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Line-Based SILAM Using Vanishing Point Measurements
Loss Function

g9 al
Hyunjun Lim', Hyun MyungJr

Abstract: In this paper, a novel line-based simultaneous localization and mapping (SLAM) using a
loss function of vanishing point measurements is proposed. In general, the Huber norm is used as a
loss function for point and line features in feature-based SLAM. The proposed loss function of
vanishing point measurements is based on the unit sphere model. Because the point and line feature
measurements define the reprojection error in the image plane as a residual, linear loss functions such
as the Huber norm is used. However, the typical loss functions are not suitable for vanishing point
measurements with unbounded problems. To tackle this problem, we propose a loss function for
vanishing point measurements. The proposed loss function is based on unit sphere model. Finally, we
prove the validity of the loss function for vanishing point through experiments on a public dataset.

Keywords: Visual SLAM, Line Feature, Vanishing Point

.M 2

Global Navigation Satellite System (GNSS) A H.& o]-&-g
T = A9 Sl 23] 91X Q1S el BA1A 9]
2137 0 A=Y SLAM) 977} ke A 1%
MM, FHlE}E A-8-51= visual SLAM 2are]5-S 544
< 7|ko g Bl At F2 F ek s B
HI2o} o] 5 xjo] A2 B Z FEHA] St
& EAHL 3] 25)7] wjiol 2AE A=t L2 EA
LFERA 7T o e,

AR AL Hsy] Y5le], ERNEG FUtE AR
o 3

A =1
R Eo] AlokRIgle 544 e B} 2
[e)

ol
i dm

oy
o
ot
o
T
f
%
i
4
¥0,
£
b
=
2
y

ta
v
=
o

Received : May. 10. 2023; Accepted : Jun. 7. 2023

¥ This work was financially supported in part by Institute of Infor-
mation & communications Technology Planning & Evaluation (IITP)
grant funded by the Korea government (MSIT) (No. 2021-0-00230,
development of real - virtual environmental analysis based adaptive
interaction technology). The students are supported by BK21 FOUR

1. Ph.D Candidate, Electrical Engineering, Korea Advanced Institute of
Science and Technology (KAIST), Daejeon, Korea (tp02134@kaist.ac.kr)

+ Professor, Corresponding author: Electrical Engineering, KAIST,
Daejeon, Korea (hmyung@kaist.ac.kr)

Copyright©KROS

npAuto 8 BN E A A 7HA AL Q7] wiiEell, 34
A AL S Bo) ol ulgk AR sle 5 gril

EX S visual SLAMONA] AME-517] 9l8}e], 7|5 At
A S BEE Ao AT eakz2 Aol sh vk
24 A EE 7)) Wil 2 A EE T A S

4 Ranko 2= A5 7S BAdsA| XEth ol&
go] o] AFrelx e 2 54 B e

PO, 2% 54 mEle st o] Ao A B
7 o

i
o

)
N
o
:Oé
o
¢
. it
o rﬂ o
O x
SN S A T

oN,
2
l

i

E
=

[e)
B AR 4 gl R glte] Aol & R 4els

3
o

d
1 S5 ARESIT AbAl BT EAde] AlFY
, Huberl} Cauchy <=4 =5 AR8-slc). ShA| 7Y,
RS AWbARl A1) o|m| =] HH o] 1At
gk o] ghs 71 A7 A gL o] &,
7} AshEA 27T 5 A5

o] T =9Itk UV-SLAMMoll M = 427
=
S

il

E__,’

m 1o
ol

o

o X

ol

ﬂ_‘: _|th
ol

O g ol oM
2
> :lﬂ

T
oX,
2
{o
g
_{
N

of j?_",
rr i)

)

e O I fE By o B ko
» do td

o N, ool Mo X

oSt g
e
i
Sl
2
>
rlr
B
w2
E].L.:
_11)4. J
o2l
o
1
2
AL
Ir
=
fu
Mo
by

R
]

2,
r %]
2
)



2. 2k o1
2.1 534 7|4 SLAM

EAME visual SLAMoﬂ AREEE Be A S0
Bartoli et al.’& 5748 visual SLAMONA] A8-517] 2184
324 33 W © =2 Pliicker coordinates 2} orthonormal repre-
sentationS- A|QHaIT) o] FHAWES 7o s A A4 2

&z =2 »dy) Zho] Aot A = Rdlle =4 3
Z} A A& A Fdste] Al EA A5E 53430 Aol & %t
= AR gl 544 7N darg|SE 544 V)
H]— O]—"!ﬂ.E_Q_ 7]H]—_Oj EX]/H% :2,47]-6‘]]14- E‘L]Eia 7]t1|_]_— 0‘_:]_—
NPFOELE T2 MSCKFPIE 7Iuke & 7= Qi) o] ¢}
= o2 A, HA 3} 7Rke] darg]F4 152 ORB-SLAM!
3} VINS-Mono!?1&- 711Fo & 7|tk i),

2.2 Manhattan =~
7]8F SLAM

2 Atlanta world 7S ARESH= 545

E4 47} 37, 224748 visual SLAMO ARS8t A5
o] 9Jt}. WA, Kim et al. & 2214 & o]-g-5}o] Fh|}e] =}
AlE TR B8, 7hete] 2AE FA T 5 91X E
Aohs W23 S AlRK dgEo] AL o] Ei
3}o], Manhattan <2 Atlanta world 7% S ARE-81o] 42
A& visual SLAMoﬂ 7<4%6P U So] QT8 o] Ml E O

