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ABSTRACT Vision-based localization systems, namely visual odometry (VO) and visual inertial odometry
(VIO), have attracted great attention recently. They are regarded as critical modules for building fully
autonomous systems. The simplicity of visual and inertial state estimators, along with their applicability
in resource-constrained platforms motivated robotic community to research and develop novel approaches
that maximize their robustness and reliability. In this paper, we surveyed state-of-the-art VO and VIO
approaches. In addition, studies related to localization in visually degraded environments are also reviewed.
The reviewed VO techniques and related studies have been analyzed in terms of key design aspects including
appearance, feature, and learning based approaches. On the other hand, research studies related to VIO
have been categorized based on the degree and type of fusion process into loosely-coupled, semi-tightly
coupled, or tightly-coupled approaches and filtering or optimization-based paradigms. This paper provides
an overview of the main components of visual localization, key design aspects highlighting the pros and
cons of each approach, and compares the latest research works in this field. Finally, a detailed discussion of
the challenges associated with the reviewed approaches and future research considerations are formulated.

INDEX TERMS Ego-motion Estimation, GNSS-denied, Self-localization, VIO, Visual Inertial Odometry,
Visual Odometry, VO.

I. INTRODUCTION

U
NMANNED aerial/ground vehicles (UAV/UGVs) have
many advantages such as mobility which incorporates

flexibility and strength. Thus, they have been employed in
a wide range of applications such as for navigation [1],
infrastructure inspection [2], [3], agriculture [4], [5], search
and rescue [6], [7], and many other purposes. In addition,
human-centered robots have become an important research
field due to their ability to assist and support humans, i.e.,
in hospitals, restaurants, and service areas [8]. For safe and
efficient autonomous navigation or path planning, a robot
should accurately localize itself within the robot environ-
ment. Therefore, various studies have investigated the local-
ization problem and many techniques have been proposed
[9], [10].

There is an impressive progress in developing and in-
vestigating approaches on vision-based navigation systems

in the robotics community [11]. This would allow au-
tonomous vehicles to operate in global navigation satellite
system GNSS–denied environments and feed the end user
with useful information, i.e., real-time 3D reconstruction
(map). Visual odometry (VO) is one type of vision-based
navigation which estimates the robot’s motion (rotation and
translation)and to localize itself within the environment. The
onboard vision system works by tracking visual landmarks
to estimate motion parameters, rotation and translation, be-
tween two time instants.

The process of VO is defined as estimating the robot’s
ego-motion using the information obtained from single or
multi-sensors onboard [12]. The gained information from
the sensor(s) should represent a sufficient amount of mean-
ingful data (i.e., shape, color, texture, ..etc) to aid the VO
process of estimating the sensor’s movement relative to the
initial state in its surrounding environment [13]. Furthermore,
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Simultaneous Localization and Mapping (SLAM) means a
process of robot’s localization and simultaneously estimating
a robot trajectory and building a map of the environment, thus
VO is a subset of SLAM [9]. SLAM process is achieved,
similar to VO, by utilizing the information gained from an
onboard single or multi-sensors. The performance of VO is
affected significantly by the environmental conditions such as
illumination conditions and the image quality obtained by the
sensor. Furthermore, inertial-based odometry is not affected
by the surrounding conditions, however, the performance
deteriorates with time. By Fusing the data obtained from vi-
sual sensors and the inertial measurements, resulting visual-
inertial odometry (VIO) system, overcoming the limitations
of both individual state estimators. Therefore, the use of IMU
as a complementary sensor to visual-based localization en-
ables obtaining a more robust and accurate pose estimation.

GNSS–denied and low-visibility environments are the
main challenges in autonomous systems research since they
affect the sensor input information and critically degrade the
robot’s action. An example of low visibility environment is
low-light condition which could be solved by using onboard
illumination [14], [15] or single to multi-sensor modalities
such as LiDAR (light detection and ranging) and thermal
imager [16]. Other low-visibility conditions are still very
challenging, including those of smoke or fog-filled condi-
tions. Normal standard cameras, Radars, or LiDARs are used
in such harsh conditions for VO or SLAM, but they deliver
ill–conditioned data, so consequently are not able to estimate
a reliable robot pose, and therefore fail to construct the map
of the environment.

This paper presents a survey on vision-based navigation
paradigms, namely visual odometry and visual inertial odom-
etry. Our review discusses each approach of the mentioned
paradigms in detail in terms of the key design aspects in the
main components, and the advantages and disadvantages of
each category, where applicable. Localization techniques in
low visibility conditions are also presented. Towards the end,
the challenges associated with state-of-the-art techniques for
self-localization are formulated.

The rest of the paper is structured as follows. Section II
provides a brief review of self-localization schemes for navi-
gation in GNSS-denied environments. Section III discusses
the evolution of VO schemes under two broad paradigms,
i.e., geometric and nongeometric approaches, and evaluates
different state-of-the-art implementation choices. Section IV
presents a review of recent works pertaining VIO from the
literature, their design choices, and system performance. Sec-
tion V provides the state-of-the-art studies related to localiza-
tion techniques in visually degraded environments. Section
VI presents an overview, discussion of the main aspects, and
future research perspectives of visual localization. In Section
VII, the outcomes of our review are highlighted and future
research considerations in the area are identified.

II. GENERAL OVERVIEW OF LOCALIZATION

TECHNIQUES

A main common challenge in autonomous navigation, path
planning, object tracking, and obstacle avoidance platforms
is to be able to continuously estimates the robot’s ego-motion
over time (position and orientation). Global Positioning Sys-
tem (GPS) is a conventional localization technique that has
been used in various fields of autonomous systems. GPS is
one type of Global Navigation Satellite System (GNSS). GPS
provides any user, who has a GPS receiver, with positioning
information with meter level accuracy [17], and has been
employed as a self-localization source such as for drone
security applications [18]. On the other hand, GPS suffers
from a few limitations that makes it a less reliable alternative
sensor for self-localization modules, with a few of these
limitations being satellite signal blockage, high noisy data,
multipath effects, low bandwidth, jamming, and inaccuracy
[10], [19]. Although the rapid development of GPS tech-
nologies, i.e., RTK (real-time kinematic) and PPP (precise
point positioning), are capable of providing positions with
a decimeter or centimeter’s level accuracy [20]. The strength
of GPS satellite signals depends largely on the environmental
conditions, it is effective in clear sky areas and not suitable
for indoor navigation where it gets affected by the wall and
objects. They are not a good candidate for precise localiza-
tion which is the main autonomous navigation module.

In the last decade, many studies have investigated odome-
try techniques for SLAM applications [21]. In such systems,
the robot’s position and orientation are calculated based on
the onboard sensor(s) information. As an opposite to GNSS,
the self-contained odometry methods do not rely on external
sources (i.e., radio signals from satellite in the case of GPS).
Instead, they rely on the use of local sensory information
for determining the robot’s relative position and orientation
with respect to its starting point. The main components of
any SLAM technique are the map/trajectory initialization,
data association, and loop closure [22]. Odometry algorithm
is employed in SLAM system to localize the moving robot
within the environment. Then, it is fed into the optimization
algorithm for the developed global map to reduce the pre-
diction’s drift accumulated from previously estimated poses.
Therefore, SLAM techniques are able to reduce the accu-
mulated pose error when the robot returns to a previously
observed scene using the history of robot poses in the global
map. In addition, odometry algorithms implement local map
optimization methods, such as windowed bundle adjustment,
to optimize the local map only over the last poses, leading to
local map consistency [22], [23]. SLAM aims at maintaining
a global map consistency and odometry method is used
partially during the SLAM first process which is followed
by other steps [24], i.e., local or global map optimization.

Odometry techniques are highly dependent on sensor in-
formation which rely on vision, observation, or inertial mea-
surements. Fusion of multiple types of sensing data helps in-
crease the system reliability, robustness, resilience to failures,
however, at the cost of the computational complexity effort.

2 VOLUME 4, 20XX



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI

10.1109/ACCESS.2021.3082778, IEEE Access

Yusra Alkendi et al.: State of the Art in Vision-based Localization Techniques for Autonomous Navigation Systems

Hence, the overall platform cost would be increased.

The proposed approaches to odometry techniques were
surveyed by several researchers in the field and the existing
solutions and open research problems were addressed [9],
[10], [12], [19], [25], [26]. Figure 1 provides the general
self-localization/Odometry techniques proposed in the lit-
erature [10]. Mohamed et al. [10] have recently reviewed
the odometry methods for navigation and have categorized
them based on two main approaches, i.e., GNSS-available
and GNSS-denied approaches. They also have classified the
GNSS-denied navigation techniques into single and hybrid-
based frameworks. The five main categories of single-based
approaches are wheel odometry, inertial odometry, radar
odometry, visual odometry (VO), and laser-based odome-
try. Similarly, hybrid approaches can be categorized into
visual-laser odometry, visual-radar odometry, visual-inertial
odometry (VIO), and radar-inertial odometry techniques. A
broader summary of each category was presented along with
their advantages and weaknesses. A comparison between the
different odometry techniques was also conducted in terms of
performance, response time, energy efficiency, accuracy, and
robustness. For more detailed information about odometry
techniques, interested readers can refer to [10].

For VO, basic concepts and algorithms were described
and state-of-the-art proposed techniques were compared by
Scaramuzza et al., 2011 [12] and by Aqel et al., 2016 [19].
Poddar et al. [9] have recently reviewed the evolution of VO
schemes over the previous few decades and discussed them
under two main categories, geometric and non-geometric ap-
proaches. A general theoretical background of camera model,
feature detection and matching, outlier ejection, and pose
estimation frameworks was provided. Furthermore, a list of
publicly available datasets for VO was provided. In 2015,
VIO techniques have been reviewed in terms of filtering
and optimization techniques [25]. Furthermore, for vision-
based odometry, [26] have briefly provided a survey based
on camera-based odometry for micro-aerial vehicle (MAV)
applications in 2016. Their review focused on state-of-the-
art studies and evaluation on monocular, RGB-D, and stereo-
based odometry approaches.

A considerable body of research addressing the visual
localization problem can be found in the literature. Based
on the aforementioned surveys, an updated review reflecting
the recent advances on VO and VIO is highly required for
robotics research community. In this survey:

1) We provide a comprehensive review of the most recent
works related to VO and VIO techniques, focusing on
achievements made in the past five years (2016-2021).

2) We propose our understanding of the most important
studies and successful works related to VO and VIO.

3) We conduct an overview of recent adopted approaches
for localization in low-visibility environments. To the
authors’ knowledge, there is no review has addressed
localization techniques in low-visibility environments
that reflects the recent advances in the field.

4) We present a detailed discussion of vision-based self-
localization systems, as shown in Fig. 13.

This article serves as a building block for researchers and
developers to understand the basic concept, to compare and
categorize existing applied paradigms, and to highlight open
research problems to improve the recent self-localization
techniques. In addition, it will provide key systematic points
for the user on how to select an appropriate localization
method for navigation based on the environmental conditions
and application needs.

III. VISUAL ODOMETRY

VO is defined as the pose estimation process of a robot,
human, or vehicle by evaluating a set of cues (variations)
in a sequence of images of the environment obtained from
a single to multiple cameras [9]. In short, VO means local-
izing the camera or sensor within the environment. VO is
utilized in many applications such as navigation and control
of robotics (i.e, aerial, underwater, and space robotics), auto-
mobile, wearable computing, industrial manufacturing, and
etc [23], [27].

