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Mobile robots are widely used in medicine, agriculture, home furnishing, and industry. Simultaneous localization and mapping
(SLAM) is the working basis of mobile robots, so it is extremely necessary and meaningful for making researches on SLAM
technology. SLAM technology involves robot mechanism kinematics, logic, mathematics, perceptual detection, and other felds.
However, it faces the problem of classifying the technical content, which leads to diverse technical frameworks of SLAM. Among
all sorts of SLAM, visual SLAM (V-SLAM) has become the key academic research due to its advantages of low price, easy
installation, and simple algorithm model. Firstly, we illustrate the superiority of V-SLAM by comparing it with other localization
techniques. Secondly, we sort out some open-source V-SLAM algorithms and compare their real-time performance, robustness,
and innovation. Ten, we analyze the frameworks, mathematical models, and related basic theoretical knowledge of V-SLAM.
Meanwhile, we review the related works from four aspects: visual odometry, back-end optimization, loop closure detection, and
mapping. Finally, we prospect the future development trend andmake a foundation for researchers to expand works in the future.
All in all, this paper classifes each module of V-SLAM in detail and provides better readability to readers. Tis is undoubtedly the
most comprehensive review of V-SLAM recently.

1. Introduction

Tracing back to the modern positioning technology, the
earliest widely used in the world is the global positioning
system (GPS) [1] proposed by the U.S. department of de-
fense in 1964. Its military accuracy can reach 1-2meters, and
the civilian accuracy is 5–10meters. Obviously, this kind of
precision is not enough for application devices.Ten, a high-
precision positioning technology is proposed, that is, a high-
cost combination of GPS, real-time kinematic (RTK), and
inertial measurement unit (IMU) [2], which can achieve an
accuracy of 1–3 centimeter. Although the integrated inertial
navigation technology basically solves the outdoor problem,
it is not available indoor, because an RTK signal cannot be
obtained after occlusion. In 2004, an indoor wireless ul-
trawide band (UWB) [3] communication positioning
technology was proposed to solve the indoor positioning
problem. However, we know that UWB technology requires
modifcation of the working environment of mobile

machines, such as the installation of base stations and
launchers, which is not suitable for unfamiliar scenes
without modifcation. In order to solve the above problems,
in recent years, an independent, indoor and outdoor
compatible, and low-cost integrated solution to solve the
localization by real-time mapping without modifcation of
the working environment has been proposed, namely, si-
multaneous localization and mapping (SLAM) technology.
Te emergence of SLAM technology brings broad appli-
cation scenarios and great signifcance for robot positioning.

Here is a look at the origins and applications of SLAM. It
originated in 1986 [4] when the statistical probability was
just applied to the feld of artifcial intelligence. Smith and
Cheeseman discussed the problem of continuous graph
building at the IEEE Robotics Automation Conference, drew
the conclusion of the importance of consistency detection,
and found the correlation law of landmarks through the
statistical frameworks. Ten, it is accompanied by the de-
velopment of image processing in statistics. On the basis of
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[5–7], Smith et al. proposed synchronous positioning and
real-time monitoring. Tey used state vector to store joint
pose and coordinate [8]. Trough the integration of the
above technologies, the abbreviation of SLAM appeared for
the frst time in this academic forum [9] in 1995. Since then,
there has been a relatively systematic framework for SLAM.
Tis conference also opened the prelude of the era of SLAM.
In recent years, SLAM technology has been widely con-
cerned and applied, such as augmented reality (AR), Google,
and Apple launched ARCore and ARKit, respectively. In the
feld of mobile robots and aerial vehicles, SLAM can assist
these intelligent agents in positioning, path planning, au-
tonomous exploration, obstacle avoidance, and navigation.
Similarly, SLAM technology is widely used in underwater
operations, industrial robots, medical treatment, unmanned
driving, and the other felds [10–13], as shown in Figure 1.

According to the perceptual module, the common SLAM
system generally has two forms: LIDAR-based (light de-
tection and ranging, LIDAR) SLAM and visual SLAM (V-
SLAM). When the LIDAR sensor is used in SLAM, then it is
called LIDAR-based SLAM. Similarly, when the camera
sensor is used in SLAM, then it is called V-SLAM. In LI-
DAR-based SLAM, LIDAR can collect point cloud images
containing direct geometric relations. Representative
methods are as follows: real-time 3D laser SLAM (LOAM)
[14], real-time loop closure in 2D LIDAR SLAM (cartog-
rapher) [15], tight-coupled LIDAR-visual-inertial SLAM
system (LVI-SLAM) [16], and so on. According to the in-
vestigation on the application of LIDAR-based SLAM, in the
past decade, enterprises have mainly applied it to autono-
mous driving vehicles and automated guided vehicle (AGV)
robots. However, these felds are facing the expensive
production that cannot be mass-produced, and the prices of
some famous LIDAR manufacturers are shown in Figure 2.
Besides, the current bottleneck is that the technology cannot
be generalized. Although there are some low-cost LIDAR
sensors, these low-cost home LIDAR sensors are only
suitable for small-scale detection scenarios, mostly for in-
door applications, such as the sweeping robot [17], and not
for outdoor applications. With the development of com-
puter vision, V-SLAM is undoubtedly the best choice to
provide customers with better service due to its advantages
of low cost, simple structure, diversifed installation, uni-
versal usage indoor and outdoor, and rich semantic
information.

Next, we evaluate the review papers on V-SLAM from an
objective perspective. In 2015, Fuentes-Pacheco et al. frstly
reviewed the main concepts and basic algorithms of the
V-SLAM [18]. Although the papers were backward in the
current perspective, they were incomparable for that time. In
2016, Gui et al. discussed flter-based and optimization-
based V-SLAM [19]. Nevertheless, they only investigated the
main concepts of visual-inertial SLAM. In 2017, Taketomi
et al. reviewed the V-SLAM technology from 2010 to 2016,
but they only focused on the comparison of the previous
V-SLAM [20]. Furthermore, they did not carry out a detailed
expansion of the V-SLAM problem. In 2018, Li et al. ana-
lyzed the opportunities and challenges of V-SLAM. Tey
also predicted the future development prospects of V-SLAM,

but they focused too much on deep learning [21]. In 2022,
Chen et al. collated a large body of traditional and semantic
V-SLAM literature, and they summarized classical frame-
works that employ direct/indirect approaches [22]. Despite
providing a comprehensive exposition, the classifcation of
methods was limited to the types of features used in feature-
based V-SLAM. In another work, Macario Barros et al.
provided a timeline of V-SLAM techniques over the years
[23]. Te visualization was easy to understand, but the ra-
tionale was generalized rather than explored in depth.

Table 1 classifes the classic review papers so far. It can be
seen that most of the papers focus on a particular topic or
trend. Especially, none of the review papers of V-SLAM
discuss the loop closure detection in detail. Compared with
other reviews, this paper provides a more comprehensive
review of the V-SLAM.Te main contributions of this paper
are summarized as follows:

(a) We discuss the basic theoretical knowledge and
review the advantages of V-SLAM comprehensively.
Te recent researches in the feld of V-SLAM are
classifed into the front end, back end, loop closure
detection, and mapping.

(b) We modularly classify the open-source V-SLAM
algorithms by seven indicators and provide the
convenient references for readers.

