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Abstract :

Visual-inertial odometry (VIO) is a method that leverages sensor data from a camera and an inertial

measurement unit (IMU) for state estimation. Whereas conventional VIO has limited capability to estimate scale of

translation, the performance of recent approaches has been improved by utilizing depth maps obtained from RGB-D
camera, especially in indoor environments. However, the depth map obtained from the RGB-D camera tends to rapidly
lose accuracy as the distance increases, and therefore, it is required to develop alternative method to improve the VIO

performance in wide environments. In this paper, we argue that leveraging depth map estimated from a deep neural
network has benefits to state estimation. To improve the reliability of depth information utilized in VIO algorithm, we
propose a kernel-based sampling strategy to filter out depth values with low confidence. The proposed method aims to
improve the robustness and accuracy of VIO algorithms by selectively utilizing reliable values of estimated depth maps.

Experiments were conducted on real-world custom dataset acquired from underground parking lot environments.
Experimental results demonstrate that the proposed method is effective to improve the performance of VIO, exhibiting
potential for the use of depth estimation network for state estimation.
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.M 2

23pe Popo] 72 Wa wHoR 2iSo] Had
A7 g AdEed] 44 o wel AgHm dtk (1, 2]
dF Fol, MuFeely zye @d Asle 37 Bl
A Zresta WA Aol ol AgHn et (3] ol
G 2o Age A BEAL WA A U AP
7% shglom, oA 23 T3 Bob FEAL the W
g wxz ox vk A2 9 97, muhd v Ed ol
Asd 4 ALFY A He $A4 mE Axg

B

(ADAS) [5]3} 22 A &8 Hofe
U

=
A, motd 2e] Ag olF ela 2] FolF 59
T 7l TEE SdA FEE 88 Vlese] dasit
SR A ="

% rir
N
i
rlo

e
o,
=2

oo

*Corresponding Author (sjlee@jbnu.ac.kr

Received: May 21, 2024, Revised: Jun. 12, 2024, Accepted: Jul. 1, 2024.
J. M. Song: Jeonbuk National University (Ph.D. Student)

H. G. Jo: Jeonbuk National University (Assist. Prof.)

S. J. Lee: Jeonbuk National University (Assist. Prof.)

¥ o] Ao AR (B7|EAHARTAE)Y Adoz dxAAde] A
AS o} e A9 (No. RS-2024-00346415).
© IEMEK J. Embed. Sys. Appl. 2024 Aug. 19(4) 185-193

ISSN : 1975-5066
http://dx.doi.org/10.14372/IEMEK.2024.19.4.185

BoAzEe 943 4 9 wAS 9 A4 ®A4 [6]u
T Fu4 A (RFID) ®4 [5]9F 22 954 84s
g8ty E2E Fste Ay Zo] duiHoR HAE
FAT e BAVE Qe A9 Axge 2 A9 9
A28l (GPS) 71&S A8t $IxE FAerh ey o
2le WS 9 A 9 ZAE AXFAY AF A
2~®l7 FAlo] f&dof st 5 FAF [T 732 2
(817 Ze ZopillAe A&3t7] A& 4 St ofol up
Al 9 94 glo] Buld 2hol ¥ S AEHo=
AT 2HAle HAE FAHT F e FAH AA F4
9wy (SLAM) 7|9 871 A&dA S7ksta
B omRoe dubEel gd A Fhelet 7]4k SLAMe] A
g A7 AEiA " vEHIE B3 9o
A Bh Y Zol ARE FH3e Ao T8t F
geteh, gk FA4e o] WA AT g F e
J9S HE st SLAM| &3t WS Aokt
o Az AFE v 2okl HeYy vies A 7
A, AA F2H L oz RBodal gL pAzel zjugt
oftgl zlo] A3 7o nr} Bhd Ao|Mr wo b
Aol Atk o] FA FAl= 22+ RGB JAFZHE 3
A AE A FEY ARE FH3e ol 9579
EAolt} AR 2o AFe AYE AT 5 JE
olt} (LIDAR) AIM 2 HE3 dHolgE &gatd Hxd
EfQA9] ggpo] £Y3d 4 Ut} LIDAR A4 dlo]E=
FE AdE o] R g ground truthE 5ol AME-



