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Abstract

Visual simultaneous localization and mapping (vSLAM) algorithms use device

camera to estimate agent’s position and reconstruct structures in an unknown

environment. As an essential part of augmented reality (AR) experience, vS-

LAM enhances the real-world environment through the addition of virtual ob-

jects, based on localization (location) and environment structure (mapping).

From both technical and historical perspectives, this paper categorizes and sum-

marizes some of the most recent visual SLAM algorithms proposed in research

communities, while also discussing their applications in augmented reality, map-

ping, navigation, and localization.
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1. Introduction

Visual SLAM, according to Fuentes-Pacheco et al [1], is a set of SLAM tech-

niques that uses only images to map an environment and determine the position

of the spectator. Compared to sensors used in traditional SLAM, such as GPS

(Global Positioning Systems) or LIDAR [2], cameras are more affordable, and5

are able to gather more information about the environment such as colour, tex-

ture, and appearance. In addition, modern cameras are compact, have low cost,
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and low power consumption. Examples of recent applications that employ vS-

LAM are the control of humanoid robots [3], unmanned aerial and land vehicles

[4], lunar rover [5], autonomous underwater vehicles [6] and endoscopy [7].10

Depending on the camera type, there are three basic types of SLAM: monoc-

ular, stereo, and RGB-D. Stereo SLAM is a multi camera SLAM that can obtain

a particular degree of trajectory resolution. Additionally, stereo SLAM has the

advantage of being more versatile as opposed to RGB-D SLAM which is more

sensitive to sunlight and is mainly used indoors. The last two decades have seen15

significant success in developing algorithms such as MonoSLAM [8], PTAM [9],

PTAM-Dense [10], DTAM [11] and SLAM++ [12]. However, most systems

have been developed for motionless environments and their robustness is still a

concern under dynamic environments. Due to the assumption that the camera

is the only moving object in a stationary scene, these SLAM systems [13] are20

typically not applicable. Moving objects, as a consequence, would affect the sys-

tem’s ability to estimate camera poses. Additionally, the extra object motion

introduces calculation errors and reduces the accuracy of trajectory estimation

due to increased computation weight. In such environments, the SLAM algo-

rithm is required to deal with possible errors and a certain degree of uncertainty25

characteristic in sensory measures.

Moreover, for virtual objects to be properly anchored in the real environment

in an AR (Augmented Reality) [14] experience, it is necessary to apply tracking

techniques. That means dynamically determining the viewer’s pose (position

and orientation) in relation to the actual elements of the scene. An alternative30

is the application of SLAM techniques, which aim precisely at the creation and

updating of a map, as well as the location of the observer in relation to the

structure of the environment. This confluence between visual SLAM and AR

was the motivation for the realization of this survey. The objective of this

research is to carry out a survey of the main visual SLAM algorithms, as well35

as their applications in AR, mapping, localization and wayfinding. The main

characteristics of the visual SLAM algorithms were identified and the main AR

applications on visual SLAM were found and analysed.
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Table 1: Survey papers discussing SLAM algorithms

Ref. Year Algorithm Flowcharts Datasets Metrics

[15] 2015 No No No

[16] 2017 No No No

[17] 2020 No No No

Our Work 2021 Yes Yes Yes

As opposed to presenting a general analysis of SLAM, this survey provides an

in-depth review of different visual SLAM algorithms. The survey also includes40

various datasets that might be considered for evaluation and different types of

evaluation metrics. Existing studies in this area tend to describe only one SLAM

algorithm, and some of them are rather old. However, to address this, a complete

survey describing seminal and more recent SLAM algorithms was produced.

Even if some surveys include a description of different SLAM algorithms (e.g.,45

[15], [16] and [17]), an expanded overview of SLAM algorithms, including those

recently developed, is included in this survey, a set of datasets that could be

used to evaluate multiple SLAM algorithms and a set of evaluation metrics Table

1. Additionally, the limitations of the evaluation metrics have been identified,

which will be explored further in the future. Through this article, we hope to50

help readers better understand different SLAM algorithms and how they might

be applied in different fields.

Following is a description of how this survey is organized. SLAM applica-

tions were introduced in Section II. In Section III, various SLAM algorithms

were discussed. In Section IV a table of different SLAM features was intro-55

duced. Section V includes a discussion of various datasets that could be use

to experiment with SLAM algorithms. Section VI includes a description of the

two most common used evaluation metrics. Section VII is mainly focused on

discussions about SLAM and Section VIII concludes this survey.
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Figure 1: Classification of Visual SLAM algorithms.

2. Visual SLAM Applications60

SLAM algorithms make use of data from different sensors. Visual SLAM is

a SLAM technique that uses only visual sensors which may require a monocu-

lar RGB camera [18], a stereo camera [19], an omnidirectional camera (which

captures images simultaneously in all 360-degree directions) [20] or an RGB-D

camera (captures depth pixel information in addition to RGB images) [21]. Fol-65

lowing, in this section Localization, Mapping, and Wayfinding, the three main

categories of vSLAM, are described in more depth, along with some relevant

algorithms applicable to each category.

