 v ol
= A7) g g Aol £, A7 7R wie vl

mﬂ



430 =353 =5A) 4187 A4E (2023 12)

7] =2 313 g9 o] ground truthol] W13l @ &}7F A A vt
AR, 31 ES FAAT F nasigls w =9 3
7 o] ground truthol] I3l L xF7} A LAY SFSITE Wi
B L, A9 j7FE vl vl o3ke] =9 3] s E o] ground
wuthol] B3] ©A7F Bo] whasA ek 54 B89 FAA7)
S u| ksl S u &2 317 3 Ho] ground truthol] 13l .}
7 A A AT whebA L, 3 o] j 7t AS wie Sl B
5 olgate] &4 s AR wf wf =3ke] HiolE 9}
A "ol o] @417} 23]t
AR EA T L= vt ol Aejek:

L, =L, +L,,+L,, an

L,;= Z{zjol)(&_)jxj,jij - 6pj><i,,j><7‘,+j) (12)
Lp,l = vazop((s;i,i,ﬂ _‘5PiA7:+1)
= 2?1409((57_)41;41:+4 - 51)41144#4)

5pi,i+j =Div; P (13)
55i,i+j :EiJrj_Ei (14)
p pn 1+Rn 1( Uy — ldt) (15)

L, = N7He] HlolEl7E QLS wf j7He] b REE 1A S
4R Fol 575k 5% o|8kel T8£Ik 6, 9
0p i A7 pok pe ol&al 77k 7o) IHAESt o] 5%
913 algkEolt) S14 4 B £, 814 4 9 1,
3} ko] Shpe] 1, wHE o] 3k4] ek ole] )E clste] ALe
S 2,3 2ol 71 28 A9 vl 7ke] 29 SEGES
ground truth®}e] @27} ZFkA|nk, &2 7k-S- o] &af F4 9
AAE TS A5l LA A sl Wl = L, oF
ol j7} 2 79l =7 &9 £ =72 ground truth €}
A7 AT, SEGES o183 TAH AN THE A9
QAP A WS et £,9) ol 15 2 v} 2
W) 125 0] 83 4 P 5ol vl 40k £ o)
% 917 doleje] 0.2 29,
2] &8 Ak uj= P, sIPS| 1_71]9‘ o]&-3kt}). gn SN
e vEYAY] =8at oS 01
o R ol 590 ) o 0l i el

Ll’o

il

¢

&ﬂ%&ﬂﬂ%Rprwﬂ%E%tﬂﬂﬂo

T AL ARk] ZofE g Alo0] 9)

B L, kel Sl el ie £48 A 9

3.1 Ello]E AL A2}

3.1.1 7]1& dlelg Al

7]E L EHEY g5S g thgst To diolg Al
o] EA T, 2k o] B3l A 9] =3 tlo]E] & BHolT
7] % shaPe muke] 218 o] &) Aule] & HlolHE
o 7)% e Micro Air Vehicle (MAV)S- o] &3] 2
v g glo| B & Rolr|w st S AX & Eo = a1
T Auje]el A 13 vlolH & ST, 4
TollA = vk Qs dolel7F 28] wiitel 7] dlo]
YAl 5 2pgFoluh Bupd 25 vlo]HAlS AR = Sl Th
ShARE 2p HlolH Al o] A -9- & F=ao] lar, Butd 25
tlo]EAle] Aol &= ”433?:5_ Hpefel| 4] o] F=8jo]qirt. o] A
5 Zt7}o] o]y Alo] thekst vie; Aok Wk shA] skl
.33 gk vk vk ol e} w11y gl o] kAl el = Q)= nh
ol A = HlolE 7B 8 g7]ell A3 K/ 744 4] E o]
B3l 2t 2hre] wlo|HAlS Al Akatith A4k do]ElAl
A H]llﬁ Flo] A HASHA] e¥= 3 ¢k neta) v 11

HPYE R 5853 vl B0l A glo] Bl & Kol A

> ot

Roy|%x

o

o

=2

rl

Ao

A o=

[UN

4
b4

3.1.2 253 24 X A =R"le 74

tlolE| A8 WHE7] 93k 250 & Clearpath 3]AF] Husky
Tl 258 o] 8313t} Skid steering WA 2] 2H o=

A% nkg 270, Q8% vk 2707F o] Sl AlE A
(differential-drive) ¥}2] 2] Z3Lo|| n)j o]% A] v 112 o] &
A S IMU A4 &= Microstrain $1AF] 3dm-gx4-255 A8
SF3ATE B4 A4A13= VICON 3]AF] T160 7Hl e} 20t & o] &
ato] mupel 250l AR E S48k