(c) We analyze the advantages and disadvantages of the
current mainstream V-SLAM by studying diferent
methods in diferent aspects. Especially, we describe
the visual odometry and loop closure detection in
detail.

(d) We explain the V-SLAM algorithms by tables and
fow charts, which lays a foundation for researchers.

(e) We divide the V-SLAM algorithms into fve cate-
gories. Meanwhile, we analyze the existing solutions,
summarize the shortcomings, look forward to the
future research directions, and provide researchers
with extended research ideas.

Te remainder of this paper is organized as follows. Te
research problem of V-SLAM is described in Section 2. In
Section 3, the details of the V-SLAM technology are stated.
Te research status of the V-SLAM is reported in Section 4.
Ten development trends and active research areas of
V-SLAM are discussed in Section 5. Finally, Section 6
concludes the paper.

2. Research Problem

For V-SLAM, amajor research issue is how to use cameras to
collect, store and update environmental information in
order to accurately locate and map in an unknown envi-
ronment. Tere are two main research directions to
V-SLAM. One is V-SLAM based on flter, which uses all
image information for visual fusion. Te other is based on
the feature extraction and optimization theory, which uses
key frames for data association. Both methods are described
in detail below.
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V-SLAM based on flter deals with data association in a
more holistic way that it considers the relationship between
the current moment state and all previous states in order to
save a lot of feature extraction time. However, it has the
following inevitable shortcomings. Firstly, it is based on the
assumption of invariant gray level, so it is easy to be afected
by external illumination. Secondly, there is no diferentiation
for single pixels, so it is necessary to calculate the correlation
for pure colors. Tird, because the image is nonconvex, a
good initial value of the image is needed to ensure the
correctness of tracking.

V-SLAM based on the feature extraction and optimi-
zation theory has become the mainstream due to its directly
extracting information and nonlinear optimization, as

shown in Table 2. However, it has the following inevitable
shortcomings as well. Firstly, V-SLAM based on feature
extraction information still spends a lot of time in the
calculation of descriptors and feature matching, and many
features can not work properly. Second, due to the matrix
computation, it has the efciency optimization problem of
extracting characteristic information, loop closure detection,
and failure repair. Tird, it needs to enhance the robustness.

All in all, the above research issues are the key analysis of
this paper, and the classifcation of the used technology
content will be made in the following sections.

3. Formal Description

V-SLAM is generally divided into sensor data collection,
front-end visual odometer, back-end optimization, and loop
closure detection. Te front-end vision odometer is used to
estimate the relative motion of the camera by using the
information from adjacent pictures and to build local pic-
tures. Back-end optimization is to further optimize the
initialization information obtained by the front-end visual
odometer according to statistical inference. Loop closure
detection is to judge whether the previous scene has been
reached by visual detection of pose information at a certain
point in time, as shown in Figure 3.

In order to obtain positioning information, we might as
well assume T0, T1 . . . Tk(k � 1, 2, 3 . . .), where k is the
sampling period. Te position information of the corre-
sponding time X0, X1 . . . Xk(k � 1, 2, 3 . . .), these discrete
points constitute the trajectory of the rigid robot.We can use
a general and abstract mathematical model
Xk � F(Xk−1, Uk, Wk), where F is the motion equation, Xk

represents a vector, represents the position coordinates of
the robot, Xk−1 is the position at the last moment, Uk is the
input of the motion sensor, and Wk is the noise. In order to
obtain map building information, we might as well assume
that the rigid robot sees the landmark pointYj at Xk position
in order to generate an observation data Zk,j. According to
the observation data, the rigid robot can independently
adjust its position in an unknown environment. Similarly,
we can use the general and abstract mathematical model
Zk,j � H(Yj, Xk, Vx,j), where Vx,j is noise and H is the
observation equation. To sum up, V-SLAM is to estimate
internal state variables through noise measurement data for
localization and mapping.

Extracted plane

(a) (b) (c)

Figure 1: Research and application of V-SLAM samples: (a) the application in the feature detection, (b) the application in aircraft, and
(c) the application in the feld of autonomous driving.
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Figure 2: LIDAR price lists.

Table 1: Classifcation of review papers in recent years.

Year Type Reference
2016 Comprehensive Cadena et al. [24]
2016 Visual odometry Georges et al. [25]
2017 Based on deep learning Xia et al. [26]
2017 Comprehensive Taketomi et al. [20]
2018 Challenges and opportunities Li et al. [21]
2018 Application Hamzah et al. [27]
2018 Back end Chen et al. [28]
2019 Challenges and opportunities Andrew et al. [29]
2019 Application Turow et al. [30]
2019 Back end Parra Bustos et al. [31]
2020 Based on deep learning Zeng et al. [32]
2020 Visual odometry Azzam et al. [33]
2021 Based on deep learning Arshad and Kim [34]
2022 Loop closure detection Tsintotas et al. [35]
2022 Challenges and opportunities Ali et al. [22, 36]
2022 Comprehensive Macario Barros et al. [23]
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Table 2: Comprehensive evaluation of V-SLAM.

Name Year Visual
odometry

Feature
method Optimization

Loop
closure
detection

Real-time
efciencya Robustnessb References Characteristic

Mono-
SLAM 2007 Feature

method Shi-Tomasi EKFc — ☆☆ ☆☆ [39]

Te Mono-SLAM is
the frst real-time

monocular V-SLAM
system

PTAM 2007 Feature
method Shi-Tomasi BAd — ☆☆☆ ☆☆☆ [40]

Te PTAM is the frst
monocular V-SLAM
system based on

nonlinear
optimization of key
frames and proposes
the concept of front
end and back end

LSD-
SLAM 2014 Direct

method — Depth flter √ ☆☆☆ ☆☆☆ [41]

Te LSD-SLAM
applies the direct

method to semidense
monocular V-SLAM

SVO 2014 Semidirect
method FAST+LKe Depth flter — ☆☆☆☆☆☆ ☆☆☆ [42]

Te SVO is a visual
odometer based on
the sparse direct

method. Te biggest
advantage of SVO

over other schemes is
its speed

SPTAM 2017 Feature
method Shi-Tomasi BA √ ☆☆☆☆ ☆☆☆☆ [43]

Binocular V-SLAM
system based on

PTAM

LDSO 2018 Direct
method Frames BA √ ☆☆☆☆ ☆☆☆☆☆ [44]

Te LDSO expands on
DSO into a monocular
V-SLAM system with
loop detection and
pose optimization

LCSD-
SLAM 2018 Semidirect

method Descriptor BA √ ☆☆☆☆ ☆☆☆☆☆ [45]

Te LCSD-SLAM is a
loosely coupled

semidirect monocular
V-SLAM

Maplab 2018 Semidirect
method Descriptor — √ ☆☆☆☆ ☆☆☆ [46]

Te maplab is a
fexible and versatile
multi-robot and

multimode V-SLAM
framework

RE-SLAM 2019 Semidirect
method Edges BA √ ☆☆☆ ☆☆☆☆☆☆ [47]

Te RE-SLAM is a
real-time robust edge-

based V-SLAM
system

CCM-
SLAM 2019 Feature

method ORB BA √ ☆☆☆ ☆☆☆☆☆ [48]

Te CCM-SLAM is a
kind of multi-robot
cooperative V-SLAM,
which can be used for
cooperative mapping

in unknown
environment

ORB-
SLAM3 2020 Feature

method ORB BA √ ☆☆☆☆☆ ☆☆☆☆☆ [49]

Te ORB-SLAM3 is
the frst feature-based
tightly coupled VIO
system that relies only

on maximum a
posteriori estimation
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Te accuracy of the measurements depends greatly on
the type of camera sensor. Camera sensors are classifed
according to the implementation mode: monocular camera,
binocular camera, and RGB-D camera, as shown in Figure 4.
In addition, camera sensors include event camera, panorama
camera, and other special cameras.

