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Abstract—Pose estimation using ArUco markers is a method
to estimate the position of ArUco markers relative to the camera
lens. Accurate pose estimation is crucial for autonomous systems
to navigate robots effectively. This study aims to achieve an
ArUco Marker pose estimation accuracy of at least 95% using a
single camera. The method employed to obtain accurate ArUco
pose estimation results is by calibrating the camera with the
Zhang camera calibration algorithm. This -calibration is
necessary to obtain the camera matrix and distortion
coefficients, thereby enhancing the accuracy of the pose
estimation results. The results of this study include achieving a
cumulative calibration error of 0.0180 pixels and pose
estimation errors at a distance of S0 cm between the marker and
the camera lens. The accuracy on the X-axis was 100%, the Y-
axis was 100%, and the Z-axis was 99.823%. At a distance of 70
cm, the pose estimation accuracy on the X-axis was 99.349%, on
the Y-axis was 99.462%, and on the Z-axis was 99.066%. At a
distance of 100 cm, the pose estimation accuracy on the X-axis
was 96.349%, on the Y-axis was 97.641%, and on the Z-axis was
99.344%.

Keywords—Camera Calibration; Pose Estimation; ArUco
Marker; Zhang; Image Processing

L. INTRODUCTION

In the current digital age, using robots to assist human
tasks is becoming increasingly common. These robots are
designed to perform their tasks independently, without
human intervention, known as autonomy. One of the critical
components of an autonomous system is computer vision.
Computer vision is a technology used to process digital
images on robots for navigation purposes. Like eyes, cameras
are beneficial and effective in robotics as vision allows for
non-contact measurements in various fields, including object
recognition, localization, and manipulation [1].

In computer vision, the geometric parameters of a camera,
including intrinsic and extrinsic matrices, are calculated for
the calibration process [2]. Camera calibration is fundamental
in various computer vision applications, encompassing
robotics, augmented reality (AR), and autonomous systems
[3]. The calibration process aims to determine the camera's
intrinsic and extrinsic parameters, which are crucial for
transforming 2D images into accurate 3D measurements
[4][5]. Camera calibration techniques using structured
patterns and deep learning methods have been introduced to
enhance the accuracy and efficiency of the calibration process

[61(7].

One of the main challenges in camera calibration is
ensuring precision under various image capture conditions
and different environments. Recent research indicates that
camera calibration with dynamic patterns and adaptive
methods can significantly improve accuracy [8][9].
Techniques for calibrating single-camera systems enhance
the accuracy of real-time 3D mapping [10]. This research
demonstrates that adapting more advanced calibration
methods can improve the outcomes of applications dependent
on high visual accuracy [11]-[14].

One of the camera calibration techniques is the Zhang
camera calibration algorithm. This process aims to derive the
intrinsic and extrinsic parameters of the camera used for pose
estimation. Accurate pose estimation is crucial for robot
navigation. However, several factors affect camera
calibration accuracy and reliability. These factors include:

o Lens distortion: radial and tangential distortions of the
camera lens can affect the calibration accuracy and pose
estimation. Although the Zhang algorithm is designed to
address these distortions, variations in environmental
conditions often lead to inconsistent calibration results.
Lens distortion frequently results in errors in calculating
the position and orientation of objects, especially when
objects are at the edge of the camera's field of view.

e Occlusion and lighting: occlusion conditions, where part
of the marker is obscured by other objects, and extreme
lighting variations can affect the detection and
identification of ArUco markers. Uneven lighting or
sharp shadows can obscure markers, leading to detection
and feature extraction errors. This poses a significant
challenge in real-time applications requiring fast, accurate
detection and measurement.

