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Abstract

UAV quadcopter technology has advanced rapidly and is widely
used in both military and civilian sectors. One critical challenge is
precision landing, since conventional GPS-based methods have
limited accuracy (0.9—1.8 m). Fiducial marker—based landing
offers a practical alternative, but cross-study comparisons remain
difficult because marker types and testing procedures vary. This
study presents a statistically validated comparative evaluation of
five fiducial markers (ArUco, AprilTag, ARTag, WhyCode, and
STag) in a standardized PX4-ROS simulation environment.
Beyond performance ranking, the study analyzes how marker
geometry and coding structure influence homography stability,
pose-estimation noise, and landing control response. Evaluation
metrics include horizontal and vertical landing errors, landing
time, and detection distance, analyzed using one-way ANOVA
and Tukey HSD tests. Results show significant differences in
vertical error, landing time, and detection distance, indicating that
geometric regularity and edge-contrast structure directly affect
visual pose stability. Within the controlled simulation framework,
AprilTag shows the most consistent overall performance, with
mean errors of 2.99 cm (X-axis) and 5.59 cm (Y-axis) and an
average landing time of 21.8 s. The main contribution is a
reproducible comparative framework and an explanatory link
between marker design and visual-control stability, guiding
marker selection in precision UAV landing systems.
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INTRODUCTION Precision

landing is

therefore crucial for

A UAV quadcopter is an unmanned aerial
vehicle with four motors that enables vertical
takeoff and landing. It is widely utilized in both
military and civilian sectors [1]. One of the main
challenges in UAV operations is the landing
system, which requires both high precision and
reliability [2][3]. A landing failure can lead to
significant losses in mission objectives and
business assets [4]. While most UAVs rely on GPS
for landing, conventional GPS systems have
relatively low accuracy [5], with errors averaging
0.910 m [6], 1-2 meters [7], and 1.8 meters [8].

applications such as mapping, package delivery
[9], and autonomous recharging [10], as it helps
mitigate risks such as cargo loss, equipment
damage, and positioning errors, improving
operational efficiency and success in complex
environments.

Several methods have been developed to
enhance precision landing, including GPS RTK
(Real-Time Kinematic) [11][12], SLAM
(Simultaneous Localization and Mapping) [13][14],
Deep Learning-Based Vision [15][16], and Fiducial
Markers [17][18].
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Table 1. Comparison of Precision Landing Methods for UAV

Method Description

Application

GPS RTK [11],
[12]

SLAM [13][14]

processing.
Deep Learning-
Based Vision
[15][16]

data.
Fiducial Markers

Provides high accuracy with real-time corrections and
works well in open areas, but has limited range and high
cost because it requires a GPS reference station.

Uses LiIDAR and camera sensors for mapping and
positioning in unstructured environments. High cost due
to the need for advanced hardware and complex

Uses deep learning to detect objects and is effective in
dynamic environments. High cost due to heavy
computation and the need for large amounts of training

Uses easily detected visual markers for position

Ideal for outdoor applications such as
precision mapping and crop spraying in
large areas with stable GPS signals.

Ideal for indoor environments or complex
areas such as factories or buildings where
external markers cannot be used.

Ideal for complex applications involving
moving objects, such as landing on vehicles
or package delivery in dynamic settings.

Ideal for mapping and package delivery in

[17][18] estimation, offering high accuracy and low cost with open areas with pre-established markers
minimal computation. and designated landing sites.
Table 1 shows that precision landing than conventional GPS-based methods [28],

performance strongly depends on the chosen
supporting method and its operational constraints.
For the dominant use case, mapping and package
delivery, a landing aid must deliver high positional
accuracy with stable real-time performance under
outdoor conditions [19,20,21]. In this context,
fiducial marker—based landing provides the most
suitable characteristics because it offers high
precision, low computational load, low cost, and
immunity to magnetic signal interference [22].
Consequently, fiducial marker systems have
become a widely adopted visual-based approach
for reliable pose estimation in precision landing
[23]. Their effectiveness comes from the markers'
distinct visual features, which enable accurate
estimation of the camera's position and
orientation, making pose estimation a direct and
practical mechanism to support precision landing
tasks [24].

The most popular fiducial markers for
precision landing applications include AprilTag,
ARTag, ArUco, STag, and WhyCode [25, 26, 27].
Table 2 summarizes and compares these
markers.