We can not know the depth information of this spatial
point only according to the imaging model of the monocular
camera, so the monocular camera generally relies on its own
motion to collect two frames of the fxed time interval for
parallax to estimate the depth. However, the binocular
camera can estimate the distance between a pixel depth and
the camera through the static visual diference between the
left and right eye cameras. In both monocular and binocular
cameras, parallax itself is difcult to calculate, then RGB-D
cameras were invented and could actively measure the depth
of each pixel using infrared structured light or time-of-fight
principles. However, RGB-D cameras have some disad-
vantages in cost, power consumption, and so on. In addition,

visual cameras have congenital defects caused by internal
parameter calibration errors. It takes images that are usually
determined by the focal length of its built-in camera and are
susceptible to exposure, so the data obtained by the visual
camera must be corrected. In addition, camera sensors can
be divided into the fsh-eye camera and wide-angle camera
according to the type of camera. Wide-angle camera has a
short focal length and a wide angle of view, so it cannot take
panoramas in a tight space. Terefore, it generally shoots
large scenes. Fisheye camera has a wide range of visual
angles, but the smaller the scale of the object in the picture,
the less clear it will be. Terefore, it is generally used in
scenes that do not care about details.

Te motion of a rigid body robot in 3D space is actually
the corresponding rotation and translation operation, as
shown in Figure 5. Terefore, we can estimate the trajectory
of the rigid body robot and the spatial structure of the
environment through the pixel information between adja-
cent frames.

Tere is also a problem that cannot be ignored because
the transformation relationship is determined by estimating
the motion relationship between two images, and the error
brought by estimation is inevitable. Terefore, we need to do
back-end optimization for the resulting errors. In the last few
decades, the flter is almost always used in the back-end
optimization, as shown in Figure 6. However, the system is
generally linearized and approximates its noise with
gaussian distribution in operation. In this way, the highest
term is discarded and the covariance matrix of the state
needs to be updated in real time, and the time complexity
and error are high. Te least square method minf(x) �

minm∗ n
1 eij � 

m
i�1 

n
j�1(zij − h(Rij, tij, xij, yij, zij)) is

Sensor
data

Feature extraction

Data correlation

Character description Mapping
estimation

Front-end Back-end

Loop closure detection

Figure 3: V-SLAM fow chart.

Table 2: Continued.

Name Year Visual
odometry

Feature
method Optimization

Loop
closure
detection

Real-time
efciencya Robustnessb References Characteristic

VINS-
fusion 2021 Semidirect

method
Shi-

Tomasi + LK BA √ ☆☆☆☆☆ ☆☆☆ [50]

Te Vins-fusion is a
multi-sensor state
estimator based on
optimization, which
can achieve accurate
self-localization for

autonomous
applications

VOLDOR-
SLAM 2021

Dense-
indirect
method

Optical fow BA √ ☆☆☆☆ ☆☆☆☆ [51]

Te VOLDOR is an
intensive indirect

visual ranging method
that takes an

externally estimated
optical fow feld as

input

ESVO 2021 Semidirect
method Events Depth flter — ☆☆☆☆☆☆ ☆☆☆☆ [52]

Te ESVO is a novel
pipeline for real-time
visual odometry using
a stereo event-based

camera
aTe real-time efciency is based on the comprehensive evaluation under the data sets in [37] and the corresponding reference. bTe robustness is based on the
comprehensive evaluation under the data sets in [38] and the corresponding reference. cTis is the extended Kalman flter. dTis is the bundle adjustment.
eTese are the features from the accelerated segment test and Lucas–Kanade optical fow.
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used to solve the problem, where z is the actual value and h is
the value obtained through the observation model. Te
spatial position of each camera attitude and each feature is
adjusted to meet the real-time performance of the system.
Terefore, currently nonlinear optimization represented by
bundle adjustment (BA) is the mainstream back-end opti-
mization method. Tere is another method based on graph
optimization, as shown in Figure 7. Optimization of pose
nodes and landmark nodes by using nodes as optimization
variables and edges as error terms greatly improves opti-
mization efciency.

Moreover, the error caused by each movement will be
transmitted to the next moment, so drift will occur after a
long time of movement. To solve this problem, the rigid
robot can determine whether to return to the origin based on
the similarity between images in order to signifcantly reduce
the cumulative error and building a consistent map. At
present, loop closure detection technology is basically the

combination of bag model and feature point detection.
Although nonlinear optimization or graph optimization
technology is used in updating frames, it is more efcient in
architecture than the direct flter method.

In some specifc applications, we need diferent forms of
maps to store environmental information. Generally
speaking, map forms can be divided into point cloud map,
occupancy grid map, octree map, and grid map, as shown in
Figure 8.

4. Research Status

V-SLAM hasmade a major breakthrough in the last 10 years.
Te realization methods of V-SLAM include the direct
method, the feature-points method (the indirect method),
and the hybrid semidirect method. In this section, we discuss
the three methods in detail. Ten we introduce the current
status of the loop closure detection. Finally. we analyze the

(a) (b) (c) (d)

Figure 4: Te camera type: (a) the monocular camera (LinSee LS-Z50U), (b) the structured light camera (Xtion PRO), (c) the binocular
camera (ZED STEREO CAMERA), and (d) the TOF camera (Kinect V2).
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Figure 5: Transformation between world coordinate system (OwXwYwZw), camera coordinate system (OcXcYcZc), image pixel coordinate
system (o′y′x′), and image plane coordinate system (oyx).

Observation equation
Zk,j =H (Yj, Xk, Vx,j)

Motion equation
Xk =F (Xk-1, Uk, Wk)

Kalman
flter

Best
estimation

Input

System noise
(Wk)

Measurement
noise (Vx,j)

Figure 6: Working principle diagram of flter.
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problems of the current V-SLAM technology from a
modular perspective and propose future solutions.

4.1.TeDirectMethod. In recent years, the direct estimation
method based on the invariance of pixel gray level, which
directly utilized the change information of image’s light and
shade, had developed rapidly [53–55], as shown in Figure 9.
Te direct method evolved from the optical fow [56] solved
the problem of estimating camera pose through the pho-
tometric error of two pixels, which had evolved into the least
square problem. Tis method not only overcame the
shortcoming of extracting key points and calculated de-
scriptors in feature method, but also solved the problem of
missing features. Generally, the direct method can be di-
vided into three categories according to the number of pixels
used: the sparse direct method, the dense direct method, and
the semidense direct method.