3.1.3 A3t Hlolg A
A= A2 dlolEAle wake] 23o] i) £ IMUS]
ZHIeoh 7k, Teal A A E Sl 54 34k 914

tlo]E] 2 o] %014 itk Husky 24 9] AHahe] o] 25o]o] 4
Mol B 544 viAE o] 91X SAI o5
o]-g3f 24o] waky} 34, £ 5o "lolEl & AUk

IMUSF 24 71 dlo|ge] &4 F7]=
230 vl Qv o] $A4 F71% 25 Hzolth S50l A8S
7] Y&l v =i "olHE 100 Hz: ¥.7F 3kl B



tlolg o] AlZHS 573 Al A ARSI T

i 7HA] ket el tialA dlol|Als A3kt [Fig.
219} 3ol gk netel A o] F2 9l & T o] B Al nlF]
o} nje} Atole] wj11e] o] 2 Ast 4= 9= oA O] &
21915 T dolHAlS wHERlth F 27709] vloEHAlS A
A8l o o]of] i3t A K= [Table 119 E7]8H k. B3,
2 7}2] dlo]E}Al(Even 01, Even 02, Uneven 01, Uneven 02)2]
74 2& [Fig. 3]0 YeRSIT

A5 Alzkgk dlole Aol A] vpet Adstol] whE w112 Fl el
oigh o)z} F g3t 2 ATt A= w11 el tigh o
E 0] dlEd s g 2] Hieet A A E Sal 7%
B3| & zpo] 7} A A AL & 0] 20%71 S A
2 7P ofw =g Al &2 o] 75, = vl Hlo]E| Al 9]
Bt £529] 20% o511 Hlo|E 52 n|112] 3 Ihctel|A] A €]
itk w113 4= WS [Table 1191 slip rate= 3713131

[Fig. 2] Even ground environment for Husky dataset (left) and
uneven ground environment for Husky dataset (right)
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[Fig. 3] Trajectory of Husky Dataset (Even01, Even02, Uneven01,
Uneven (2)
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[Table 1] Information of Produced Dataset

Produced Dataset
Path length | Duration | Slip rate
Name (m) g ©) (12 %) Usage

Even 01 31.60 111.86 12.0 Training

Even 02 34.12 134.63 8.7 Training

Even 03 79.01 300.28 16.5 Training

Even 04 76.70 303.62 14.3 Training

Even 05 25.15 83.21 12.4 Testing

Even 06 43.52 167.72 13.0 Testing
Uneven 01 21.42 70.89 19.3 Training
Uneven 02 25.69 88.04 259 Training
Uneven 03 25.00 86.57 34.8 Training
Uneven 04 30.04 102.03 32.0 Training
Uneven 05 25.93 87.96 29.8 Training
Uneven 06 26.60 89.95 31.6 Training
Uneven 07 28.72 100.94 26.1 Training
Uneven 08 2591 91.24 33.8 Training
Uneven 09 19.33 75.52 25.0 Training
Uneven 10 37.41 115.48 28.5 Training
Uneven 11 31.26 106.11 23.1 Training
Uneven 12 39.92 111.21 23.6 Training
Uneven 13 41.07 120.70 23.2 Training
Uneven 14 38.68 115.34 253 Validation
Uneven 15 25.91 91.24 26.5 Validation
Uneven 16 32.09 101.77 29.9 Validation
Uneven 17 24.34 83.11 30.5 Testing
Uneven 18 37.45 112.41 25.1 Testing
Uneven 19 43.20 121.07 29.4 Testing
Uneven 20 35.03 109.44 27.2 Testing
Uneven 21 42.20 117.24 27.2 Testing
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[Table 3] Average rotation error

Comparison methods | ATE rotation (deg) | RTE rotation (deg)
EKF 1.19 1.40
LWOI 1.00 1.18
Proposed 0.83 0.95
25 RTE rotation
- . EKF
. LWOI[19]
2.0 Proposed
B1L5
g 1.0
0.5
0.0

