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Planar Fiducial Markers: A Comparative Study

David Jurado-Rodriguez1,2, Rafael Muñoz-Salinas1,3,∗, Sergio Garrido-Jurado2, Rafael Medina-Carnicer1,3

Abstract

Fiducial markers are a cost-effective solution for solving labeling and monocular localization problems, making them
valuable tools for Augmented Reality (AR), robot navigation, and 3D modeling applications. However, with the de-
velopment of many marker detection systems in the last decade, it has become challenging for new users to determine
which is best suited for their needs. This paper presents a qualitative and quantitative evaluation of the most relevant
marker systems. We analyze the available alternatives in the literature, describe their differences and limitations, and
conduct detailed experiments to compare them in terms of sensitivity, specificity, accuracy, computational cost, and per-
formance under occlusion. To our knowledge, this study provides the most comprehensive and updated comparison of
fiducial markers. In the Conclusion section, we offer recommendations on which method to use based on the application
requirements.

Keywords: Augmented Reality, Fiducial Planar Fiducial Markers, Pose Estimation, Marker System Comparison,

1. Introduction

Planar fiducial markers are a cost-effective solution for
addressing labeling and localization challenges. These
markers consist of a two-dimensional pattern with an ex-
ternal border and an internal colored code, enabling unique5

identification. There are three main advantages of using
planar fiducial markers. Firstly, the pose of the camera
can be accurately computed based on the marker’s shape
alone. Secondly, the markers can be detected quickly with
low CPU usage [54]. Finally, their detection is robust to10

changes in lighting and perspective. Because of these ben-
efits, planar fiducial markers have become a widely used
tool in fields such as autonomous robots,[32, 62, 23], in-
door navigation [16, 42], unmanned vehicles [65, 9, 46], and
medicine [36, 52, 25, 58] and even in Augmented Reality15

(AR) applications [6, 8, 11, 26].
In recent years, several techniques have been proposed

for developing AR applications by utilizing SLAM algo-
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rithms to create a map of the environment based on nat-
ural features [33, 41, 17]. Mobile development frameworks 20

like ARCore 5 and ARKit 6 combine camera detection with
inertial information to support these efforts. Although
these techniques can be utilized in AR applications, they
have several limitations. Firstly, they require a substan-
tial amount of texture, which may not be present in cer- 25

tain indoor environments, such as laboratories and corri-
dors. Secondly, the methods used for relocalization, such
as bag-of-words (BoW) [20], have limited performance un-
der viewpoint changes, repetitive patterns [64], a lack of
texture [72], and changes over time [37]. Thirdly, the scale 30

remains unknown unless multiple cameras or other sensors,
such as inertial sensors, are employed.

As a solution to these issues, several authors have sug-
gested the use of fiducial markers to enhance the pose es-
timation process [12, 71, 34, 61, 48]. The SPM-SLAM 35

method [43] addresses some of the aforementioned lim-
itations by utilizing squared fiducial markers instead of
natural features. These markers can be positioned any-
where in the environment, and SPM-SLAM can create a
3D map of them. Later, the study in [45] demonstrated 40

that combining fiducial markers with key points leads to
higher accuracy than prior visual-SLAM techniques. This
research confirms that fiducial markers are a useful tool
that can assist in various aspects of pose estimation.

5https://developers.google.com/ar [last access 09/07/2022]
6https://developer.apple.com/augmented-reality/ [last ac-

cess 09/07/2022]
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System Year Cites Cites/Year Availability Last Update Languages Pose Examples Comments
QR Codes[63] 1994 > 10K - Code 2022 C++, Python Yes Yes It is integrated into OpenCV
ARToolkit [30] 1999 3635 158.0 Code 2017 C++ Yes Yes Old and not maintained code
Intersense [47] 2002 403 0.8 Not available - - No No Needs four markers for pose estimation
Visual Code [53] 2004 269 14.9 Not available - - - - -
ARTag [18] 2005 1155 67.9 Not available - - - - -
Colored Tags [2] 2005 13 0.8 Not available - - - - -
ARToolkit+ [66] 2007 729 48.9 Code 2017 C++ Yes Yes Halted project
ReacTIVision [29] 2007 605 40.3 Code 2016 C++, C# No No Implements TUIO protocol
FourierTag [59] 2007 81 5.4 Code 2015 - No No Needs two markers for pose estimation
CALTag [2] 2010 146 12.2 Not available - - - - -
Rune-Tag [4] 2011 135 12.3 Code 2015 C++ Yes No Crashes in Ubuntu 20.04
BlurTag [51] 2012 9 0.9 Not available - - - - -
ArUco [21] 2014 1693 211.6 Code 2022 C++ Yes Yes Integrated in the OpenCV-Contrib repository
ChromaTag [13] 2015 59 11.8 Code 2017 C, C++ Yes No Sensitive to lighting changes
AprilTag2 [67] 2016 493 82.1 Code 2018 C++, Java Yes Yes Adequate and updated documentation
AprilTag3 [67] 2016 493 82.1 Code 2022 C Yes Yes Well documented and wide variety of markers
CCTag [7] 2016 63 10.5 Code 2022 C++, Python No No Needs two markers for pose estimation
Vumark 4 2016 - - Binaries 2022 C++, C# Yes Yes Good documentation and large number of examples
ArUco3 [54] 2018 495 123.7 Code 2022 C++ Yes Yes Accessible and documented
TopoTag [73] 2020 20 10.0 Binaries 2021 C++ Yes No Only for Windows
STag [3] 2019 25 8.3 Code 2020 C++ Yes No Provides a ROS implementation
DeepTag [74] 2021 2 1.0 Code 2022 Python Yes No Based on CNNs

Table 1: The fiducial marker systems found in the literature. The table indicates each system the following information. i) The name
of the system; ii) Release date; iii) number of cites, obtained from https://scholar.google.com/; iv) impact factor (Cites/Year); v) link
to its source code or binaries; vi) last time it was updated; vii) programming language; viii) whether the system can estimate the camera
position; ix) if the implementation includes examples, projects, demos, or template code; x) a comment about the meaningful features of each
method.