Early V-SLAM based the direct method was not applied
to tracking and mapping frameworks, and the most was
based on key points of human experience. Later, in the paper
of [57], functional variational formula was proposed to
construct dense map, but these requirements on GPU were
quite stringent. In the paper of [58], depth flter was pro-
posed to construct version dense map, which not only re-
duced the time complexity but also could run on a single
CPU in real time. In 2011, Newcombe et al. proposed DTAM
[59], which was the frst completely direct approach with
stability and accuracy as its virtues. However, this method
aligned every depth information of images and maps and
requires GPU acceleration, so the real-time performance was
greatly reduced. Subsequently, Engel J et al. proposed a
direct monocular SLAM (LSD-SLAM) in large-scale envi-
ronments in 2014. LSD-SLAM replaced V-SLAM which was
previously only partially processed. Te semidense map
generated by LSD-SLAM on common CPU is directly
composed of key frames by Sim(3) transformation and
could accurately detect scale drift. However, in the aspect of
loop closure detection, LSD-SLAM had the same pose op-
timization as ORB-SLAM2 [60], so it did not get rid of the
calculation of feature points.

DSO is also a pure direct method, which is an updated
version of Engel et al.’s LSD-SLAM. DSO is not a complete

SLAM [61], and it lacks loop closure detection and map
reuse. DSO improves real-time performance by projecting
each point onto all frames and calculating its residual in each
frame. Moreover, DSO improves accuracy by using a sliding
window consisting of several key frames as its back end.

TANDEM is a novel monocular camera-only approach
to V-SLAM that combines classic direct approaches with the
multiview system (MVS) 3D reconstruction [62]. TANDEM
is not only rendered by the global truncated signed distance
function (TSDF) model to build dense maps but also used
view aggregation and multilevel depth to predict the entire
key frame window, which greatly improved accuracy, real-
time performance, and stability.

Similarly, the direct method is based on the assumption
of invariance of pixel gray scale, which is actually susceptible
to environmental lighting, camera exposure, and other
factors, so the application scene is limited under certain
circumstances. None of the above algorithms escape from
the common disadvantages of the direct method. In addi-
tion, the direct method is based on gradient search. If the
time diference between two frames of image acquisition is
too large, the movement distance of the picture takenmay be
too large, so the optimization function falls into the local
minimum. From this point of view, the direct method is
more suitable to be applied to the environment with large
tonal diferences and high-speed movement of objects.

4.2. Te Feature-Points Method (Te Indirect Method).
For the feature-points V-SLAM, its basic principle is to
estimate the relative motion of the camera by extracting and
comparing the feature points of adjacent images.Te steps of
the feature point method mainly include feature extraction,
feature matching, motion estimation, and local optimiza-
tion, as shown in Figure 10.

Feature points are composed of key points and de-
scriptors. Initially, David Lowe et al. proposed a scale-in-
variant feature transform (SIFT) based on the diference of
Gaussian (DOG) scale space in 1999 and perfected it in 2004
[63]. Tis is the frst algorithm to solve the problems of
rotation, scale scaling, and brightness invariance and apply
them to V-SLAM. In this method, the histogram of oriented
gradient (HOG) algorithm [64] maintained good invariance
through calculation and statistics of the histogram features
of the local area of the image, so subtle movements can be
ignored without infuence. HOG is faster than SIFT in real
time, but it is far inferior to SIFT in a complex environment.
Subsequently, in 2006, Herbert et al. improved SIFT and
proposed a speeded-up robust features (SURF) algorithm
[65], which improved the execution efciency by using the
hessian matrix and dimensionality reduction feature de-
scriptor. However, the main direction in this method is too
dependent on the gradient direction of the local pixel region,
and the subsequent extraction operations are also dependent
on the main direction, which can easily lead to the error
continuously magnifed. In 2011, Rublee et al. proposed
oriented FAST and general theory BRIEF(ORB) [66], which
increased the variance of binary robust independent ele-
mentary features (BRIEF) [67] from the original BRIEF

Sign node
Posture node

Observation model
Motion model

X1

P1

P2

X2 X4X3

Figure 7: Graph optimization model.
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algorithm (rBRIEF) and improved the scale invariance of the
original FAST [68]. Te rBRIEF algorithm is proposed by
using the exhaustive method to select points, which ensures
rotation invariance. Te ORB-SLAM series makes good use

of this feature description. Setiawan et al. compared the three
classical algorithms through pictures under dark light: SIFT
had the highest rotation processing accuracy despite its
slower execution speed than the other two algorithms. ORB
and SURF had the best comprehensive ability, but SURF was
obviously inferior to the other two algorithms in the face of
noise [69].

As the frst V-SLAM, mono-SLAM [39] used very sparse
feature points at the front end and EKF at the back end.
Besides, the multistate constraint Kalman flter (MSCKF)
was used to update the mean and covariance of the current
state of the camera and all landmarks as state quantities.
However, this maximum likelihood method has no loop
closure detection function, and the longer it works, the larger
error becomes. Moreover, mono-SLAM coefcient feature
points are easily lost. Subsequently, Klein and Murray.
proposed window optimization and covisible graph to re-
alize large-scale single-purpose SLAM: PTAM [40], which
was the frst V-SLAM to propose the concept of key frames.
Te front end and back end of PTAM were processed in
parallel to speed up the real-time performance, but the
tracking target information was easily lost. In order to solve
this problem, the ORB algorithm was proposed by ORB-
SLAM in 2015, which has become the most used algorithm
so far. ORB algorithm used the unique binary string rep-
resentation of BRIEF, inheriting the advantages of both.
Meanwhile, the ORB algorithm not only saves storage space
but also greatly reduces the matching time. V-SLAM based
on the ORB algorithm even provides short-, medium-, and
long-term data association in VI-ORB-SLAM [70] andORB-

(a) (b)

(c) (d)

Figure 8: (a) Te point cloud map. (b) Te occupancy grid map. (c) Te grid map. (d) Te octree map.
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SLAM3 [49] and achieves almost zero drift with Atlas
system, the frame diagram as shown in Figure 11.

Ten, the motion of the camera is estimated according to
the feature points and the point pair information of the
descriptors after feature matching. Camera motion prob-
lems can be divided into three categories: 2D-2D, 3D-2D,
and 3D-3D, as shown in Figure 12. Typically, the typical 2D-
2D problem occurs when monocular cameras lack addi-
tional information, and the motion between the two camera
coordinate systems can be solved by the pole-geometric
constraints, followed by triangulation to estimate the depth
of map points. Meanwhile, methods to solve this problem
were also carried out by the perspective-three-point method
(P3P) [71] and the iterative closest point method (ICP) [72].
Among them, compared with the least-squares matching
algorithm for solving the pose directly, random sample
consensus (RANSAC) [73] removes some false matches and
noise, making the solution more accurate. Perspective-n-
point (PnP) is a method for solving 3D-2D point-pair
motion, in addition to UPnP [74], EPnP [75], direct linear
transform (DLT) [76], and nonlinear optimization. Gen-
erally, the 3D-3D problem will solve the camera pose
through the singular value decomposition (SVD) [77]

method through feature points after feature matching, but
twice-depth information will lead to lower accuracy, so this
problem is generally avoided in ordinary cameras.

V-SLAM based on feature-points estimates camera
motion according to feature-points after feature matching
and optimizes reprojection error, so it is not sensitive to
illumination changes. So far, it is the most mature and
popular scheme. However, V-SLAM based on feature-points
takes a long time in the extraction of key points and de-
scriptors, feature matching, and other aspects. Meanwhile,
since V-SLAM based on feature points can only build sparse
maps, the traditional feature point extraction methods
cannot meet the requirements for some specifc scenes.