Table 2 shows that the fiducial marker type
affects precision landing performance. Although
fiducial marker—based landing is more accurate

marker performance depends on several key
aspects, namely marker type and size [29].
Fiducial markers come in various types, which can
make it difficult for new users to determine which
type best suits their needs, thereby creating
uncertainty in marker selection [30]. Selecting the
appropriate marker is crucial because an incorrect
choice can degrade landing performance [31].
Marker size also influences detection range and
landing precision [29]. Differences in marker type,
size, and testing conditions make objective
comparative studies difficult, creating a research
gap in selecting the best marker for precision
landing.

To address this gap, this study offers
novelty through a comparative analysis of five
popular fiducial markers using a Kalman filter—
based position estimation algorithm. All markers
were tested with standardized sizes and
procedures in simulation using a PX4 SITL-based
quadcopter UAV in the Gazebo environment [19]
[38], yielding consistent and objective comparative
data to identify the best marker for precision
landing. This research establishes a standardized
simulation framework to ensure objective and
reproducible evaluation.

Table 2. Comparison of Popular Fiducial Markers

Fiducial Marker

Description

ArUco [32]
cm.
AprilTag [33]

ArUco-based precision landing with a size of 4x4 achieved an average precision landing of -34.1

AprilTag-based precision landing with a size of 39 cm detected at a height of 0.7-4.5 m achieved

an average outdoor precision landing of 9.35 cm from an altitude of 3 m.

ARTag [34]

The ARTag fiducial marker is designed to calculate the camera's position and orientation relative to

world coordinates with high accuracy, making it a reliable alternative in environments with low GPS

accuracy or no signal.
STag [35]

The STag fiducial marker enables stable pose estimation, minimizes estimation variability, and

provides high stability in precision landing applications.

AprilTag 48h12 dan
WhyCode Ellips [36]
ArUco [37]

Precision landing based on AprilTag 48h12 achieved an average precision landing of 8-9 cm and
WhyCode Ellips 12-13 cm, with both markers detected at a height of less than 4 m.

ArUco precision landing with a size of 56x56 cm, detected at a maximum height of 30 m, achieved
an average precision landing of 11 cm.
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The framework integrates Gazebo, PX4
SITL, and ROS Noetic to create a controlled virtual
environment in which five fiducial markers are
tested under identical conditions [39] [40]. Each
marker's performance is assessed using
quantitative  parameters, including landing
accuracy on both the horizontal and vertical axes,
landing time, and detection distance. We used
one-way ANOVA and Tukey's HSD test to
determine whether performance differences
among markers were statistically significant. This
methodological structure enables a fair and data-
driven comparison, providing measurable insights
into marker performance and serving as a
foundation for identifying the most effective
marker type for UAV precision landing.

METHOD
Material

Figure 1 illustrates the overall workflow of
the visual-based autonomous landing system for
UAV. The process begins by acquiring an input
image from the onboard camera. The feature-
based detector processes the captured frame to
identify key points or patterns corresponding to the
predefined fiducial marker. The corner detection
module determines the marker's vertices to
localize it accurately within the image. Next, the
observation computation module calculates the
marker's geometric parameters, including width,
height, centroid position, and orientation. Finally,
the platform tracking process utilizes these
parameters to estimate the relative position
between the UAV and the landing pad, enabling
stable alignment for autonomous landing.

FEATURE-BASED
DETECTOR

FIDUAL MARKER

INPUT IMAGE

PLATFORM
TRACKING

COMPUTER
OBSERVATION

DETECT
CORNERS

Figure 1. Block Diagram of Research Design

(@)

Simulation and Gazebo Environment

This study conducted a comparative
analysis of five types of fiducial markers, namely
ArUco, AprilTag, ARTag, STag, and WhyCode, to
support the precision landing of quadcopter UAVs
through integrated simulation. The simulation
environment was built using Gazebo as the
physics simulator, PX4 SITL as the virtual flight
firmware, and ROS Noetic as the communication
framework, managing image processing and pose
estimation through MAVROS. Integrating these
three platforms enables controlled, efficient testing
without risk of hardware damage, while providing
consistent evaluation scenarios to analyze
detection stability and algorithmic performance for
each marker type in the context of precision
landing.

The UAV model used is an F450
quadcopter with an X configuration, a diagonal
length of 450 mm, and a downward-facing virtual
camera to detect markers during the landing
phase, as shown in Figure 3. The Gazebo
environment was configured with standard Earth
gravity (-9.8 m/s?), a timestep of 0.004 seconds,
and a real-time update rate of 250 Hz, using a flat
grass field. A 30 x 30 cm square marker was
placed with a position offset of 100 cm on the x
and y axes (distance 141.42 cm) to simulate
common GPS errors, as shown in Figure 2. This
configuration ensures that the evaluation process
reflects realistic operational conditions for UAVs
during precision landing maneuvers.