However, despite the plethora of fiducial marker systems45

proposed in recent years, it is challenging for newcomers
to choose the best option for their specific use case due to
differences in accuracy, speed, and customization between
the available alternatives. Additionally, the few compar-
ative studies [28, 57] performed have evaluated a limited50

set of metrics for a small subset of systems.

Despite the wide variety of alternatives, only a few have
become popular and widely adopted by the community.
We believe several conditions must be met for a system
to be widely used. Firstly, its source code must be avail-55

able and periodically maintained. Most technologies do
not include source code; when available, it is not updated
to work with the latest compiler and operating systems
updates. It is also important to point out that minimizing
the number of external dependencies of a project is neces-60

sary to extend its lifetime. Secondly, the source code must
work. It seems obvious, but sometimes you download a
system and get it set up, only to find that it crashes. As a
consequence, the community quickly discards it. Finally,
the source code must be designed in such a way that it65

can adapt to a wide variety of use cases. Many authors
release their source code, but it is difficult or impossible
to access basic information, like the detected markers or
their pose. On other occasions, the system presents some
difficulty to be edited, which limits its implementation to70

very restricted environments.(e.g., ROS [50]). Indeed, such
design approaches do not allow their widespread adoption.

This article presents a comprehensive comparative eval-

uation of 13 fiducial marker systems to help practitioners
select the best alternative for their needs. 75

Table 1 shows a summary of the different alternatives
that the authors of this paper have found in the litera-
ture. It may not be an exhaustive list but it provides the
most relevant works. The table shows relevant informa-
tion about each method to analyze its real impacts on the 80

community, such as the number of cites, the availability
of source code, or the last time it was updated. In the
case of the QR Code, it has been impossible to accurately
estimate the number of citations, as it is an old method
with no single publication to refer to. 85

Among all the markers detection systems shown in
Table 1, only systems that satisfy the following non-
functional requirements (NFRs) have been chosen. i)
Availability and Reliability: source code and binaries must
be available without errors during execution or compila- 90

tion, ii) Compatibility and Maintainability: the executable
should not crash when tested, iii) Usability: it must be able
to compute the camera pose.

Based on the above guidelines, the following marker de-
tection systems have been selected for evaluation in this 95

research: QR Codes [63], ARToolkit [30], ARToolkit+
[66], ArUco [21], ArUco3 [54], AprilTag2 [67], AprilTag3,
STag [3], TopoTag [73], DeepTag [74], ChromaTag [14],
Jumarker[27] and VuMark. Figure 1 shows the marker
design of each technology. Note that DeepTag does not 100

propose a different marker design. This technology is com-
patible with some of the systems cited above.

2
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https://github.com/fabrizioschiano/apriltag2
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https://github.com/bbenligiray/stag
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Figure 1: Fiducial markers selected for evaluation in this work.

Although it is expected that a newer version of a system
will perform better than its predecessor, evaluating the
degree of improvement is interesting. In this manner, the105

reader can assess the extent of the method’s evolution. It’s
noteworthy that the maintenance and updating teams for
ArUco and ArUCo3 are different.

The first part of this paper (section 2) introduces the list
of fiducial marker systems employed in this research. We110

also provide a chronological exposition of the alternatives
proposed and how they improved upon each other until
the most recent works.

The second part of this paper (section 3) compares the
selected systems under the same conditions. In particu-115

lar, we have evaluated their sensitivity, specificity, accu-
racy, robustness, and speed. To our knowledge, this is the
most comprehensive evaluation of fiducial marker systems
to date. Finally, section 4 draws the main conclusions.

2. Fiducial markers systems120

This section explains the main features of the different
fiducial marker systems employed in this comparison. An
individual analysis is provided, highlighting their strengths
and weaknesses.

2.1. QR Codes125

QR Codes (Quick Response Codes) are two-dimensional
barcodes invented in 1994 by the Japanese automotive
company Denso Wave [24]. They have since become
widespread in commercial and industrial environments, of-
ten appearing on product packaging to direct users to web130

links. However, due to their design, they are not typically
used in camera tracking or 3D pose estimation applica-
tions, as they offer limited robustness against distortions

and rotations compared to other systems discussed in this
research. 135

The visual representation of a QR Code consists of black
squares arranged in a grid pattern on a white background,
facilitating efficient information encoding. Decoding QR
Codes is widely supported on common hardware devices,
such as smartphones, and numerous tools are available for 140

generating these codes. The smallest units of a QR Code
are referred to as "modules," and the appearance and res-
olution of the code vary based on the amount of data it
contains. The patterns in the three corners of the code are
always seven modules wide, with the number of modules 145

between them increasing as the amount of data increases.
Despite their widespread popularity, QR Codes are

rarely used in applications that require camera position-
ings, such as robotics, AR, and medical surgery. This is be-
cause they store a large amount of information, requiring 150

high-resolution images to be decoded, making it difficult
to do so from distances over 50 cm 7. Additionally, solving
the minimal form of the camera positioning problem [68]
with just three points can result in up to four possible so-
lutions, which can only be unambiguously determined for 155

low noise levels.
Multiple open-source libraries have implemented addi-

tional modules to detect this type of marker in images in
real-time, such as VISP[40] or OpenCV 8. In this work, we
have used the latest. 160

2.2. ARToolKit
ARToolKit [31] is considered one of the first AR software

development kits (SDKs). The system uses black-bordered

7https://docs.opencv.org/4.x/de/dc3/classcv_1_
1QRCodeDetector.html [last access 09/07/2022]

8https://docs.opencv.org/4.x/de/dc3/classcv_1_
1QRCodeDetector.html [last access 09/07/2022]
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square markers with a user-defined image inside for unique
identification. Figure 2 shows three markers of the AR-165

ToolKit system, with the default internal image contain-
ing the icon "Hiro", named after its creator Hirokazu Kato
from the Nara Institute of Science and Technology [30].