Camera calibration is crucial for obtaining more accurate
measurements in digital 1image processing. These
measurements often use pose estimation to estimate the
marker's position relative to the camera [15]. One of the fluid
markers for pose estimation is the ArUco marker [16]-[20].
3D pose estimation is a vital component in computer vision
systems, where determining the position and orientation of
objects in 3D space is based on 2D images. One key objective
is the accuracy of pose estimation [21]. Therefore, accurate
pose estimation requires camera calibration [22][23]. One of
the problems in pose estimation includes:

o Pose estimation instability: in real-world conditions,
pose estimation can experience instability due to
environmental variations and marker detection errors.
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Low accuracy in pose estimation can lead to errors in
robot navigation, impacting the overall performance of
the autonomous system.

Therefore, this paper aims to achieve accurate pose
estimation of ArUco markers using the Zhang camera
calibration algorithm, with an average pose estimation
accuracy of at least 95% across all measurement distances on
the X, Y, and Z axes.

II. SYSTEM DESIGN

In conducting this research, the author used the Python
programming language with the OpenCV library [24]. Fig. |
shows the schematic of the applied system.
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Fig. 1. Schematic of the single camera pose estimation system

Based on Fig. 1 the specifications of the applied system
are listed in Table 1.

Table 1. Specifications of the single camera pose estimation system

No Components Specifications
Raspberry Pi 5 SBC 2.4Ghz, 40. GPIO 25-Watt RAM
1 4GB, microSD 32GB
2 Webcam Camera 0.9 MP 720P/30FPS
3 Power Adaptor SV SA
(Supply)

A. Zhang Camera Calibration Algorithm

Camera calibration is a series of processes that obtain the
transformation parameters between the camera lens used for
capturing images of objects. In other words, camera
calibration is a process in digital image processing that
accounts for distance, object rotation, and object translation
relative to the camera. Camera calibration is crucial for
performing distance estimation along three axes: x, y, and z
from the camera to the object through visual means. It is
essential in 3D computer vision for extracting information
from 2D images. A 2D point is denoted as M = [u,v]T. A
3D point is denoted as M = [x, v, z]", With the z-axis being
a zero vector [25]. This calibration process is used to
determine camera parameters such as the camera matrix,
distortion parameters, image translation vector, and image
rotation vector, along with the cumulative calibration error.
Mathematically, these parameters are expressed as follows:

E, S C,
Camera Matrix = [0 E, Cyl (1)
0 0 1

Where, F, is the focal length along the X-axis of the
camera, Fj, is the focal length along the Y-axis of the camera,
C, is the coordinate the principal point along the X-axis of
the camera, C,, is the coordinate the principal point along the
X-axis of the camera, and S is the Skew parameter that
defines the skew between the X and Y axes of the camera.

Based on equation (1), the skew parameter is zero because
the camera axes along the X and Y directions are always
perpendicular, resulting in a skew value of 0. Thus, the
camera matrix is as follows:

E, S C,
Camera Matrix = IO E, Cy] 2)
0 0 1

The mathematical representation of the lens distortion
coefficients or parameters is as follows:

Distortion parameters =

3)
Ky K, Pi Py Kj]
Where, K;, K,, K5 is the Radial distortion coefficients and P;,
P, is the Transient distortion coefficients.

K, and K, are the radial distortion coefficients that
indicate the extent of radial distortion in the lens. Radial
distortion arises from differences in magnification (scaling)
along the radius from the projection center. K; is an
additional radial distortion coefficient for more complex
distortion models (e.g., significant barrel or pincushion
distortion).

In contrast, P; and P, are the tangential distortion
coefficients that represent distortion due to the lens's shift
from the optical axis. This distortion occurs because the lens
is not aligned with the image plane.

Image rotation vector

¢
Image rotation vector = H “)
)

Where, O is the Rotation angle of the image along the X-axis,
O is the Rotation angle of the image along the Y-axis, and ¥
is the Rotation angle of the image along the Z-axis

The image rotation vector represents the rotation from the
object's coordinate system (e.g., a planar pattern such as a
checkerboard) to the camera's coordinate system along the X,
Y, and Z axes. Image translation vector

[2%
Image translation vector = |ty
ty

)

Where, t, is the Translation along the X axis, t, is the
Translation along the Y axis, and t, is the Translation along
the Z-axis
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The image translation vector is a vector that represents the
translation from the object's coordinate system (a planar
pattern such as a checkerboard) to the camera's coordinate
system along the X, Y, and Z axes. The flowchart for Zhang's
camera calibration and the calibration process using Zhang's
algorithm are shown in Fig. 2 and Fig. 3, respectively.

