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Abstract: Planar feature is widely used in structured environments as a high-level geometric feature and is
a good complement to most Simultaneous Localization and Mapping (SLAM) systems. In order to ad-

dress the fact that new errors were introduced when fusing feature points with planar features and the possi-
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bility of planar degradation existed, we proposed a monocular visual inertial SLAM system that fuses het-
erogeneous features in this paper. Firstly, feature points were extracted from grayscale images; secondly,
the set of feature points was triangulated and the results of the triangulation were transformed to the world
coordinate system. Next, the initialization process was modeled as a constrained optimization problem and
solved with the alternating-direction multiplier method in a distributed fashion. Then, the similar planes
were clustered and the planes were fitted with the proposed planar collision probability model to get the cor-
responding bounded-plane parameters. Finally, geometric constraints on the plane features were intro-
duced in the factor graph, and the camera motion as well as the plane parameters were simultaneously opti-
mized by the error model. Compared with the typical visual inertial SLAM system VINS, the mean abso-
lute trajectory error of the system proposed in this paper was reduced by 50% in the EuRoC dataset. The
mean absolute trajectory error on the TUM-VI dataset was reduced by 40%. The method works stably
and continuously in structured scenes and improves the localization accuracy and robustness in weakly tex-
tured regions.

Key words: Simultaneous Localization and Mapping(SLLAM) ; visual inertia; distributed solving; bound-

ed plane extraction; nonlinear optimization
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Intel(R) Core TM i5-12600HQ@3. 70 GHz, N ¥
16 GB,
6.1 TR EENIK

5 A5 M SLAM W) Ui Ak 19 7 fig 4 A il 8 4
FG LR ILAS 5t (1) B fE) 5 (2) A5 5 (3) &
PE o B UL DAl S A A 45 4 X B0 152 2% (Abso-

R(§b.p) (pr—p)— B,
¢ —

b= ¢y
lute Trajectory Error, ATE) 5 A X fif % 1% 2%
(Relative Pose Error, RPE)'™', B 1Y 9] 4 1k
J7 15 0 HL B FE AN A 3 55 RER B8 R B A 1k #T
Al $5 AL TT 5 B ) B Ak 2 R L AR T Gk X b R 2k
J5 ¥ Vins-Mono' ™ o M3 A SCHE 5 ¥ 09 01 16
fEPETE .

HAR SR 5 B 40T, # Vins-Mono 19 %) 16 &
SR A W Ry A SCHRE D s, A 3 DR 5
J7 AR R 10 sk RS S Bl ds AT iR 12 3 3080 46 Ak
S8 I s 1 I ) 5 O AR W) 4R Ak 58 s, Pk ik b
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Tab.1 Comparison results of initialization performance of EuRoC dataset

[15]

R AR SCHR T i Vins-Mono
Fisf ] Ja il ATE 2 )5 ATE sy ] Jey ik ATE 2 )5 ATE
MHO1 10. 67 0.13 0.12 9.44 0.15 0.12
MHO02 11.32 0.09 0.11 11.58 0.11 0.12
MHO3 10.75 0.11 0.12 12.16 0.11 0.13
MHO04 9. 88 0.16 0.18 10. 81 0.16 0.18
MHO05 13.23 0.21 0.19 14.52 0.24 0.21
V1._01 8.76 0.07 0.07 8.58 0.07 0.07
V1.02 9.78 0.09 0.08 9.47 0.11 0.08
V1.03 11. 24 0.12 0.17 12.46 0.14 0.19
V2 01 9. 06 0. 06 0.08 9.24 0. 06 0.08
V2. 02 9.52 0.11 0.14 10.79 0.11 0.16
V2_03 12.31 0.14 0.22 13.23 0.15 0.22

T R SROR RO R 4
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Fig.9 Robustness comparison results of the EuRoC dataset
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LA 1T . TEF 51 V2. 02, B T AHHLIZ 3
2, SFEOX AR A G R ER A S % F
G R 4 T M A K . BASALT 1751
V2_03 A7 it 400 A~ i Ak T, DA kg e vk 4R A E
PR 22 o A SCHR Y 3 T T4 Ak A 08 A6 T 1%
AEAS PR R AR 22 . a3k TP W 7 ik, A 3C

#2 A[ESLAM 7557 EuRoC THIATE (m)3fLb 45 R
Tab. 2 Comparison results of ATE(m) under EuRoC for different SLAM methods

VINS-Mono' BASALT!™ Kimera"”’ Structure PLP™ AR SCHR T

i w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o
MHO01 0.12 0.15 0.07 0.08 0.07 0.11 N/A N/A 0.06 0.07
MHO02 0.12 0.15 0.06 0.08 0.07 0.10 N/A N/A 0.05 0.08
MHO03 0.13 0.22 0.07 0.09 0.11 0.16 N/A N/A 0.06 0.07
MHO04 0.18 0.32 0.13 0.16 0.15 0.24 N/A N/A 0.09 0.12
MHO05 0.21 0.30 0.11 0.15 0.24 0.35 N/A N/A 0.13 0.17
V1.01 0.07 0.08 0.04 0.06 0.05 0.05 0.10 0.17 0.04 0.07
V1.02 0.08 0.11 0.05 0.07 0.11 0.07 0.10 0.15 0.04 0.08
V1.03 0.19 0.18 0.10 0.13 0.12 0.07 0.14 0.23 0.08 0.13
V2 01 0.08 0.08 0.04 0.10 0.07 0.08 0.12 0.19 0.05 0.07
V2_02 0.16 0.16 0.05 0.07 0.10 0.10 0.14 0.24 0.07 0.10
V203 0.22 0.27 N/A N/A 0.19 0.21 0.14 0.29 0.14 0.23
FEIE 0.14 0.18 N/A N/A 0.13 0.14 N/A N/A 0.07 0.11