The first stage of the ARToolKit detection method in-
volves extracting the borders of the markers through mor-170

phological operations on a binary thresholded image. AR-
ToolKit locates the borders by finding connected groups
of pixels in the thresholded image, forming square shapes.
Once the border is extracted, the homography matrix is
calculated from its four corners, yielding the canonical175

marker image, which is a frontal view of the marker with-
out perspective distortion. Finally, the canonical image is
compared to a library of known markers to identify the
valid ones.

While ARToolKit allows using visually attractive cus-180

tom markers, its detection method is prone to errors and
not very robust in varying lighting conditions, as demon-
strated in later studies [66].

Figure 2: ARToolKit markers. Each marker has a unique identi-
fication, which is its internal picture.

2.3. ARToolKit+

ARToolKit+ [66] is an evolution of the ARToolKit SDK185

[31], which is free and open-source. In chronological order,
ARToolKit was developed first, followed by ARTag [19]
and then by ARToolKit+. Each system is inspired by the
previous one. However, only ARToolKit and ARToolKit+
are available for download and use in commercial products.190

ARToolKit+ adopts the marker design of ARTag, i.e.,
a binary pattern of 6× 6 bits encoding a unique ID (Fig-
ure 1c). However, a novel aspect of ARToolKit+ is us-
ing an automatic image thresholding algorithm to detect
borders. The thresholding value is dynamically computed195

using information from the previous frame if a marker was
detected. However, a random thresholding value is em-
ployed when no markers are found. This approach frees
the user from manually setting a threshold, as in ARTag.

The ARToolKit+ source was completely rewritten in200

C++ with a cleaner and more intuitive design. The

ARToolKit+ memory management improves its predeces-
sor, allowing the simultaneous detection of more than one
marker per image without affecting its computational cost.
Finally, as a novel aspect, ARToolKit+ offers a public and 205

fully accessible plugin for Unity 9. This is useful for pro-
grammers to integrate ARToolKit into their AR applica-
tions in a 3D world.

2.4. ArUco

ArUco [21] is probably the most reliable open-source li- 210

brary for real-time fiducial marker detection. By providing
the camera calibration and the marker size, the ArUco sys-
tem can detect markers in digital images and return the
position of its corners, the ID of each marker, and the cam-
era location. The ArUco library is a part of the OpenCV 215

as an additional module 10. In this work, we have used the
latest.

Markers must be composed of an external black bor-
der and an inner region to encode the binary pattern,
which is unique and identifies each marker. Notably, 220

the ArUco library is versatile, allowing the detection of
other markers such as ARToolKit+, ChiliTags, and April-
Tag. However, in [21], it is recommended to use the
ARUCO_MIP_36h12 dictionary, an optimal dictionary
generated using Mixed Integer Linear Programming algo- 225

rithms [22].

Figure 3: ArUco features. (a) ArUco Boards. (b) ChArUco.

ArUco Boards and ChArUco are two main features that
make the library popular. Firstly, an ArUco Board (as
seen in Figure 3(a)) consists of a set of markers located in
known relative positions to each other, providing a unique 230

reference system. This is useful in certain situations be-
cause even if several markers are occluded, their positions
can still be estimated based on the visible markers. This
leads to a more precise and stable camera pose estimation
relative to the center of the board. 235

9http://www.arreverie.com/blogs/
getting-started-with-artoolkit-unity-plugin/ [last access
09/07/2022]

10https://docs.opencv.org/4.x/d5/dae/tutorial_aruco_
detection.html [last access 03/01/2023]

4

http://www.arreverie.com/blogs/getting-started-with-artoolkit-unity-plugin/
http://www.arreverie.com/blogs/getting-started-with-artoolkit-unity-plugin/
https://docs.opencv.org/4.x/d5/dae/tutorial_aruco_detection.html
https://docs.opencv.org/4.x/d5/dae/tutorial_aruco_detection.html


Secondly, ChArUco (as seen in Figure 3(b)) combines
traditional chessboards with ArUco Boards. The ArUco
markers are used to interpolate the position of the chess-
board corners, making it more versatile than marker
boards by allowing for occlusions or partial views. Fur-240

thermore, the interpolated corners belong to a chessboard,
providing more accurate subpixel accuracy.

2.5. ArUco3

ArUco3 is the latest version of the ArUco library and is
maintained and updated by its core developers. It includes245

several improvements over the original ArUco.
One of the key improvements in ArUco3 is the ability

to detect fiducial markers, which are designed to max-
imize speed while maintaining accuracy and robustness
[54]. This method takes advantage of the increasing cam-250

era resolution to detect markers in a smaller version of the
image, resulting in a faster detection process. The system
also uses multi-scale image rendering to estimate marker
corner positions with sub-pixel accuracy in the original
image, providing dynamic adaptation for maximum per-255

formance."

Figure 4: ArUco3 markers. (a) Marker from dictionary
DICT_4X4_50. (b) Marker from dictionary DICT_7X7_1000. (c) Frac-
tal Marker

.