The concept of VO is similar to the wheel odometry
incremental estimation of the vehicle’s pose and motion by
integrating the number of wheel turns over time. Equally, VO
incrementally estimates the pose by evaluating the variations
of motion induced on a set of images captured by on-board
camera(s). VO is considered as a case of structure from
motion (SfM) technique which is utilized to reconstruct a 3D
scene of the environment and camera poses from a consec-
utive sequence of frames [12]. A 3D view is reconstructed
by calculating the optical flow of key indicators, in which
they are extracted from two consecutive frames using image
feature detectors (i.e Moravec [28]) and corner detectors
(i.e Harris [29]). Then, refinement/optimization of the con-
structed 3D structure is done by using the bundle adjust-
ment method [30] or any other offline refinement technique.
There are several ways to perform SfM depending upon
many factors such as the number of on-boarded cameras,
the number and order of images, and the camera calibration
status. The last step in SfM is the refinement and global
optimization of the structure and camera pose, it requires a
high computation load, therefore it is performed offline. In
contrast, VO is conducted in real time (online) to estimate
the camera pose [31]. VO works effectively in conditions
where the environment offers a sufficient illumination level,
and a static scene with rich textures that are enough to aid
observing and extract the apparent motion, and when enough
scene is overlapped between consecutive frames.

A. MOTION ESTIMATION

The main pipeline of VO system is provided in Fig. 2. There
are three standard VO motion estimation methods, which are
segregated into 2D to 2D, 3D to 2D, and 3D to 3D motion
estimation techniques. The methods are used to compute the
transformation matrix between two consecutive images (the
current and previous image). They depend on the captured
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FIGURE 1. Self-localization/odometry Techniques.

features and their correspondences whether specified in 2D
or 3D [1]. Appending these single estimated motions at a
time would help in estimating the full robot trajectory. Lastly,
bundle adjustment process is performed to iteratively refine
the pose estimated over the last number of frames [12].
Figure 3 illustrates the VO scheme. At first, a relative pose,
Ti,i+1, between cameras are determined by matching the
location of the corresponding feature points of two consec-
utive 2D images. By using one of the mentioned VO motion
estimation methods, the 3D point pose would be computed.
Then the global camera poses, Ci, are computed using the
concatenated relative transformations which are relative to an
initial reference frame.

1) 3D to 3D algorithm

In this algorithm, the camera motion relative to an initial state
is computed in the following steps. At first, match a set of 3D
points extracted from a pair of successive images. Secondly,
triangulate the 3D matched features between frames. The
relative camera motion is estimated by the transformation of
two consecutive frames that is computed based on minimiz-
ing the Euclidean distance between two corresponding 3D
features [12].

2) 3D to 2D algorithm

Similar to the previous algorithm, the aim is to determine
the transformation matrix that relies on minimizing the 2D
reprojection error of its correspondence 3D feature points.

The cost function is depicted by Eq. 1.

T k
t = argminTk

t

Σi‖P
i
t − P i

t−1‖
2 (1)

where T k
t is the transformation matrix to minimize the pro-

jection error between two consecutive frames t-1 and t. Pt

is the 2D point image feature at the current frame whereas
Pt−1 is the 2D point reprojected from a 3D point feature
into a previous image frame. This approach is also called
the perspective-n-points (PnP) algorithm, as it estimates the
camera pose using a k group of i number of 3D points into
2D. The minimum set of points required is determined by the
number of constraints in the system. For instance, a minimal
solution is called perspective-3-point (P3P) [32] utilizing a
set of three 3D points into 2D to estimate the camera pose.

3) 2D to 2D algorithm

In this algorithm, there are three main steps that are used to
estimate the motion. Firstly, the essential matrix (E) relates
the geometric relation of two successive frames and it is
defined by matching the 2D feature correspondences using
the epipolar constraint, as shown in Fig 4. The essential
matrix (E) and translation matrix (t̂k) are defined as Eq. 2
and Eq. 3, respectively.

Ek ≃ t̂kRk (2)

where tk and Rk are the translation and rotation parts of
camera motion parameters [12].
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FIGURE 2. VO General Pipeline [12].

FIGURE 3. Illustration of VO Scheme.

t̂k =





0 −tz ty
tz 0 −tx
−ty tx 0



 (3)

The translation vector (tk) is defined as Eq. 4.

tk = [tx, ty, tz]
T (4)

To compute E, a simple approach, the 8-points method is
proposed by [33] which employs an 8 or less noncopla-
nar corresponding points of two successive images. Subse-
quently, a simple and widely used method is introduced by
[34], called the Nister five-point algorithm which uses a set
of five matched points to define the geometric relation of two
sequential images. Then, decompose E into the rotation and
translation information to form the transformation matrix,
wherein finally, camera motion would relatively be estimated.

To conclude, 3D to 2D based motion estimation is faster
in practice than the 2D to 2D algorithm [35]. In addition, it
estimates the camera pose with higher accuracy than the 3D
to 3D algorithm, since it relies on minimizing the reprojec-
tion error rather than 3D to 3D position error [12], [19], [21].
In what follows, a review of different implementation design
choices of VO studies is presented (Subsection III-B).

B. KEY DESIGN CHOICES

The visual odometry scheme can be described as a plat-
form made up of collecting sensor data and a processing

FIGURE 4. Illustration of Epipolar Geometry.

architecture to provide an instant camera pose. Techniques
to estimate camera pose can be classified into appearance or
feature-based VO. Figure 5 provides a general classification
of the VO systems, based on the visual module(s) used and
the key approach selected. The used vision module consists
of the type of visual sensor and the sensor placement and
orientation on the robot, can be either facing forward or
downward. The type of visual sensors could be monoc-
ular, stereo, RGB-D, omnidirectional, thermal, and event-
based cameras. The first key design, i.e., the appearance-
based VO method, estimates the motion by assessing the
intensity value of the image pixel of two successive frames
by, for example, the optical flow algorithm [36]. On the
other hand, the feature-based VO works by tracking the
detected points of interest through vectors that represent the
tracked point’s local region. This method purely depends on
the image texture, hence it is not relevant for low feature-
based conditions such as dark or sandy environments [37]. In
addition to that, VO can be performed by a combination of
the former methods utilizing hybrid information aiming at a
more robust and efficient estimation. VO techniques can be
also categorized into conventional and non-conventional ap-
proaches/techniques. The conventional approaches use cam-
era geometrical relations to assess the motion. On the other
hand, the non-conventional approaches are based on Machine
Learning tools (i.e., a regression model) trained by VO pa-
rameters to estimate the motion [38], [39]. The advantage of
employing the learning-based VO method over the others is
that the initialization of camera parameters is not required as
well as the process of correcting the scale of the estimated
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trajectories, as in the case of monocular VO, is not needed
[39]. The mentioned design choices of VO are elaborated in
detail in the following subsections.

1) Conventional – Appearance-based VO

The appearance-based VO estimates the camera pose by
analyzing the intensity of the captured image pixels based
on minimizing the photometric error. Unlike the feature-
based VO, this method uses all geometrical information of
the captured camera frames, reducing aliasing issues related
to similar pattern scenes and enhancing the pose estimate’s
accuracy and system robustness, especially when utilized
for low textured and low visibility environments [40]. Fig-
ure 6 illustrates the main pipeline of appearance-based VO
paradigms. The principle of appearance-based VO can be
classified into the region/template matching-based and the
optical flow-based methods.

For regional-based method, the motion is estimated by
concatenating camera poses by performing an alignment pro-
cess for two consecutive images. This technique has extended
its implementation by measuring the invariant similarities of
local areas and using global constraints. Vatani et al. [41] pro-
posed a simple localized approach, relying on a constrained
motion of a large vehicle. It used a modified correlation-
based VO method with respect to the variation in size and
location of the correlation mask based on the vehicle move-
ment and fed a prior suggested prediction area in the mask
for matching. Hence, its ability to reduce the computational
time makes it more reliable for practical implementation. An
extension of this work was proposed by Yu et al. [42] by
utilizing a rotating template instead of a static template to find
the translation and rotation between two consecutive images.

Furthermore, an adaptive template matching method was
proposed by [43] utilizing a smaller mask size and by varying
the template location with respect to vehicle acceleration.
Several studies have incorporated visual compass with the
template-matching based method for estimating the pixel
displacement between images [40], image rotation for a more
robust system with respect to accumulated camera calibration
errors over time [37], image rotation and translation employ-
ing different cameras [36].

Studies on robust regional-based matching methods uti-
lized for other purposes that could be implemented for VO
problems are discussed next. Comport et al. [44] proposed
a scheme of utilizing a pair of stereo images and matching
its dense correspondences to estimate the 6-DoF pose. The
process relies on the quadrifocal between the image pixel
intensities that makes the system more robust under vari-
ous conditions of occlusion, pixel-wise displacements, and
illumination variations. In addition, Comport et al. [45] have
expanded his work by adding a cost function to minimize the
intensity errors of the whole image. Moreover, Lovegrove et
al. [46] have assessed vehicle motion using image alignment
techniques and aided by the features on road surfaces.

Other studies have also been performed on regional-based
matching techniques by analyzing the motion parallax to

compose 3-D translation and transformation of two succes-
sive images. Motion is estimated in Large Scale Direct-
SLAM [47] by the image alignment method that relies on the
depth map. The proposed framework consists of stereo and
monocular cues and is able to compensate for brightness vari-
ations of image frames for a more accurate pose prediction.
Furthermore, Engel et al. [48] have examined a direct sparse
VO method based on optimizing photometric error, similar
to the sparse bundle adjustment scheme, achieving a robust
motion estimate by utilizing all image points, unlike featured-
based VO which utilizes key geometrical points only.

For Optical Flow-based method, raw visual pixel data are
imposed into the optical flow (OF) algorithm, wherein the
pixel intensity change of two consecutive frames from the
camera(s) is analyzed to estimate the motion [49]. As the
illumination of a pixel varies, the camera motion would be
defined by computing the 2D displacement vector of points
projected on two frames. Works of Brox et al. [50] and [51]
provide an example of a widely used OF methods that use
motion constraints equations. Techniques of optical flow-
based VO are also called direct methods since they utilize
the whole image information and it is used for 2D/3D motion
estimation paradigms. Kim et al. [52] proposed a method to
handle problems of motion cease and changes of illumination
conditions, by employing an integrated method of Black
and Anandans [53] and Gennert and Negahdaripours [54],
respectively, to estimate camera motion.

Campbell et al. [55] have employed the optical flow
method to assess the robot ego-motion parameters. Rotation
and translation are estimated by the far and nearby features
of the images, respectively. For navigation in an unexplored
environment, Hyslop and Humbert [56] have utilized an
optical flow approach imposing a wide range of raw visual
measurements to estimate a 6-DoF motion task. Grabe et
al. [57] have estimated the continuous motion of a UAV by
employing the optical flow method in a closed-loop operation
instead of incremental estimating the motion in frame-to-
frame way. Moreover, they have extended the work of [58]
to improve velocity estimation by combining features in the
optical flow technique. In addition, optical flow algorithms
have been implemented to aid UAV navigation for other
purposes such as object avoidance [59].