2.1. Localization

Localization systems assist users in identifying their location and orientation70

within an environment. Localization can be performed both indoors [22] and

outdoor [23] using various methods. There are traditional approaches that do

not involve technology, such as the use of mental maps that are built through

guided exposure to the environment or auditory instructions, as well as tactile

maps. Robots must be able to understand their current position in the envi-75

ronment in order to complete tasks securely and autonomously. This type of

problem is defined as a requirement that the robot knows where it is in the

environment. Laser rangefinders [24] are among the most popular sensors used
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in developing SLAM algorithms. For the localization of unmanned ground ve-

hicles (UGVs) in large-scale indoor environments, a scan matching method was80

proposed along with an algorithm for multi-resolution likelihood mapping. As

a result, searching space can be reduced during the matching process. Using

a laser rangefinder, the position of the robot can be determined with consid-

erable accuracy depending on the rangefinder’s accuracy. Although the laser

rangefinder enables the determination of pose, in large and highly irregular85

environments, where walls surrounding the environment or corridors have no

variety. In an environment with simple geometry, like a park with trees and

circles, a robot, for example, can easily get lost.

In recent years, interest in visual SLAM has increased significantly [25]. Vi-

sual SLAM systems typically triangulate the position of set points through suc-90

cessive camera frames, and simultaneously use this information to estimate the

camera’s pose. In essence, these systems are designed to map their surroundings

in relation to their location in order to facilitate navigation.

This can be accomplished with a single 3D vision camera, unlike other forms

of SLAM. As long as there are sufficient points tracked through each frame, both95

the orientation of the sensor and the structure of the physical environment can

be quickly understood.

The goal of all visual SLAM systems is to minimize reprojection error, or

the difference between the projected and actual points, by means of algorithmic

adjustment known as bundle adjustment. Due to the need for visual SLAM100

systems to operate in real-time, location and mapping data are bundled adjusted

separately but simultaneously to provide faster processing speeds then merged

together.

Robots can also be equipped with a camera as another common sensor. Engle

et al. propose a camera-based method for large-scale, semi-dense maps called105

LSD-SLAM [26] that does not require adjusting bundles of features. ORB-

SLAM [27] is another approach to visual SLAM proposed by Use Mur-Artal

et al. which allows visual SLAM problems to be broken down into three sub-

tasks: tracking, mapping, and optimizing. Due to the camera’s sensitivity to
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light changes, using a monocular camera is not sufficient to solve the scaling110

problem. This could lead to errors during the localization process. A combi-

nation of laser rangefinder and monocular camera might be useful since those

two sensors are most commonly used for robots. Although such algorithms

improve the performance of feature extraction, they are limited to particular

SLAM algorithms.115

2.2. Mapping

Visual SLAM mapping is performed by using cameras to acquire data about

an environment, followed by combining computer vision and odometry algo-

rithms to map the environment. This allows robots to navigate themselves

independently and to improve localization. The majority of robots have wheels,120

so measuring their distance is easy. Inertial measurement units (IMU) [28] have

been added to some robots for measuring their body motion. Nonetheless, rely-

ing on odometry alone to estimate location is not helpful. However, relying on

odometry alone to calculate the own position is not accurate enough because

of accumulated error produced by noise. When it takes several turns for the125

error to accumulate, the location becomes uncertain. Loop closure plays a key

role here. Considering buildings and trees to be static, there should be a loop

closure [29] at the exact same place, since it has already been there (loop detec-

tion) [30]. It is then possible to correct and adjust the generated map for these

accumulated noises [31].130

The vSLAM concept is fundamental to any kind of robotic application where

the robot must traverse a new environment and generate a map. The system

is not limited to robots, but can be used on smartphones and their cameras, as

well. vSLAM would be one aspect of the pipeline needed by some advanced AR

use cases, for example, where virtual worlds need to be accurately mapped onto135

real environments.

2.3. Wayfinding

Wayfinding systems must be capable of planning and communicating effec-

tive paths to users. Localizing the user and planning the path to the user’s
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desired destination go hand in hand. Once a user has been localized, the op-140

timal path to destination can be determined and communicated to the user as

accessible instructions. There is always a possibility that the user may veer

from the recommended path for many reasons, and a smart navigation aid will

be capable of dynamically re-planning the path to the user’s destination based

on his/her new location. While remaining simple and effective, directions must145

include landmarks that can be sensed by the user during navigation. State

filter-based SLAM algorithms such as MonoSLAM and pose-graph SLAM such

as PTAM, DTAM and LSD-SLAM can be used for wayfinding. In wearable

RNAs [32] today there are multiple SLAM algorithms implemented, such the

algorithm proposed by Saez for a 6-DOF Pose Estimation (PE) [33] by using150

an RNA camera. Visual Odometry (VO) algorithm [34] and entropy-based cost

functions are used to determine egomotion (change in pose between two cam-

era views) of the camera. For estimating the pose of a wearable RNA based

on stereovision, a metric-topological SLAM method (SLAM++) has been pro-

posed. As features from stereo camera images are extracted and tracked step by155

step, local topological maps of the area and global topological relations between

the areas on the maps are updated. Stereo cameras cannot provide complete

depth information about the scene, though these RNAs are not capable of de-

tecting objects. Wearable RNAs [35] rely on RGB camera depth data due to its

capability of providing more reliable depth data in feature-sparse environments.160