ArUco addresses common problems with marker detec-
tors, such as sensitivity to motion blur and partial occlu-
sion. To improve the detection speed, ArUco3 employs
a method of detecting fiducial markers designed to maxi-260

mize speed while preserving accuracy and robustness. The
system utilizes multi-scale image rendering to estimate
marker corner positions with sub-pixel accuracy. ArUco3
also introduces the Fractal Marker to alleviate the partial
occlusion problem and increase the range of distances at265

which a single marker can be detected.
ArUco3 also presents a tracking method based on Dis-

criminative Correlation Filters, which allows for tracking
markers under strong motion blur conditions. Addition-
ally, a marker map, which consists of a set of markers270

placed in any 3D position with respect to each other, can
be obtained through a method that solves the Shape from

Motion problem applied to markers. This allows for print-
ing a set of markers, placing them in an environment, and
obtaining a 3D map indicating their position. A calibrated 275

camera can be positioned in the environment by looking
at any marker.

2.6. AprilTag
The AprilTag marker system [49] allows the detection

of binary square markers similar to those of ARTag, AR- 280

ToolKit+, or ArUco.

Figure 5: AprilTag markers. (a) Marker from Tag36h11 dictio-
nary. (b) Marker from Tag16h5 dictionary.

The detection process involves several stages: the search
for linear segments, detection of squares, calculation of
the position and orientation of the tag, and decoding the
internal code. Square detection uses a recursive 4-level 285

depth search, where the tree adds a side of the square at
each level. At the identification stage, the validity of the
code within the discovered marker is verified. To encode
an internal picture, AprilTag employs a lexicode system,
characterized by two parameters: the number of code- 290

words (internal pattern) bits and the minimal Hamming
distance between any two codes. The lexicode generates
tags’ codes, enabling the detection and correction of bit
errors. AprilTag has several marker families that differ in
two parameters: the number of bits used for encoding and 295

the minimal Hamming distance. For instance, Tag16h5
Figure 5 (a) represents a 16-bit marker (4×4 array) with
a minimum Hamming distance of 5 bits between any two
codes; Tag36h11 Figure 5 (b) refers to a 36-bit marker
(6×6 array) with a minimum Hamming value of 11 bits 300

between any two codes.
Although we have outlined the AprilTag method, it has

not been tested in our experiments as it is currently con-
sidered an abandoned project. However, it serves as the
basis for the development of AprilTag2 and AprilTag3. 305

2.7. AprilTag2
The AprilTag 2 method improves its previous version

by reducing false positives, using adaptive thresholding,
continuous boundary segmentation, faster decoding, and
edge refinement. Additionally, it achieves better perfor- 310

mance on small images and allows for decimated input
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images, resulting in significant speed gains. The detection
process involves the following steps: searching for quad
shapes in the image, filtering to select squares, estimat-
ing the position and orientation of the tag, and decoding315

the identification code. Once the marker is identified, the
camera’s location in the environment is calculated.

The design of AprilTag 2 markers is similar to ArUco
markers, with black and white squares and an inner re-
gion that encodes unique identifiers. The most commonly320

used marker detection dictionary is called Tag36h10. Un-
like the original AprilTag, AprilTag 2 introduces a more
robust method of generating markers, guaranteeing a min-
imum Hamming distance between tags under all possible
rotations. This marker generation process, which uses a325

lexicode-based method with minimum complexity heuris-
tics, has been shown to reduce false-positive rates [67].

2.8. AprilTag3

AprilTag3 is an improved system based on the previous
version that includes a faster detector, improved detection330

rate on small tags, and flexible marker design. The im-
provements aim to satisfy the most demanding needs of
the users.

Figure 6: AprilTag3 markers. AprilTag3 supports all pre-
generated families. Depending on the use case, it is recommended to
use a particular family.

The most novel feature of AprilTag3 is the flexible lay-
out markers [35] in contrast to the classic layout supported335

in AprilTag2. The marker’s data bits can now go outside
the marker border, increasing data density and the num-
ber of possible markers at the cost of decreasing detection
distance. It is also possible to define layouts with “holes”
inside the marker border. For example, this can be used340

for drone applications by placing different-sized tags in-

side each other to allow detection over a wide range of
distances.

Given the large number of marker dictionaries supported
by AprilTag3 (see Figure 6), it is advisable to use the 345

TagStandard41h12 family in most cases (Figure 6(b)).
However, depending on the specific needs of each appli-
cation, the developers recommend the following marker
families. If a high number of uniquely identified mark-
ers are needed, use TagStandard52h13 Figure 6 (c). If 350

it is needed to maximize space usage in a small circular
object, use TagCircle21h7 or TagCircle49h12 Figure 6
(d,e). If it is required to make a recursive marker, it uses
TagCustom48h12 Figure 6(f). For compatibility with the
ArUco detector, use Tag36h11 Figure 6(a). 355

2.9. STag

STag [3] employs squared markers with a circular pat-
tern inside (as shown in Figure 7). The encoding consists
of a total of 48 black-and-white circular bits. The main
contribution of the STag method is the precision obtained 360

in the homography calculation, which increases the accu-
racy of camera pose estimation. The detection process
starts by identifying squares in the image using the EDPF
algorithm [1]. The candidate list is then validated. Once
the marker has been validated and recognized in the image, 365

a refining step is performed to fit the inner circular edge
as an ellipse, from which the homography is calculated.

Figure 7: STag markers. Each marker has a unique identification,
which is its internal circular codification.

2.10. TopoTag

TopoTag [73] introduces a fiducial marker system based
on topological and geometrical patterns by constructing 370

binary trees. Unlike previous systems that search for the
marker’s outline, TopoTag offers an alternative approach
to locating binary topological patterns after performing
robust threshold filtering on the image. Geometrical infor-
mation is employed to decode and identify markers. Re- 375

garding the marker designs (as seen in Figure 8), there is
no shape constraint, meaning both the internal and exter-
nal regions can be freely customized as long as the desired
internal topological structure is maintained [10].
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Figure 8: TopoTag markers. TopoTag supports customized
marker designs with different shapes, e.g., squares, circles, and
hexagons.