Unevenl7 Unevenl8 Unevenl9 Uneven20 Uneven2l Even05 Even06
test datasets

[Fig. 5] Relative trajectory error rotation

A E AL AL AT S I [Fig 518 B3 2 vlolel L
olel 4=
=

ol th3} RTE rotation k2 &

3.4.3 AHA €5 B7}

ARl e 2E ER1gkS W 91A] 53 34 o5 =&
LWOIS} A|oksH= Wi o] EKF H.U A 5-0] oy} £3] xﬂ
oFs}= W& Unevenl82] RTE rotation %<2} Uneven202]
RTE translation o|=& #|¢]3}a+= EKF} LWOIETE =&
Uneven test Ho|E] Aol A 91|19} 313 o5 5ol Holxt
t}, o= w112 o] A= vt gislA] Atk v
Aol oS5 & girfal & = drk ohvk LWOIS] 7-$- RTE
translation®l| 4] Uneven173} 2004 EKFX.t} A-50] ol
a1, Alkst= WHE] 74-9- RTE rotation®l] 4] Even059l14] EKF
Hrp o] Bol ATk A test tloE Aol A F &5 Wi o]
EKFRL} A 5o] Wojzl A& 7hzke] wpalo] KE 2t b

aw o314 stk 2 #

o mTo
PE
2
SN
i)
o,
o b
)
2 6
>~
%
-

b o] Aok A2k,

344 EE BN
[Fig 6]~[Fig. 9]‘E Ea)4 n|112]do] Avh} vhgsl=x
o2 452 8018 4 girk A A dlo]Eje} o]
g}o] 100 Hz= L} = EKF9} Aokl WAl w2 )
LWOIA S 25 Hze e 7ol 1 o] E] o] 215 %] <]
v 7} 3150 LWOI%QL CIE R D I = RS !
v, T 25 A Vo R BE low, v go] Ay

SHA] Sokth £t o = 0012kl & = SlTk [Fig. 7]°01A &

kel 222 919 31 7N BA-uk owrlEe 433

x velocity of husky
08 —Gr 0.8

x velocity of husky

— GT
Proposed Proposed
— EKF

0.7 EKF 0.7

o
o

o
w

local velocity (m/s)
o o

local velocity (m/s)
°
S

42 43 44 45 46 47 48 49 50 138 139 140 141 142 143 144 145
time (sec) time (sec)

[Fig. 6] v, in Even 05 (left) and v, in Even 06 (right)

velocity of husky y velocity of husky

R —Gr
Proposed Proposed

0.3 —— EKF —— EKF

s,

local velocity (m/s)

42 43 44 45 46 47 48 49 50 138 139 140 141 142 143 144 145 146
time (sec) time (sec)

[Fig. 7] v, in Even 05 (left) and v, in Even 06 (right)

x velocity of husky x velocity of husky

— GT — GT
07 Proposed Proposed
— EKF — EKF

o o o
c o o

local velocity (m/s}
local velocity (m/s}

52 53 54 55 56 57 58 59 51 52 53 54 55 56 57 58 59
time (sec) time (sec)

[Fig. 8] v, in Uneven 20 (left) and v, in Uneven 21 (right)

y velocity of husky y velocity of husky

0.4 —Gr 0.4 — G
Proposed Proposed

—— EKF 03 — EKF

local velocity (m/s)

52 53 54 55 56 57 58 59 51 52 53 54 55 56 57 58 59
time (sec) time (sec)

[Fig. 9] v, in Uneven 20 (left) and v, in Uneven 21 (right)

v, 7h00] ofH B2 HHF uleol| M= 2R o] J o= |11
A& &5 AL, [Fig. 915 B &2 v 7F AA ¥skE 21
SRR13E 4= glo] 5553k el A w112 o] A LAys)
= A5 &k 3 [Fig. 6]~[Fig. 9|2 S-3lA Al¢ksl=
2] 3} EKF 9] H]©]E] & ground truth®} ] 13} 51 wf) 5= nf



8ol A A|Qksl= 1A o] EKF .U ground truthol] 7171-8-
AL & 5 u) o= Aloksl= whlo] nj 113 HE& g4 o
(o)

= vjetsto] AA| oS eSS 7 SleE vt

4.4 B

B RS LSTM 3% WS AHgstol Ruk mite] 4
A clEehe dnelFS Aok Bk 23] vk Q)
SIESHMU Flo]El & Yigto i ol §31o] 8% m e
BAE SESE AL EE D& 9k o F A isle] A4lE
% 5 931 71 WEt vl el chekek whet 3ol
oA A el 0} A e e 18 4 gk 55 £
SE Aol the WS uls) )22l 9.2 4 shetelgl
o} web 913 B4l A FPshs mokel 2R AT 7
3 AQKHE 85 WS ol §3) S AZHe Aol Hat
Hole} 2 4 glck

oJH S ol 8-ste] Sl 2l sk, 55 A7-5 2 Y5t
Al flv 2eivpgolu ] 5 5 U theldk v 21

References

[1] J. Borenstein and L. Feng, “Measurement and correction of
systematic odometry errors in mobile robots,” IEEE Transactions
on robotics and automation, vol. 12, no. 6, pp. 869-880, Dec.,
1996, DOI: 10.1109/70.544770.