Based on the flowchart in Fig. 2, the initial step in
calibrating the camera using Zhang's algorithm is to prepare
a camera with a planar pattern, such as a checkerboard with
9 x 6 corners. Next, activate the camera to capture RGB
images with a 640 x 480 pixels resolution. Then, 35 images
of the checkerboard with different orientations relative to the
camera were taken.

Start

Webcam Camera and
Planar Pattern

l

planar image (RGB
Image)

l

Taking 35 images of a
chessboard with
different orientation
positions

l

Zhang's camera
calibration process

l

Camera matrix_ distortion
parameters, translation and rotation
vectors, calibration error in pixels

Fig. 2. Camera calibration process using Zhang's algorithm

Proceed with the calibration process using Python with
the OpenCV library. Start by declaring the image size as
210mm x 290mm and the checkerboard dimensions as
corners (9x5). In this study, the values used are
cv.TERM_CRITERIA_EPS of 100 and
cv.TERM_CRITERIA_ MAX ITER of 0.001. Then,
configure the program to read images from a folder
containing the 35 images. Convert the RGB images to
grayscale.

Next, refine or perfect the detected corner locations in the
grayscale images. Input the grayscale images and find the
corners from the previously detected grayscale images for
refinement. Set the window size or search area in pixels for
each corner refinement to 11 x 11 pixels. The zero zone,
which represents the central area excluded from the search, is
set to -1, -1, meaning no area is excluded.

Then, input the criteria for stopping the iterative
algorithm, determining when the corner refinement process
should stop. The criteria are  based on

“cv.TERM_CRITERIA EPS” of one hundred (100) and
“cv.TERM_CRITERIA MAX ITER” of 0.001, where the
number 100 represents the iteration count and 0.001
represents the epsilon value.

Perform the calibration with these parameters, yielding
results including the camera matrix, distortion parameters,
translation and rotation vectors, and calibration error in
pixels. Once Zhang's camera calibration is complete, the
camera matrix and distortion parameters will be used to
improve the accuracy of ArUco marker pose estimation. Fig.
3 shows that the checkerboard corners have been successfully
detected, as indicated by the colors displayed.

CooneEOBE®E

[fe= v=1ROV ~ R128 2132 R T

Fig. 3. Camera calibration process display

B. ArUco Marker and ArUco Marker ID Detection

ArUco Marker is a binary square image with black and
white colors used for camera pose estimation. Each ArUco
Marker has a unique ID value and supports a maximum of
1024 IDs. An ArUco Marker's ID can be calculated manually
or using computer vision. Manual calculation can use
schemes such as Hamming code, which involves parity and
data bits. Parity bits are error-checking, while data bits are the
actual information. An ArUco Marker consists of a maximum
7 x 7 binary grid, with each cell of the ArUco image encoded
with bits.

Based on Fig. 4, once the marker is created, the next step
is to decode it using the Hamming code scheme to calculate
the data bits and account for the parity bits within the marker.
Fig. 5 is a representation of the placement of data bits and
parity bits in the original ArUco marker.

Fig. 5 shows that the ArUco ID can be calculated by
summing the data bits of the binary number. The ID contains
the binary number 0000011110, which, when converted to
decimal form, equals 30.