zEef2l 7[8F Visual-Inertial Odometry

186

W oo o

ERE

)
o) X

N
=

o
7
e

2t
—L
L

3
Il
t}, olel] wekx SLAM H
ol we}l LiDAR-inertial odometry (LIO)$} visual-inertial

9= VIO ¢

=
=]

W #gelA LIO ¢are

T
Gt
T
po O
B >
B
= o
ﬂ_,mu L
B
o
pi o
o XA
e o
T o]
N RC
— 9
%A —_—
Mﬂ jans
) WM
ml ’
|
= <
ﬁo -
w1
1o
=

Kernel
filtering

stk VIO ¢

1 A%49 a7 9

3]

4 34

=
==

o= ghdetel MU F87] 5

QA
o% AE

}+= loosely—coupled sensor fusion

9|

ys)
S|

=9

L
T

3

tightly—coupled sensor fusion % [12, 13]22 o] 2

3} tightly—coupled

i;’j]-

RGB-D 44<% &

L
T

L i R

lllll

Filtered
depth

IMU data | RGB image

=22l

VIO m}o|

—
[

g 1. Hlgkst

W N
7o
i+ 5
0
RN
LI
‘m_Tl
W
= T
ﬁo
RO
™
T 7
OGO
=i o
woE
w8 2
U.__| o N
%))
o =
oy o~
o ™ 1.mo
ol X
o
o ™ o
o) ol o
3 i X0
o or
w
=
T
[} N
£ 3
2
o <
> O_H
o)
3 o
S W
g =
® juy
S 4m
S o
3 o
= et
ER
— |
w 9
X
)
e
1o

o)
el

X
A

A

olM AelE

\

<0
o

o g}t

v

=
= 1l

Alolt}t. Eigen
Z

=]
Rl
ys)
A

af sidstr] ofge

A ekgict. Lee et al

x

DenseNet [17]2] 15t oA

o
=

[16]

RGB

]
s

ad 1 22 A=

i

juzel

il

il

0

X

sl
H

f1 EY ] T WelA zlo]

13)

3
Ak

o
=

F7] 913 A

9|

0

X

s

N
1

=

local planar guidance 7]% o]t}

o=

P

H

ol

3}+= optical flow

o =
52 4

ie]

A A= 71E9 RGB-D Zhulgte] Zo]

il

3ka, o]

Fele] dolez W

E FHfE

il

P

0

X

s

0
~H

BjE

ﬂ
ot}

W7k RGB-D 7}|g}

o A =
- N

B
< HolFH VIO

27
=
& X
w
r do
ﬂl, =
o8 K
o B
W R
do
T
3
Nl
™
=
!

¢ RGB-D 7helie} ko] -8 1<)

&l

ml
&l

oMo oW R
w o x Bl
e
T
zum mﬂuxu,bu,
BrsZo
sy nED
o F T
WE_qo;;oLEeﬂ
= % T O
PTIRE S~ i
TR we
o%m_z qﬂgﬂ_.ﬂew
f ,WZ&,OJ._‘.Z_.OA
L g
Har,mjurm,@rmﬂ
T E M <
E L.ooL_/oL|
= <2 o
BT RE®
T oo
1ﬂ%t%mﬁ_
0 5]
Z&%B&Mﬁﬂo
= oy O Ommo]
o B RWZ )
woMe o oY
RO gy AT R o
ﬂoufMiTﬂL
N N o o
mﬂmx%q
STy
2 A2
ﬂH..EI W
S E7zrﬂ
mﬂ%_@_@ﬂ
oﬂaﬂiﬂ_.ﬂrj.o
RUGIONER N TN
"o N Nr
_szxl\UrILWMﬂ
— o
ﬁEé]W
N A
SN W E
i) ~ o Tz
N E o B
i%oﬂ%ﬁw
~ =y I
o] < EK o'
TRmEa
o MO,WIMM
B % T A