Gravity Value

Figure 2. Gzebo Environment

Figure 3. UAV Quadcopter F450 Model (a) Side View (b) Top V|ew (c) Left Side View (d Front View
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Figure 4. Fiducial markers: (a) AprilTag, (b) ARTag, (c) ArUco, (d) STag, (e) WhyCode

Fiducial Marker

Figure 4 shows five fiducial marker types
tested: AprilTag, ARTag, ArUco, STag, and
WhyCode. Each marker  has unique
characteristics and is detected using feature-
based algorithms implemented with OpenCV.

AprilTag is known for its stability and
detection accuracy, even at long distances. This
marker utilizes a binary code with an optimized
grid layout to minimize detection errors. Its
detection pipeline extracts edges, identifies
quadrilateral candidates, and robustly decodes
the embedded bit pattern. By geometrically
transforming the detected corner coordinates, the
system  provides high-precision positional
information in real time, even in dynamic
environments. Due to its reliable performance,
AprilTag is widely used in robotics and UAV
navigation applications, where it can accurately
detect assembly target locations [41].

ARTag is designed for augmented reality
and robot navigation, enabling high-accuracy
estimation of a camera’s position and orientation
relative to the world coordinate system. ARTag
uses binary patterns with error-correction
mechanisms, ensuring reliable decoding under
various noise conditions. After the marker corners
are detected, the system projects their
coordinates into three-dimensional space through
perspective transformation, allowing it to compute
the camera pose without external references. One
of ARTag's main advantages is its capability to
replace GPS-based algorithms when GPS signals
are unavailable, enabling precise relative
localization based on characteristic marker points
[34]

ArUco is a binary code—based marker
featuring a simple grid structure designed for
efficient detection under varying illumination. Its
detection process relies on adaptive thresholding
to ensure robust segmentation, followed by
verification of the internal binary code and pose
calculation using the Perspective-n-Point (PnP)
method. A key advantage of ArUco is its ability to
detect markers even when they are partially
occluded, while also offering flexibility in marker
size and supporting unique identifiers for object

recognition. This versatility makes ArUco suitable
for a wide range of applications [23].

STag is a fiducial marker system that
ensures stable and accurate pose estimation by
incorporating precise geometric constraints. Its
processing pipeline emphasizes edge refinement
and contour consistency, significantly reducing
pose variability and noise sensitivity. This stability
makes STag particularly suitable for complex
environments that demand high precision, such as
multi-AGV (Automated Guided Vehicle) systems
in smart warehouses, where reliable pose
estimation is critical [35].

WhyCode enhances the WhyCon system
by adding the ability to detect unique fiducial
markers  through rotation-invariant  Binary
Necklace patterns. The marker identification
process involves cyclic matching of the bit
sequence and segmentation-based estimation of
the marker's center. These features allow
WhyCode to maintain consistent readability
regardless of orientation while providing
computationally efficient position and orientation
estimation. Implemented within a ROS-based
framework, WhyCode offers a low-cost yet
effective solution for robot tracking, including
position, orientation, and velocity estimation,
making it especially useful for affordable robotic
testing platforms [42].

Modeling Feature-Based Detection

Object detection represents a fundamental
component of robotic perception. In this study, we
employ a feature-based detection approach
because it efficiently identifies distinctive visual
characteristics in an image. These detectors and
descriptors are widely used because they quickly
extract key points and patterns that inform
recognition tasks. To ensure robustness, the
extracted features should remain consistent
despite changes in image rotation, scale, or affine
transformations across multiple frames. In this
study, we selected a SIFT-based feature
extraction approach because it is robust to
illumination changes, rotation, and scale variation,
enabling consistent marker recognition under
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dynamic  simulated and camera
perspectives [43].

In the detection process, we denote a set of
feature points from the fiducial marker as F; € R".
At the same time, those from the current frame are
represented as F; € R™, where nand mrefer to the
total number of features detected in each image.
Each feature point in both the template and scene
images is associated with a descriptor vector,
defined as D; € R™*and D € R™¥, with k
indicating the dimension of each descriptor. To
determine correspondences between the two sets
of images, the Euclidean distance between

descriptors is calculated using (1):

lighting

dgi = minzz VOr (k)2 = (Ds(, k)2 (1)

i=1j=1

Feature pairs with the smallest distance
values are considered matching points.
Consequently, a feature coordinate (x;,y;) in the
template image corresponds to (x;,y;) in the
captured scene frame, forming the foundation for
the homography transformation used in the
subsequent stage.