Some limitations of optical flow-based schemes are related
to the strength of the environment texture as well as to the
computational constraint. To overcome and minimize the
computational energy consumed, RGB-D camera is utilized
for VO problems and to estimate the motion by minimization
of the photometric error in the dense map, such as in Kerl
et al. [60]. Furthermore, the method proposed by Dryanovski
et al. [61] has aligned 3D points on the global map by an
iterative closest point (ICP) algorithm. In addition, a fast and
low computed VO method was developed by Li and Lee
[62] where the intensity values of selected key points were
analyzed by ICP.
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FIGURE 5. General Classification of VO Techniques Proposed in Literature.

FIGURE 6. Main Pipelines of Conventional – Appearance-based VO
Technique [9].

2) Conventional – Feature-based VO

Featured based VO techniques start by targeting areas hav-
ing key distinctive information such as lines, curves, edges,
or corners, between successive image frames. Then, the
matching and tracking of these features is performed by an
optimization method to reduce the geometric error. Lastly,
computing the transformation matrix is performed to esti-
mate the motion [63]–[65]. Figure 7 illustrates the main
pipeline of feature-based VO approach. Some of the feature
detectors utilized in the literature include Harris detector
[29], Shi–Tomasi corners [66], maximally stable extremal
regions (MSER) [67], Laplacian of Gaussian detector [68],
Difference of Gaussian [69], and features from accelerated
segment test (FAST), adaptive and generic accelerated seg-
ment test (AGAST), and optimal accelerated segment test
(OAST) [70]. In addition, some of the used feature de-
scriptors are binary robust independent elementary features
(BRIEF) [71], speeded up robust features (SURF) [72], scale-
invariant feature transform (SIFT) [73], oriented FAST and
rotated BRIEF (ORB) [74], and binary robust invariant scal-
able keypoints (BRISK) [75]. A comprehensive review on re-
cent advances in feature detection and description algorithms
is provided by [76].

FIGURE 7. Main Pipelines of Conventional – Feature-based VO
Technique [9].

Feature-based VO technique is robust when utilized in
environments with high geometric distortions and it is in-
dependent of the illumination variations [77]. Furthermore,
it may discard some of the valuable image data as it only
extracts the key detected features. The post process of detect-
ing features, which is to extract and match between frames,
requires a high computational energy cost that is proportional
to the number of features that have been extracted in the
process. On the other hand, the higher the number of fea-
tures extracted, the more accurate the pose estimation will
be. To increase the feasibility of utilizing feature-based VO
technique for resource-constrained platforms, i.e., UAV [78],
certain key features are only maintained to be extracted. Kitt
et al. [79] proposed a framework to optimize the results of VO
method by uniformly distributing the location of extracted
features within image frames as well as reducing the required
computational load in the process. The approach was based
on a bucketing technique to select an appropriate number
of key features in which the image frame would segregate
into grids and each such grid would have a certain number
of key features that are used in the matching process. The
authors [80] have then extended the method by adding a
classification block following the bucketing stage, wherein
the key features at each grid were sorted into moving or not
moving features considering the randomized decision tree
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model. Later, Cvisic and Petrovic [81] have also classified
features of each bucket, however, into four different groups
to enable the selection of good features for better pose
estimation results.

Maeztu et al. [82] have assessed the complete feature-
based VO framework utilizing the bucketing method for
tracking and matching using feature descriptors in corre-
sponding grids. This approach helped to improve the esti-
mated motion by adding an external block. The purpose of
the external block was to perform parallel computation (as
in a multi-core framework) and reduce the outliers. Several
studies have improved the results obtained from a feature-
based VO system, however, not in the feature detection
or tracking methods. For example, Badino et al. [83] have
improved the accuracy of the estimated motion by averaging
the key feature locations with respect to its all previous oc-
currences. Furthermore, Kreso and Segvic [84] have initially
calibrated and corrected camera parameters by comparing
and matching the corresponding points between frames em-
ploying ground truth motion. Cvisic and Petrovic [81] have
utilized a five-point algorithm to estimate the camera rotation
and translation that relied on minimizing the reprojection in-
consistency for a combined stereo and monocular VO setup.
Camera rotation was estimated by monocular case to over-
come the error of an imperfect calibration, whereas camera
translation was estimated by the stereo case to improve the
results accuracy.

The design of the neuromorphic vision sensor, event-
based camera, makes it an ideal alternative and indispensable
for platforms that require accurate motion estimation and
good tolerance in challenging illumination conditions. Event-
based visual odometry (EVO) approach has been proposed
by [85] to compute the camera pose estimation with high
precision and obtain a semi-dense 3D map environment.
Due to the event-based camera characteristics, the proposed
pose estimation method was very efficient and feasible to be
performed in real-time on a standard CPU.

3) Conventional – Hybrid-based VO

For low-textured scenarios, feature-based VO schemes are
not considered as a robust scheme since only a few features
are to be detected and tracked. On the other hand, the
appearance-based VO schemes exploit all image information
for detecting and matching process between frames, leading
to a more efficient outcome at the cost of a considerable com-
putational power. Thus, hybrid methods have been introduced
to combine advantages of the two above-mentioned schemes.
Scaramuzza and Siegwart [37] have utilized a hybrid VO
framework wherein the translation of a ground vehicle was
estimated by feature-based method and the rotation was
obtained by the appearance-based method. In such a scheme,
the vehicle pose would be estimated at a lower cost of the
computational load compared to the feature-based ones.

Furthermore, a semi-direct VO framework was proposed
by Forster et al. [86] in which the camera pose was esti-
mated by two main phases: the relative camera pose to the

prior frame (feature correspondences) was estimated by min-
imizing the photometric error (appearance-based scheme),
whereas camera pose estimation relative to the structure was
assessed by minimizing the reprojection error (feature-based
scheme). Such a hybrid approach improves the estimation ac-
curacy and eliminates the cost of feature extraction per frame.
Silva et al. [87] utilized a dense appearance-based VO to esti-
mate the vehicle-scaled rotation and translation incorporated
with featured-based method to recover the scaling factor
accurately. Moreover, Feng et al. [88] presented a localization
system dependant upon the environmental conditions and
consists of parallel direct (appearance-based) and indirect
(feature-based) modules. Camera poses would be estimated
by the direct method for low texture conditions and would
be shifted to the indirect-based method if enough features
were detected within the frame. Alismail et al. [89] proposed
a hybrid framework wherein binary feature correspondences
were aligned using the direct-based VO to increase system
robustness, especially in low light scenarios.

4) Non-conventional – Machine Learning-based VO

With the development of Machine-learning tools, recent VO
schemes have shifted towards learning- based approaches for
more accurate motion estimation as well as for achieving
faster processing speed of data. In addition, one of the ad-
vantages of utilizing VO based learning frameworks is that
the results could be obtained without the need of a prior
knowledge of camera parameters. Once a suitable training
dataset is available, the developed regression or classification
model would aid and improve ego-motion estimation. For
example, it could be utilized for scale correction by estimat-
ing the translation and it is robust to deal with noises and
outliers by which it is trained. Figure 8 provides a learning
methodology of learning-based VO paradigm. The network
is trained using sequence of successive frames as the input
information to predict depth information, motion parameters,
or pose estimation as the ground truth output data.

As an example of the earliest work on learning-based VO,
Roberts et al. [90] divided each image into blocks. Then, they
developed a k-Nearest Neighbor (KNN) regression model
that was trained to compute the optimal flow for each block.
Motion was then estimated by a voting system between
distinct blocks. Moreover, Roberts et al. [91] proposed an-
other learning-based method to estimate the optical flow by
a linear subspace if there were considerable depth regular-
ities relative to the robot motion in the environment. The
expectation–maximization EM algorithm has been utilized to
enhance the learning of subspace properties.

Similarly, Guizlini and Ramos [92], [93] have developed
Coupled Gaussian Processes (CGP) as a regression model to
obtain optical flow feature parameters. This work was later
extended in [94] whereby they introduced a CGP for the VO
problem. The CGP has enhanced the multitask capability of
the VO system to exploit the correlation between the permit-
ted multitasks through the coupled covariance functions. Fur-
thermore, to enhance the system performance, they modified
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FIGURE 8. Main pipeline of Non-conventional – Learning-based VO
Technique [9].

the common zero mean assumption of GP by using a standard
geometric model of the camera. This would provide an initial
estimate which is then refined by the non-parametric model.
This fusion step permitted the inclusion of prior knowledge
in a simple direct way. In a similar manner, the hypothesis
with the other mean of sensor fusion is also possible like the
Kalman Filtering [95], [96].

The utilization of a convolutional neural network (CNN)
based approach was presented by Konda and Memisevic [97]
to jointly estimate the depth and motion information obtained
across image pairs. Later, in [98], the study was expanded
utilizing CNN model for VO problems to estimate changes
in local velocity and its direction. In the work of Mohanty et
al. [99], a deep CNN model was developed to extract useful
feature sets between two time series data streams for estimat-
ing transformation. The recurrent CNN was developed for
pose estimation in an end-to-end manner that was trained by
a series of geometrical features. In addition, CNN model was
developed using monocular vision to estimate the vehicle’s
position in a true scale. Furthermore, Peretroukhin et al. [98]
have combined a recurrent CNN with a Bayesian CNN to
infer the sun direction to improve VO ego-motion estimation.
For a more accurate and robust VO system, Clement and
Kelly [100] have incorporated deep neural networks (DNN)
trained by image canonical appearance to enhance pose esti-
mation.

To achieve high monocular VO accuracy, Jiao et al. [101]
utilized a learning framework by combining CNN and Bi-
LSTM to leverage the feature properties of image pairs and to
permit understanding of the relationship between the features
of successive images, respectively. Another approach to VO
problem is the development of RCNN proposed by Liu et
al. [102], which is a learning-based model in an end-to-end
training manner employing RGB-D sensors. The inclusion
of depth information along with monocular imaging helped
in injecting an image scaling factor, and thus, inferring an

accurate pose from monocular images. Recently, Wang et
al. [103] have exploited a new framework based on two
models, the first one called Deep Siamese convolutional
neural network (DSCNN) and the second one called DL-
based Monocular VO which depends on the first network. For
recovering the camera trajectory, DSCNN model was trained
by the geometrical relationship of consecutive images to find
a 6-DoF camera pose, and the developed model was validated
through experiments. Table 1 provides an overview of recent
VO-based studies with a summary of their implementation
frameworks.

IV. VISUAL INERTIAL ODOMETRY

Inertia-based navigation systems have been traditionally used
in autonomous vehicles to measure motion in GNSS-denied
environments (i.e., urban environments and indoor opera-
tions). Such systems rely on an onboarded 6-axis inertial
measurement unit (IMU) which measures the vehicle’s lo-
cal linear acceleration and angular velocity. Recently, with
the advancements in hardware measurement technologies,
micro-electro-mechanical IMUs emerged as a convenient
inertial sensing device that fits any mobile platform (such
as micro aerial vehicles) and comes in a compact and light
weight module, and at low cost with high accuracy levels.