In order to estimate the camera’s pose, a bundle-adjustment algorithm [36] is

used and visual features are extracted from images and compared against each

other. It is possible to estimate camera pose in real-time thanks to PL-SLAM

[37], which separates the task of tracking and mapping into two separate threads

and processes them on a dual-core computer. Recent SLAM methods align the165

whole image rather than matching features. However, these types of methods

are typically less accurate than feature-based SLAM methods for estimating

pose.
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3. SLAM Algorithms

In general, Visual SLAM algorithms have three basic modules: initialization170

[38], tracking and mapping [39]. The initialization consists of defining the global

coordinate system of the environment to be mapped, as well as the reconstruc-

tion of part of its elements, which will be used as a reference for the beginning

of the tracking and mapping. This step can be quite challenging for some vi-

sual SLAM applications Figure.1. The next section of this paper is split into175

three categories: monocular based, stereo focused, and monocular and stereo

focused vSLAM algorithms. In detail, each algorithm is described along with

its advantages and disadvantages.

3.1. Monocular based

Monocular SLAM is a type of SLAM that relies exclusively on a monocular180

image sequence captured by a moving camera in order to perform mapping,

tracking and wayfinding. A monocular image sequence is usually a set of images

that are similar to each other.

PTAM. A hand-held camera can be tracked by Parallel Tracking and Mapping

(PTAM) in an AR environment. In parallel threads, tracking and mapping185

are handled separately. The first thread tries to track the erratic motion of

a hand-held device, while on the other hand the second method generates a

3D map of the point features based on previous frames. A detailed map is

produced, with thousands of landmarks. Clearly visible at high frame rates

Model-based systems are surpassed in terms of their accuracy and robustness190

by this method. In the process of mapping, there are two distinct stages [9].

A first stage involves creating an initial map with stereo techniques. After the

keyframes (map points) are added to the map by tracking systems, the mapping

thread refines and expands Figure.2.

Video images captured by the hand-held camera are used to maintain real-195

time estimates of the camera’s position in relation to the built map. After

estimating the video frame, graphics can be augmented over it. To calculate the
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final pose, the system uses the same procedure every frame. The motion model

is used to generate a pose estimate from a new frame every time the camera

detects a new frame. An estimate of the frame’s prior pose determines how map200

points should be projected into the image. A final pose estimation is computed

based on the detection of coarse-scale features in the image. From these coarse

matches, the camera pose is updated, and the overall pose is estimated.

PTAM is advantageous because it splits tracking and mapping into two

separate tasks and processes them in parallel, allowing for batch optimization205

techniques that are not generally associated with real-time operations. This map

only serves as a tool for tracking cameras, which is a limitation of PTAM. Virtual

entities should be able to interact with the map’s geometry, so it shouldn’t be

static. PTAM also lacks auto-occlusive capabilities, which mean that it cannot

track objects without outside assistance. Another limitation of SLAM is that210

it is not designed to close large loops. M-estimators are a general class of

extremum estimators where the objective function is the sample average. The

non-linear least squares method and maximum likelihood estimation are both

special cases of M-estimators. M Estimators of trackers do not take feature map

uncertainties into account, but this does not affect AR applications.215

MonoSLAM. The first successful SLAM algorithm in mobile robotics was

monocular SLAM (MonoSLAM). By moving rapidly along the trajectory of

a monocular camera in an unknown environment, natural landmarks can be

reconstructed into 3D maps, and an urban environment can be mapped using

sparse but persistent points. In this approach, a map of natural landmarks is220

created online in a probabilistic framework from a sparse but persistent set of

data. A fundamental aspect of MonoSLAM is the feature-based map that is a

probabilistic snapshot of the camera’s current state at any given point, as well

as the uncertainty in its estimations. Figure 3 shows how the Extended Kalman

Filter continuously updates maps when the system starts up and persists until225

the operation is complete. Motion of the camera and feature observations result

in updated probabilistic state estimations. A new state is added when new
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Figure 2: PTAM system architecture.

features are observed and, if necessary, feature deletion is also possible.

A given image measurement and camera position cannot directly be used to

invert the feature measurement model to determine the location of a new feature230

since the feature depth is unknown. To determine the depth of a feature, several

measurements from different viewpoints are required, as well as the camera’s

motion. Rather than trying to track the new feature for several frames, it

would be better to estimate its depth by triangulating multiple views from
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multiple views instead of tracking it in the in-game frame. As a result, 2D235

tracking would be worthless since tracking a moving camera is very difficult.

As well, initialization of functions in a camera with a narrow viewing angle

must be completed very quickly to prevent them from being overwritten. As

an alternative, after identifying and measuring a new feature, an initial 3D line

should be drawn along a certain line on the map. The line grows to infinity240

along the direction of feature viewing, beginning at the estimated position of

the camera and having Gaussian uncertainty in parameters.

Images captured with a camera are combined with computer graphics to

generate composite scenes in augmented reality. Graphics must appear as if they

are anchored to the 3D scene being observed in order to produce a convincing245

effect. An accurate understanding of the camera’s motion is required in order

to achieve this. The location of the object can then be fed into a standard 3D

graphics engine, which then renders the image correctly.

Figure 3: MonoSLAM system architecture.
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ORB-SLAM. ORB-SLAM is a feature-based, real-time SLAM system that

works outdoors and indoors in a variety of environments. As a result of the250

robust system, motion clutter can be tolerated, the baseline loop can be closed

and the loop re-located, and the system can be fully automatic. ORB-SLAM

operates on three threads at the same time: tracking, local mapping, and loop

closure.