Homography and Corner Detection

After identifying feature correspondences
between the template and the current image
frame, a homography transformation maps the
marker's coordinates from one plane to another.
The homography matrix, denoted as H € R3*3,
establishes a projective relationship between the
reference points in the template image and their
corresponding points in the scene image. This
relationship enables estimation of the marker's
position, orientation, and scale within the image
space, even when the camera viewpoint changes.
Mathematically, the transformation can be
expressed as shown in (2):

xt X hyy hiz he]px
yl|=H [Y] = |ha1 hay hys [y] (2)
1 1 h3;  hs; hsslll

Here, (x,y) represents the coordinates of a
feature point in the template image, while (x',y")
denotes the ftransformed coordinates in the
current image. The elements of H correspond to
the coefficients that describe translation, rotation,
scaling, and perspective distortion between the
two planes.

Once the homography matrix is estimated,
it can be used to identify the corner points of the
fiducial marker. These corners provide the
geometric reference necessary to compute the
marker’s centroid and its orientation relative to the

camera frame. The centroid position serves as the
basis for the subsequent observation computation
process, allowing the system to determine the
relative displacement and angular offset between
the UAV and the landing target.

Observation Computation

The observation stage translates the
geometric information from marker detection into
measurable parameters that describe the UAV's
relative position with respect to the landing
platform. These observations are essential for
estimating the system state and ensuring the UAV
can align accurately during landing.
Based on the detected fiducial marker, several
parameters are computed, including the centroid
coordinates, the width and height of the detected
area, and the orientation angle of the marker.

These parameters are grouped into an
observation vector Z, using (3):

z, = [P$2,0,,,0,,6) 3)

Where Pc(tizs)represents the centroid

position of the detected marker in the image
frame, 0,and O,correspond to the width and
height of the bounding box around the marker, and
findicates the rotation angle of the marker relative
to the x-axis.

The centroid is calculated as the mean
coordinate of all corner points identified during the
homography stage. The width and height describe
the marker's scale in the image, which can vary
with the UAV's altitude and camera perspective.
Meanwhile, the rotation angle 6provides
orientation feedback that allows the control
system to correct yaw misalignment during
descent.

Together, these observations form the input
vector for the state estimation process, serving as
real-time visual feedback to the navigation and
control system. Through this information, the UAV
maintains stable alignment toward the landing pad
even under disturbances or partial visual
occlusions.

Kalman Filter

The Kalman filter is utilized as an estimator
that infers hidden states from indirect and
uncertain visual observations. It enables the
system to process noisy data obtained from the
detection module and generate a continuous
estimate of the template position at each time step
t.

We assume a linear dynamic system for the
landing platform, where x; and y, denote the pixel
coordinates of the marker’s centroid at index t,
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and At is the time interval between consecutive
image frames. The following discrete equations
describe the temporal behavior of the position:

xt = xt_l + Atxt_l (4)
Xe = X1 (5)
The complete state vector X € R'%s

defined as:
L. . . T
X = [xc’ yc; Ow’ Oh; 9; xc’ yc, Ow; Oh’ 9] (6)

Where x.y. represent the centroid
coordinates of the detected marker in the image
frame. The filter states correspond to both the
observed variables and their first-order
derivatives. The dynamic model of the system is
expressed as:

Xe= AXe 1 + Wy (7)
With the transition matrix 4, € R1%*10 given
by:
A, = Isxs AtIst] (8)
05)(5 ISXS

Where w, ~ M (0, Q,), and Q, € R1"*10jg
the covariance matrix of the process noise.
Similarly, the measurement model of the filter is
defined as:

Yt = HtXt + Ut (9)
Hy = [Isxs, Osxs] (10)

Where v, ~ N (0, R,) and R, € R5*5 is the
covariance matrix of the observation noise. The
prediction step of the Kalman filter is computed at
each time step, regardless of whether new
measurements are available:

X = AgXp_q
P, = AtPt—lA{ + Q¢

(11)
(12)

When the detection module obtains an
observation, the correction process is performed
using the following equations:

Y. = Z,— H; %; (13)

S = HtPtHZw + R; (14)
K, = PtHZ St_l (15)
X, = x; + K. Y; (16)

Py = (liox10 — K¢He) Py (17)

The Kalman filter estimates the resulting
states, which correspond to the fiducial marker's
position and orientation in each image frame.
These estimates then control the UAV’s motion,
ensuring the quadcopter maintains stable
alignment during the autonomous landing
maneuver. In the implementation, the Kalman
Filter was configured to smooth fluctuations in
centroid coordinates obtained from the visual
detection process. This filtering step reduces
positional noise and provides stable feedback for
UAYV alignment, contributing to the consistency of
landing error measurements observed in the
simulation results.