Fig. 4. ArUco marker
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Fig. 5. Decoding ArUco marker

C. Image Processing

Digital image processing is a technology that processes
digital images or pictures according to the embedded
program. In this research, digital image processing aims to
read ArUco markers with unique IDs. This processing
involves color changes to read ArUco markers. Additionally,
detection and pose estimation can be used as a pose
estimation marker to obtain the estimated position of the
ArUco marker relative to the camera. Therefore, digital
image processing for ArUco must include a 3-axis pose
estimation for measuring translation along the x, y, and z axes
from the center of the marker to the center of the camera lens.
The following flowchart illustrates the image processing for
identifying the ArUco marker ID and performing pose
estimation of the ArUco marker relative to the camera, as
shown in Fig. 6.

Start

RGB input image

|

Convert to Grayscale

l

Edge detection

Contour detection

¥

ArUco ID detection and
pose estimation

A J

Finish

Fig. 6. Flowchart for image processing to identify ArUco marker

Based on Fig. 6, the first step in image processing is to
capture an RGB image from the camera, which is then
converted to grayscale to reduce data dimensions. Next, the
image undergoes edge detection to outline the binary data
obtained from the image. In contrast, contour detection
focuses on the areas or objects identified in the image and
processes them so that the objects can be recognized and
understood by the system. The output of this image
processing is to determine the ArUco ID and perform pose
estimation of the ArUco marker. This process utilizes the
OpenCV library.

The pattern shown in Table 2 is the same as the image
in Fig. 4 but rotated 90 degrees clockwise. For example, the
representation of the rotated ArUco marker is shown in Fig.
7. The image of the detected ArUco with its ID is shown in
Fig. 8.

Table 2. Digital image processing process for ArUco marker detection

No Picture Explanation
CEooEE0OEE®
RGB Image

The RGB image is
the input image used
for image
processing.

Grayscale Image
The grayscale image
is the result of
converting from
RGB, which serves
to reduce data
dimensions [26].

DEE000E0GED

Edge Detection
The edge detection
image, or Canny
edge detection, is a
processed image that
functions to
represent the binary
data obtained from
the image

Contour Detection
The contour
detection image is a
processed image that
focuses on the area
or object produced
by the image. It is
further processed so
that the object can
be viewed and
understood by the
system.
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Based on the image in Fig. 8§, the system reading after
image processing to identify the ArUco marker ID matches
the manual calculation of the ArUco ID using the Hamming
code scheme, with an ID value of 30.

—

Fig. 7. Rotation of the ArUco Marker 90 Degrees Clockwise

Id Aruco v oA X

CCELEEEEEEE]

(x=250, y=9) ~ R:118 G:122 B:123

Fig. 8. Reading the ID of the ArUco marker

D. Accuracy Pose Estimation ArUco Marker

Pose estimation is a technique in computer vision used to
determine the 3D spatial coordinates of a point, including
coordinates on the x, y, and z axes. The use of ArUco markers
aims to make it easier for computer systems to recognize
them, as ArUco markers contain unique embedded codes.
These codes enable the system to accurately identify the
marker and estimate the object's pose relative to the camera
on the x, y, and z axes. This process involves using camera
calibration results, which include intrinsic camera parameters
such as the camera matrix and distortion parameters, to
achieve more accurate ArUco pose estimation results.

Based on Fig. 9, the display shows the result of pose
estimation for the ArUco marker read on the X, Y, and Z axes.
Fig. 9 is an example of the pose estimation result for the
ArUco marker at a distance of 86 cm. The accuracy formula
for ArUco pose estimation is:

Accuracy pose estimation

. (6)
= 100% — Error Relative

CE0DeEAREEE

Fig. 9. Pose estimation of ArUco marker

III.  RESULT AND DISCUSSION

Based on the results of the design and experiments, the
pose estimation results are as follows:

A. Result Zhang’s camera calibration algorithm

Based on the experimental results using the Zhang camera
calibration algorithm, the intrinsic and extrinsic parameters
of the camera are obtained. The intrinsic parameters consist
of the camera matrix and lens distortion parameters, while the
extrinsic parameters consist of the rotation and translation
vectors of the image. The calibration results can be found in
Table 3, Table 4, Table 5, and Table 6.