As a unique feature, in contrast to traditional marker380

systems that only use four points (the marker corners)
for camera pose estimation, TopoTag utilizes a total of 16
feature points (the nodes of the binary tree) to enhance
the precision of the method.

2.11. DeepTag385

DeepTag [74] is a deep learning-based general framework
that supports the detection of multiple marker families.
Unlike other systems, DeepTag does not propose a specific
marker design. Instead of relying on edge detection and
image binarization, it uses Convolutional Neural Networks390

(CNNs) [60] to regress key points and digital symbols from
local shapes directly.

The method consists of three stages. Firstly, regions
that contain markers are identified. Secondly, another net-
work refines the region to locate the marker corners pre-395

cisely. Finally, the marker’s internal region is analyzed to
determine if it is indeed a marker.

One advantage of this technology over previous works is
its ability to detect a wide range of marker types (e.g.,
ArUco, AprilTag, TopoTag). However, a drawback of400

CNNs is that they require a prior training step with at
least 70,000 images containing markers placed at different
distances and angles of view [74]. Additionally, they have
high computational demands.

2.12. ChromaTag405

ChromaTag [14] proposes a design based on the April-
Tag markers created by Edwin Olson. As a novel aspect,
the creators of ChromaTag encode data using multiple col-
ors in the LAB color space. The L channel represents the
illumination level in the image, while the A and B channels410

store colors ranging from green to red and blue to yellow,
respectively. It is worth noting that the LAB color space
is the closest to human vision.

In 2015, ChromaTag introduced its first marker dictio-
nary, called 36H11. It was based on the AprilTag marker415

template and used a combination of red and yellow col-
ors for internal coding and blue and orange colors for the

Figure 9: ChromaTag markers. It uses colored markers designs as
an alternative to black and white traditional markers. Two marker
families are displayed: 16H5 and 36H11.

external part. However, the markers with high-intensity
colors led to poor detection quality, leading to a design
change. In 2017, ChromaTag proposed a new design, also 420

based on AprilTag markers, with green color gradients on
the outer grid and red color gradients on the inside. This
resulted in a new marker dictionary named 16H5.

Figure 9 shows the generation process of the two fami-
lies of ChromaTag markers mentioned above (36H11 and 425

16H5). As a starting point, both families use an AprilTag
tag template Figure 9 (a). Afterward, a color remapping
Figure 9 (b) is performed where the black and white mark-
ers are transformed into multichromatic markers. Note
that the 36H11 marker family is not based solely on the 430

RGB color scheme, but uses the LAB color space for high
color gradients. Thus, Figure 9 (c), shows the final design
of the two families of ChromaTag markers.

The main advantage of ChromaTag is its ability to en-
code more information than traditional markers. It en- 435

ables the creation of dictionaries with a larger number of
markers or smaller dictionaries with a substantial Ham-
ming distance between them.

2.13. Jumarker

Jumarker [27] presents a method for designing, detect- 440

ing, and tracking customized markers as an alternative
to the traditional black-and-white square marker design.
The main contribution of this work is to offer designers the
possibility of creating visually appealing and customized
markers, making them suitable for use in commercial envi- 445

ronments where appearance is important. Figure 10(a-c)
shows some custom marker designs created by Jumarker
authors.
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Jumarker offers the freedom to design marker templates
and automatically generate a set of uniquely identified450

markers while maintaining a common visual appearance.
Templates can be created using any vector graphics tool,
as long as a series of rules are followed. Each marker en-
codes a unique identifier and a Cyclic Redundancy Check
code (CRC) [39], using two different colors, to avoid false455

positives. The designer chooses the position and colors for
these bits.

Figure 10: Jumarker markers. Jumarker presents customized
marker designs as an alternative to squared black and white tra-
ditional markers.

The detection steps are similar to most of the marker
systems explained above. The external border is first de-
tected, and then the candidates are evaluated by analyzing460

the colors of the inner pixels. The detection robustness of
such markers varies depending on the design. The marker
outline’s shape and the size designed for the inner region
containing the binary bit combination are the most im-
portant aspects to be taken into account. The system can465

estimate the pose of a calibrated camera using the border
corners.

In contrast to the performance of black and white square
markers, custom markers present some difficulty in being
detected at long distances. The marker contour design is470

limited to polygons, not supporting curved contours.

2.14. VuMark

VuMark is a commercial AR platform developed by the
Vuforia company 11. It allows for detecting, locating, and
identifying real objects using only a normal camera. As an475

alternative to traditional markers, it proposes using cus-
tomized markers that follow basic rules to ensure unique-
ness, detectability, and data encoding capabilities. The
software development kit (SDK) supports integration into
users’ applications, and the SDK is available on the Vu-480

foria website. Note: The method for customized marker
detection by VuMark is not publicly disclosed.

Vuforia offers an Adobe Illustrator plugin for design-
ing markers. The markers encode unique IDs or data

11https://developer.vuforia.com/ [last access 09/07/2022]

Figure 11: VuMark markers. VuMark markers can be customized
to reflect a company’s brand identity closely.

into the image, icon, or logo, which serves as a common 485

identifier across a product range and represents the com-
pany’s brand identity. Figure 11(a-c) displays some cus-
tomized markers designed by VuMark authors. VuMark
main contribution is storing the marker templates in an
online database. Users can integrate the VuMark marker 490

detection into their own applications through their public
SDK.

However, the methodology for customized marker detec-
tion in VuMark is not publicly disclosed as it is a private
project with no technical information. Nevertheless, we 495

have used the public SDK available on their website to
evaluate the performance of VuMark.