RESULTS AND DISCUSSION
Simulation Data Results

We analyzed the simulation data to
evaluate the performance of five fiducial marker
types based on four main parameters: X-axis
error, Y-axis error, landing time, and marker
detection distance. The virtual onboard camera
used in the simulation was configured with a
horizontal field of view (FOV) of 2.0 radians, an
image resolution of 640x480 pixels, and an
R8G8B8 (8-bit RGB) color format.

These parameters remained constant
across all tests to ensure consistent detection
conditions for all markers. We tested each
parameter using one-way analysis of variance
(One-Way ANOVA) to determine whether marker
groups differed significantly. We then conducted a
Tukey HSD follow-up test to identify marker pairs
with statistically significant differences.

(a) (b)
Figure 5. Sample UAV Quadcopter Simulation Results, (a) AprilTag, (b) ARTag, (c) ArUco, (d) STag,
(e) WhyCode

(d) (e)
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All tests used a significance level of a =
0.05. Figure 5 shows the sample UAV quadcopter
simulation results for different fiducial markers,
illustrating the markers used during the evaluation.

X-Axis Error Analysis

Figure 6 presents raw simulation data for X-
axis position error parameters for the five marker
types tested, each in five tests under identical
conditions.

Table 3 summarizes the mean values and
variances. Based on these descriptive statistics,
the mean X-axis error ranged from 2.994 cm to
7.280 cm, with the highest variance in STag.
These differences in ranges indicate variation in
performance between markers, which should be
tested inferentially using analysis of variance
(ANOVA).

Based on the ANOVA test results in Table
4, the F value = 1.04 with a p-value = 0.411 > 0.05
indicates that there is no significant difference
between the average X-axis errors of the five
marker types. Table 5 presents the parameters
used in the Tukey HSD post-hoc test for X-axis
error, with a Mean Squared Error (MSE) of
16.230482. The Tukey HSD test in Table 6
supports this, showing that no marker pairs differ
significantly.

25

20

0Ill.l 1

AprilTag ARTag ArUco STag WhyCode

M Pengujian 1 Pengujian 2 Pengujian 3 Pengujian 4 M Pengujian 5

Figure 6. Comparative Data for X-Axis Error

Table 3. Descriptive Statistics X-Axis Error

Table 5. Parameters for Tukey HSD Post Hoc
Test for X-Axis

Parameter Value
MSE 16.230482
n 5

k 5
df_within 20

q (a=0.05, k=5, df=20) 4.1

Table 6. Tukey HSD Post Hoc Test for X-Axis

Error

Group1 Group2 MeanDiff Significant
AprilTag ARTag 2.890 No
AprilTag ArUco 0.184 No
AprilTag STag 4.286 No
AprilTag WhyCode 1.232 No
ARTag ArUco 2.706 No
ARTag STag 1.396 No
ARTag WhyCode 1.658 No
ArUco STag 4.102 No
ArUco WhyCode 1.048 No

STag WhyCode 3.054 No

This confirms that all markers have

comparable horizontal performance, and the small
variation in mean values reflects minor
inaccuracies in camera position estimation rather
than algorithmic differences between markers.

Y-Axis Error Analysis

Figure 7 and Table 7 show the raw data
results and descriptive statistics for the UAV's
vertical position error relative to the marker. The
average position error varied from 5.588 cm for
AprilTag to 17.548 cm for ARTag. The highest
variance was also found in ARTag, indicating a
wide spread of data due to unstable marker
detection.

30
25
20

15

10
0 ]

Groups Count Sum Average Variance AprilTag ARTag ArUco STag WhyCode
AXJIQ_II:;ZQ g ;gi; gggi ggg?gg M Pengujian 1 Pengujian 2 Pengujian 3 Penguijian 4 M Pengujian 5
ArUco 5 15.89 3.178 4.08527 : : :
STag 5 36.40 7280 61,5588 Figure 7. Comparative Data Y-Axis Error
WhyCode 5 21.13 4.226 7.83128
Table 7. Descriptive Statistics Y-Axis Error
Table 4. One-Way ANOVA for X-Axis Error Groups  Count  Sum _ Average Variance
P- F AprilTag 5 27.94 5.588 27.29372
Ss df MS value  crit ARTag 5 87.74 17.548  67.71737
Between ArUco 5 28.62 5.724 15.40923
Groups 67.54 4 16.88 1.04 041 2.86 STag 5 79.97 15.994  32.99888
Within Groups 324.60 20 16.23 WhyCode 5 57.16 11.432  60.44092
Total 392.15 24
A. Nugroho et al., Statistically validated comparative evaluation of fiducial markers for ... 723
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The considerable variation between these groups
formed the basis for testing whether the
differences were statistically significant through
ANOVA.