Although it has been emerged in a wide range of real-
time augmented reality applications in mobile devices [142],
unfortunately, the high rate of IMU data are corrupted with
noise and biases. Therefore, the performance of inertial-
based odometry methods deteriorate with time and are un-
reliable for long-term pose estimation. Integrating the VO
pipeline with an inertial-based localization method would
overcome the limitations of each individually-based ap-
proach, yielding visual inertial odometry (VIO) systems.
Images capture features of the scene, while the IMU data
provide accurate pose estimation in a very short time at
high frequency in alleviating the impact of moving objects
on the visual sensor estimation. Thus, the use of IMU as a
complementary sensor to visual-based localization enables
obtaining a more robust and accurate pose estimation.

Figure. 9 presents the general categories of the existing
solutions of VIO systems. They can be categorized based
on the processing stage where sensor fusion occurs into
three categories, namely loosely-coupled, semi-tightly cou-
pled, and tightly-coupled approaches. In addition to this,
VIO systems can also be classified based on the type of
data fusion between the visual and IMU data into filtering-
based and optimization-based approaches. Moreover, similar
to VO-based methods, the type of visual sensor used and how
key information are selected for pose estimation process are
analyzed next. Visual sensors could be one of the following
kinds, i.e., monocular, stereo, RGB-D, omnidirectional, ther-
mal, and event-based cameras. Table 2 reviews recent state-
of-the-art VIO studies.

A. DEGREE OF DATA FUSION
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TABLE 1. Review of state-of-the-art VO approaches

Ref
Author(s)

Year

Vision System Key

Design

Choice

Feature

detectors /
descriptors

Estimation/Solver Comments
Type / No. of

camera(s)

Camera Pose

Direction

[64] Saurer et
al. 2016

Stereo Facing down FB-VO SURF

• Points or features were assumed to be on
a known plane.
• Estimation was based on 2-3 point algo-
rithm.

• Bundle Adjustment was required.

[104] Escalera et
al. 2016

Stereo Bird View FB-VO SIFT

• Features were selected from the ground
surface (only static features were detected
and tracked).
• Estimation was based on PnP algorithm.

• A Kalman filter was used to improve
odometry estimation.
• Bundle Adjustment was not required.

[105] Zhou et al.
2018

Monocular Facing
forward

FB-VO ORB

• Random fern classifier was used for
matching features between images.
• Estimation was based on 8 points nor-
malization algorithm.

• Results were experimentally validated
over 2400 images.
• Results were way better than the tra-
ditional VO method in terms of lower
computational time and errors computed
over distance and angles.

[106] Borges &
Vidas 2016

Monocular
(Thermal
camera)

Facing
forward

FB-VO SURF

• Features were detected from the seg-
mented ground surface/plane. Ground
plane was segmented using gradient-
based watershed method [107] for better
scale estimation.
• The periodic nonuniformity correction
(NUC) process of thermal cameras was
solved by proposing an efficient NUC
management
module which was automatically per-
formed based on the current and predicted
camera rotations.

• Five different experimental setups were
evaluated.
• The Euclidean distance error of the tra-
jectory as well as the median and variance
of the errors were considered for evalua-
tion analysis.
• The experimental results showed similar
performance to VO-based on visible spec-
trum camera with the advantage of being
able to perform effectively at nighttime.

[108] Kueng et
al. 2016

Event-based
camera

Facing
forward

FB-VO Edges
(Canny’s

method) and
corners
(Harris

detector [29])

•Features were detected in greyscale im-
age frames (traditional method) and then
asynchronously being tracked using high
dynamic range event data.
• Two cooperative methods were used to
track detected features that correspond
to event data using events’ spatial his-
tograms for short- and long-term tracking,
respectively.

•Tracking errors as a function of time, po-
sition error (Euclidean distance), and the
orientation error (geodesic distance) were
computed for evaluation against ground
truth (motion capture device).
•The experimental results more accu-
rately estimated 6DoF camera ego-
motion (event-based) compared to SVO-
method (frame based) [86] and motion
capture (ground truth) when tested on nat-
ural scenes and rich in brightness changes
of different magnitudes.

[109] Liu et al.
2017

Fisheye
(two-stereo

fisheye
cameras)

Facing
forward

FB-VO AGAST
corner

detector [70].

• Plane-sweeping stereo algorithm was
used for fisheye stereo matching and
depth initialization.
• Semi-dense direct image alignment al-
gorithm was used for camera ego-motion
estimation.

• Position and orientation errors averaged
over all possible trajectory lengths were
computed for evaluation.
• Experimental results are proved to
achieve significantly accurate motion es-
timates as well as a high-quality point
cloud,
compared to results of the semi-direct
fisheye stereo VO method of Heng and
Choi [110].

[111] Kottath et
al. 2017

Stereo Facing
forward

FB-VO SURF

• Inertial measurements were considered
to restrict feature selection.
• 3D-3D motion estimation method was
considered.

• Results were validated using KITTI vi-
sion dataset.
• Results were way better than the normal
VO method (without IMU consideration).

[65] Guan et al.
2018

Monocular Facing
forward

FB-VO SIFT

• Vertical/gravity vector was known.
• Ground plane was known.
• Estimation was based on 1.5 points al-
gorithm.

• A Kalman filter was used to improve
odometry estimation.
• Bundle Adjustment was not required.

[112] Almalioglu
et al. 2018

Monocular Facing
forward

ML-VO NA

• Adversarial and recurrent unsupervised
learning framework was used to jointly
estimate the 6DoF camera pose and depth
map.
• Convolution part of Pose Regressor net-
work extracted features which then were
passed through the recurrent neural net-
work (LSTM) to estimate the camera
pose.
• The framework did not require any
global optimization techniques (i.e., loop
closure detection or bundle adjustment).

• Developed framework was validated us-
ing KITTI [113] dataset of 11 driving
scenarios.
• Results were way better than the monoc-
ular ORB SLAM and other learning-
based state-of-the-art VO methods [114]–
[116], in terms of absolute trajectory error
(ATE) when compared to ground truth.

(continued)
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TABLE 1. Review of state-of-the-art VO approaches (continued)

Ref
Author(s)

Year

Vision System Key

Design

Choice

Feature

detectors /
descriptors

Estimation/Solver Comments
Type / No. of

camera(s)

Camera Pose

Direction

[117] Mahjourian
et al. 2018

Monocular Facing
forward

ML-VO NA

• Enhanced depth and ego-motion esti-
mation were used using an unsupervised
learning technique, by involving differ-
ential 3D loss functions to distinguish
geometrical consistency within adjacent
frames.
• No need to have a calibrated sequence
of images/video. The model could be
tested/trained on a low-quality uncali-
brated video.

• The developed framework was validated
using KITTI [113]
• The model results were way better
than the supervised method, Monocu-
lar ORB SLAM, and another unsuper-
vised learning-based VO method [114], in
terms of absolute trajectory error (ATE)
when compared to the ground truth.

[118] Valada et
al. 2018

Monocular Facing
forward

ML-VO NA

• End-to-end supervised learning frame-
work which took two consecutive im-
ages and simultaneously estimates 6-DoF
global pose odometry.
• Geometric Consistency Loss were uti-
lized to elevate the network learning
curve effectiveness for accurate pose es-
timation.

• The proposed framework was validated
using Microsoft 7-Scenes [119], consists
of 7 indoor scenes, and Cambridge Land-
marks datasets [120], consists of 5 differ-
ent outdoors scenes).
• The model results were way better than
three other state-of-the-art CNN models,
DeepVO [121], cnnBspp [122] and LBO
[123], in terms of transnational and ro-
tational errors as a function of sequence
length by 27.0% and 16.67%, respec-
tively.

[102] Liu et al.
2019

Monocular Facing
forward

ML-VO NA

• Unsupervised end-to-end training
framework.
• Depth information along with monocu-
lar images were used to train the network
to include scale information.
• The convolution layer of the recurrent
network was used to extract feature maps
from images.
• No postprocessing process was required
to recover the trajectory scale nor opti-
mize pose predictions.

• Root Mean Square Error (RMSE) was
adopted for evaluation.
• Experimental validation was based on
KITTI VO [124] dataset (22 stereo se-
quences).
• The pose predictions provided compet-
itive estimations compared to other state-
of- the-art VO systems, (I) unsupervised
model, SfMLearner [114], and (II) FB-
VO methods, VISO2-Mono and VISO2-
Stereo [125].

[126] Jaramillo et
al. (2019)

Omni – single
camera

Facing
forward

FB-VO ORB

• Pose was estimated by using a single
camera.
• 3D-2D motion estimation method was
considered (P3P algorithm).
• No motion assumptions were consid-
ered.
• The framework did not apply any graph
optimization or loop closure techniques.

• The relative pose error (RPE) and
the absolute trajectory error (ATE) were
adopted for evaluation.
• The indoor experimental results, per-
formed under practical sensing range,
achieved comparable pose estimations
compared to the RGB-D based VO
method.
• Single-Omni camera-based VO demon-
strated its ego-motion capabilities in prac-
tical conditions for real time aerial navi-
gation system.

[127] Wang et al.
(2019)

Omni – single
camera

Facing
forward

ML-VO NA

• End-to-end supervised learning frame-
work which takes Omni image sequence
for camera pose estimation using trained
CNN.
• The influence of 6 different FOVs of
Omni image on CNN-based VO model
were examined.

• Average errors in position and rotation
were considered for evaluation.
• The use of a perspective mosaic image
representation (PMIR) as Omni image
representation has provided the best pose
predictions compared to an equirectan-
gular (EIR) or multichannel perspective
(MCPIR) image representation.

[128] Dai. et al.
(2019)

Stereo setup
(Normal and

thermal
cameras)

Facing
forward

AB-VO NA

• The proposed framework was based on
Multi-spectral visual odometry using the
modified direct sparse odometry (DSO)
technique [48].
• Explicit stereo matching was not re-
quired to process multispectral data of
two sensors (normal and thermal camera)

• Translational Root Mean Square Er-
ror (RMSE) of Absolute Trajectory Error
(ATE) was used for evaluation.
• Seven indoor sequences were recorded
in different environments to prepare a
multispectral dataset that has a motion
capture system as the ground truth.
• The experimental results have achieved
comparable and more robust pose esti-
mations compared to the ORB-SLAM2
[129] and DSO [48].

[130] Li et al.
(2020)

Monocular Facing
forward

ML-VO NA

• Online meta-learning algorithm – unsu-
pervised model.
• End-to End framework.
• ConvLSTM network was considered to
enable the adaptation of previous spatial-
temporal scene information for better es-
timation in the current frame.

• Results were validated using KITTI vi-
sion dataset [124] (11 driving scenarios),
as outdoor data, and TUM-RGBD dataset
as indoor data.
• Evaluation criteria were based on
RMSE.
• Results were outperforming three state-
of-the-art self-supervised VO methods.

(continued)
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TABLE 1. Review of state-of-the-art VO approaches (continued)

Ref
Author(s)

Year

Vision System Key

Design

Choice

Feature

detectors /
descriptors

Estimation/Solver Comments
Type / No. of

camera(s)

Camera Pose

Direction

[131] Zhan et al.
(2020)

Monocular Facing
forward

FB &
ML-VO

NA

• Hybrid approach of deep learning
method with epipolar geometry and PnP
method for better estimating the depth
and optical flow.
• Deep neural network was used to estab-
lish 2D-2D/3D-2D correspondences for
pose estimation.
• Framework did not suffer from scale-
drift issue.

