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A Survey of Intelligence Science and Technology
Integrated Navigation Technology
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Abstract: Visual-inertial integrated navigation technology is an important research direction in au-
tonomous navigation. This paper first introduces the development of visual-inertial integrated nav-
igation technology, then introduces the traditional visual-inertial integrated method based on visual
geometry and kinematics model from the viewpoint of pure visual navigation (odometry, simulta-
neous localization and mapping) and integrated navigation (filtering, nonlinear optimization) , then
introduces the visual-inertial integrated navigation method based on machine learning which has
developed rapidly in recent years. Finally, the typical applications and the future trend of visual-in-
ertial integrated navigation technology are briefly introduced.
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Tab.1 Model based visual-inertial integrated navigation
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Tab. 2 Learning based visual-inertial integrated navigation

SR ARFAR EE o
i %ot XM GoogleNet 1 & #1 48 45 1 £
s PR AW R 0 7 SR A AR
PoseNetl32] . N
it 8 3 4 T A G £ 348 L AT %
¥ 24 5 PR 5 R G 0 % S LS5
T i 0 e E 4L PR AR 0 R 8 L 7 I 5
O SuperPoint(®”] o 4 7 19 45 01 32 1l
W B 8 0 % 0 090 4 15 308 - T 10 42 356
g GE3 7531 DU BT 4 7 P o 5
#
% FlowNetSimple fE W 45 1iF #
W NGRS 70 2 TG PR 4 1) 25 2 45 F
Ligs DeepV O] R LSTM 9 2% %o B 2502 B 5
M L (S B R B AT £ 1L
% 110 6 48 B 1 4 3t B2 20 755 2
L4 2 o 4L 45 £ -0
8 2295 S0 LSTM W 45 4 K
PR BB AE 32 RS 32 7 0 45 A T
yafil \jﬁu\}ﬁ VINet!36] ﬁb
o] “ S/ £ 0 24 7 3
ﬁ 515 AL HEAT 4 o T 4 e S A
g T4 Eie BRI DRI
& am
ﬁ%ﬁ il {8 FA XL LSTM W 46 45 o 1 15

SRR S A% | B v 0 2% 1 A A BE )
ST R T 77 9 45 % B e 7
R fiE AT

&) 2% Attention-
based 1037

2 ETHENAE/BREAGSMBEAR

F T AR TR [ L SE /15 M 2 A S AT B R 1) 3 4
Hin 2 EmE 1 s,

E?EFM%@%

; e P[0 s
;Jﬁuw R ﬁnﬂz'ﬂ‘ﬁ@

eSS WS4

5L (i SEPsY LA
JE&E‘%&TE‘E> b2 E> Al L

1 ETFRAPRR/MEASESNRAREREMTER

Fig. 1 Scheme of model based visual-inertial

navigation technology
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based on iterative optimization
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