3. Experiments

This section presents the experiments conducted to eval-
uate the performance of each fiducial marker system con- 500

sidered in this work (as depicted in Figure 1). The exper-
iments were computed on a single CPU, an Intel CoreTM

i7-10510U 2.30GHz, with 8 GB RAM, running the Ubuntu
20.04.1 operating system. The following sections provide
a structure for the presentation of results. Section 3.1 505

presents the experimental setup in which all experiments
were conducted. Section 3.2 analyzes the sensitivity and
specificity of the evaluated systems, while Section 3.3 ana-
lyzes the accuracy of each system in estimating the camera
position with respect to the marker, given different view- 510

ing angles and distances. Section 3.4 analyzes the vertex
jitter, which refers to the noise in each system’s estima-
tion of the marker corners’ location. Section 3.5 evalu-
ates the ability of each system to detect markers under
different levels of occlusion. Finally, Section 3.6 presents 515

the computing speed of the systems and 3.7 discusses the
experiments’ limitations. It is worth mentioning that all
methods were observed to be invariant to marker rotation
around the optical axis. As a result, we did not include
these experiments in the paper. 520
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Figure 12: Laboratory overview. The marks on the floor (p1
to p24) show the locations employed for recording. The evaluated
marker (in red) was placed in front of the camera location surrounded
by 19 markers (yellow) used to estimate the ground-truth camera
position using the method [44]

.

Figure 13: Distances and viewing angles. A representation of
the distance and viewing angles of each camera location in the ex-
perimentation labs.

3.1. Experimental Set Up

Figure 12 shows the laboratory where the experiments
were conducted. To ensure a fair comparison, the markers
of the evaluated systems (shown in Figure 1) were printed
in the same size (10 × 10 cm). In the laboratory, a total525

of 24 camera locations (designated as p1 to p24) were se-
lected, each with a unique distance and viewing angle in
relation to the evaluated marker. The distance ranges from
1.2 to 6.2 meters, and the viewing angle ranges from 20o

to 90o, with a fixed light intensity of 200 lux and a fixed530

height of 1.5 meters for both the camera and marker.
At each position (from p1 to p24), we left the camera

static on a tripod and recorded a sequence for each marker.
In our recordings the camera does not move, instead, we

replace the markers making sure they all have their center 535

at the same location. So, for each location, a total of
thirteen video sequences were recorded. In total, 312 video
sequences with a resolution of 1920× 1080 were captured,
each sequence having on average 1246 frames. All the
video sequences recorded are publicly available 12. 540

The method proposed in [44] is used as the ground truth
to estimate the relative position of the camera with respect
to the evaluated marker. This method involves placing
ArUco3 markers in the environment and capturing im-
ages of them. The method maps the three-dimensional 545

marker locations from these images, which can then be
used to estimate the camera’s position. As seen in Fig-
ure 12, the evaluated marker is surrounded by 19 visible
ArUco3 markers (yellow circles) in the camera recordings.
The ground truth method provides accurate camera lo- 550

cation information based on the ArUco3 markers in the
images, but it requires at least four markers to be visible
for good accuracy.

3.2. Sensitivity and Specificity analysis

This experiment aims to analyze the true positive rate 555

(TPR) of each system, with a focus on understanding their
performance based on the distance and angle with respect
to the marker being detected. To do so, we use video se-
quences p1 to p24. Additionally, this section also analyzes
the false positive rate. For this analysis, we use a total of 560

968 images from the ImageNet database [15] which depict
various scenes from everyday life but contain no markers,
and we run the systems on these images to determine the
number of false positives detected.

Figure 14 (a) shows the TPR of each system as a func- 565

tion of the distance between the camera and the marker.
As expected, the TPR decreases with increasing distance.
The results indicate that QR Code and ChromaTag are
the worst-performing systems. For distances greater than
2 meters, they are unable to detect markers. They are 570

followed by VuMark and Jumarker, which experience a
substantial reduction in TPR (about 30%) for distances
greater than 2 meters. The maximum distance at which
both systems can identify markers is 3 meters, as shown
in our experiments. The systems ARToolKit, TopoTag, 575

ARToolKit+, and DeepTag obtain very similar results,
maintaining stable detection (greater than 95%) for dis-
tances less than 1.5 meters. Beyond this distance, the TPR
progressively decreases to 65.34%, 68.21%, 73.98%, and
75.62%, respectively, in the worst case (3 meters). April- 580

Tag2, AprilTag3, and STag maintain a TPR of around
75% up to 2 meters. The maximum distance at which

12https://tinyurl.com/2nm5z4b3 [last access 09/07/2022]
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Figure 14: True Positive rate. (a) TPR as a function of the distance and (b) TPR as a function of camera angle w.r.t the marker.

Figure 15: Average error in camera pose estimation. (a) Average error of each evaluated system. (b) W-values of the non-parametric
Wilcoxon test. [69], highlighting the non-significant results.

these systems can detect markers is 4 meters, with TPRs
of 78.11%, 82.35%, and 78.124% for AprilTag2, AprilTag3,
and STag, respectively. Lastly, ArUco3 and ArUco are ca-585

pable of detecting markers up to a distance of 5.5 meters
while maintaining a rate of over 95% in all tests.