Based on the ANOVA test results in Table
8, an F value of 3.82 with a p-value of 0.018 < 0.05
was obtained, indicating a significant difference
between markers in Y-axis error. Table 9 presents
the parameters used in the Tukey HSD post-hoc
test for Y-axis error, with a MSE of 40.772024.

Meanwhile, the Tukey HSD post-hoc test in
Table 10 shows significant differences between
the ApriiTag—-ARTag and ARTag—ArUco pairs.
Scientifically, this indicates that differences in
marker pattern design affect the consistency of
vertical position estimation. Thus, Y-axis
differences are more sensitive to markers'
geometric characteristics and visual contrast,
while the detection algorithm's influence remains
within statistically reasonable limits.

Landing Time Analysis

Figure 8 and Table 11 show the UAV's
average landing time for each marker. The
average values range from 15.8 s to 21.8 s with
considerable variation in STag. The highest
average for AprilTag suggests a higher detection
computational load, which was further tested to
determine whether differences between markers
were significant.

Table 8. One-Way ANOVA for Y-Axis Error

Source of ss df MS P- F

Variation value crit
Between

Groups 623.99 4 15599 382 0.01 2.86
Within = g1544 20 40.77

Groups

Total 143943 24

Table 9. Parameters for Tukey HSD Post Hoc
Test for Y-Axis

Parameter Value
MSE 40.772024
n 5
k 5
df_within 20
g (a=0.05, k=5, df=20) 4.11

Table 10. Tukey HSD Post Hoc Test for Y-Axis

25

ARTag ArUco STag WhyCode

o

5}

o

AprilTag

W Pengujian 1 Pengujian 2 Pengujian 3 Pengujian 4 W Pengujian 5

Figure 8. Comparative Data for Landing Time

Table 11. Descriptive Statistics Landing Time

Groups Count Sum Average  Variance
AprilTag 5 109 21.8 5.7
ARTag 5 79 15.8 3.7
ArUco 5 102 20.4 2.8
STag 5 81 16.2 11.2
WhyCode 5 80 16.0 2.0

The ANOVA test results in Table 12 show
an F value of 7.94 with a p-value of 0.000529 <
0.05, indicating a significant difference between
markers. Table 13 presents the parameters used
in the Tukey HSD post-hoc test for landing time,
with a Mean Squared Error (MSE) of 5.08.

The Tukey HSD test results in Table 14 also
show that significant differences occur between
several pairs, particularly AprilTag—ARTag,
AprilTag—STag, and AprilTag-WhyCode, as well
as between ARTag-ArUco.

Table 12. One-Way ANOVA for Landing Time

Source of ss df MS P- F

Variation value crit
Between 0.0005
Groups 161.36 4 4034 7.94 29 2.86
Within = 4016 20 5.08
Groups
Total 262.96 24

Table 13. Parameter to Tukey HSD Post Hoc
Test for Landing Time

Parameter Value
MSE 5.08
n 5
k 5
df_within 20
g (0=0.05, k=5, df=20) 4.11

Table 14. Tukey HSD Post Hoc Test for Landing

Error .
Group1 Group2 MeanDiff Significant Time
AprilTag ARTag 11.96 Yes Group1 Group2 MeanDiff Significant
AprilTag ArUco 0.136 No AprilTag ARTag 6.0 Yes
AprilTag STag 10.406 No AprilTag ArUco 1.4 No
AprilTag WhyCode 5.844 No AprilTag STag 5.6 Yes
ARTag ArUco 11.824 Yes AprilTag WhyCode 5.8 Yes
ARTag STag 1.554 No ARTag ArUco 4.6 Yes
ARTag WhyCode 6.116 No ARTag STag 04 No
ArUco STag 10.27 No ARTag WhyCode 0.2 No
ArUco WhyCode 5.708 No ArUco STag 4.2 Yes
STag WhyCode 4.562 No ArUco WhyCode 4.4 Yes
STag WhyCode 0.2 No
724 A. Nugroho et al., Statistically validated comparative evaluation of fiducial markers for ...
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This indicates that differences in code
structure and marker detection complexity directly
affect the visual system's speed in performing
position corrections. Markers with simpler code
designs and faster detection, such as ArUco and
WhyCode, tend to produce shorter landing times.
In  contrast, markers with more complex
identification computations take longer to reach
stability. Thus, landing time is the most sensitive
indicator of visual algorithm efficiency and shows
a direct relationship between marker complexity
and navigation system response.