& 2D0Fe] 1 RS BT, ST, olel BREE
F2A AEWS AL 3] kel 1go] ARIsH: kel

Visual SLAMOI| A 2214 =2 1 a8 A o) 5lo] A3} 1}
HEo] Qi) o] AFoAE AAHS T3 FaAs AE7|2]
T, 7 0Re, Y shs A Eo] 3 Hwol| glojok st
= Z7139 9]F o] 0o] Foof g}z 7S ARRSe] IAE
T ARl ol Me AN HPS HAES
ZE= i o 2Rk ARESkaL, Al o] obd A E 3 AE
7te] QA= S A o)) uhebA, A3} He] 3x1
o] BAEs) A3 Agkel A A= AyE A7) o Hek 44
AE HAs) PA A A Bd2 A AREgE A7) vk
Bl o] Aol M= 24 54 RS Aekgl on, 313k 1+
27} A AIE S AsH] Hg &4 Sk sk AR
o}, SHA| R o] x=Eoll A Aoksl =4 S= A S mdl

of) 254 Fehs vl itk

A4 A B0 Loss FrE 083t EAA 7|9t SLAM 337

3. M| 2
3.1 XA

ARE g o] AN 2= [Fig. 113 2k Al 2
VINS-MonoE 7|iko & 6}0% IMUSF 533 RS ARSI
£ 742 Shi-Tomasi™ W& 53l 52521, KLT tracker™!
= ARgste] 327 ofol] Hlste], IMU 574 ELE2- pre-
integration WS- F3l A olght), vix|uto 2 243} 7]
S AR5 18l Schur complement™E- 3-8 marginali-
zation AH&-ghc}

o] &} 22 VINS-Mono 7|1Fe] T2t visual SLAM®] 578 4-&
F7kl7] $lstd, 5= 2 viAS 918 212 LSDPe} LBD &
AREETE A5E 5AS APHE Bl 3k 5o
T 5 ATE 32N SRS (v ), 20 FEHIE AT 5 U=
Zlel whall, 32kl 5448 s sh= ol dgsltt el
Bartoli et al.!ol 4] A}-8-3} Pliicker coordinates} orthonormal
representationS- AF8-3HC}. Pliicker coordinatest 3% 5734
< 24T e AHAR Y o = vl Atk

iy

L(n,d)" € R", 0]

ol n? d&= 2t A Wk WEE A Pliicker
coordinates+=triangulation 2 A F3 3} of| A A28k}, 5}4]
9k 32k £ A o] 4-DoF<I Aol ¥, Pliicker coordinates =
F3E 32 540 6-DoFtk. whebA, 225}k 3ol A
over-parameterization®| A}, o] FAE A7) 213,
A 3} 77g A= 4-DoF & 715 orthonormal representation

g AHEshT, T 2
0= [7/1 ¢L (2)

olwf ¢} ¢ = 212t FHet AFAE 7R 0 3L B
2 2149] Buler 74} 3241 B 415} Fhv e} 1744 o] &
272 E ofv ek

7 AGkSRE e SR S SAAGIA P
T AE 2ARS ARERITE 282 5] A 1
A8 7P QA Skl = Qs ARE 7 AL gl -]
= 2 35S 918 J-linkage ™15 ARS-EITE o] WS 3
&3} ol drlol EAeh= AN A7 A FHEE FE T
AT W ot} o] & F3ll, Manhattan world 714 §lo] o] W2
Mol 2R 2he < Slvks el 8l

of sl Al (), (+), Z18]aL (+)"= 22} world, camera,

18] 31 body FEAIZ 2] ] gk} ool B3} (-)'=bodyoll A
camera FFEA| 2.2] A3 H S o]w] g}, o] A]2Blof| A A8



332 z3sls) =57 4187 AB3E (2023.9)

IMU * Pre-integration

Sliding window
optimization

IMU residual

Point feature
detection & tracking

3D point " Point residual

Line feature
detection & matching

RGB Image

3D Line Line residual

Vanishing point
detection

Vanishing point
residual

[Fig. 1] The proposed algorithm’s framework is depicted in a block diagram, where newly added blocks are represented by dashed
boxes. Upon receiving an RGB image, the algorithm performs line feature detection and matching, followed by vanishing point
detection and line clustering. The triangulation process creates 3D lines, and residuals of lines and vanishing points are defined.
Eventually, SLAM results can be achieved by employing sliding window optimization
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[Fig. 2] Mlustration of the residuals from two different views: a perspective view and a top view. The green arc represents the inverse

tangent loss function proposed in this paper

[Fig. 3] The top views of mapping results of ALVIO (left) and proposed (right) for MH_04_difficult in the EuRoC datasets
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[Table 1] Translational RMSE without loop closing for the EuRoC
dataset (Unit: m)

Translation VINS PL Previous
RMSE -Mono | -VINS ALVIO work

MH_01_easy 0.159 | 0.164 | 0.148 | 0.142 | 0.139
MH_02_easy 0.14 0.174 | 0.136 | 0.126 | 0.094
MH_03_medium | 0225 | 0.187 | 0.209 | 0.198 | 0.189
MH_04_difficult | 0.408 | 0.335 | 0.389 | 0.301 | 0.261
MH_05_difficult | 0.312 | 0.347 | 0.317 | 0.293 | 0.188
VI1_01_easy 0.094 | 0.071 | 0.085 | 0.087 | 0.067
V1_02 medium | 0.115 | 0.086 | 0.075 | 0.072 | 0.07
V1_03_difficult | 0203 | 0.152 0.2 0.156 | 0.109
V2 _01_easy 0.099 0.09 | 0.094 | 0.098 | 0.085
V2 02 medium | 0.161 0.12 | 0.133 | 0.103 | 0.112
V2 _03_difficult | 0341 | 0.278 | 0288 | 0.277 | 0.213

Proposed

EuRoC datasetol| A 2 &are]52] Ht Ala-
X}k Alerst HHL VINS-Mono, PL-VINS,
5P} of

[Table 1]
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