• Extensive experiments were evaluated
using KITTI vision dataset [124] by mea-
suring Absolute trajectory error (ATE)
and Relative Pose Error (RPE)
• Hybrid approaches, by integrating deep
predictions with geometry-based meth-
ods, have proved to provide better esti-
mates compared to end-to-end learning-
based or convention geometry-based VO
systems.

[132] Zhai et al.
(2020)

Monocular Facing
forward

ML-VO NA

•End-to-end supervised learning frame-
work that takes a pair of images to esti-
mate its corresponding ego-motion.
• Data augmentation techniques were uti-
lized to avoid overfitting while training
the neural network model.

• Evaluation was based on KITTI VO
[124] and Malaga 2013 [133] datasets.
• The experiment results provided a
competitive pose prediction compared
to state-of-the-art monocular geomet-
ric [134], [135] and learning methods
[121], [136]. Thus, they encouraged re-
searchers to further explore and investi-
gate learning-based VO methods.

[137] Huang et
al. (2020)

Stereo Facing
forward

FB &
ML-VO

ORB

• At first, incoming frames were passed
through YOLO object detection network
to detect and generate semantic bound-
ing boxes. In addition, ORB algorithm
was used to extract features and establish
matched correspondences across stereo
frames. Then, the observed landmarks
in the current frame were clustered into
different objects by Heterogeneous CRF
module. Pose was estimated by perform-
ing a sliding window technique that em-
ployed an optimized and a novel double-
track frame management design. Lastly,
the estimations were passed into the opti-
mization module before being updated in
the static maps and clusters.

• Standard Bundle Adjustment was re-
quired.
• The employed metrics for evaluation
were Root Mean Square Error (RMSE)
of the Absolute Trajectory Error, the Ro-
tational and Translational Relative Pose
Error.
• Evaluation was based on Oxford Multi-
motion (OMD) [138] and KITTI VO
[124] datasets.
• The experimental results provided com-
petitive pose estimations compared to
state-of-the-art systems including ORB-
SLAM2 [129], DynSLAM [139], Li et al.
[140] and ClusterSLAM [141].

Omni:Omnidirectional; AB: Appearance-based; FB; Feature-based; VO: Visual odometry

FIGURE 9. General Classification of VIO Techniques Proposed in

Literature.

1) Loosely-coupled VIO

A loosely coupled approach for VIO system processes con-
siders the visual and inertial information as independent en-
tities, so each unit estimates the vehicle pose as two pose es-
timator modules. Then, with the consideration of the vehicle
motion constraints, the estimated poses from VO and IMU
modules are fused and processed to refine the vehicle ego-
motion estimation in the delayed fusion stage. In other words,
each pose estimator (VO and IMU units), is processed to
estimate the vehicle position and orientation as independent
frameworks. Therefore, one of the main drawbacks is the
information loss, in terms of accuracy, which may be encoun-

tered during the fusion process of decoupled pose estimation.
On the other hand, this approach is simple, computationally
efficient, and easily for expanding and integrating it with
other sensor modalities. The most common sensory data
fusion technique is by utilizing the Kalman filter (KF). In
addition, nonlinear optimization methods can be used to
couple sensory data for better, accurate, and robust vehicle
pose estimation [25], however, at the cost of additional
computational load, making them impractical for resource-
constrained platforms (i.e., UAV [153]). The general pipeline
of loosely coupled VIO is illustrated in Fig. 10.

Solutions based on loosely coupled VIO methods can be
classified into two categories based on how the data are
processed for prediction and observation in the fusion/filter
stage. In the first category, the IMU measurements are used
for state estimation in the kinematics model, whereas the esti-
mations of VO units are used to update the KF (as observation
data), such as [153], [171]–[173]. As the IMU measurements
comprise linear acceleration data, this approach would pro-
vide high-rate accurate linear velocity estimation, making it
suitable for robotic ego-motion estimation that maneuvers
at variable speeds. The main problem of this approach lies
in the model’s sensitivity to IMU data’s biases and drifts.
Therefore, the cross-coupling of these IMU measurements
in the kinematics model could cause severe accumulation
errors in the pose estimation results when integrated with VO
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TABLE 2. Review of state-of-the-art VIO approaches.

Ref
Author(s)

Year

Type of visual sensor
Key design

choice
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[143]
Mourikis &
Roumeliotis

2007
X X X X

• The reprojection error of 3D landmarks is used as the
measurement updates in an IMU-driven filtering frame-
work.
• The computational load is linear to the number of fea-
tures being processed
• Extensive number of experiments within an urban envi-
ronment have been conducted to validate the model.

[144]
Bloesch et al.

2015 X X X X

• No initialization step was required.
• The proposed framework could operate in real time on
a UAV to accurately estimate the camera pose when 50
features per frame were observed and integrated in the
filter state.
• The performance significantly deteriorated at features
below 20 features per frame.

[145]
Leutenegger et al.

2015 X X X X

• A Framework that tightly integrates inertial measure-
ments into keyframe-based visual SLAM were proposed.
• Real-time operation was demonstrated due to employ
keyframes marginalization to remove old states and main-
tain a bounded-sized optimization window
• Results achieved have experimentally confirmed the ben-
efits of the proposed model over VO and loosely-coupled
VIO models.

[146]
Usenko et al.

2016 X X X X

• Results have evaluated using EuRoC [147] and Malaga
[133].
• Model can operate in real-time on a CPU and robust to
rapid motion and significant illumination changes.
• Results achieved have outperformed VO and loosly-
coupled VIO models.

[148]
Forster et al.

2017 X X X X

• A Framework that integrates the preintegrated IMU
model and VIO approach is proposed.
• Structureless model is used for visual measurements to
avoid optimization over a 3D landmarks.
• Lower drift errors in yaw direction than OKVIS [145]
and MSCKF [143] were achieved.

[149]
Schwaab et al.

2017 X X X X

• State estimation is based on fusion of direct VO and
inertial measurement using an iterated EKF.
• Experimental validation is based on EuRoC MAV dataset
[147].
• Results achieved were comparable to the ground truth
data.

[150]
Zheng et al.

2017 X X X X

• Extensive evaluation using dataset of approximately 1.5
hours of localization data.
• The use of photometric residuals results in increased
pose estimation accuracy with 23% lowering estimation
errors.

[151]
Bloesch et al.

2017 X X X X

• No initialization step was required.
• The use of full-state refinement per landmark processes
have elevated the model pose prediction’s accuracy and
robustness.
• Results achieved were comparable to other VIO models
and were operated in real-time.

[152]
Caruso et al.

2017 X X X X

• A framework that fuses information from a monocular
camera with the Magneto-inertial Dead-reckoning (MI-
DR) technique was proposed.
• An inverse square root filter inspired by the MSCKF
[143] was used.
• Results achieved have demonstrated higher robustness
compared to other VIO, specially at condition where vi-
sion is non informative.

[14]
Papachristos et al.

2017 X X X X

• A framework that fuses information from thermal camera
and VIO module using iterative closest point scene regis-
tration for localization and mapping
• Results achieved have demonstrated the ability of the
proposed framework to work robustly under significantly
challenging conditions such as visually–degraded real-
world.

(continued)
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TABLE 2. Review of state-of-the-art VIO approaches (continued)
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[153]
HaoChih &

Francois
2017

X X X X

• An indirect error state estimation due to the high dy-
namic rate of IMU data were employed to avoid informa-
tion loss using ESKF.
• A keyframe concept was adopted which reduces IMU
drits increased the system stability and performance.

[154]
Ling et al.

2018 X X X X

• The vision pose estimator was based on edge alignment
and data fusion was based on a sliding window optimiza-
tion scheme at the back-end block.
• Utilization of an efficient IMU preintegration and two-
way marginalization scheme was proposed for smooth
and accurate pose estimation and appropriate for resource-
constrained platforms.
• Framework can operate in real-time state estimation for
aggressive quadrotor motions.

[155]
He et al.

2018 X X X X

• A sliding window optimization framework was proposed
where the state was optimized by minimizing a cost func-
tion which uses the pre-integrated IMU error term alone
with the point and line re-projection error.
• Experimental validation was based on EuRoC MAV
[147] and PennCOSYVIO [156] datasets.
• Results achieved have comparable performance predic-
tions to ROVIO [151], OKVIS [145], and VINS-Mono
[157].

[157]
Qin et al.

2018 X X X X

• A novel and robust monocular tightly coupled VIO
framework was proposed that incorporates IMU preinte-
gration, estimator initialization, online extrinsic calibra-
tion, relocalization, and efficient global optimization.
• Experimental results have demonstrated real-time oper-
ation using a single camera and an IMU to estimate the
vehicle pose.
• Experimental validation was based on EuRoC MAV
[147] and showed superior performance over OKVIS
[145].

[158]
Mur-Artal et al.

2017 X X X X

• IMU initialization process within a few seconds.
• Experimental validation was based on EuRoC MAV
[147].
• Remarkable results were achieved by the proposed
framework compared to [146].

[159]
Song et al.

2018 X X X X

• Results achieved high-precision estimation of the pose
and velocity of UAV when compared to motion capture
system - Opti-track.
• Online calibration of the IMU bias and the extrinsic
parameters was performed during the robot motion.

[160]
Von et al.

2018 X X X X

• A dynamic marginalization technique was proposed to
adaptively employ marginalization strategies even in cases
where certain variables undergo drastic changes.
• Experimental validation was based on EuRoC MAV
[147] and showed superior performance over ROVIO
[144] and DSO [48].

[161]
Khattak et al.

2019 X X X X

• A framework that fuses a thermal camera with inertial
measurements to extend the robotic capabilities to navi-
gate in GNSS-denied and visually degraded environments
was proposed.
• Results achieved have comparable performance predic-
tions to ROVIO [151], OKVIS [145], and DSO [48].

[162]
Ma et al.

2019 X X X X

• FAST feature detector and KLT sparse optical algorithm
for feature tracking were used which reduce the computa-
tional cost.
• Experimental validation was based on EuRoC MAV
[147].
• Results showed superior performance over OKVIS
[145], VINS-MONO [157], and S-MSCKF [163].

[164]
Yang et al.

2019 X X X X

• Experimental validation was based on EuRoC MAV
[147].
• Results showed comparable performance to OKVIS
[145][14] and VINS-MONO [157]

[165]
Chen et al.

2019 X X X X

• Results achieved lower relative pose estimation error
compared to ORB-SLAM2 [138] and OKVIS [145]. •
Results achieved have outperformed ORB-SLAM2 [138]
and OKVIS [145] in terms of root mean square error
(RMSE), mean error, and standard deviation (STD).

(continued)
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TABLE 2. Review of state-of-the-art VIO approaches (continued)
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[166]
Jiang et al.

2020 X X X X

• Experimental validation was based on EuRoC MAV
[147].
• Results achieved have comparable performance predic-
tions to VINS-MONO [157] and ROVIO [151] in terms of
both the accuracy and the robustness.

[167]
Zhang
2020 X X X X

• Experimental validation was based on EuRoC MAV
[147] and TUM-VI dataset [168]
• Results achieved have comparable and good perfor-
mance predictions compared to S-MSCKF [163].

[169]
Zhong &

Chirarattananon
2020

X X X X

• Results achieved have comparable and good perfor-
mance predictions compared to VINS-MONO [157] and
ROVIO [151].
• Execution time due to the single plane assumption in
the proposed estimator was faster by 15-30 times faster
than the two benchmark models, VINS-MONO [157] and
ROVIO [151].