o stH C| =5 5t =2 X|

Merrill et al. [22]&
HYE Al ~El e HAIZE A7t 7hee
Z We A3 Almalioglu et al
odometry, inertial odometry % Zo] FHE& 9%
EHAs A 58] 9 A Zg<l
AT} Zwo et al. [24]E VIO ZTEA~ T A7z
suksl Zlo] HAHE 8319 Zlo]
HAsslr] e & J

VIO &ae]Fe] 4es FdA7IL ¢
} ]

olf

7] 2w WA B dEedas ded)
= S Ao o AE3 o] ARE FAHsE AL
F5A ol uk B =Ro| A folE £& YEYa EAAN
FAE Zlo] WA AT £ e d9S dEYI|
A AHA dey WEs Aoksty Aol I ° F
ASS AFFHo 7 BTk
m 2
1. RGB ¥4t 7|t VIO mjo|=z}el
2 AT AE RGB-D 7 EtE &83t= VIO &augEs
o] VINS-RGBD [14]& 7|9to 2 RGB 7]+ VIO dho] =g}
ol g Tt Fvg gAoRRYH EAY =& 9 F3
I IMU dHlo|El & &-g3to] F /el shvleg} G4 Alole] ¢

)

] FAGES w2 A= pre-integrationo] E T
measurement processing *g¢] 7F} WA Tt g
o 7t 943 IMUE Mdde s &8s F37|54 F
4 Ang T3 278 BAol FPHrt. 278 #A
o] &g W 1 o]Fo|E measurement processing 3ol
local VIO #4802 o]ojZt}, Local VIOdA = LA Azt
et gEwt gt FYVEAE FAE 18y
AR AgBA wEkd loop detection©] ©]Fo]
pose graphS &% 38} backend #7o] 3™ F3
A F4 A7 AEEE AT sld Bl A
& ATt 7 & Aol EAA AR ARE Zo
4 UES A FE AT ARlete €Y VHS A8
Zlo] wlo A g

¢

ol e N rE o

omt B0 AP Lx Lo BAUE FE] 909
DenseNet-161 [17]& AR&3tch g 54 55 93
receptive fieldE %3171 93] atrous spatial pyramid

pooling =& [26]& g3t} o]

plan guidance layers &-&3lo] ¢

H 193 M 45 20244 8¥ 187

Positive case

25 34 3.4 315 34 3.4
34 33 33 34 3.3 3.3 3.33
33 32 3.2 3% 32 312
Depth map Cutlier detection Mean sampling

Mean : 3.33

Threshoid - 0.1 Valid Range ; [2.997, 3.663]

Negative case

35 34 3.8 3.5 34 3.8

34 33 3.8 34 3.3 3.8 0.0

3.3 3.3 4.9 3.3 3.3 4.9
Depth map Qutlier detection Mean sampling
Mean : 3.63

Threshold - 0.4 Valid Range : [3.267, 3.993]

I 2. AHd 7(Hte] HEE oA
Fig. 2. Examples of kernel-based filtering

Hx W= JqAZddry. 2 oy E59 29& Ad 3
b 3 convolution layer

of wheba] Abdel

g F83 98-S st} B AfAE 44 KE 302, T
£ 0012 AAs FAE ZHo] Ho dRE YY)
A 27 K= 7% 8ka (i) Wek Bk s A
o o gt
1
Wiy = sz:%}dw 1)

= 4
1% g (i) Hd ska

A9l Wglol EAL oYA YA AT DAk T B8
=2

@ Wege o] FA4% d, & ¥ Lol HAL F ek

;1[ = {gﬁ, if da:.ye[ui.j(li T)’/'Li.j(l_'_ 7, )

otherwise.



