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A Visual Inertial SLAM Method Based on Deep Learning

Jiaxu Zhang, Ping Ye
(School of Artificial Intelligence, Beijing University of Posts and Telecommunications, Beijing
100876)

Abstract:In recent years, with the rapid development of related technologies in the high-tech field,
mobile robots have become an indispensable assistant in social production and life. Due to the close
relationship between SLAM technology and mobile robots, it has received widespread attention. At
present, the visual inertial fusion SLAM, which mainly relies on visual SLAM and integrates IMU
(Inertial Measurement Unit) to complete positioning and mapping work, has been proven to have
strong robustness and practicality, while also being low-cost. Therefore, this article focuses on a classic
and open-source visual inertial fusion SLAM algorithm VINSMono as the main research object. Firstly,
a type of convolutional neural network SuperPoint in the field of deep learning is used to extract image
feature points, and the FAST corner points provided by VINSMono's loop-closed detection module are
replaced with SuperPoint feature points, effectively improving the robustness and distribution
uniformity of visual point features. At the same time, considering that SuperPoint feature descriptors
still have room for improvement in distinguishability, this paper introduces a lightweight network
FeatureBooster in the loop-closed detection module of VINSMono. The relevant experimental results
show that if local descriptors processed by FeatureBooster are used for loop-closed inter frame feature
matching, higher accuracy of feature matching results can be obtained, which improves the accuracy
and robustness of the localization and mapping of the visual inertial fusion SLAM algorithm,
thusreflecting the important significance of Feature Booster for SLAM algorithms.

Keywords: Control Science and Engineering; visual-inertial fusion SLAM; SuperPoint; visual point
features; FeatureBooster; mobile robot
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Fig. 1 Thestructural diagram of the lightweight network FeatureBooster
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Fig. 2The flow chart of the loop-closed inter frame feature matching algorithm based on FeatureBooster

ASCBE IS BLAE T FeatureBooster F) IR RFAE VL FCSEVE IR F G 2 .
A7 T L PAT PP DA JF HLAE DG BT 28 b 0 38— AN 2 2 SR B B A A
i, EBRE 2 i DA R de A P ER TR SuperPoint HFAE xSRI Y. 1 ey 358 3 45 23 A by i 7Y
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Tl SR R BRI SR R 225 FeatureBooster 944 &b B ) SuperPoint 43 1iE 3348 75 58 i 14
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gi FETR, ARSCHET TSI SE T FeatureBooster [ P FRMT AN AE DT L 532 1) R R 1
3 P

current frame: 113 sequence: 1 previous frame: 91 sequence: 1

. A §
P 3 35T FeatureBooster [ PRI i) RFAF D L SR SR
Fig. 3 Therendering of the loop-closed inter frame feature matching algorithm based on FeatureBooster
B 3 Fros Bl R BT 4, RIS SEBRR 5 b Al 8 T SR E AT SO A, i TR
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v PR )R DS PR AR ME A 22, BE TS T PNP+RANSACT! 3 1 L SR A4 21 5 v ks 12 1 1)
IR AR A 28, AU T PR S SLAM S00AE e A B 8 B 7 T PR BE AN s, XA
ISR 1P) SuperPoint i ff IR KT BT JCiESEELM 45 58, SRR A M 2% FeatureBooster X -
PG Rl & SLAM SV () PP AG I A B F) 7 223 3

2 SEREREHIARST
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AP AR SCHR S R SR AR e 70T 2 F) P P DR AL DG PSR 3 5 55 08 205 P Ao [ A
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(AR AL KGR s 28 =B/ BRIl  SLAM B335 A R BEXT LU S, e A JF 8 £ 43
SRR A PG, DU ASEERASE P AR SCHR HH P SR R SR SR IR B Al 5 SLAM. 32056 I, 19 78 37
LIRS R o A SC IR SR B 0 A AR 2B A0 A LI 1R RE S O R A B C B R 1 s

R 1WA AN TE RES BN PR B e

Tab.1 theperformance parameters and related environmental configurations of the laptop

BAER G 64 fi7. ubuntu18.04+R0OS melodic
PAE R/ 15.4GiB
CPU 12th Gen Intel® Core™ i7-12700H X 20
GPU RTX3050T1

2.1 PAFR a4 E DU AR HER S 25 L SE i
b A S BT I SEER KBS T FeatureBooster (1) A RIEFAEVCACSELEE, 4 T UF W HARRR
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TAL G PHERT I AL DCRC A6 Pk e 7 T (RO 3, R FH T ) EUROC MAVE i 4
£ 1) 54> Machine Hall %% %1 F1 6 4> Vicon Room KISV 11 1 B R )45 1 DT i
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Tab. 2 Comparison of the loop-closed inter-frame feature matching accuracy

AL | ARG A FR AR AEICHC | 55T FeatureBooster 1) 4131
ik Hik Mg ) 2 1 DG P A9
MH_0L_easy 96.59% 97.98%
MH_02_easy 98.34% 99.09%
MH_03_medium 93.66% 94.06%
MH_04_difficult 87.25% 89.29%
MH_05_difficult 89.97% 91.50%
V1 01 _easy 98.00% 99.28%
V1_02_medium 98.49% 98.77%
V1 03_difficult 95.38% 96.09%
V2_01_easy 98.85% 99.01%
V2 _02_medium 97.13% 97.22%
V2_03_difficult 91.72% 92.58%

% 2 ProaisciG g v LA H, B FAEM B S SLAM S5 1 P R AR e FH 4%
= 2% FeatureBooster 45 T SuperPoint REAE I FF I AT X 23, DRI w] LA S8 T AT 3R
M ARFAE VLA A HER 2 . Jorh, G847 SRR A MR RIEHESE MH_04_difficult i AR
ol [R5 A0 G P Aff 2 ) BG K IR BE 3R K, 4 2.04% 6