Figure 14 (b) shows the TPR of each system as a func-
tion of the viewing angle of the camera w.r.t the marker.
Note that for angles near 90o, all systems obtain their590

highest TPR. As the viewing angle decreases, each method
progressively reduces its TPR. In this case, QR Code and
ChromaTag are again the worst-performing systems, with
a TPR that decreases to 50% for angles close to 65o. When
the angle is less than, 60o this system cannot identify the595

marker. Regarding TopoTag, ARToolKit, VuMark, and
ARToolKit+, we can see that the results are similar. They
all reduce their TPR by about 15% for every 10o, unable
to identify the marker for angles greater than 50o. Deep-
Tag, Jumarker, AprilTag2, AprilTag3, and STag maintain600

a high TPR (greater than 75%) up to angles greater than
60o. However, while DeepTag and Jumarker are unable
to detect the marker for angles less than 50o, AprilTag2,
AprilTag3, and STag can identify markers up to angles
close to 30o. Finally, ArUco and ArUco3 are the best- 605

performing systems. Both can detect, although with a low
true positive rate (less than 25%) markers with angles close
to 20o. Note that when the angle is greater than, 50o the
rate is higher than 95% at all times.

Finally, it is worth mentioning that no false detection 610

has been obtained after using 968 images from the Ima-
geNet dataset as input for the detection methods. Thus,
the false positive rate of the methods is zero in our tests.

3.3. Markers systems accuracy

This experiment evaluates the precision of each system 615

in estimating the camera pose. As previously stated, 19
markers (represented as yellow circles in Figure 12) were
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Figure 16: Errors in camera pose estimation. (a) Error as a function of the distance between the marker and the camera, (b) Error as
a function of the camera viewing angle.

used to estimate the ground-truth camera pose, following
the method described in [44]. Then, the error of each
system was calculated as the difference between the ground620

truth and the system’s estimation.

Figure 15 (a) displays the average error of each system
across all analyzed frames. ArUco3 is the best method,
while QR Codes perform the worst. A non-parametric
Wilcoxon test [69], with a confidence level of 0.99, was625

conducted to analyze the differences between the meth-
ods. 24 video sequences were captured for each method,
so the critical value for W at N = 24 with p < 0.01 is 61.
Figure 15 (b) shows the W-values, highlighting the non-
statistically significant results (W-values greater than 61).630

As observed, the differences between ArUco3 and the rest
of the methods are statistically significant. Hence, we can
conclude that ArUco3 is the best method for camera pose
estimation in these experiments.

To analyze the errors in each method for estimating the635

camera pose, Figure 16 considers the distance and viewing
angle. As shown in Figure 16 (a), the error is plotted as a
function of the distance between the camera and marker,
ranging from 1.0 to 6.0 meters. ArUco3 and QR Code
exhibit the lowest and highest errors, respectively. ArUco3640

has the highest error of 0.08 meters at a distance of 6
meters. It is noteworthy that only ArUco3 and ArUco
are able to detect the marker and estimate the camera
pose when the marker is located beyond 4 meters. The
other systems can only estimate the pose up to a maximum645

distance of 3 to 4 meters, with the exception of QR Code
which requires the marker to be within 2 meters.

Figure 16 (b) depicts the error as a function of the cam-
era’s viewing angle with respect to the marker, within a
range of 90o to 10o. The error increases as the viewing650

angle decrease. Note that none of the systems can esti-
mate the camera pose for angles less than 20o. As in the
previous case, ArUco3 and QR Code show the lowest and
highest error, respectively, with values of 0.15 meters and
0.04 meters. ArUco3 is followed by ArUco, with an error 655

of less than 0.08 meters in its worst-case scenario (at 20o)

3.4. Vertex jitter analysis

Vertex jitter refers to the inaccuracy in estimating the
position of the marker corners. Since the corners are em-
ployed to estimate the camera pose, its precision is rele- 660

vant, especially in AR applications. Small changes in the
corner locations in a video sequence lead to an unpleas-
ant “shaking” effect on 3D objects rendered on top of the
scene. Although this is not a significant problem in most
robotic applications, it is for some AR applications. For 665

that reason, most marker systems implement an algorithm
to estimate the corner’s locations with sub-pixel accuracy.

Figure 17(a) displays each system’s average, minimum,
and maximum errors. The ground-truth corner location
was estimated as the average observed position along the 670

whole video sequence, and the standard deviation provides
the measured error (as in [21]). As observed, AprilTag3
and QR Code are the systems with the lowest and highest
error, with 0.020 and 0.357 pixels respectively. Except for
TopoTag and QR Code, all systems have an error of less 675

than 0.11 pixels.
Figure 17(b) shows the results of the Wilcoxon [69] test

using a confidence level of 0.99. The results show that
while the differences between AprilTag3 and AprilTag2 are
not statistically significant, the differences with the rest of 680

the methods are. We conclude then that the AprilTags
methods are the best in this experiment.
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Figure 17: Jittering errors. (a) Average, minimum, and maximum deviations in marker corner estimation for each evaluated system. (b)
W-values of the non-parametric Wilcoxon test [69].

Figure 18: Performance under occlusion. (a) Representative examples of the images employed in the experiment. (b) True Positive Rate
under occlusion. (c) The camera poses error estimation under different occlusion levels.

3.5. Markers detection under occlusion
This experiment aims to analyze each system’s capabil-

ity of detecting markers under occlusion. In this case, only685

the video sequences captured at p1 (as shown in Figure 12)
have been used. The other recording locations are too far
from the cameras to be employed in this experiment.