@
&
N

Fd o 9A o) Az dse] o)
2 Zxé '} local VIO A o A

= T

K=}
oo X
i
i
o L

\'NJ;%‘

o |o

fil

S%“

5 HU Job oX fo gt
=2 o
O
(N
o,
=
i
o,
o
>
o

%)
0
o
offt
Sy
Bl
oX
ofr
ol
=

1. ek HolsAl

B el YA A3t T 839 F42 Foloh

dolg A A5e] H8H B9 vk dge] 2ol W)
Hi Aol IAAE F2 A L omie] E Al
o itk old@ HHe Al Avelos] EHolok s

S 2t A 2 AW e 22 Ao EE 8 AYE
o= o2 $87]Ed &8 o
A8 a9 37 22 mud 2R A4S 2
o]8] 4% 4 jackal unmanned ground Vehlcle (UGV) Ao
= 9J&A jetson AGX XavierZ A&t AlA A=
A 9 g Alokzro]l Zb7E 907 9F 360 ° Q1 ouster 0S-0
3274 €] LiDAR7F 23h+0] itk &3, 92 RGB-D 7}
gy, 53] 2 3§35 Aopzte] zpzh 42° ¢4 69° <l
realsense D435iE EnrlY 2Hol Huy Two] wjx )
Zlo] 34 % VIOS sl 640x480 =49 RGB-D 44
< 30Hz9 = £ER SgAoR HS5Yrh
ol 4 UEYAY A& TgF % AT HUME Y8l

LiDARS} v} ko] S xxeiel Agjuyolds 53 &

ety (Quster GENZ O8-0-32 m

Realsense D435]

\ ensor j Sensing
signal

Jetson AGX Xavier [ ‘

Contol | Embeddd boar )
command

e

Mobile robot

Jackal UGY

2! 3 Hlole FS& ¢let 2Hi 22 7
Fig. 3. Configuration of mobile robot for acquiring dataset

of &8 2 7 =2 7|2t Visual-Inertial Odometry

=

8 F#rHE &-83t9] ground truth Zo] #e A3
o VIO® #H7ME Y& 247 225 m, 225 m, 122 m, 44 m,
M4 m 9 26 me AYE xFsE 6714 BE] F3 AL
goolA dHeolHE FHU At FAF FHAHAE VIO
o tigt ground truth F37]57A= LIDAR 7|8ke] SLAM
71421 Faster-LIO [9]E5 &-83to] AJddct olzfgt ol
AL vheke 374 270 W T Ave] A $-2e] Albd
Wl Jes Brhskr] A 2EAR VS AlE

0z

2 A" 7
Zlo] 4 @ VIO 43 AMD EPYC 7313P 1639,
64GB DDR4 RAM, 18] NVIDIA GeForce RTX 4090
Z3gksl Eludo] SAANA Ay EHULE $EE Zo] A
S Sl 718 Ak S 7IW YEYGAS S5 dho] X
A& FEAT (16l F2= NYU2IlA AR shssd 2
F4 m2de] viZpsE 0000019 SEER 50042
GB %94# LiDAR 7]%+9] ground truth Zo] WS A-g3}
Al Z24E ok P A VIOE S8, Szl A
o1& F3l Fhvlekel IMU Apole] 9% TL}E}U]HE o
, VIO Z2 A2 ol &5 dapn|ed tigh 2
T YRR Fokrh 640480 FAFES] OS‘*o“’ﬂ o
VIO A@olA FAste= 54 Ay + =
A3 Arele] HA A= A7 180 N 20 SR A
Atk ® v VIOO dig FejxE dEbv]E<l keyframe
parallax®} ceres solver [29 -4 A A7+ &

w wAE At Hd wE sles A7 10 k4, 004
ms % 8 IE AHHSA ‘3}

O

Fogﬂiml

o H
rl

e T o/ A
X o

iy

td

3 @It

B R AE 7ol 249 WA F71E 98 579
A Bk AmS e ABE W ARES AgHY 0
F7b AFell= Al Ao @A AbsRel, Aw i A}
SqRel, B AF 22 RMSE, 21 A¥ Hod o3
RMSFElog 2 =AY ¥ 21 2% Slog7t 239t A
st g7 A Fol= max(d/d,d/d)Z ANE A