[2] K. S. Chong and L. Kleeman, “Accurate odometry and error
modelling for a mobile robot,” IEEE International Conference
on Robotics and Automation (ICRA), Albuquerque, USA, vol. 4,
pp. 2783-2788, 1997, DOIL: 10.1109/ROBOT.1997.606708.

[3] A. Martinelli, N. Tomatis, and R. Siegwart, “Simultaneous
localization and odometry self calibration for mobile robot,”
Autonomous Robots, vol. 22, pp. 75-85, 2007, DOI: 10.1007/
$10514-006-9006-7.

[4] A. Angelova, L. Matthies, D. Helmick, and P. Perona, “Slip
prediction using visual information,” Robotics: Science and Systems,
Pennsylvania, USA, 2006, DOI: 10.15607/RSS.2006.11.014.

[5] D. M. Helmick, S. I. Roumeliotis, Y. Cheng, D. S. Clouse, M.
Bajracharya, and L. H. Matthies, “Slip-compensated path following
for planetary exploration rovers,” Advanced Robotics, vol. 20,
no. 11, pp. 1257-1280, Apr., 2012, DOI: 10.1163/15685530
6778792470.

[6] T. Qin, P. Li, and S. Shen, “Vins-mono: A robust and versatile
monocular visual-inertial state estimator,” IEEE Transactions on
Robotics, vol. 34, no. 4, pp. 1004-1020, Aug., 2018, DOI:
10.1109/TRO.2018.2853729.

[7]

(10]

(11]

[12]

(13]

[14]

[15]

[16]

[17]

(18]

T. Qin and S. Shen, “Online temporal calibration for monocular
visual-inertial systems,” 2018 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS), Madrid, Spain, pp.
3662-3669, 2018, DOI: 10.1109/IR0OS.2018.8593603.

J. Zhang and S. Singh, “Loam: Lidar odometry and mapping in
real-time,” Robotics: Science and Systems, Berkeley, USA, pp.
1-9, 2014, DOI: 10.15607/RSS.2014.X.007.

T. Shan, B. Englot, D. Meyers, W. Wang, C. Ratti, and D. Rus,
“LIO-SAM: Tightly-coupled lidar inertial odometry via smoothing
and mapping,” 2020 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), Las Vegas, USA, pp.
5135-5142, 2020, DOI: 10.1109/IROS45743.2020.9341176.

S. Zhao, H. Zhang, P. Wang, L. Nogueira, and S. Scherer, “Super
odometry: Imu-centric lidar-visual-inertial estimator for challenging
environments,” 2021 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), Prague, Czech Republic,
pp. 8729-8736, 2021, DOIL: 10.1109/IROS51168.2021.9635862.
J. Yi, H. Wang, J. Zhang, D. Song, S. Jayasuriya, and J. Liu,
“Kinematic modeling and analysis of skid-steered mobile robots
with applications to low-cost inertial-measurement-unit-based
motion estimation,” IEEE transactions on robotics, vol. 25, no.
5, pp. 1087-1097, Oct., 2009, DOI: 10.1109/TRO.2009.2026506.
U. Onyekpe, V. Palade, A. Herath, S. Kanarachos, and M. E.
Fitzpatrick, “Whonet: Wheel odometry neural network for vehi-
cular localisation in gnss-deprived environments,” Engineering
Applications of Artificial Intelligence, vol. 105, pp. 104421, Oct.,
2021, DOIL: 10.1016/j.engappai.2021.104421.

M. Brossard, A. Barrau, and S. Bonnabel, “Ai-imu dead-reckon-
ing,” IEEE Transactions on Intelligent Vehicles, vol. 5, no. 4, pp.
585-595, Dec., 2020, DOIL: 10.1109/TTV.2020.2980758.

M. A. Esfahani, H. Wang, K. Wu, and S. Yuan, “Orinet: Robust
3-d orientation estimation with a single particular imu,” /EEE
Robotics and Automation Letters, vol. 5, no. 2, pp. 399-406, Apr.,
2020, DOIL: 10.1109/LRA.2019.2959507.

M. Brossard, S. Bonnabel, and A. Barrau, “Denoising imu gyros-
copes with deep learning for open-loop attitude estimation,”
IEEE Robotics and Automation Letters, vol. 5, no. 3, pp. 4796-
4803, Jul., 2020, DOIL: 10.1109/LRA.2020.3003256.

S. Herath, H. Yan, and Y. Furukawa, “Ronin: Robust neural
inertial navigation in the wild: Benchmark, evaluations, & new
methods,” 2020 IEEE International Conference on Robotics and
Automation (ICRA), Paris, France, pp. 3146-3152, 2020, DOI:
10.1109/ICRA40945.2020.9196860.