The method used to test occlusion is identical to the one
described in [54]. It involves placing black and white cir-690

cles on the marker area, providing precise measurements
of the amount of occlusion applied to each image. In our
study, occlusion levels ranging from 0% to 30% of the to-
tal marker area were applied, resulting in a total of 125

synthetic images per marker. Figure 18(a) displays some695

examples of the images used in this experiment
Figure 18(b) presents the True Positive Rate (TPR)

of each system in detecting markers under different lev-
els of occlusion. The best method for each level is high-

lighted. The systems can be divided into three groups 700

based on the results obtained. The first group consists of
QR Code, ARToolKit, VuMark, and ChromaTag, which
are unable to detect markers when the occlusion level
exceeds 5%, with a detection rate of 80.265%, 99.023%,
99.923%, and 82.123%, respectively. The second group 705

comprises ArUco3, ArUco, AprilTag2, AprilTag3, Ju-
marker, TopoTag, and ARToolKit+. These systems can
detect markers under 10% occlusion levels, except for
ArUco, TopoTag, and STag, which have TPRs of 87.94%,
85.560%, and 82.433%, respectively. The rest of the sys- 710

tems in this group have TPRs above 90%. Finally, in the
third group, DeepTag is found to be the system with the
highest resistance to occlusions, with a TPR of 89.167%
even when the occlusion rate is 20%

Figure 18(c) shows the camera pose errors of the systems 715

under different levels of occlusions. Each system estimates
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the camera position using the ground truth and synthetic
image, and the translational error between the two poses
is used as the error measure. TopoTag has the highest
error among the systems and ArUco3 has the lowest error.720

When the occlusion level is 10%, TopoTag reaches an error
of more than 0.1 meters, while ArUco3 always has an error
of fewer than 0.1 millimeters in the worst case.

In conclusion, if detecting the marker under occlusion
percentages higher than 10% is essential, DeepTag is the725

only system capable of doing so. On the other hand, if
a minimum error in camera position estimation under low
occlusion levels (less than 10%) is necessary, ArUco3 would
be the most advisable system to use.

3.6. Computing speed730

Detecting markers in real time is crucial in both com-
mercial and industrial environments. The aim of these
experiments is to analyze the computing speed of each sys-
tem. Figure 19 shows the average speed when employing
images with a resolution of 1920× 1080 pixels.735

As shown, ArUco3, ArUco, Jumarker, and STag have
the highest frame rates among the systems. In contrast,
DeepTag, QR Code, and AprilTag2 have the lowest frame
rate. However, it is noteworthy that the ArUco family
almost doubles the speed of the other methods.740

Figure 19: Computing speed. Average FPS of each system in
processing a frame of 1920× 1080 pixels.

Based on the results, it can be concluded that marker
design does not significantly impact computing speed. De-
spite using similar black-and-white markers by ArUco,
AprilTag2, AprilTag3, and ARToolKit+, there is signifi-
cant variation in the detection speed. This variation is745

attributed to the differences in each system’s detection al-
gorithms and internal code optimizations.

3.7. Threats to validity

This section highlights the limitations of the experi-
ments in this paper. The primary constraint is that we750

only evaluated the performance using static images. Our
experiments did not consider the effect of motion blur on
the performance of the methods, due to the difficulty in
conducting controlled and reproducible experiments with

identical testing conditions for all systems. To address this 755

aspect, it would have been necessary to use a device sim-
ilar to a robotic arm, capable of repeating programmed
movements while holding the camera or marker. Instead,
our tests used both static cameras and markers to en-
sure identical experimental conditions. Despite this, we 760

acknowledge that comparing the performance of the sys-
tems under movement is a worthy aspect to investigate in
future work.

Nevertheless, fiducial marker systems are widely used
in numerous applications where the camera is in contin- 765

uous motion, such as robotics, UAVs, augmented reality,
and autonomous driving [56, 5, 70, 38]. In these cases,
various techniques can be employed to reduce or eliminate
image blur, such as reducing camera exposure time, us-
ing global shutter cameras, smoothing camera movement 770

with a stabilizer, or utilizing software methods to track
the marker under blurred conditions [55]. However, in in-
stances where these techniques cannot be employed, blur
may pose a problem that would prevent the use of mark-
ers, and therefore, the results of this work may not be 775

applicable.
Finally, with regard to the occlusion experiment, it is ac-

knowledged that synthetic occlusion may not always reflect
some real-world scenarios. However, to our knowledge, it
is the only way to consistently replicate experiments and 780

obtain the maximum levels of occlusion that each method
can handle. Through this approach, the ability of each
method to detect the marker under varying levels of oc-
clusion is demonstrated. In the subsequent section, we
will summarize the performance of each method and pro- 785

vide recommendations on the most suitable approach for
different use cases.

4. Conclusions

This paper has evaluated the sensitivity, specificity, ac-
curacy, jittering, occlusion resiliency, and speed of thirteen 790

fiducial marker systems. Figure 20 shows a summary of
the results obtained. In each table, we present the rank
of each method in the different experiments carried out.
In light of the results obtained, we can draw the following
conclusions. 795

Firstly, ArUco3 ranks highest in accuracy, detection dis-
tance, detection angle, and speed, followed by ArUco.
However, the main drawback of ArUco3 is the jittering
error, for which AprilTag3 performs best. As a result,
we recommend AprilTag3 for Augmented Reality applica- 800

tions due to its lower shaking effect. It is important to
note that AprilTag3 estimates camera position using only
a single marker, whereas ArUco3 uses multiple markers
(boards, fractal markers, and marker mapping) to extend
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Figure 20: Summary of the experiments. Each table shows the rank of the different methods tested.

the tracked area beyond a single marker. If the applica-805

tion requires tracking in larger areas than a single marker,
ArUco3 is a better option. Secondly, the results indicate
that, in general, non-customized markers perform better
than customized ones. However, if custom markers are
necessary for industrial and commercial applications with810

a focus on aesthetics, we recommend using JuMarker over
Vumark as it performed better in all tests. If resistance to
occlusion is a key requirement and high speed is not nec-
essary, we recommend DeepTag, which can detect markers
with occlusion levels up to 20%. It is important to note815

that QR codes were not designed for camera pose estima-
tion, but rather for encoding a large amount of informa-
tion such as URLs. They require high image resolution

for detection and lack an external black border to aid in
detection and improve pose estimation, which contributes 820

to their relatively poor performance in our experiments.
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