[170]
Sun et al.

2021 X X X X X

• A novel state-estimation framework that integrates IMU
measurements, a range sensor, and a vision sensor (stan-
dard camera or an event camera).
• Experimental results showed that the use of event camera
in low-light environments provided an advantageous over
the standard camera as the sensor does not suffer from
motion blur.

observations [174].
In the second category, the VO is used to estimate the

model states, while the IMU data is integrated as the obser-
vations to update the KF. This approach is able to provide
long-term attitude estimations which are accurate, robust,
stable, and drift-free. However, such an approach, as opposite
to the first category, is mostly not based on IMUs for pose
prediction. Thus, linear velocity estimations are not that
accurate. Therefore, an orientation filter should be considered
while using such an approach. Another drawback of these
frameworks is that the pose estimation module is mostly
dependant on the VO estimations. Once VO either fails or
stops estimating poses, the position and orientation of VIO
system would not be available. An example of this approach
is proposed by Konolige et al. [175].

To overcome the challenge of the fusion interval mismatch
in both loosely coupled VIO estimation methods, Liu et al.
[174] proposed an approach to make full use of both camera
and IMU information. They proposed the use of separated
attitude filter into orientation and position filters to combine
the advantages of the first and second category, respectively.
This stereo VIO approach has proved to suppress the draw-
backs and achieved accurate pose estimation even when low-
precise IMU devices were used. Lin and Defay [153] have
adopted loosely coupled stereo VIO based on the error-state
kalman filter (ESKF). To avoid information loss, an indirect
error state estimation due to the high dynamic rate of IMU
data were employed. Two state estimates were produced;
the first one being a nominal-state estimate where noises
were not considered; and the other one being an error-state
estimate where accumulated errors were collected. The error

FIGURE 10. General Pipeline of Loosely-coupled VIO.

states could be easily estimated by computing the error states’
Jacobian matrix. In addition to that, to reduce the effect of
IMU drift, a keyframe concept was adopted which increased
the system stability and performance.

The Extended Kalman Filter (EKF) or Unscented Kalman
Filter (UKF) techniques are applied to fuse the VO results
with inertial measurements to improve VIO performance.
These methods are explained in detail in the filtering-based
VIO method in Subsection IV-B1. A typical study that em-
ployed EKF method to enhance the VIO performance and
incorporate system robustness was proposed by [176]. They
proposed a loosely coupled indirect feedback Kalman filter
integration using the error propagation model and by consid-
ering various characteristics of individual sensors. Moreover,
Gopaul et al. [177] proposed a loosely coupled VIO using a
discrete EKF and took into account processing pairwise time-
correlated measurements. Their results were way better than
VIO solutions using standard Kalman filter and the Kalman
filter with the conventional shaping filter by 18% and 7%,
respectively.
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2) Semi-tightly coupled VIO

A semi-tightly coupled approach for VIO system processes
the visual pose estimation with the IMU sensory data while
maintaining a balance between robustness and computational
complexity. This approach aids real-time robotic navigation,
which is able to cope with big latency between visual image
data with the IMU measurements and performs with limited
computational resources. An example of semi-tightly cou-
pled VIO approach is presented in [178] for Micro Aerial
Vehicle (MAV) platform equipped with a single camera and
an IMU. Data fusing was based on EKF and visual pose
estimation is based on eight-point algorithm. The framework
has demonstrated its capability to estimate the 6-DoF vehicle
pose in real-time operation.

Moreover, another semi-tightly coupled VIO framework
was developed by [154], to tackle real-time state estimation
of aggressive quadrotor motions, as presented in Fig. 11. The
vision pose estimator was based on edge alignment and data
fusion is based on a sliding window optimization scheme at
the back-end block. For smooth and accurate pose estimation,
they utilized an efficient IMU preintegration and two-way
marginalization scheme, which are appropriate for resource-
constrained platforms.

3) Tightly-coupled VIO

A tightly coupled VIO system processes the key informa-
tion and IMU measurements together with the motion and
observation models for vehicle state estimation. With the
advancements in computer and software technologies, most
VIO studies are focused on employing a tightly coupled
framework in their application as shown in Table 2. In tightly
coupled approaches, as opposed to loosely coupled methods,
all sensor measurements are jointly optimized, thereby pro-
ducing higher accuracy state estimation. The general pipeline
of tightly coupled VIO is illustrated in Fig. 12.

Tightly-coupled approaches can be categorized into two
classes, i.e., filtering-based and optimization-based VIO
methods, which are to be discussed in the following sub-
section IV-B. The classical tightly- EKF-based approach
and well known in the VIO research area is the multi-state
constraint Kalman filter (MSCKF) which were developed
in [143]. In this work, multi-geometrical constraints were
derived in the measurement model from multi-continuous
camera poses, that arose when the same feature was observed
in the motion scenes. The computational load of this frame-
work was in the order of one and was a function of the
number of detected features in the frames. The experimental
results showed that this approach was able to provide high
accurate pose estimation using a monocular camera and IMU
when performed in real time and in large-scale environments.

In addition, ROVIO [144] is another tightly coupled ap-
proach based on EKF using a monocular camera and an
IMU. In this work, the pixel intensity errors of image patches
were used to formulate the observation equation in EKF.
This approach did not require any initialization stage since
it utilized the inverse-distance landmark positions which

quickly constructed points in the map and started predicting
the vehicle pose accurately. This work was later extended
in [151] by inherently dealing with the tracked landmarks
using iterated-EKF algorithm. Therefore, this tight-fusion
approach of visual and IMU data and full-state refinement
per landmark processes have elevated the model pose predic-
tion’s accuracy and robustness.

Another tightly coupled VIO approach was proposed by
[145]. An IMU error term and the landmark reprojection
error were integrated in a single nonlinear cost function,
thereby marginalizing the previous states and reducing the
computation loads. Therefore, the number of states in the
sliding window optimization stage has been bounded to
ensure real-time system feasibility. Experimental results have
demonstrated real-time operation using a stereo camera and
an IMU to estimate the vehicle pose. Results obtained were
more accurate and robust compared to both vision-based
and loosely coupled visual inertial approaches. Later, the
same framework was adopted by [157], albeit using a single
camera setup. More tightly coupled VIO studies are provided
in Table 2.

B. TYPE OF DATA FUSION

Existing VIO studies, especially tightly coupled approaches
can be generally categorized based on the type of data fusion
into filtering-based and optimization-based paradigms. This
section provides a detailed description of each approach and
existing solutions based on each approach.

1) Filtering-based VIO

Filtering-based VIO processes data in two stages, i.e., it
integrates IMU data to process the state estimation and then
updates the state estimation of the vision-based estimator. In
addition, filtering-based VIO approaches can be formulated
as a maximum a posteriori probability (MAP) estimator [25],
where IMU measurements from proprioceptive sensors are
used to construct the platform pose prior distribution as the
internal state of MAP. In addition, the visuals from exterocep-
tive sensors are used to compute the platform pose likelihood
distribution as the external state of MAP. In other words, the
IMU linear acceleration and angular velocities are used to
drive the vehicle dynamic model to estimate the vehicle pose.
This model is used later to update the vehicle state using the
key information obtained from the visual data for ego-motion
estimations.

To date, majority of the proposed filter-based solutions
can be divided into four frameworks, i.e., algorithms based
on Extended Kalman Filter (EKF), Unscented Kalman Filter
(UKF), Multi-State Constraint Kalman Filter (MSCKF), and
particle filter (PF). Existing solutions based on these frame-
works are provided in the following subsections.

• Extended and Unscented Kalman Filters

Autonomous vehicles or robots are considered as examples
of nonlinear models. Data associated with nonlinear and
dynamic models can be fused using any nonlinear filter such
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FIGURE 11. The Framework of Semi-tightly Coupled VIO based on Edge Alignments Developed by [154].

FIGURE 12. General Pipeline of Tightly-coupled VIO.

as the extended Kalman filter (EKF) and particle filter (PF).
PFs offer advantages over the EKF as it can deal with Non-
Gaussian models for nonlinear systems, however, at the cost
of expensive computation [10], [25]. Thus, EKFs have been
used as preferable nonlinear filters in the robotics community.

Extended Kalman Filter (EKF) is similar to Kalman filter
(KF), however, it can deal with nonlinear models. Basically,
it linearizes all nonlinear model parameters at each time step
via the first-order Taylor expansion so that a conventional
linear KF can be applied. In EKF-based VIO system, the
vehicle pose is determined by fusing the propagated state
from IMU noisy raw data and the extracted key information
obtained from visual data captured from single or multivisual
onboarded sensors [179].

Bloesch et al. [144] have proposed an EKF-based VIO,
ROVIO, using a monocular camera. In this work, the state
was updated (Kalman update) by an innovation term which
encompassed the intensity errors of multilevel patch fea-
tures (linear constraint). For accurate tracking performance,
a purely robocentric representation was used, therefore, no
initialization step was required, and the effects of system non-
linearities were significantly reduced [180]. Limited number
of tracked features were used in the filter state and a heuristic

management method was adopted for the decision process
regarding the preservation of a particular feature. Hence,
features captured within the last frames were evaluated based
on a global quality score and were removed if the score
fell below a certain threshold. This threshold was based on
the number of features captured per frame. The proposed
framework could operate in real time on a UAV to accurately
estimate the camera pose when 50 features per frame were
observed and integrated in the filter state, whereas the perfor-
mance significantly deteriorated at features below 20 features
per frame. However, increasing the number of features would
increase the system complexity and computational cost. This
work was later improved in [151] by using an iterated EKF
framework with fully robocentric representation and by in-
corporating a photometric error model. A VIO approach
based on an iterated EKF (iEKF) framework with a fully
robocentric formulation and photometric error model was
proposed. In the iEKF framework, a full state refinement was
carried out simply by using an iterative process to update the
perlandmark, providing simultaneous landmark tracking and
considering visual and inertial information.

Furthermore, EKF-based VIO approach was proposed by
Zheng et al. [179] using a stereo camera. The framework was
based on line feature detectors, in addition to point feature
detectors, improving the system robustness under challeng-
ing conditions such as low texture environments or under
illumination variation. A lightweight filtering approach was
adopted to reduce the effect of accumulated drifts for long-
term estimation, without the need of a back-end optimization
stage. In this work, the closing of the EKF update was
formulated by relocating the current sliding window into the
past key frames, reducing the accumulated drifts and errors.

Recently, Stremayr and Weiss [181] proposed an EKF-
based monocular VIO with a self-calibration property. This
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approach used all image information which enabled VIO to
be performed at challenging environmental conditions such
as in low-textured and low-gradient areas. A higher order
covariance propagation (depth) and pixel (intensity) forward-
backward propagation was employed, which enabled more
precise motion estimation in different light condition envi-
ronments An alternative and an extension of EKF is the UKF
in which a Bayesian filter is used that updates the systems’
states via a group of sigma points. The prior distribution is
used to derive the weighted sigma points. Furthermore, the
mean and covariance contours are computed by using the
weighted sigma points using a nonlinear method. In [182],
the authors proposed a UKF-based VIO system designed
directly on the 3D Special Euclidean Group, SE(3). A matrix
Lie group G is a group equipped with a smooth manifold
structure such that the group multiplication and inversion
are smoothly operated. Processing rotation in the kinematic
model is considered as the main nonlinearity contributor.
Typically, Euler angles [183] and Quaternions [184] are
used to represent the model orientation. In this framework,
the kinematics of rotation is modeled on the SE(3) space
and by processing the visual and inertial information in the
filter, a unique and global 6DoF pose is estimated. Inertial
measurements are used to control the inputs, while the visual
data are processed to update the state. Detailed analysis of
UKF-based on Lie group algorithm is provided in [185].
Furthermore, to improve the performance of pose estimation
of UKF in presence of dynamic model errors, many adaptive
UKF filtering methods have been addressed in literature
[186]–[188]. Once the dynamic model errors are identified,
the UKF estimation is corrected.