T RARSRORBOR R4, N RIS BOREE — 8 o wRIRTT R [ ERAG I, w /o 7R ¢ PR T8 R AG T
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B H SLAM £ %48, H T CNN Jf & 7 76 )7 41
MHO1-MHO5 #2 3 *F- 1, iz 472k M, A5

P TITEMA T ARG A SRR T I
55 HRAE A5 G I A R DT B $2 T 2 G B LA
FRIE 5T B9 RCR o Jo HE fE MHOL-MHO04 J7
G, 15 22 H A AR I 50%6 .

%3 A [E A7 EuRoC M RPE X LE 45 R
Tab.3 Comparative RPE results of different methods in EuRoC

- VINS-Mono' " BASALT™ A SCHE M T i

e RPE,/m RPE,/(°)-100" RPE,/m RPE,/(*)-100" RPE,/m RPE,/(°)-1007"
MHO1 0.04 1.5 0.03 1.2 0.03 0.8
MHO02 0.06 0.9 0.03 0.9 0.02 0.7
MHO03 0.04 0.9 0.04 0.8 0.04 0.7
MHO04 0.05 1.3 0.03 0.8 0.02 0.5
MHO05 0.05 1.3 0.03 0.7 0.05 0.7
V101 0.1 4 0.06 3.1 0.06 3.4
V1.02 0.05 0.9 0.03 0.7 0.03 0.5
V1.03 0.05 1.7 0.04 0.8 0.03 0.7
V2 01 0.04 1.7 0.02 1.0 0.04 1.3
V202 0. 04 1.3 0.02 1.0 0.03 1.2
V2.03 0.05 2.3 N/A N/A 0.05 1.7
S {E 0.05 1.6 N/A N/A 0.04 1.1

IE MR RIS BOR B, T RILFRBOREE — 4. Frf r ik BN TR MR AR . 3R 3K 1R Jr 827 EuRoC i RPE X [X

g5R

*4 ATEAAEETUM-VI FTHIATE (m) ¥t &R
Tab.4 ATE(m) TUM-VI comparison results

751 VINS-Mono"™  BASALT™ A3 )ik
Room1 0.07 0.09 0.04
Room?2 0.07 0.07 0.04
Rooms3 0.11 0.13 0.13
Room4 0.04 0.05 0.02
Room5 0.2 0.13 0.09
Room6 0.08 0.02 0.06
I 0.10 0.08 0.06

T MR SRR ROR R4, N RIZRR AR "4 o

F 3 — b A T 2 2 PR B R Y P R
75 % A£ EuRoC B4 45 b 89 A X 07 28 8% 25,
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i E R 1 se W3R 3PN, A S 7 7

22 W45 A s b 16 T 3R B A 4, 6 I 3R AR
g i

P4 RARSCHE W I B TUM-VISUE £ T
B2 . 1F Rooml 3 R. 021/00om6 JF ¥ H , A&
TR R EM LR . BIRFER AT
WA (1 6 A 3 51 i 1) 4 4 38 g IF A2, S
AT A AR > BOBR 25 1 R B AR A R Ar
FR A 1 -

K 10 )8 78 T 7 EuRoC H 4 X #1570 1% 22 B s
] (9 78 A1 0 o G ep AN 8 1 TR e Sy 4
Jay BT L A AR R AR SCH T vk 5 VINS-
Mono £ AN [f] B Z1 i) 030 1 25 e . 3l i /1 10
Al RLR B, AR SCT R g A S A5 SLAM R a4k
TS sh AL 4 A B30 F0 85030 46 B2 14t 1 B S
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Fig. 10  Partial trajectories of the proposed method in this paper (left column) with trajectory error plots (right column)

6.3 HBLICIE

AW B2k 7 Bk VINS-Mono & X N VINS,
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Tab.5 Ablation experiments on ATE

751 VINS VINS+P Ours
MHO1 0.12 0.09 0.06
MHO02 0.12 0.09 0.05
MHO03 0.13 0.07 0.06
MHO04 0.18 0.14 0.09
MHO05 0.21 0.28 0.13
V1.0l 0.07 0.04 0.04
V1.02 0.08 0.06 0.04
V1.03 0.19 0.18 0.09
V2_01 0.08 0.06 0.05
V2_02 0.16 0.1 0.07
V203 0.22 0.25 0.14
S 44 0.14 0.11 0.07
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Tab.6 Running time of each module of the method proposed

R ER i8] /ms
AL BE 15 P T S 33.1
Fal - 1 4 E A9 ) i e 1 20.5
mEZY sail] 48.7
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