2.2 PR R AR 2R FE X HeSE T

AL 2.1 NSV IRIA EESE I UF B — 2R A 5 1 ) 2% FeatureBooster 5| A P R4S A
HeRENS A AR TT PR R AL DL BT AR A, O T 3E— 2P Ui ¥] FeatureBooster 1] e i
S EZN U IR EPOR VAATI R e Ry = PN U sy 7 e G EE N U TR EPO R VAAY T B = A o N
J£ T EUROCMAV Hffadle i 0 & i R 25 41 T I I8 1) MH_05_difficult HEAT 53
R, 4 7SRO A AR VER SR A5 0, ARSI AT XA INAN TR R/ e e 7 (15 DL T 5
YT RN B RS RE FE IV S0 R, B a5 WSS U TIL SOOI, S280 45 39y
SN 3 FIZ& 4 iR

R 3 PRI AR AL 2 PR 2 RS ERS B CHpz: mD
Tab. 3Comparison of accuracy in the translation part of relative pose between loop -closed frames(Unit:m)

%=
0.2 0.4 0.6 0.8 1.0
(=S
U B s
M P ERIUALRFAE UL i 0.414 0.430 0.469 0.506 0.537
=K
LT FeatureBooster [ 14 0.359 0373 0411 0.458 0.475
Iy [en) 4 A DC g A9
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155 Tab. 4Comparison of rotational accuracy of relative pose between loop -closed frames(Unit:degree)
- fiE 0.2 0.4 0.6 0.8 1.0
(R PIARMIRRALILAS | g 6y 0.643 0.657 0.694 0.719
ik
3T FeatureBooster 1 13 0566 0.582 0.605 0.630 0.658

TSN UNEATS
HE 3 FIER 4 s myses a5 vl UUE W, AT A5 S0 10 PH BRI (R RE AR DE R SV, AR SCd
tH KIS T+ Feature Booster 1] P EA it [A]4p i DG P 45325 L 4% B vy (KRR it RS, RS 8 R e 2
B, ARART PRI Al T oK BERN M 1, AT T 65 28 I 2% FeatureBooster X T~ A< 3C
WU — LR RLA SLAM S0 IR IR e 1) 2 S o, Mt i (el 0, J7 2%
160 h L0 AR ZE /I e 7 I, PRV EAR T (R AH XA 28 1R 3 0 K B B TH e W X, ol 6.2em;
MHINIIAE R 0, 572K 0.8 AR FE K /IN iy ST P I, PATEASE (R A X7 8 P e 2 3 4 K
THE W %, 4 0.064 [,

2.3 PUBRRELE SLAM S0k 5E AR BE X HSE
AR AL T FeatureBooster ) P T [A) 47 AiE UG MO 550 V2% e 6 B 4 ki 2 A0 154 5
165 SLAM S3duns T 4 N7 AT AT ) vREAfy A1 050 vt B ARFAE DL E 5% AR A 2EK o O T B0 UEA SC ¥ vt IS B
MR A IR RS SLAM S50 58 (67 15 2 B IRORG FE AN B 1 7 Tl SR I3, BRI BEt 17/
RS SLAM S0 E RS FEXTEE 286, RN ASCHR K SuperPoint-SLAM S5 RIAE
SuperPoint-SLAM S35 (1 MK AL 5 | N\ 25784 Y 2% Feature Booster 11 T il (11— S AW 51
& SLAM 83k CA S Jo — 288095048 Boost-SuperPoint-SLAM) o A 5256 55 T T #) EuRoC
170 MAV $fE 4w & 1 11 AN EURIFFIREATSC L, W5 6l B VP4 T H EVOr 3R MLt &
SLAM Sk MLt Budsie 72 (ATE) M1, DUtk S SLAM B3R AE 07 5 4 B J I Ao RS 1
AERRE . S0 45 R AR 5 Pios.
5 WAL G SLAM SVEEALR BT EE CHRAZ: m)
Tab.5 Comparison of positionalaccuracy of the visual inertial fusion SLAM algorithm(Unit: m)

MnRE SuperPoint-SLAM Boost-SuperPoint-SLAM
Bk
MH_01_easy 0.129 0.109
MH_02_easy 0.089 0.066
MH_03_medium 0.171 0.168
MH_04_difficult 0.302 0.253
MH_05_difficult 0.276 0.234
V1 _01_easy 0.093 0.063
V1_02_medium 0.087 0.080
V1_03_difficult 0.144 0.142
V2_01_easy 0.080 0.072
V2_02_ medium 0.112 0.110
V2_03_difficult 0.245 0.203
175 H% 5 T SER a5 Rl LUE , TEie 8 sl bl ds N AL ok 3 AR = 7 il Pk ik P 1 AR
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JRE 7R SE 56 35O B35 1 FeatureBooster [N RE@% 1143 SuperPoint HREAF A 7 45 B 1 T [X
I3y el S I IE T 48 T 25 FeatureBooster Ab B (1 Ja) s i 47 mI LA SR H A FA o [ v
TR S IR IE DR C 45 2R, 48T T PR R AR A 2 (RS L, Ak TR S SLAM Bk
FERENT T HIREfRE, AT T FeatureBooster % T-#RIG @A SLAM S E TR o ARSI
FETTHR A

D {E£ M HIFJER VINS-Mono S35 S ISR, K FH T P B U )R i s 2 28 iy
LS FAST 1 s B 4l B TR B 2 51 1) SuperPoint F54E 5, A 2R TF T M0 U AL I b
PERI AT 34 5 1
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