4.3. Te Hybrid Semidirect Method. Forster et al. combined
the advantages of the feature-points method and the direct
method and proposed a semidirect visual odometer (SVO)
applied to UAV aerial photography in 2014 [42].

Te SVO uses motion estimated and mapping. Firstly, a
rough camera estimate is obtained by using sparse feature
blocks between two frames under the assumption criterion
of the direct method (gray invariance). Secondly, in depth
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estimation, the Newton–Gauss method is used to optimize
the predicted positions of feature blocks, which not only
saves some calculation but also ensures that the gradient of
pixels is obvious. Finally, the camera pose was optimized
using BA.

Unlike the traditional feature point method, SVO relies
only on feature points when selecting key frames in the
whole process and does not require the calculation and
matching of descriptors in order to save a signifcant amount
of time. Diferent from the traditional direct method, SVO
does not use the information of all pixels in each frame but
takes small image blocks to estimate the camera motion
pose. Tis algorithm not only improves the real-time per-
formance under certain accuracy but also uses three opti-
mization methods to ensure the robustness of the results.

Compared to other open-source versions of ORB-SLAM,
SVO has short threads and a simple framework that can be
maintained on low-end platforms, but it does not perform
well in head-up cameras and is not easily repositioned if pose
estimation is lost. In 2016, Forster et al. improved SVO to
SVO 2.0 [78]. It not only supports perspective, fsheye, and
binocular cameras but also adds edge tracking and takes into
account IMU rotation prior. In addition, SVO 2.0 allows for
faster interframe convergence and provides theoretical
guidance for combining V-SLAM with IMU, the fowchart
as shown in Figure 13.

On the basis of DSO and ORB-SLAM, Seong Hun Lee
and Javier Civera locally used the direct method to quickly
and robustly track camera posture on locally accurate, short
term, and semidense maps [45]. At a global scale, feature-
based approaches are used to optimize key frame postures,
perform loop closures, and build reusable, globally consis-
tent, long term, and sparse feature maps. Tis loose coupling
between the direct method and the feature-points method
makes up for the shortcomings.

In order to overcome these shortcomings, a semidirect
method combining the advantages of the original luminosity

information of the selected pixel set in the image is also
under development [79], as shown in Figure 14.

4.4. Loop Closure Detection. As an important part of
V-SLAM, the loop closure detection plays a key role in
establishing a globally consistent map. Te core of loop
closure detection is to detect the same scene in nonadjacent
frames and then adds constraints to eliminate the cumu-
lative error. Generally, there are two methods: (a) V-SLAM
based on the visual odometer: this method accords to the
distance of the movement to determine whether the loop
closure occurs, but it cannot give accurate results when the
cumulative error is large, as shown in Figure 15 and (b)
V-SLAM based on appearance: this method is based solely
on the similarity between the current frame and the his-
torical frame which includes traditional methods and deep
learning methods.

4.4.1. Traditional Method. Most of the traditional loop
closure detection methods are realized by the BoWbag of
words, BoW [80].Te BoW takes the features of the image as
words and the whole image as the bag of words. In addition,
the dictionary is established by artifcial clustering training
image data set. Tis method greatly improves retrieval speed
and accuracy by compressing the image information.

In 2006, Nister and Stewenius proposed a tree storage
method based on the BoW, which greatly improved the
retrieval efciency [81]. In 2008, Angeli et al. extended the
BoW method in image classifcation to incremental con-
ditions. In addition, they used Bayesian fltering to estimate
the loop closure probability in order to solve the real-time
loop closure detection under the strong perceptual bias
environmental [82]. However, this method just has good
pose invariance, but not condition invariance. In the same
year, Cummins et al. proposed FAB-MAP [83]. However,
the image features of constructed BoW and GIST are
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manually trained features, and the success rate of loop
closure detection is not high under complex illumination. In
2012, Smith et al. proposed the discrete binary space based
on BoW and extended it by using the positive index [84], as
shown in Figure 16. Tis method frstly takes binary vo-
cabulary for loop closure detection. It not only fnds loop
closures quickly but also can detect them in a dynamic
environment. Over the last decade, the BoW algorithm has
been open source and updates to the fourth generation
version, FBoW, which is highly optimized to speed up
dictionary creation using AVX, SSE, and MMX instructions.

Moreover, among the traditional feature extraction
operators such as SIFT, SURF, and ORB, the BoW method
has achieved good results on the problem of loop closure
detection. However, there are at least two problems in loop
closure detection based on BoW: (a) perception confusion:
this method stores the description features out of order and
does not take into account the distribution of local features
in the scene image. As a result, highly similar scenes can be a
mistake for the same scenes, even in diferent geographical
locations, resulting in failed loop closure detection, and (b)
manual intervention: manual ofine dictionary has limita-
tions, which not only does not make full use of the deep
information of the image but also leads to tracking failure in
a large range, long time, and complex environment.

4.4.2. Based on Deep Learning. Te loop closure detection
based on deep learning mainly uses the neural network to
extract the features of the image and makes full use of the
deep feature information of the image to obtain higher
accuracy. Te current main frame is shown in Figure 17.

In 2015, Gomez-Ojeda et al. frstly retrained the neural
network based on the place recognition database [85]. Tis
method improved the image retrieval accuracy and optimized
the loop closure detection’s efect in the appearance change
scenes. In the same year, Lowry et al. used the Image Net
database to pretrain a Cafe-based AlexNet [86]. Tis method
signifcantly improved the robustness against partial occlusion
in the scene. Chen et al. frstly used a convolutional neural
network (CNN) to learn image features [87]. Tis method
improved in matching accuracy and robustness. Gao and
Zhang frstly used the auto-encoder to extract the features of
the image and detected the similarity between the images
through the form of a similarity matrix [88]. Tis method has
achieved good results on the public data set. In 2017, Xia
proposed a loop closure detection algorithm based on PCANet
[26]. Te algorithm used the output of the intermediate CNN
layer as the image descriptor and achieved better results in
practical performance. In 2019, Khaliq et al. proposed a
lightweight method by using the VGG16 network to extract
image features which efectively improved the efciency [89].
In 2021, Zhong and Fang adopted BigBiGAN, which improved
recall by 20% and reduced time loss by 14% compared to
ORBSLAM2 [90]. In 2022, Gao et al. proposed AirLoop, a
method that used unsupervised learning tominimize forgetting
when increasing training loop closure detection models and
showed that its robustness was greatly improved over ORB-
SLAM2 on a data set [91].
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4.5. Summary Analysis of Existing Methods. Te feature-
points method calculates the camera pose and map point
position by minimizing the reprojection error. Te ofset
error comes from the camera internal parameters, shutter,
and so on. While the direct rule minimizes the photometric
error, the ofset error comes from the fuzzy noise. Terefore,
the direct method can work in a gradient environment as
long as the key points have gradients. In addition, according
to the research of BMW and Technical University of
Munich, the sparse direct method can achieve very fast
results, so this method is very suitable for the occasion of
limited resources. However, the direct method also has some
problems such as insufcient support for the gray invariance
hypothesis and nonconvexity. Terefore, the general direct
method is applied to the scene with large changes in light
and shade, and small motion amplitude.

As people have more and more strict requirements on
real time and robustness, the feature-points method is
considered as the mainstream method of visual odometer
due to its stability, insensitivity to dynamic objects, and
illumination. However, on the one hand, the traditional
feature-points method has difculty in matching feature
points in weak texture areas, such as sky and white wall. On
the other hand, the traditional feature-points method only
uses the information of feature points, so the utilization rate
of the image is not high.