A threshold §€[1.25,1.25%12.5%] o|ule] Z 3 &&= =
A g A, 714 det die VESA oA o
29 zlo] 73} ground truth Zo] S w|th o 3
7 Axe A w HrF (g 2472 3o 7y =2 Zho A
o U2 s dHEdH, o A A2 old ATt [15]d
A E1E itk VIO A%S ks f8 g 914
S+ (RPE)€] ol& 9 3] exteh Ao A4 24 (ATE)

x|

53]

:\z

O

o] RMSEE % &3t 3 719 #H7F A xE &8 [30].

4. Zlo| £ M5 BN

X 12 F853% do] ¥ mE e ¥gE BAgFEr
Realsense D435i7} A& }% Zlo] W& A FAbo A AAE}
 Ad 899 03 molA 30 mollA Zo] A vEY A
F2 A3 4 Ajbete 4y 7HE 4839 Zlo] 97} 4



chsteldic|=3sts|=2X] A 198 M 45 20244 8% 189
I 1. Z0| Mol chst M2 M5 Hl
Table 1. Comparison of quantitative performance of depth maps
Depth Method Rati Error metric | Accuracy metric 1
vietho atio E
range AbsRel SqRel RMSE | RMSHog Sllog §<125 | §<1.25° | §<1.25
Realsense D435 | 0.200 0.030 0.003 0.086 0.035 0.206 0.999 1.000 1.000
30m | Depth network | 0220 0.026 0.003 0.072 0.031 0.240 0.999 1.000 1.000
Ours 0.137 0.025 0.003 0.070 0.030 0225 0.999 1.000 1.000
Realsense D435 | 0.653 0.107 0.197 0.977 0.157 1491 0.897 0.972 0.988
100 m | Depth network | 0.651 0.050 0.043 0517 0.075 0.709 0978 0.997 0.999
Ours 0.354 0.047 0.038 0.481 0.069 0.654 0.982 0.997 0.999
Realsense D435 | 0917 0.140 0453 1.797 0.199 1937 0.839 0.952 0.980
200 m | Depth network | 0916 0.063 0.099 0.982 0.097 0.946 0.961 0.994 0.999
Ours 0512 0.056 0.068 0.825 0.082 0.799 0.975 0.997 0.999
Realsense D435 | 0.990 0.144 0557 2.324 0.206 2027 0825 0.949 0.980
350 m | Depth network | 1.000 0.069 0172 1.442 0.109 1073 0.954 0.991 0.997
Ours 0559 0.059 0.106 1.149 0.088 0.860 0.972 0.99 0.999
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Table 3. Quantitative comparison with existing VIO algorithms
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Method ‘ Case 1 Case 2 Case 3 ‘ Average
RMSE of ATE [m]
VINS-Mono [27] 76614 2.0864 27397 4.4185
VINS-RGBD [14] | 58164 7.8056 0.9733 5.5654
Ours 2.2043 0.8987 0.7603 1.3827
Translation error of RPE [ml]
VINS-Mono [27] 0.1518 0.0539 0.0563 0.0929
VINS-RGBD [14] | 01217 0.5044 0.0753 0.2623
Ours 0.0421 0.0339 0.0349 0.0373
Rotation error of RPE [°]

VINS-Mono [27] 0.1379 0.1442 0.1844 0.1503
VINS-RGBD [14] 0.3601 0.4537 0.3722 0.3995
Ours 0.1376 0.1503 0.1841 0.1525
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Fig. 5. Comparison of the VIO results based on the previous and proposed method
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