With every frame, tracking locates the camera and determines when a new255

keyframe should be inserted. In order to optimize the pose, motion-only Bun-

dle Adjustment (BA) was used, along with initial feature matching with the

previous frame. In the event that tracking is lost (e.g. due to occlusions or

abrupt movement), relocalization is performed globally using the place recog-

nition module. The covisibility graph of keyframes that is maintained by the260

system is used to retrieve the local visible map based on a first estimate of cam-

era pose and feature matching. After all local map points are found, reprojection

is used to find matches, and camera pose optimization is again performed. Last

but not least, the tracking thread determines if a keyframe needs to be added.

By processing new keyframes and performing local BA, local mapping is able265

to reconstruct the surrounding environment efficiently. By finding new corre-

spondences for unmatched ORB, new points are triangulated in the covisibility

graph. The point culling policy is applied some time after the points are cre-

ated, based on the results of the tracking. This ensures that only high quality

points are retained. Also, redundant keyframes are culled by local mapping.270

It is important to keep in mind that pixels that do not belong to the model

can negatively affect tracking quality. Photometric errors over a certain thresh-

old must be excluded from being included in the analysis. As the least squares

method converges, this threshold is lowered with each iteration. As a result, this

scheme makes observing unmodeled objects possible while tracking densely.275

DTAM. Dense Tracking and Mapping (DTAM) is a real-time tracking and

reconstruction approach that doesn’t rely on feature extraction, but rather on

dense, pixel-by-pixel tracking. When a large RGB hand-held camera flies over

12



a static scene, a dense patchwork surface of millions of vertices is created. A

detailed texture depth map is generated based on keyframes using the algorithm.280

In order to create a depth map, bundles of frames are reconstructed densely and

with sub-pixel resolution.

When estimating the pose of a live camera, one can determine what motion

parameters produce the best synthetic viewpoint that matches the live image.

Two stages are involved in refining live camera poses. In the first case, we es-285

timate inter-frame rotations from the model, and then refine the model in the

second case, with 6DOF full pose refinement. In both cases, the Lucas-Kanade-

style nonlinear least-squares algorithm is used to minimize an as-measured pho-

tometric cost function iteratively. To achieve the global minimum, as soon as

the system is initially placed within a convex basin, the true solution must be290

found. As a final step, we will maximize efficiency by using a power of two

image pyramid.

LSD-SLAM. In Large-Scale Direct Monocular SLAM (LSD-SLAM), there are

three key components: tracking, depth map estimation, and map optimization.

Whenever new camera images are captured, the tracking component automat-295

ically keeps track of them. By using the previous frame’s pose as the initial-

ization, it determines the rigid body’s position based on the current keyframe.

Based on tracked frames, the depth map estimation component refines or re-

places current keyframes. Through relative comparison between pixels to many

smaller baselines over time, and interleaved spatial regularization, the depth300

can be refined. Whenever the camera moves too far from the current keyframe,

points from nearby keyframes are projected into the new keyframe Figure.4.

In general, keyframes for which tracking references replace keyframes will

not be further refined, since their depth maps are incorporated into the global

map by the mapping optimization component. In order to detect loop closures305

and scale drift, a similarity transform is estimated based on scale-aware direct

image alignment.

A pose graph is shown in the map as a series of keyframes, after each of which
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a camera image is shown, an inverse depth map is displayed, and a variance of

the inverse depth is displayed. Only pixels containing all regions with sufficient310

gradients of intensity can be used to calculate a depth map and variance, and

thus only on semi-dense scenes. An alignment metric as well as a keyframe’s

covariance are determined by similarity transforms.

Figure 4: LSD-SLAM system architecture.

PMDS-SLAM. Probability Mesh Enhanced Semantic SLAM (PMDS-SLAM)

[40] divides pixels into meshes and integrates the motion probability informa-315

tion from historic frames. The probabilities are propagated to the new frame

meshes. With the use of motion checks, the probability of dynamic targets

can be updated in the new frame, reducing its impact on tracking. This mesh

probability is further used to remove dynamic feature points that are highly

likely.320
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During PMDS-SLAM, images are tracked and captured and the semantic in-

formation of each pixel is extracted using the Mask-RCNN segmentation tech-

nology. The superpoint segmentation technology for segmenting the current

frame into a superpoint mesh is then used. The initial mesh probability is

generated from that semantic prior information, and then propagated through325

history and into current time. As the current frame contains positions where

motion is present, it calculates the motion state for superpoint mesh points at

those locations. These meshes are then updated using the Bayesian probability

formula. Using the dynamic area mask generated by the tracking thread based

on the mesh probability, no real moving features can be observed in the result.330

Camera pose is calculated using only static feature points that match each other

Figure.5.

In PMDS-SLAM, the image details are subdivided and all the targets in the

scene are segmented using superpoint segmentation, as opposed to deep learn-

ing’s semantic segmentation. To achieve the segmentation effect, it sprinkles335

superpoints randomly over the RGB input image and iteratively extends the

range of superpoints as necessary. In this case, the target is not separated indi-

vidually, but instead it’s subdivided. Using a fast implementation method [14],

this paper segments the image into superpixels by SLIC [13]. This approach can

allow the semantic segmentation network to segment targets that are unrecog-340

nizable with greater accuracy, as well as pinpoint the motion feature point area

more precisely, eliminating the whole contour feature point of targets that are

due to partial joint motion. In comparison to ORB-SLAM2, PMDS-SLAM can

significantly improve a low dynamic sequence’s accuracy by more than 27.5%.