W. Liu, D. Caruso, E. Ilg, J. Dong, A. 1. Mourikis, K. Daniilidis,
V. Kumar, and J. Engel, “Tlio: Tight learned inertial odometry,”
IEEE Robotics and Automation Letters, vol. 5, no. 4, pp.
5653-5660, Oct., 2020, DOI: 10.1109/LRA.2020.3007421.

M. Zhang, M. Zhang, Y. Chen, and M. Li, “IMU data processing
for inertial aided navigation: A recurrent neural network based
approach,” 2021 IEEE International Conference on Robotics and
Automation (ICRA), Xi’an, China, pp. 3992-3998, 2021, DOI:
10.1109/ICRA48506.2021.9561172.



[19] M. Brossard and S. Bonnabel, “Learning wheel odometry and imu
errors for localization,” 2019 International Conference on Robotics
and Automation (ICRA), Montreal, Canada, pp. 291-297, 2019,
DOI: 10.1109/ICRA.2019.8794237.

[20] A. Geiger, P. Lenz, and R. Urtasun, “Are we ready for autonomous
driving? the kitti vision benchmark suite,” 2012 IEEE Conference
on Computer Vision and Pattern Recognition, Providence, USA,
pp- 3354-3361, 2012, DOL: 10.1109/CVPR. 2012.6248074.

[21] J. Jeong, Y. Cho, Y.-S. Shin, H. Roh, and A. Kim, “Complex
urban dataset with multi-level sensors from highly diverse urban
environments,” The International Journal of Robotics Research,
vol. 38, no. 6, pp. 642-657, Apr., 2019, DOIL: 10.1177/027836491
9843996.

[22] N. Carlevaris-Bianco, A. K. Ushani, and R. M. Eustice, “University
of michigan north campus long-term vision and lidar dataset,”
The International Journal of Robotics Research, vol. 35, no. 9,
pp. 1023-1035, Dec., 2015, DOIL: 10.1177/0278364915614638.

[23] M. Burri, J. Nikolic, P. Gohl, T. Schneider, J. Rehder, S. Omari,
M. W. Achtelik, and R. Siegwart, “The euroc micro aerial vehicle
datasets,” The International Journal of Robotics Research, vol.
35, no. 10, pp. 1157-1163, Jan., 2016, DOI: 10.1177/027836
4915620033.

[24] D. Schubert, T. Goll, N. Demmel, V. Usenko, J. Stiickler, and D.
Cremers, “The tum vi benchmark for evaluating visual-inertial
odometry,” 2018 IEEF/RSJ International Conference on Intelligent
Robots and Systems (IROS), Madrid, Spain, pp. 1680-1687,
2018, DOI: 10.1109/IR0OS.2018.8593419.

[25] A.Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan,
T. Killeen, Z. Lin, N. Gimelshein, L. Antiga, A. Desmaison, A.
Kopf, E. Yang, Z. DeVito, M. Raison, A. Tejani, S. Chilam-
kurthy, B. Steiner, L. Fang, J. Bai, and S. Chintala, “PyTorch: An
imperative style, high-performance deep learning library,” Advances
in neural information processing systems, vol. 32,2019, [Online],
paper_files/paper/2019/hash/bdbca288fee7f92f2bfa9t70127277
40-Abstract.html.

[26] D. P. Kingma and J. Ba, “Adam: A method for stochastic
optimization,” arXiv.:1412.6980, Dec., 2014, DOI: 10.48550/
arXiv.1412.6980.

[27] V. Peretroukhin and J. Kelly, “DPC-Net: Deep pose correction
for visual localization,” IEEE Robotics and Automation Letters,
vol. 3, no. 3, pp. 2424-2431, Jul., 2018, DOI: 10.1109/LRA.
2017.2778765.

mup 222 919 S5 7R -k e v e 435

71 o
a o
2020 AJaEhaL 7| Al SR (AT

2022 A&t A5 AR
(FFH4Ab

1

¥ae
2016 arEjheta 71AlE S E s
2023 A&rishal SIS (EEAL
2023~AA F=IRY IedTE ARRATA
S

AR} Mobile Manipulator, Planning, Optimization

ot 3 &
1995 A&t &3-9F3- 333
1997 £ th3He] BFE-9 = walulZIAAP)

2006 Stanford University Aero/Astro (&8}

#bh
20098121 Ahguiskin 714 ekl
o

AR Robot-environment Interaction, Multi Contact Control,
Whole Body Control