Compared with the traditional loop closure detection
algorithm, the method based on deep learning uses a deep

neural network to extract image features, expresses image
information more fully, and has stronger robustness to
environmental changes such as illumination and season.
However, how to choose the appropriate hidden layer to
represent image features, how to design the neural network
architecture to get away from manual intervention, and how
to use task-oriented large data sets to optimize the network
parameters for transfer learning are still important issues for
future research. In addition, for both traditional and deep-
learning-based methods, the amount of data will become
larger and larger with the increase of the scene size, so
eliminating redundant data and erroneous data is obviously
a top priority. Terefore, future loop closure detection
should focus on the compressed sensing system, dividing the
region, speeding up the spatial search, and eliminating
noncritical information.

5. Development Trends and Active
Research Areas

Table 3 shows some of the top institutions for academic
research on V-SLAM.

Te real time, robustness, and accuracy of positioning
and mapping have always been the pursuit of researchers. At
present, the product is still in the stage of further research,
development, and application scenario expansion. Around
these three problems, there are many new research direc-
tions, such as multifeature V-SLAM,multirobot cooperation
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V-SLAM, multisensor fusion V-SLAM, semantic V-SLAM,
and event-based V-SLAM.

5.1. Te Multifeature V-SLAM. Earlier in this paper, we
mentioned that point features as the most popular and
commonly used features are very fast in storage and
matching. However, point features are easily lost in the
absence of textures. Tus, more advanced geometric features
(such as lines, edges, and faces) can be utilized and inte-
grated into V-SLAM, as shown in Figure 18.

Line feature is composed of multiple points with natural
illumination and invariance of the angle of view, which
overcomes the shortcoming of the point feature. However,
line features are no longer robust in terms of degradation.
Te degradation of localization is mainly due to the re-
duction of constraints.Te extra constraints will increase the
computational burden. Among the many studies with
multifeature V-SLAM, He et al. integrated line features into
the V-SLAM system by a tightly coupled approach, but it did
not consider the parallel constraints between structural lines
[92]. In paper [93], a structural constraint is defned, and the
mapping accuracy is improved by creating parallel lines, but
they do not distinguish between structural and unstructural
lines. Xu et al. used diferent line constraints to improve the
accuracy and robustness of pose estimation and mapping in
complex environments [94]. In addition, Han et al. used the
visual vocabulary bag of words model to extract point and
line features to construct a visual vocabulary and used in-
formation entropy to combine point-based similarity score
and line-based similarity score to further improve the ac-
curacy of similarity assessment of the two images [95].
However, these methods still do not systematically consider
structural information such as parallelism, orthogonality,
and coplanarity of lines, so they have poor stability in
complex environments. Moreover, the pose estimation al-
gorithm based on line feature is not as reliable as the pose
estimation algorithm based on feature point in a complex
environment.

Edge features provide more information about the en-
vironment, including points, lines, and arbitrary curves. At
present, the mainstream methods can be divided into two

types: one is as an auxiliary feature for minimizing pho-
tometric error [96–98]. Even though this method enhances
the robustness to scenes with texture loss, it has poor sta-
bility in complex environments (such as illumination). Te
other as the main feature, several methods have been pro-
posed in [99–101], but these methods all have the defects of
edge feature extraction failure and edge feature redundancy.

Furthermore, most of the planar features-based methods
adopt theManhattan world [102] assumption that all normal
vectors are only distributed on three mutually perpendicular
spindles. In an outdoor complex environment, the efect of
planar feature enhancement is not obvious [103, 104].

Although more advanced geometric features have rich
pixel information, they still need to be theoretically
extracted, described, and matched. Facing the complex
environment, the current algorithm is not very mature, so
how to fnd the appropriate data structure, efcient pre-
processing method, stable and fast matching algorithm, and
other problems have become the most important.

5.2. Te Multirobot Cooperation V-SLAM. Multirobot col-
laborative V-SLAM refers to a team of several robots op-
erating in the environment at the same time to construct and
locate maps through collaboration. It not only improves the
real time, accuracy, and robustness of map construction but
also plays an important role in dealing with a complex

Table 3: Top research institutes.

Laboratory Te research direction Laboratory link

University of Stanford Autonomous driving based on semisupervised
learning

https://driving.stanford.edu/papers.
html

University of Columbia Matching algorithm coordinate transformation
semantic robot https://vision.cs.ubc.ca/publications/

University of Minnesota Multisensor fusion and multirobot collaboration https://mars.cs.umn.edu/

University of Washington Cooperative robots state estimation machine learning https://rse-lab.cs.washington.edu/
projects/

Technical University of Munich Computer vision and image processing https://vision.in.tum.de/research

Massachusetts Institute of Technology Object-based for the marine robotics https://marinerobotics.mit.edu/
research

Swiss Federal Institute of Technology
Zurich

Robots and intelligent systems in complex
environments https://www.asl.ethz.ch/

University of Science and Technology Hong
Kong Aeronautical robots in complex situations https://uav.ust.hk/publications/
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Figure 18: Te multifeature V-SLAM.
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environment. In it, communication and map fusion are the
key problems to be solved.

Communication can be divided into centralized,
decentralized, and distributed modes, as shown in Figure 19.
Among them, the centralized type is processed by the same
control center, so the coordination is good, but the real time,
adaptability, and fexibility are poor. Tis paper [105] uses
the common Wi-Fi network, but the communication jam
and communication delay between master and slave can
greatly afect the practical efect. Te decentralized mode is
jointly completed by each decentralized controller, but each
decentralized controller belongs to the parallel relationship,
so it is difcult to determine its structural problems and
carry out efective adjustment. Distributed is in between, and
even if a local error in the whole network, it will not afect the
whole communication process, so it has high real time,
dynamic, and robust. However, its architectural design,
deployment, and management become difcult and com-
plex. Te map fusion problem of multirobot cooperative
V-SLAM is the extension of data association in single robot
map creation: it is necessary to know the relative pose of one
robot in the local map of another robot and maintain real-
time communication. Lajoie et al. [106] performed dis-
tributed posture map optimization to retrieve trajectory
estimates of robots. Bhutta et al. [107] adopt the multiagent
method and is used for large-scale mapping. Zhu et al. [108]
use covariance intersection (CI) that allows each robot to
estimate only its own state and self-covariance and com-
pensates for unknown correlations between robots.

It should be mentioned that most of the long-term drift
caused by an accumulated error in multirobot collaborative
V-SLAM is compensated by additional sensors, which in-
creases the amount of information to be processed, such as
[109]. In addition, under the infuence of noise points and
limited bandwidth, the real-time performance of robot data
sharing has great problems. In addition, there are signifcant
problems with the real-time performance of robot data
sharing in the presence of noise points and limited
bandwidth.

5.3.TeMultisensor Fusion V-SLAM. A single sensor is easy
to lose feature objects in complex scenes such as high light
intensity, intense motion, and little texture, which leads to
the failure of map construction. Multisensor fusion can solve
this problem well, as shown in Figure 20.