More than 90% of the improvements can be achieved for scenes that have high345

dynamic range. As a result of PMDS-SLAM, dynamic objects are eliminated

from interference, thereby reducing pose errors.

VPS-SLAM. In the world of visual planar semantic SLAM (VPS-SLAM) [41],

a lightweight and real-time framework is developed.As part of this method,

visual/visual-inertial odometry (VO/VIO) is applied to the geometrical data350
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Figure 5: PMDS-SLAM system architecture.

representing planar surfaces derived from semantic objects. Using planar sur-

faces to estimate shapes and sizes of selected semantic objects allows for rapid,

highly accurate improvements in metrics. A graph-based approach utilizing

several state-of-the-art VO/VIO algorithms and the latest object detectors can

estimate the robot’s six degrees of freedom pose while simultaneously generating355

a sparse semantic model of the environment Figure.6. No prior knowledge of

the objects is needed for this approach.

Any object based detector can be used to detect semantic objects in VPS-

SLAM.
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Figure 6: VPS-SLAM system architecture.

3.2. Stereo based360

Stereo based vSLAM rely on feature points to estimate the camera trajectory

and build a map of the environment. Feature points usually are points from all

the edges in an evironment. The performance of such algorithms is affected in

low-textured environments, where it is sometimes difficult to find a sufficient

number of reliable point features.365

DS-PTAM. A stereo vision-based approach to SLAM is Distributed Stereo

Parallel Tracking and Mapping (DS-PTAM). Its purpose is to build a map of

an environment in which a robot can operate in real time while getting an accu-

rate estimate of its position. By dividing tracking and mapping tasks into two

independent execution threads and performing them both in parallel, S-PTAM370

achieves very good performance compared to other current SLAM methods.

S-PTAM assumes that the stereo camera is at the origin of world coordinates

and doesn’t know what its surroundings are at the beginning of the process.

The map is then initialized using the extracted features from the left and right

frames using a triangulation process. Points on a map are known as triangula-375

tions. Based on the current map, the next stereo frame will be located based

on the current pose of the camera. Based on previous poses, a decay-velocity
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model is used to determine the camera’s initial pose. By processing each image

in three dimensions and then plotting each point on a plane, we adjust this es-

timation by comparing each of its descriptors to the features that are extracted380

from it. In this procedure, correspondences are obtained from an observation

point in space that was made by the stereo camera. These correspondences are

referred to as 2D-3D matches or constraints. Additionally, stereo frames from

unknown regions around the world are selected to be included in the map, which

adds constraints and new points to the map Figure.7. These frames are known385

as keyframes.

After moving along its path, it will obtain new stereo images that will be

processed using the described method, resulting in an incremental map whose

size increases with each successive iteration. The Tracker module is responsible

for this functionality. A second execution thread called Mapper will run concur-390

rently with Tracker, which will adjust camera positions and point locations, i.e.

adjust the map. Bundle Adjustment is used for these refinements. Also, this

thread increases the constraints between keyframes and map points by finding

new matches. Further, both map points and measurements considered to be

unreliable or spurious are removed.395

DOC-SLAM. The Dynamic Object Culling SLAM (DOC-SLAM) [42] ystem

is a stereo SLAM that is able to achieve good performance in highly dynamic en-

vironments by removing the actual moving objects. By combining the semantic

information from panoptic segmentation together with the optical flow points,

DOC-SLAM can detect potential moving objects. To accomplish dynamic ob-400

ject culling, a moving consistency check module determines and removes feature

points in objects which are in motion.

Utilizing a direct method of estimating camera trajectory, this method re-

duces the time that’s consumed with feature extraction and tracking. To remove

the objects in motion I propose a moving consistency check module, which is405

an alternative to the feature-based method, which measures match points by

re-projection error. In Figure.8, static point extraction is followed by dynamic
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Figure 7: DS-PTAM system architecture.
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Figure 8: DOC-SLAM system architecture.

point culling to extract the key points.

VINS-Fusion (stereo) is the base on which DOC-SLAM’s localization module

is built. In static scenes, VINS-Fusion achieves accurate self-localization by410

using optimization-based state estimation.

3.3. Monocular and Stereo Based

Monocular and Stereo based vSLAM algorithms can perform mapping, track-

ing and wayfinding by using both a sequence of images or just feature points.

ORB-SLAM2. The ORB-SLAM2 system [43] is an integrated SLAM system415

for monocular, stereo, and RGB-D cameras that offers map reuse, loop closing,

and relocalization functions. This system works by using standard CPUs in

different environments ranging from small handheld devices inside the home to
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drones flying in factories and cars traveling through city streets. Bundled ad-

justments combined with metric scale observations allow for accurate trajectory420

estimation on the back end. For localization, the system provides a lightweight

mode that utilizes visual odometry to track non-mapped regions and match

those tracks to map points to ensure zero drift.