Detected Marker Distance Analysis

Figure 9 and Table 15 show the maximum
detection distance data for each marker. The
average values range from 2.296 m for ARTag to
3.176 m for AprilTag, with relatively low variance
for almost all markers. This distribution suggests
that certain markers have better detection
capabilities, so further testing is needed to confirm
statistical significance.

Based on the ANOVA results in Table 16,
the F value = 13.65 with a p-value = 1.59x107° <
0.05 indicates a significant difference between
markers in detection distance. Table 17 presents
the parameters used in the Tukey HSD post-hoc
test for detected marker distance, with a Mean
Squared Error (MSE) of 0.04.

3,5

3
.5
2
15
1
.5
0

ARTag ArUco STag WhyCode

N

o

AprilTag

M Pengujian 1 Penguijian 2 Pengujian 3 Penguijian 4 M Pengujian 5

Figure 9. Comparative Data for Detected Marker
Distance

Table 16. One-Way ANOVA for Detected Marker

Distance
Source of P- F
Variation S8 df MS value crit
Between 555 4 056 1365 159 2.86
Groups
Within =180 20 0.04
Groups
Total 3.08 24

Table 17. Parameter to Tukey HSD Post Hoc
Test for Detected Marker Distance

Parameter Value
MSE 0.04
n 5
k 5
df within 20
g (0=0.05, k=5, df=20) 4.11

The Tukey HSD results in Table 18 also
indicate significant differences between AprilTag—
ARTag, ARTag-ArUco, ARTag-STag, and
ARTag-WhyCode. This confirms that detection
distance is strongly influenced by marker-pattern
complexity and contrast against the background.
Markers with an optimal edge-to-fill ratio enable
feature-based detection algorithms to work more
efficiently in varying simulated lighting conditions.
Statistically, the detection distance parameter is
the main indicator that significantly differentiates
marker performance, as it is directly related to
image-capture effectiveness and the speed of
visual feature identification.

Comparative Study

Based on the statistical results, the
observed performance differences among fiducial
markers are not only empirical but also
explainable through visual signal-processing
characteristics, marker geometry, and their
interaction  with  homography-based pose
estimation and closed-loop UAV control.
AprilTag's superiority is therefore not merely
numerical but structural, in terms of detection
pipeline robustness and geometric conditioning.

Table 18. Tukey HSD Post Hoc Test for Detected
Marker Distance

Table 15. Descriptive Statistics Detected Marker Group1 Group2 MeanDiff Significant
Distance AprilTag ARTag 0.88 Yes
Groups _ Count Sum Average  Variance AprilTag ArUco 0.146 No
: AprilTag STag 0.302 No

AprilTag 5 15.88 3.176 0.00563 .

ARTag 5 11.48 2296  0.12663 AprilTag  WhyCode 0.248 No
ArUco 5 15.15 3.030 0.0353 ﬁgag /;r#’co 8-;%‘ Xes
STag 5 14.37 2.874 0.01898 ART:g Why é‘g o 0,632 Yzz
WhyCode 5 14.64 2.928 0.02022 Atlco STag 0156 No
ArUco WhyCode 0.102 No
STag WhyCode 0.054 No
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From a visual signal-processing
perspective, AprilTag is more robust because its
detection pipeline emphasizes gradient-consistent
edge extraction, quad segmentation, and
probabilistic bit decoding with built-in error
correction. The binary pattern maximizes inter-bit
contrast and spatial-frequency separation,
increasing signal-to-noise ratio (SNR) during
thresholding and edge detection. In feature-based
detection, higher edge contrast produces more
stable corner responses and reduces descriptor
ambiguity, leading to lower correspondence error
during feature matching and homography
estimation. Comparative experimental studies of
fiducial markers consistently report that AprilTag
yields lower false-positive rates and more stable
pose estimates under noise and blur conditions
compared to other square markers [25] [30].

Geometrically, marker layout directly affects
homography stability because the projective
transform matrix is estimated from corner
correspondences. Homography conditioning
depends on point distribution, angular separation,
and edge orthogonality. Markers with strong
square geometry, uniform border thickness, and
sharp corners produce better-conditioned
homography matrices with lower numerical
sensitivity to pixel noise. AprilTag uses thick
black—white borders and symmetric cell grids that
preserve corner detectability under perspective
distortion, thereby reducing reprojection residuals.
Markers with more complex or less uniformly
contrasted internal patterns tend to generate
higher corner jitter, which propagates into centroid
and pose variance. This explains why vertical (Y-
axis) error shows statistically significant
differences while X-axis error does not: vertical
image coordinates are more sensitive to
perspective scaling and projective skew during
descent, so homography instability appears first
along that axis.