However, after multisensor fusion, there are the fol-
lowing problems: frstly, how to synchronize sensor data and
how to calibrate external parameter relations. Secondly, the
large amount of information brought by multiple sensors
has a certain redundancy. Most of the current research uses
inertia measurement unit (IMU) and camera sensor fusion
[110]. IMU can ensure better pose estimation under fast
camera motion, and the camera compensates for IMU drift.
However, IMU data frequency is very high, so the amount of
data calculation is also very large. Recently, the authors of
[111] added the optimization of laser plane parameters on
the basis of LIC-fusion [112] to improve the accuracy of
positioning and drawing, but it is only used in a small indoor

area. At present, V-SLAM for multisensor fusion is still in
the initial stage, and relatively, unifed data fusion theory and
efective fusion model have not been established. Moreover,
there is no good solution to the problem of fault tolerance
and robustness in data fusion system.

5.4. Te Semantic V-SLAM. Semantic V-SLAM is a fusion
SLAM based on neural network semantic segmentation,
target detection, instance segmentation, and other tech-
nologies to extract object information tags and traditional
V-SLAM, as shown in Figure 21.

Generally speaking, there are two approaches to se-
mantic V-SLAM: one is to combine semantic information
with localization. With the help of V-SLAM technology, the
position constraints between objects can be calculated, and
the consistency constraints can be applied to the recognition
results of the same object at diferent angles and at diferent
times. A large number of new data can be generated to
provide more optimization conditions, so improving the
precision of semantic understanding and saving the cost of
manual calibration. Another approach is to combine se-
mantic information with diagram building. Data association
is upgraded from the traditional pixel level to the labeled
object level with semantic information, which provides high-
level maps and improves location accuracy.

Te development of semantic SLAM is relatively late,
and Alexey Dosovitskiy et al. [114] introduced an CNN. In
2015, Vineet et al. [115] from Stanford frstly realized a
system capable of simultaneous graph construction and
semantic segmentation, demonstrating the possibility of
pushing semantic SLAM into practice. In fact, semantic or
object-level SLAM papers have been published in recent
years, but almost all of them are limited by the computa-
tional complexity and localization accuracy of V-SLAM
itself. Moreover, most of these works are carried out in
controllable scenarios and need to build data knowledge
base to store prior knowledge. Te authors of [116] used
mask-CNN for semantic segmentation and adopted mul-
tiview geometry. Although this approach supplied the rec-
ognition of moving objects, as long as there is a dynamic
point on the object, the whole object will be considered
dynamic. In the paper [117], mask-CNN was also used for
the semantic segmentation of images. Based on DS-SLAM,

Centralized
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Figure 19: Schematic diagram of three communication modes.
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comprehensive utilization of luminosity, reprojection, and
depth error were added to allocate robust weights for each
key point. As a result, a semantic label was assigned to each
pixel, but it still cannot achieve real-time performance in the
case of GPU acceleration. In the paper [118], fast plane
extraction was added to semantic detection, and then, the
graph relationship between the outbound pose and the plane
was constructed. However, the parameter estimation ac-
curacy was still poor.

It can be seen that semantic V-SLAM is still in the
preliminary stage of research, and most semantic segmen-
tation is performed on dense maps at present. On the sparse
map, wrong data association will bring serious errors, and
there is no good solution at present.

5.5. Te Event-Based V-SLAM. For traditional cameras, the
event camera outputs “events” by detecting changes in light
intensity, so the output signal fow not only has the ad-
vantages of low latency (millisecond level), high pixel
bandwidth (kHz level), high dynamic range (140 dB), and
ultralow power consumption (20mW vs. 1.5W of standard
cameras), as shown in Figure 22.

At present, although many algorithms for location and
mapping based on event cameras have been proposed, they
still have problems. In [119], an investigation has been
conducted on event-based cameras in the past decade. For
example, the algorithm in the literature [120] requires es-
timating the image intensity and adjusts the depth, so the
calculation cost is very high. Te algorithm in the literature
[121] relied on traditional cameras for depth estimation, so
wasting the low delay and high dynamic range character-
istics of event cameras. Te algorithm in [122] was not good
enough to estimate the pose estimation of event cameras by
generating high-resolution dense environment maps, so it
took a long time to converge.

Te most event-based V-SLAM currently requires more
high-quality data sets and collaboration with other sensors.
Furthermore, the event sensor also has the disadvantages of
low spatial resolution, low signal-to-noise ratio, and high
price. From a general research point of view, we need
completely new hardware to adapt to the operation char-
acteristics of the event camera. Besides, other problems of
V-SLAM are based on event camera, such as recognition,
behavior understanding, and cumulative error that also need
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to be solved. In the future, using deep learning method to
deal with event data is a primary research direction.

5.6. Summary Analysis of Research Directions. V-SLAM still
has many problems to be solved. For example, it is easier to
lose information when driving in the outdoor environment,
especially in pure color and dull environment. Moreover,
structural light cannot be well calibrated, resulting in poor
vision, which lacks the universality of the stereo camera.
Secondly, if the front-end data are too sparse, the drift
generated by the control object cannot be reversed, dense
data will be generated at the front end, and the back-end
optimization is heavy, resulting in the mismatch between
drawing construction and control speed. Moreover, the cost
of overloading data processing, which requires sophisticated
cameras and high-performance processors, is difcult to
popularize. Finally, the global consistency of map drawing
cannot be guaranteed by multiple robots at the lowest cost.

We believe that the future is the era of multitechnology
convergence. For example, the authors of [123] combine
geometric features and machine-learning methods.Te two-
layer convolutional long short-term memory (LSTM)
module is used to model the pose estimation, and a tradi-
tional geometric method is used to simulate key modules in
self-supervision.Ten, a staged training strategy is proposed,
which guarantees certain accuracy even without closed-loop
detection. YUN Chang et al. proposed a novel incremental
maximum clique outlier rejection protocol through se-
mantic information which is powerful and efcient [124].
Te introduction of artifcial intelligence technologies (such

as deep learning, machine learning, and computer vision
technology) to V-SLAM is the future trend.

6. Conclusion

From the SLAM origin and its wide applications, this paper
discusses that V-SLAM is still in laboratory research stage
which is mainly applied indoor, and its reliable commercial
product has not appeared. However, it is worth noting that
V-SLAM is of low cost and high semantics. In addition to the
above problems mentioned about V-SLAM and its camera
feature, V-SLAM will fail to track in complex environments
such as illumination, occlusion, dynamic objects, and weak
textures. Moreover, when the camera moves too fast, the
resulting motion blur also causes V-SLAM to fail to work.
More importantly, we should consider not only the accuracy,
robustness, and efciency of the algorithm but also the
hardware cost in practice. In future V-SLAM research, what
kind of sensor is used to get what kind of data, what kind of
decision is made to process these data, and how to achieve
high performance in lightweight and low cost will be the
primary research directions. According to [24], the current
algorithms are in the era of improvement, and we believe
that there will appear more and better frameworks in the
future, which needs the unremitting eforts of researchers.
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Figure 22: Te event-based V-SLAM.
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J. D Tardos, “Orb-slam3: an accurate open-source library for
visual, visual–inertial, and multimap slam,” IEEE Transac-
tions on Robotics, vol. 37, no. 6, pp. 1874–1890, 2021.

[50] Z. Yu, L. Zhu, and G. Lu, “Vins-motion: tightly-coupled
fusion of vins and motion constraint,” in Proceedings of the
2021 IEEE International Conference on Robotics and Auto-
mation (ICRA), pp. 7672–7678, IEEE, Piscataway, NJ, USA,
June 2021.