• Multi-State Constraint Kalman Filter

One of the main drawbacks of EKFs approaches is the
requirement of high computational load, which may not be
suitable for resource-constrained platforms (i.e., UAV). On
the other hand, structure-less approaches such as MSCKF
framework are considered a better version in terms of ac-
curacy and consistency because they do not rely on strict
probabilistic assumptions or delayed linearization [189]. In
addition to that the MSCKF [143] framework has complexity
which is linear as a function of landmarks due to marginal-
ization of 3D feature points.

Recently, a novel IMU initialization approach has been
proposed by [167], which could estimate the model’s main
parameters within a few seconds. This approach was de-
coupled with the stereo-based MSCKF framework [163] to
deal with system inherited nonlinearities and measurement
or observation noises. This noise-adaptive state estimator
enhances pose prediction accuracy and overall model robust-
ness. The results provided have outperformed the results of
state-of-the-art VIO method of [163].

2) Optimization-based VIO

Optimization-based VIO processes state estimation by solv-
ing the least square nonlinear problem over the IMU mea-

surement and the visual data for optimal prediction. There-
fore, in the optimization-based, VIO enables state vector
linearization of various points for more precise state esti-
mations than the ones provided by filtering-based methods
[190]. In such approaches, IMU measurement constraints are
calculated by integrating inertial data between two frames.
Whereas, in the conventional IMU integration technique,
the IMU body state initialization is computed at the ini-
tial captured images. Lupton and Sukkarieh [191] proposed
an IMU preintegration technique to avoid such duplicated
integrations. IMU preintegration module has been widely
adopted in optimization-based VIO studies such as [145],
[158], [192].

IMU preintegration process was reformulated in Forster et
al. [190] by using the rotation group which was computed
by a manifold rather than by Euler angles. Furthermore,
a continuous preintegration technique was adopted in the
optimization-based VIO framework of Liu et al. [193]. Pre-
cise localization was achieved by using optimization-based
approaches, however, at the cost of extra computational load,
which is due to the higher number of landmarks required in
the optimization module. Therefore, optimization-based VIO
approaches might not be applicable for resource-constrained
platforms. To address this issue, solutions have been pro-
posed in the literature that aim at achieving a constant
processing time, such as algorithms that marginalize partial
past states and measurements to maintain a bounded-sized
optimization window [145], [158], [192], [194].

In OKVIS [145], a group of nonsequential old camera
poses, new sequential inertial states and measurements were
evolved in the nonlinear optimization module for a refined
and precise pose estimation. In addition, Qin et al. [157]
have proposed an optimization-based VIO approach using a
monocular camera incorporating loop closure modules that
ran concurrently in multithread mode to ensure reliability
and to guarantee real-time operation. Another VIO approach
was proposed by [195], however they efficiently utilized loop
closures that ran in a single thread, thus it had a linear
computational complexity.

Furthermore, Rebecq et al. [196] proposed an event-based
VIO algorithm using a nonlinear optimization for pose es-
timation. The generated asynchronouse events, which have
a microsecond resolution, are accumulated into a frame per
spatiotemporal windows size. Features are then detected and
tracked using FAST corner detector and the Lucas-Kanade
tracker, respectively. Then, the 3D matched features are used
to triangulate between frames in order to estimate the rela-
tive camera motion between frames. The estimated camera
poses and 3D landmark positions are periodically refined
by minimizing the reprojection error and the inertial mea-
surement error for effective fusion process (visual and IMU
measurements). The performance of the model was evaluated
on a large scale and an extremely high-speed dataset. This
evaluation demonstrated the accuracy and robustness of the
model.

The work of Mueggler et al. [197] proposed a continuous-
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time framework using event camera to perform VIO. In
their framework, a direct integration of the asynchronous
events at micro-second resolution and the high rate of IMU
measurements. Cubic splines were used to approximate the
trajectory of event camera by a smooth curve in the space of
rigid body motions. Their model was evaluated on real time
using extensive scenes against a ground truth obtained from a
motion-capture system with a remarkable accuracy (position
and orientation errors are less 1%).

V. LOCALIZATION TECHNIQUES IN LOW-VISIBILITY

ENVIRONMENTS

For navigation through visually degraded environments, new
vision-based localization techniques have to be explored
by expanding the model work capability even beyond the
visible band. As opposed to standard visible cameras, in-
frared cameras are more robust against illumination changes.
With the recent advancements in thermal sensors in terms
of size, weight, resolution, load, and cost, thermal-inertial
odometry (TIO) is now considered a promising technique
for autonomous UAV and UGV systems that works in low
visibility conditions without relying on GNSS data or any
other costly sensor such as LiDARs. The working principle
of thermal cameras is capturing the temperature profile in the
scene; thus, it can be used in low visibility environments (i.e.,
low light, night) without the need of any additional source of
light.

However, the disadvantages of thermal sensors include
providing low textured, featured and image resolution as well
as having quite low signal-to-noise ratios [198]. Therefore,
in this case, several computer vision algorithms would not
be effective and hence, would need further developments. In
literature, very limited studies have been proposed related
to TIO, such as [14], [199]–[201], and could be further
investigated to overcome the limitations of thermal imagers.
Moreover, [202] provides an approach employing LiDAR for
a better visualization under different degraded environments.
For SLAM applications, Shim and Kim [16] proposed a
direct thermal-infrared SLAM platform which is optimized
and tightly coupled with LiDAR measurements. This multi-
modality system was selected to overcome the photometric
consistency problem of thermal images due to accumulated
sensor noise over time. The first step was to rescale 14-bit
raw radiometric data into grey-scale for feature extraction,
and the photometric consistency of thermal images was then
resolved by tracking the depth information of LiDAR mea-
surements.

For night-time visual systems, researchers have investi-
gated advanced night imaging systems utilizing onboared
low light level cameras with the aid of computer vision
algorithms and the use of artificial intelligence (AI) based
frameworks. These cameras reflect the thermal energy of
different objects in the scene into a visible image under a
wide range of spectra: visible (0.4–0.7µm) to near-infrared
(0.7–1.0µm) light or to long-wave infrared (8–14µm). Such
systems, therefore, are illumination dependant and incom-

patible to fulfill scene understanding at conditions where
visibility is insufficient, such as during low light or night
missions.

The wide range of spectral band images and the develop-
ment of rendered visible/thermal fused imagery and enhance-
ment algorithms are able to aid the platform observation tasks
such as to operate and recognize several aspects of a scene
and detect and localize targets. The objective of providing
such fused imagery is to present a more informative content
than the individual image (i.e., visible or thermal image),
easy and clear to recognize, and robust under visual degraded
environments. For example, during low light conditions,
color remapping could improve target detection ability by
enhancing image contrast and the use of highlighting color
[203] which lead to a faster scene recognition [204]. Various
image fusion methods have been investigated in the literature,
such as integrating visual and near-infrared context infor-
mation [205]–[209] and enhance image contrast [210]. Re-
cently, AI-based approaches have been investigated for color
mapping of gray-scale thermal image [211]–[213] to enhance
image intensity and retain high level scene information, thus
leading for a better visualization.

Recently, two localization techniques in low visibility
environments were proposed by Mandischer et al. [214], a
novel radar-based SLAM and another radar-based localiza-
tion strategy employing laser maps. These approaches are
evaluated in indoor environments with heavy dust formu-
lation to emulate vision scenarios of the grinding process.
In the first approach, scan-to-map technique was developed
based on probabilistic iterative correspondence (pIC) SLAM.
While in the second approach, they utilized environmental
information prior to the grinding process. This data set is
used to generate a laser map that aids the localization process
of radar-based SLAM. They provided a strategy to improve
localization using laser maps with line fitting on Radar-based
SLAM.

The performance of VO is negatively affected in chal-
lenging illumination conditions and high dynamic range
(HDR) environments due to brightness inconsistency. There-
fore, Gomez-Ojeda et al. [215] have proposed a learning-
based method to enhance the image representation of the
sequences for VO. They have adopted long short-term mem-
ory (LSTM) layers to maintain temporal consistency of the
image sequences, thanks to LSTM internal memory cell. The
trained network has been implemented in two state-of-the-
art algorithms of VO methods (ORB-SLAM [134] and DSO
[48]) and tested in challenging environments. Pose estima-
tion results using the enhanced image representation were
compared to the VO results using normal image sequences
and proved the network’s benefits that enhance localization
especially in challenging conditions.

Alismail et al. [216] have proposed the use of binary
feature descriptors in the direct VO framework, which en-
hances visual state estimation and increases system robust-
ness under illumination variation. This approach is invariant
to monotonic changes of the image intensity. In addition,
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Park et al. [217] have performed a systematic evaluation of
the performance of various direct image alignment methods
in terms of accuracy and robustness under significant illu-
mination changes. Kim et al. [218] have proposed a stereo
VO algorithm which employs affine illumination model in
each image patch to cope with abrupt illumination variation
in direct state estimation model. The proposed approach
has demonstrated a real-time system capability to accurately
localize the aerial robot while maneuvering under significant
illumination changes. In addition, a multi-sensor fusion pose
estimation technique based on a factor graph framework was
proposed by [219] to navigate in visually degraded envi-
ronments. Four different sensors were used including IMU,
stereo camera with 2 LED lights, active infrared (IR) camera,
and 2D LiDAR which have been employed on a UGV and
tested in totally dark environments.

The high dynamic range property of dynamic vision sen-
sor could leverage visual localization models to operate in
challenging illumination conditions, such as low light room.
Hence, Vidal et al. [220] have proposed a hybrid framework
that fuses event data, visual data from standard images,
and IMU measurements for a more accurate and robust
pose estimation. The model was integrated with a resource-
constrained platform (quadrotor UAV) and evaluated exten-
sively with different flight scenarios such as hovering mode,
flying in fast circles, and different lighting conditions. Their
model outperformed the pose estimation obtained from stan-
dard frame based VIO by 85%.

VI. DISCUSSION AND FUTURE RESEARCH

DIRECTIONS

Recent researches and technologies have proven the capa-
bility of autonomous vehicles to navigate in GNSS–denied
and low-visibility environments. Such platforms can feed
the end user with useful information that rely on vision-
based systems. Based on the application need, an appropriate
UAV or UGV navigation system would be adopted. Vision-
based localization is one of the promising research directions
related to computer vision and deep learning (DL), and
aims to estimate the robot’s ego-motion within the environ-
ments using a set of subsequent measurements. Researchers
have investigated novel approaches to enhance vehicle self-
localization (position and orientation) accuracy, robustness,
reliability, and adaptability while maneuvering.