During ORB-SLAM2, a full Bundle Adjustment (BA) optimization is ap-

plied to reach the optimum solution. Since optimization would require a lot425

of resources, it was performed in a separate thread, thus allowing the system

to create maps and identify loops while optimization was being performed. As

a consequence, merging the bundle adjustment output with the existing map

is challenging. During the optimization, a new loop may occur, causing the

optimization to be aborted and the loop to be closed, triggering the BA Opti-430

mization process again. Upon completion of the full BA, the updated subset of

keyframes should be merged, and all points that were inserted during the opti-

mization process should be optimized by the full BA. Through the spanning tree,

the corrected keyframes are propagated to the non-updated keyframes.Based on

the correction applied to their reference keyframe, the non-updated points are435

transformed in Figure.9.

Whenever environmental conditions do not change significantly in the long

run, the localization mode can be used to enable lightweight long-term local-

ization. If necessary, the tracking processes relocalize the camera continuously

in this mode without deactivating the local mapping or loop closure threads.440

As part of this mode, points are mapped using visual odometry matches. In

visual odometry, the 3D points that are created at each point of the current

frame at the same position as the 3D points generated in the previous frame are

matched with the ORB in the current frame. Localization is robust to regions

that haven’t been mapped, but drift may accumulate. By matching map points,445

we ensure the existing map remains localized at all times.

DynaSLAM. The capability of dynamic object detection and background in-

painting is added to ORB-SLAM2 using DynaSLAM. Whether it is monocular,
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Figure 9: ORB-SLAM2 system architecture.

stereo, or RGB-D, DynaSLAM works well in dynamic scenarios. The system

is capable of detecting moving objects either using deep learning or multiview450

geometry. Static maps of scenes make it possible to inpaint frame backgrounds

obscured by dynamic objects.

After segmenting the potentially dynamic content, the pose of the camera is

tracked by analyzing the static part of the image. Because high-gradient areas

tend to appear in segment contours, salient features tend to stand out. Such455

contour areas do not have features taken into account. This is a simpler, lighter

version of ORB-SLAM2’s tracking, which is implemented at this stage of the

algorithm. In Figure.10, the algorithm consists of projecting map features into

an image frame, verifying correspondences within the static areas of the image,

and optimizing the camera pose by minimizing re-projected errors.460

For every removed dynamic object, background inpainting is used to recon-

struct a realistic image by taking information from previous views and painting

over the occluded background. After the map has been created, the synthetic
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frames may be used to relocate and track cameras, as well as for applications

such as virtual and augmented reality.465

Finally the only limitation of DynaSLAM is that it is less accurate in scenes

with dynamic objects.

ORB-SLAM3. Using pin-hole and fisheye lens models, ORB-SLAM3 [44] is

the first system that can perform visual, visual-inertial, and multimap SLAM.

It is the first system to rely on maximum a posteriori (MAP) estimation during470

the initialization of the inertial measurement unit, resulting in two to ten times

higher accuracy as compared to other approaches in small and large, indoor and

outdoor environments. A new mapping method allows ORB-SLAM3 to survive

periods of poor visual data, as it continues with an updated map when visual

data becomes unavailable for some reason, while combining previous maps seam-475

lessly as new data becomes available. In comparison with conventional odometry

systems, ORB-SLAM3 maintains all the previously processed keyframe infor-

mation from equally visible frames from each stage, even if they are far apart

in time or from previous sessions, increasing overall accuracy.

Sensor data is processed by tracking threads, which compute the position of480

the current frame relative to the current map in real time. Feature projections

with matched features can be made with minimal error. Further, it determines

if a keyframe should be applied to the current frame. Visual-inertial modes

estimate body velocity and IMU bias by including residuals from inertial sensors

during optimization. Tracking threads that lose tracking attempt to relocalize485

the current frame throughout all Atlas’ maps [44]. The tracking will resume

if it has been relocalized, and the active map will be switched. If the active

map is not initialized after a certain time, it becomes inactive and is stored as

nonactive until it can be re-initialized from scratch.

4. Comparison490

Monocular vSLAM algorithms such as MonoSLAM, PTAM, PMDS-SLAM,

LSD-SLAM and ORB-SLAM lack the ability to perform well and fast in large,
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Figure 10: DynaSLAM system architecture.

crowded indoor environments. This is due to various reasons. For example, due

to MonoSLAM’s deterministic nature, it is difficult to estimate an exact normal

vector at each feature location due to the relatively simple texture patterns495
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associated with many features, such as black on white corners, for which full

warp estimation is not possible. In addition, the algorithm must be improved

to handle large indoor and outdoor environments. Moreover, ORB-SLAM’s

performance is not robust to changes in illumination while tracking and to

global illumination changes can occur in real life.500

On the other hand stereo base vSLAM algorithms such as DS-PTAM, it is

tracker configuration and map configuration are prone to higher computational

costs and take a longer time to execute. Because map updates are so complex,

sending and receiving them was complicated. DS-PTAM has another limitation,

tracking is estimated slower because the configuration works better on an un-505

optimized map.