[51] Z. Min and E. Dunn, “Voldor-slam: for the times when
feature-based or direct methods are not good enough,” 2021,
https://arxiv.org/abs/2104.06800.

[52] Yi Zhou, G. Gallego, and S. Shen, “Event-based stereo visual
odometry,” IEEE Transactions on Robotics, vol. 37, no. 5,
pp. 1433–1450, 2021.

[53] T. Schops, T. Sattler, and M. Pollefeys, “Bad slam: bundle
adjusted direct rgb-d slam,” in Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pp. 134–144, Long Beach, CA, USA, June 2019.

[54] K. Christensen and M. Hebert, “Edge-direct visual odom-
etry,” 2019, https://arxiv.org/abs/1906.04838.

[55] F. Tang, H. Li, and Y. Wu, “Fmd stereo slam: fusing mvg and
direct formulation towards accurate and fast stereo slam,” in
Proceedings of the 2019 International Conference on Robotics
and Automation (ICRA), pp. 133–139, IEEE, Montreal,
Canada, June 2019.

[56] T. Zhang, H. Zhang, Li Yang, Y. Nakamura, and L. Zhang,
“Flowfusion: dynamic dense rgb-d slam based on optical
fow,” in Proceedings of the 2020 IEEE International Con-
ference on Robotics and Automation (ICRA), pp. 7322–7328,
IEEE, Paris, France, May 2020.

[57] S. R. Khattak, A Variational Approach to Mapping: An Ex-
ploration of Map Representation for SLAM, University of
Ontario Institute of Technology (Canada), Oshawa, Canada,
2012.

[58] R. A. Newcombe, S. Izadi, O. Hilliges et al., “Kinectfusion:
real-time dense surface mapping and tracking,” in Pro-
ceedings of the 2011 10th IEEE International Symposium on
Mixed and Augmented Reality, pp. 127–136, IEEE, Basel,
Switzerland, October 2011.

[59] R. A. Newcombe, S. J. Lovegrove, and A. J. Davison, “Dtam:
dense tracking and mapping in real-time,” in Proceedings of
the 2011 International Conference on Computer Vision,
pp. 2320–2327, IEEE, Barcelona, Spain, November 2011.

[60] R. Mur-Artal and J. D. Tardos, “Orb-slam2: an open-source
slam system for monocular, stereo, and rgb-d cameras,” IEEE
Transactions on Robotics, vol. 33, no. 5, pp. 1255–1262, 2017.

18 Journal of Robotics

https://arxiv.org/abs/2210.10491
https://arxiv.org/abs/2009.05427
https://arxiv.org/pdf/2108.01654.pdf
https://arxiv.org/abs/2104.06800
https://arxiv.org/abs/1906.04838


[61] J. Engel, V. Koltun, and D. Cremers, “Direct sparse
odometry,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 40, no. 3, pp. 611–625, 2018.

[62] L. Koestler, N. Yang, N. Zeller, and D. Cremers, “Tandem:
tracking and dense mapping in real-time using deep multi-
view stereo,” in Proceedings of the Conference on Robot
Learning, pp. 34–45, PMLR, Auckland, New Zealand, De-
cember 2022.

[63] T. Lindeberg, “Scale invariant feature transform,” 2012,
https://www.sciencedirect.com/topics/computer-science/
scale-invariant-feature-transform#:%7E:text=Scale%
2DInvariant%20Feature%20Transform%20(SIFT)%E2%
80%94SIFT%20is%20an,Keypoints%20Detection%2C%
20and%20Feature%20Description.

[64] N. Dalal and B. Triggs, “Histograms of oriented gradients for
human detection,”vol. 1, pp. 886–893, in Proceedings of the
2005 IEEE computer society conference on computer vision
and pattern recognition (CVPR’05), vol. 1, pp. 886–893, IEEE,
San Diego, CA, USA, June 2005.

[65] B. Herbert, T. Tuytelaars, and L. Van Gool, “Surf: speeded up
robust features,” in Proceedings of the European Conference
on Computer Vision, pp. 404–417, Springer, Berlin, Ger-
many, July 2006.

[66] E. Rublee, R. Vincent, K. Kurt, and B. Gary, “Orb: an efcient
alternative to sift or surf,” in Proceedings of the 2011 In-
ternational Conference on Computer Vision, pp. 2564–2571,
IEEE, Barcelona, Spain, November 2011.

[67] M. Calonder, V. Lepetit, C. Strecha, and F. Pascal, “Brief:
binary robust independent elementary features,” in Pro-
ceedings of the European Conference on Computer Vision,
pp. 778–792, Springer, Berlin, Germany, June 2010.

[68] G. V. Deepak, “Features from accelerated segment test
(fast),” in Proceedings of the 10th Workshop on Image
Analysis for Multimedia Interactive Services, London, UK,
July 2009.

[69] A. Setiawan, R. A. Yunmar, and H. Tantriawan, “Compar-
ison of speeded-up robust feature (surf ) and oriented fast
and rotated brief (orb) methods in identifying museum
objects using low light intensity images,” in Proceedings of the
IOP Conference Series: Earth and Environmental Science,
November, 2020, Article ID 012025.

[70] R. Mur-Artal and J. D. Tardos, “Visual-inertial monocular
slamwithmap reuse,” IEEE Robotics and Automation Letters,
vol. 2, no. 2, pp. 796–803, 2017.

[71] X. S. Gao, X. R. Hou, J. Tang, and H. F. Cheng, “Complete
solution classifcation for the perspective-three-point
problem,” IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, vol. 25, no. 8, pp. 930–943, 2003.

[72] P. J. Besl and N. D. McKay, “Method for registration of 3-d
shapes,” Sensor fusion IV: Control Paradigms and Data
Structures, vol. 1611, pp. 586–606, 1992.

[73] M. A. Fischler and R. C. Bolles, “Random sample consensus:
a paradigm for model ftting with applications to image
analysis and automated cartography,” Communications of
the ACM, vol. 24, no. 6, pp. 381–395, 1981.

[74] L. Kneip, H. Li, and Y. Seo, “Upnp: an optimal o (n) solution
to the absolute pose problem with universal applicability,” in
Proceedings of the European Conference on Computer Vision,
pp. 127–142, Springer, Zurich, Switzerland, June 2014.

[75] V. Lepetit, F. Moreno-Noguer, and P. Fua, “Epnp: an ac-
curate o (n) solution to the pnp problem,” International
Journal of Computer Vision, vol. 81, no. 2, pp. 155–166, 2009.

[76] Y. Abdel-Aziz, H. Karara, and M. Hauck, “Direct linear
transformation from comparator coordinates into object

space coordinates in close-range photogrammetry,” Photo-
grammetric Engineering & Remote Sensing, vol. 81, no. 2,
pp. 103–107, 2015.

[77] S. S. Chow, Singular Value Decomposition and its Applica-
tions, University of Canterbury Department of Mathematics,
Christchurch, New Zealand, 1980.

[78] C. Forster, Z. Zhang, M. Gassner, M. Werlberger, and
D. Scaramuzza, “Svo: semidirect visual odometry for mon-
ocular and multicamera systems,” IEEE Transactions on
Robotics, vol. 33, no. 2, pp. 249–265, 2017.
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