This survey provides a comprehensive overview of most
of the state-of-the-art visual-based localization solutions.
These techniques employ visual sensory data and other(s)
to localize the robot in GNSS-denied environments and in
low-visibility conditions. Two main vision-based navigation
paradigms have been reviewed, visual odometry and visual
inertial odometry, and discussed in terms of the key design
aspects, advantages, and limitations of each paradigm, where
applicable.

Key design choices of VO schemes can be classified based
on the used visual sensor(s) and the selected processing mod-
ules, into geometric and nongeometric approaches. In the first

VO method, camera geometrical relations are identified to
estimate the ego-motion such as the intensity value of image
pixels (appearance-based VO [36], [37], [43], [44], [48]–
[50], [128]) and the image texture (feature-based VO [64],
[65], [104]–[106], [108], [109], [111], [126], [137]). This
method could provide precise state estimation only if enough
features within the environment are observed in good lighting
conditions. On the other hand, the nongeometric approach,
learning-based VO [102], [112], [117], [118], [127], [130],
[132], does not require the initialization step for camera pa-
rameters and the process of scale correction of the estimated
trajectory such as the case of monocular VO. VO scheme
could be a good candidate for precise localization in GNSS-
denied and textured environments at good illumination con-
ditions. Table 1 provides a summary of the recent literature in
the VO field highlighting key design choices and evaluation
criteria.

Inertial-based odometry approaches use the high rate of
IMU data (linear acceleration and angular velocity) to esti-
mate the vehicle pose. This approach is unreliable for long-
term state estimation as the IMU data are corrupted with
noise over time. Hence, solutions based on VIO are proposed
to overcome the limitation of visual odometry and inertial
odometry techniques. VIO techniques are classified based
on the processing stage where sensor fusion (visual data
+ IMU) occurs into loosely coupled [153], [176], [177]
and tightly coupled models [158]–[162], [166], [167], [169],
[170], [199]. The loosely coupled VIO processes the visual
and inertial information independently and each module will
estimate camera pose. Then, at a delayed stage, the poses
estimated from IMU and VO state estimators are fused to
produce a refined pose. Such an approach is simple and
easy to be integrated with other sensor modality frameworks.
However, in terms of pose estimation accuracy and robust-
ness, its lower than tightly coupled VIO techniques where all
sensor measurements (visual + IMU) are jointly processed
and optimized for pose estimation.

The VIO can be further classified based on type of data
fusion into filtering-based [153], [159], [162], [167], [181]
and optimization-based [145], [158], [190]–[193] solutions.
In general, performing state estimation using Filtering-based
VIO is processed in two stages, (i) estimate the vehicle
pose using the IMU linear acceleration and angular velocities
that drive the vehicle dynamic model and (ii) update the
vehicle pose using the key information of the visual data that
estimated the vehicle ego-motion. Existing filtering-based
VIO solutions use the nonlinear filter framework (Kalman
filter) where errors are linearized producing accurate pose
estimation. These solutions can be categorized based on the
filtering frameworks into EKF [144], [151], [179], [181],
UKF [182] and MSCKF [143], [163], [167].

The utilization of the EKF approach can be used to lin-
earize the data associated with the nonlinear and dynamic
model parameters, thus providing good pose estimation. On
the other hand, this comes at the cost of computational power
which increases quadratically relative to the number of fea-
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tures tracked per frame. Moreover, to deal with highly non-
linear models, an approach based on an UKF are proposed,
which is an extension of EKF framework, and achieve higher
accuracy at the cost of computational load [182]. To deal with
the computational load constraints, a MSCKF framework is
proposed and provides better accuracy and consistency. In
addition to that, the computational load required is linearly
proportional to the number of detected landmarks.

In optimization-based VIO framework, pose estimation
is processed by solving the least square nonlinear problem
for the IMU and visual information. Such approaches out-
perform the pose prediction obtained from filtering-based
VIO due to their capability to linearize the state vector of
various points, producing more precise predictions at the
cost of extra computational loads. To tackle this issue and
make the approach suitable to be deployed in resource con-
straints platforms, i.e., drone solutions have been proposed
to utilize constant processing time via a framework based on
a bounded-sized optimization window and marginalize past
states [145], [158], [192], [194]. In other words, few states
are updated via the nonlinear optimization solver, which
reduce the computation load and make it more feasible for
real-time operation. Table 2 highlights the design choices of
the latest studies in the VIO field.

State-of-the-art solutions for self-localization in low-
visibility environments can be categorized as follows: single
modality or multi-modality frameworks. In a single modality,
the state estimation was performed based on data obtained
from a single sensor i.e., stereo-based VO [218], thermal-
based VO [106], or event-based [85]. Thermal sensors pro-
vide images at low resolution with low textured and features.
To address this issue, many image fusion techniques with
the visible image have been proposed based on computer vi-
sion algorithm [205]–[209] or machine learning tools [211]–
[213]. This is to retain high level scene information for better
visualization and scene understanding.

To enhance robustness to difficult illumination conditions
and high dynamic range (HDR) environments, enhanced VO
frameworks are proposed in the literature, such as by using
binary descriptors [216], affine illumination model [218],
and learning-based methods to enhance image representation
[215]. Moreover, a multi-modality framework has proposed
to cope with difficulties in percepting the environment around
the vehicle at low visibility. In such frameworks, the robot’s
pose was estimated by using a multi- sensory data fusion
technique, i.e., thermal imager with IMU [14], [201], event-
based camera with IMU [196], [197], [221], thermal imager
and LiDAR measurements [16], Radar and LiDAR [214], and
more than two sensory data [199], [200], [219].

Based on the reviewed research studies, various research
components have been considered when developing visual-
based localization approaches, such as: sensor modality, type
of environment, type of platform (ground or aerial vehicle)
and available computation resources, and the dimension of
pose estimation (2D or 3D). Performing visual localization
can be processed in three main modules: preprocessing, state

estimation process, and postprocessing modules. The use
of these processes will affect the performance, prediction
accuracy, and system power and energy efficiency. There-
fore, based on the application needs, a suitable localization
approach should be investigated or researched for optimal
performance. Environmental texture properties and lighting
conditions affect the main source of perception to self-
localize the robot within the workplace (scene understand-
ing). The main evaluation metrics considered in the literature
are performance, accuracy, power and energy efficiency, and
system robustness. The different parts of performing visual
localization are summarized in Fig. 13.

According to the literature reviewed, the following chal-
lenges hinder the progression of effective self-localization
systems.

1) Robustness: In the presence of illumination variation
such as lighting or weather conditions, VO and VIO
approaches based on standard camera are poorly per-
forming localization due to lack of features detected
within the environment. There are post processing
techniques available to reduce the effect of outliers
and enhance the performance, however, at the cost
of additional computational load. To that end, post-
processing vision-based state estimators by deploying
deep learning (DL) approaches may significantly im-
prove the pose results, and hence, results in a more
robust visual localization system, such as in [222].
DL approaches have the ability to adapt with inherited
system nonlinearities as well as the variation in the
environment. In addition to that, very limited studies
have employed thermal camera for odometry estima-
tion and overcoming its low feature resolution [14],
[199]–[201].

2) Applicability: Some platforms are limited with the
power and computational capabilities. Therefore, real-
time operating sensory data approaches should uti-
lize fully learning-based or hybridized learning and
conventional-based paradigms. Such systems are con-
sidered as application dependent models, however,
with the advances in machine learning tools, their
capability can be extended over time via fine tuning
or transfer learning techniques.

3) Reliability: Real time operation requires the system
to have the above mentioned criteria, robustness, and
applicability. Based on the reviewed visual-based lo-
calization approaches, they are application dependent
models. Online-based state estimators require the robot
to have self-awareness ability regarding the surrounded
environment and based on the situation, the best suit-
able odometry technique should be operated. Having
this intelligent decision (ID) platform wherein based
on the condition, best suited approach is operated for
robot’ ego-motion estimation. Having such ID plat-
form would improve state estimation performance, in-
crease system adaptability, reliability and robustness.
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FIGURE 13. The Main Components of the Visual-localization.
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4) Adaptability: Persistence pose estimation to adapt
with the changes in the environmental texture prop-
erties, features, and illumination conditions over time.
Enhance image representation at the visual localization
preprocessing module using deep learning approaches
would play a role for better perception and extraction
of meaningful information, such as the work proposed
by [215].
Dynamic vision sensor (DVS) has the capability, com-
pared to visible cameras, providing sufficient data un-
der low light conditions at low latency, high dynamic
range, no motion blur [223]. Event based observation
and navigation approaches have been widely proposed
in literature [223], however, their key potential to be
utilized for real time application under low light condi-
tions has not yet largely been investigated.
For low visibility conditions, with the mentioned ca-
pability of event-based camera, fusion techniques of
thermal and event-based sensory data with an IMU
might lead to more robust self-localization scheme.
Such schemes could be investigated with the integra-
tion of DL tools to learn and capture the inherited non-
linearities error patterns associated with overall visual
odometery estimation. This would enhance the end-
to-end framework or preprocessing the raw data and
hence increase system efficiency and reliability when
navigating at reduced visibility conditions.
The generated event data from event-based sensors are
noisy depending on the illumination condition and very
sensitive to camera parameters. In low light conditions,
the features or edges of moving objects, even when
tuning the camera parameters to their optimal values,
are highly scattered and very noisy. Therefore, the
need for an approach that could reject these noises
and sharpen the real event data is essential for a better
extraction of meaningful information under normal,
low light, and/or variation of lighting conditions. Yet,
event denoising methods based on conventional spatio-
temporal correlation or learning approaches are still
largely unexplored [224]–[230].

VII. CONCLUSION

In this article, we have surveyed most of the state-of-the-art
studies related to visual-based localization solutions, namely
VO and VIO, to aid autonomous navigation in GNSS-denied
environments. In addition, we have conducted a comprehen-
sive review on self-localization techniques for autonomous
navigation in visually degraded environments. The main
components of performing visual localization were identified
and discussed.

Studies related to VO have been classified based on key
design choices into conventional approaches (appearance,
feature and hybrid-based methods) and non-conventional
approaches (learning-based methods). An overview of the
key design aspects of each category was provided, and
the challenges associated with each approach were high-

lighted, where applicable. In addition, VIO-related studies
have been categorized based on the type of the sensory data
that were fused and the stage at which this fusion takes
place. VIO techniques can be categorized into filtering or
optimization-based paradigms, which include loosely, semi-
tightly, and tightly coupled approaches. Key design charac-
teristics, strengths, and weaknesses of each type were dis-
cussed. For lighting conditions challenges, pose estimation is
processed by frameworks that enhance image representation
and feature extraction modules. Furthermore, data fusion of
multi-sensors is also examined to cope with difficulties in
percepting the environment such as thermal imagers, event-
based camera, IMU, LiDAR, and RADAR measurements.

Advances in computer vision algorithms, machine learning
tools, and both software and hardware technologies should
be directed towards developing an efficient self-localization
system. Such systems should have an environment-awareness
capability, be resilient to outliers, adapt to environmental
challenges, and provide reliable, robust, and accurate estima-
tions in real-time. Based on the surveyed papers, the main
future self-localization direction includes pose estimation
in GNSS-denied, complex, and visually degraded environ-
ments. The main future research trends in this topic are
robustness, applicability, reliability, and adaptability.
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