Monocular and stereo based vSLAM algorithms such as ORB-SLAM2, their

optimization process requires a lot of resources and merging the bundle adjust-

ment output with the existing map is challenging. Also if a new loop occur, the

optimization is stopped, the loop is closed and the BA optimization starts over.510

Both Monocular and Stereo based vSLAM algorithms use Bundle Adjust-

ment and some of them use Local Bundle Adjustment. In feature-based monoc-

ular SLAM, bundle adjustment plays an important role. As part of the 6DOF

camera trajectory and 3D point cloud estimation, bundle adjustment is used to

estimate the 3D map (3D point cloud) based on input feature tracks. However,515

SLAM systems using bundle adjustments suffer from two major weaknesses. In

the first place, the need for careful initialization of bundle adjustments requires

the map to be estimated as accurately as possible and maintained over time,

making the overall algorithm complex. A second challenge will arise during

periods of slow motion or rotation when the SLAM algorithm has difficulty520

estimating the 3D structure (which requires an appropriate baseline).

A local bundle adjustment (LBA) is a method of estimating the geometry of

image sequences taken by a calibrated camera. This approach has the advan-

tage of reducing computational complexity, allowing real-time processing with

comparable accuracy as standard (global) bundle adjustments.525

A monocular and stereo based vSLAM algorithm that outperforms every-
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thing else is ORB-SLAM3. It is the first system that can perform visual, visual-

inertial, and multimap SLAM. Moreover It is the first system to rely on max-

imum a posteriori (MAP) estimation during the initialization of the inertial

measurement unit, achieving two to ten times higher accuracy as compared to530

other approaches in small and large, indoor and outdoor environments.

5. SLAM Algorithms Table

Table II shows a general description of the SLAM algorithms for different

factors. The purpose of the algorithm could be either for general use, AR or

Robotics. The Camera represents what camera can be used for each algorithm535

and Environment shows in witch environment each algorithm works. Finally

Table II shows the Resolution of each algorithm and their Estimation.

6. Datasets

Open-source datasets will be discussed in this section which may be used

to test SLAM algorithms. In this section, the most commonly used datasets540

were discussed, including the KITTI dataset, the EuRoc dataset, and the TUM

RGB-D dataset.

KITTI Dataset. Karlsruhe Institute of Technology and Toyota Technologi-

cal Institute (KITTI) [45] datasets have been used by mobile robotics and au-

tonomous driving research. A variety of sensor technologies were used to record545

hours of traffic scenarios, including high-resolution RGB, grayscale stereo cam-

eras, and a 3D laser scanner. Although incredibly popular, the dataset does

not contain sufficient ground truth to allow for semantic segmentation. A total

of 7481 training images are annotated using 3D bounding boxes in the KITTI

dataset.550

EuRoC Dataset. European RoC MAV [46] is a visual-inertial dataset col-

lected by a Micro Aerial Vehicle (MAV). Synced IMU measurements, as well as
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Table 2: Slam algorithms

Algorithm Purpose Camera Environment Resolution Estimation

MonoSLAM General Monocular Indoor Low EKF

PTAM AR Monocular Indoor Low BA

DS-PTAM Robotics Stereo Indoor/Outdoor Low-High BA

PTAM-DENSE Robotics Monocular Indoor Low BA

ORB-SLAM General Monocular Indoor/Outdoor Low-High Local-BA

ORB-SLAM2 General Monocular/Stereo Indoor/Outdoor Low-High Local-BA

PL-SLAM General Monocular Indoor Low-High BA

DTAM General Monocular Indoor Low Local-BA

LSD-SLAM General Monocular Indoor/Outdoor Low-High PG

SLAM++ General Depth Indoor Low Local-BA

DynaSLAM General Monocular/Stereo Indoor/Outdoor Low-High BA

DOC-SLAM Robotics Stereo Indoor/Outdoor Low-High Local-BA

PMDS-SLAM Robotics Monocular Indoor/Outdoor Low-High Full BA

VPS-SLAM General Monocular Indoor/Outdoor Low-High Local-BA

ORB-SLAM3 General Monocular Indoor/Outdoor High Local BA

motion and structure ground truths, are present in the dataset. Visual-inertial

localization algorithms can be designed and evaluated with the dataset.

TUM RGB-D Dataset. TUM RGB-D [47] is a dataset containing images555

which contain color and depth information collected by a Microsoft Kinect sen-

sor along its ground-truth trajectory. Recording was done at full frame rate (30

Hz) and sensor resolution (640x480). Ground-truth trajectory information was

collected from eight high-speed tracking cameras (100 Hz), using high-precision

motion capture.560
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7. Evaluation metrics

Relative pose error (RPE). Based on a determined time interval ∆, relative

pose error is a measure of the local accuracy of the trajectory. Hence, the relative

pose error is indicative of the drift of the trajectory which is especially relevant

for evaluating visual odometry systems. According to this definition, the relative565

pose error at time step i is

Ei := (Qie
−1Qi +∆)−1(P−

i 1Pi +∆) (1)

The relative pose errors along a sequence of n camera poses are obtained in

this way: m = n - /Delta. Over all time indices of the translational component,

the root mean squared error (RMSE) was calculated as follows:

RMSE(E1:n,∆) := (
1

m

m∑
i=1

||trans(Ei)||2)
1
2 (2)

The translational components of the relative pose error Ei are denoted by570

trans (Ei). In certain situations, root mean square error is preferred rather than

mean error since outliers are less affected. It is also possible to compute the

median rather than the mean instead, which gives outliers less influence. Also,

the rotational error can be evaluated. However, most of the time the transla-

tional errors are sufficient for comparison (since rotational errors are translated575

by the camera when it is moved).

