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Abstract: Visual simultaneous localization and mapping (SLAM) technology has become one of the
important navigation methods in the field of navigation and positioning. In order to improve the comprehensive
performance of visual SLAM in all-weather and multi-scene environments, the visual SLAM technology
integrating various information has been developed rapidly. This paper systematically reviews the research
results of visual SLAM in recent years. First, the key links of front-end odometry, back-end optimization,
loop closure detection and map construction in visual and visual/inertial SLAM are summarized. Second, in
the analysis of pure visual SLAM technology, the two main types of visual SLAM methods based on
traditional geometric transformation and modern deep learning are discussed, and related representative visual

SLAM technologies are sorted out. Third, based on the detailed description of the multi-information fusion
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SLLAM method of visual/inertial combined navigation, the progress of SLLAM navigation technology based on

heterogeneous image vision and its combination with inertial sensor in recent years is analyzed. Finally, the

future development direction of visual SLLAM is prospected.

Key words: simultaneous localization and mapping(SLLAM) ; heterogeneous image; visual odometry; inertial

navigation; integrated navigation
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Fig.1 Visual SLAM classification and milestone technology development
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Table 1 Research results of visual SLAM based on geometric transformation
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S 50 97 7= A ) iR 25, PR AE e SRk 9 b &2
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2SS 3 T R Ak 2 A R AR IR S A I R
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#3 ME/MRMESLAM R KRR
Table 3 Visual/inertial SLAM research results
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i VINS-RSD  $#fE A5 Local BA 5% Hi &l RGB-D #. H W5 /45 1 A T RGB-D AL
MSCKF-VIO  KLT S-MSCKF A = #il# XCH W5 AR ST RSB H VIO
VINS-Fusion ~ KLT  Local BA #ili#&l B XCH WS /P R R IR L

Basalt KLT  Local BA A =HsA WCH Wb /5 |5 SRR VSR B I 5N
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VRS e € R LA SR S A S PR IR SRS
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o RABIT G R ER 5 SLAM AR
(EE
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Table 4 Visual and visual/inertial SLAM research results fused with heterogeneous images
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