Detection distance differences can also be
explained through spatial-frequency response.
Markers that maintain recognizable macro-
geometry at lower pixel resolution can be detected
earlier in the image pyramid. AprilTag’s coding
scheme preserves global quad structure even
when inner bits are partially unresolved, allowing
early-stage candidate validation. In contrast,
markers whose decoding depends more heavily
on internal fine patterns require higher pixel
density for reliable identification. This behavior
has been reported in cross-marker evaluations
where AprilTag and STag maintain longer
effective detection ranges than legacy ARTag
variants under identical optics and resolution
constraints [25] [26].

From a control-systems standpoint, pose-
estimation noise directly affects the stability of the
visual-servoing loop used in precision landing.
The UAV landing controller continuously converts
image-plane centroid error into lateral velocity or
position corrections. If marker detection produces
high-variance centroid estimates, the feedback
loop experiences measurement noise that
increases control oscillation and prolongs settling
time. In the presented framework, the Kalman filter
attenuates part of this noise, but filter performance
is bounded by measurement covariance.
Therefore, markers that intrinsically generate
lower observation noise, such as AprilTag, lead to
smoother innovation sequences, faster filter
convergence, and more stable descent
trajectories. This explains why AprilTag shows
slightly longer average landing time yet lower
vertical error. The controller performs smaller,
more stable corrective actions instead of
aggressive oscillatory corrections triggered by
noisy measurements.

For real UAV deployment, these findings
suggest aligning marker selection with control-
loop sensitivity and mission risk rather than
detection speed alone. In outdoor precision
landing scenarios subject to motion blur,
illumination variation, and camera vibration,
markers with strong geometric primitives and
error-correcting binary structure provide more
reliable pose feedback and reduce the probability
of control divergence near touchdown. Faster-
detected markers with lighter decoding, such as
ArUco or WhyCode, remain suitable for time-
critical but lower-precision tasks; however, for
safety-critical landing on constrained pads,
markers with higher geometric and signal
robustness offer superior operational margins.
Prior UAV landing studies using multi-marker and
redundancy strategies also support the conclusion
that geometric stability and decoding robustness,
rather than raw detection latency alone, are
primary determinants of final landing accuracy.

CONCLUSION

This study presented a standardized
simulation-based framework to comparatively
evaluate five fiducial markers, AprilTag, ARTag,
ArUco, STag, and WhyCode, for UAV precision
landing using a unified PX4, ROS, and Gazebo

environment. By enforcing identical marker
dimensions, camera parameters, and lighting
settings, the framework enabled controlled

statistical comparison using homography-based
pose estimation and Kalman-filtered visual
observations.
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The results show that marker geometry and
coding structure significantly influence pose-
estimation stability, particularly in the vertical axis,
detection distance, and landing-time behavior.
Markers with stronger geometric regularity and
higher edge contrast produced more stable
homography estimation and lower measurement
variance, which in turn improved closed-loop
landing stability. Within the tested simulation
conditions, AprilTag consistently showed lower
vertical error and longer detection distance,
indicating stronger robustness in visual signal
extraction and geometric conditioning than the
other evaluated markers.

However, these findings must be
interpreted within the limits of simulation-based
experimentation. The reported performance
reflects controlled virtual conditions and does not
yet incorporate real-world disturbances such as
illumination variability, motion blur, camera
vibration, lens distortion, atmospheric effects, and
onboard processing constraints. Therefore, the
results support that AprilTag is the best-
performing marker within the simulated and
standardized test framework, rather than
establishing it as universally optimal for all
operational environments.

The primary contribution of this work is a
statistically validated, reproducible comparative
methodology that links marker design, visual
geometry stability, and control-response behavior.
Future work should extend this framework to
hardware-in-the-loop and real-flight experiments,
include varying marker scales and surface
materials, and evaluate robustness under
dynamic outdoor conditions. Such validation is
necessary before generalizing marker-selection
guidelines for safety-critical UAV precision-landing
deployment.
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                                         x .  t =       x .  t +   K  t     Y  t   #


                                         x .  t =       x .  t +   K  t     Y  t   #


                                 P  t =     ( I  10 × 10 −     K  t   H  t )     P  t #


                                 P  t =     ( I  10 × 10 −     K  t   H  t )     P  t #