For systems attempting to match consecutive frames, it is necessary to incorpo-

rate the time parameter ∆ = 1 which indicates the drift per frame RMSE(E1:n).

When using multiple previous frames in a system, larger distributions of /Delta

can be appropriate. For example, ∆ = 20 gives the drift per second for a580

sequence recorded at 20 Hz. One commonly chosen (but poor) method of com-

paring the start point and the end point is to set ∆ = n. Because this metric

penalizes rotational errors more towards the end of the trajectory [48], [49], it

is misleading. In order to evaluate SLAM systems, it makes sense to average

over all time intervals ∆ for example, to compute585
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RMSE(E1:n) :=
1

n

n∑
∆=1

RMSE(E1:n,∆) (3)

This expression has quadratic computational complexity in terms of trajec-

tory length. Accordingly, it was proposed[46] that it could be approximated by

composing a set of relative pose samples from a fixed number of locations.

Absolute trajectory error (ATE). For vSLAM systems, the absolute dis-

tance between the estimated and the ground truth trajectory is another impor-590

tant metric that can be used to assess the global consistency of the estimated

trajectory. Due to the fact that both trajectories can be specified in any coor-

dinate frame, they must be aligned first. With the Horn method [50], one can

obtain a rigid-body transformation S that maps the estimated trajectory Pi:n

onto the ground truth trajectory Q1:n using the least-squares solution. As a595

result of this transformation, the absolute trajectory error can be computed as

follows:

Fi := Q−1
i SPi (4)

For translational components, it was proposed [47] to calculate root mean

squared error over all time indices for each component, for instance

RMSE(F1:n) := (
1

n

n∑
i=1

||trans(Fi)||2)
1
2 (5)

By averaging the data over all possible time intervals, the RPE can also be600

used to evaluate the overall error of a trajectory. Translational and rotational

errors are taken into account by the RPE, while only translational errors are

considered by the ATE. Therefore, the RPE metric provides an elegant way to

combine rotational and translational errors into a single measure. The ATE,

however, generally also detects rotational errors indirectly because they show605

up in wrong translations.
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7.1. Limitation of evaluation metrics

Many researchers today still use older techniques and algorithms to evaluate

the accuracy of their SLAM algorithm. Those evaluation approaches have many

limitations i.e do not work for all algorithms and especially recent ones and610

do not always work if the environment is large and full of obstacles. Those

limitations bring the motivation to explore new ways that could potentially be

used to accurately evaluate SLAM algorithms.

8. Discussion

AR systems demonstrate the great potential of visual SLAM algorithms to615

deal with the registration problem. The mapping of the environment enables

the user to include virtual objects in their view according to their point of ob-

servation along with solving the occlusion of virtual elements by real elements

by utilizing the tracking of the sensor device’s pose. The results of this re-

search show a trend in the use of conventional (monocular) devices as a sensor.620

Among the described algorithms, ORB-SLAM can be considered the state of the

art among those who use a single camera as a sensor. Although the PL-SLAM

Monocular is robust, especially in environments that are poor in texture, this

result is achieved at the expense of high computational capacity. The stereo

version of these algorithms, ORB-SLAM2 and PL-SLAM Stereo, respectively,625

show similar results, although there are inherent advantages to stereo technol-

ogy, such as easier scaling and map initialization. Among the algorithms that

are based on depth sensors, associated or not with RGB cameras, some present

promising results since the behavior that is invariant to the ambient light is an

important characteristic of these sensors. However, depth sensors are not as630

commonly found in devices as RGB cameras and do not usually perform well

outdoors, due to the use of infrared rays.

Among the advantages that can be pointed out of the use of visual SLAM al-

gorithms for AR applications are the high availability of low-cost cameras, both

for desktop computers and for mobile devices, and the collection of non-invasive635
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information made by optical devices. Among the disadvantages of working in

low light environment there is still a challenge of initializing the map in the

monocular configuration, and the difficulty of working outdoors with infrared

depth cameras.

9. Conclusion640

This work carried out for this survey was to explore the main techniques of

visual SLAM developed in recent years with the aim of identifying their funda-

mental characteristics. The results show that the solutions developed for general

purposes are the majority, although AR is becoming a potential application for

dedicated algorithms. The most common solutions are those that perform in645

real time without requiring prior knowledge of the environment. In addition,

the predominance of applications performed in internal environments is due to

the limitation of sensors in acting externally. This scenario should only change

if the sensor technology evolves to the point of overcoming this limitation.
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Orb-slam3: An accurate open-source library for visual, visual–inertial, and

multimap slam, IEEE Transactions on Robotics.

36



[45] A. Geiger, P. Lenz, C. Stiller, R. Urtasun, Vision meets robotics: The kitti

dataset, The International Journal of Robotics Research 32 (11) (2013)800

1231–1237.

[46] M. Burri, J. Nikolic, P. Gohl, T. Schneider, J. Rehder, S. Omari, M. W.

Achtelik, R. Siegwart, The euroc micro aerial vehicle datasets, The Inter-

national Journal of Robotics Research 35 (10) (2016) 1157–1163.

[47] J. Sturm, N. Engelhard, F. Endres, W. Burgard, D. Cremers, A benchmark805

for the evaluation of rgb-d slam systems, in: 2012 IEEE/RSJ International

Conference on Intelligent Robots and Systems, IEEE, 2012, pp. 573–580.
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