Table 3. Result of matrix camera

No Parameters Result
698.5167477 0 322.7119836
1 Matrix Camera 0 698.0543131  236.2582937
0 1

Based on Table 3, the focal length on the camera's X-axis
is 698.5167477, the skew parameter is 0 because the X and Y
axes of the camera are perpendicular to each other, the focal
length on the Y-axis of the camera is 698.0543131, the X
coordinate of the camera's principal point is 322.7119836,
and the Y coordinate of the camera's principal point is
236.2582937.

Table 4. Result of parameter distortion

No Parameters Result
-0.11785701583978955
Distortion 1.5199508775591315
1 -0.016984594698011175
Parameters

-0.0014976151455554812
-5.275252972815059

Based on Table 4, the distortion parameters represent the
distortion values of the camera according to formula 3, where
the explanations for the numbers are as follows: -
0.11785701583978955 is  the  wvalue of KI,
1.5199508775591315 is the wvalue of K2, -
0.016984594698011175 is the value of PIl, -
0.0014976151455554812 is the value of P2, and -
5.275252972815059 is the value of K3. These values were
obtained through the camera calibration process with 35
images based on different rotations and translations of the
chessboard.
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Based on Table 5 and Table 6, these are the results of the
calibration values for the camera's extrinsic parameters using
the Zhang camera calibration method and for the calibration
error using the Zhang calibration algorithm, the calibration
error obtained is 0.018006660341099965 pixel.

Table 5. Result of image rotation vector

No Parameters Result

0.11857564984538077

-0.01741652085423842

0.011824271435988583

Image rotation vector 1

0.11920255053169126

-0.01810630272594103

. 0.011752351712174236
Image rotation vector 2

-0.5300666165992208

35 -0.016183223270571596

-0.04777238388228286
Image rotation vector 3

Table 6. Result of image translation vector

No Parameters Result

-6.145302070997344

-5.739821204416082

. 28.84203665605388
Image translation vector 1

-8.011859774771649

-2.7335036717816075

30.459382441788545
Image translation vector 2

-5.37787608030147

35 -4.472781953410902

32.6486636145591

Image translation vector 3

B. Pose Estimation Results at a Distance of 50cm from the
Camera

The experiment was conducted using three axes: the x-
axis, y-axis, and z-axis. For the ArUco pose estimation
measurements, the x and y axes were measured at a distance
of 50 cm, while the z-axis was measured from 50 cm to 59
cm. Based on the experimental results, the pose estimation
results for the x and y axes at a distance of 50 cm can be found
in Table 7 and Table 8. Meanwhile, the pose estimation for
the z-axis, measured from 50 cm to 59 cm, can be found in
Table 9.

Table 7. Results of ArUco pose estimation at a distance of 50 cm on the x-
axis

Error
No Co;npl;ter A(ctu;l ! Error absolute  Error relative
cm cm (cm) (%)

1 -10.0 -10.0 0 0
2 -8.0 -8.0 0 0
3 -6.0 -6.0 0 0
4 -4.0 -4.0 0 0
5 -2.0 -2.0 0 0
6 0.0 0.0 0 0
7 2.0 2.0 0 0
8 4.0 4.0 0 0
9 6.0 6.0 0 0
10 8.0 8.0 0 0
11 10.0 10.0 0 0
Mean error 0 0

Based on the experimental results presented in Table 7, at
a distance of 50 cm from the camera, the ArUco marker
measurement along the X-axis of the marker's center relative
to the camera resulted in an average absolute error of 0 cm
and a relative error of 0%. According to equation (6), the pose
estimation accuracy of the ArUco marker at these distances
is 100%. This is because the distance between the marker
and the camera, along with the lighting conditions, was
adequate for the camera to perform pose estimation
accurately, resulting in a high level of accuracy.

Based on the experimental results presented in Table 8, at
a distance of 50 cm from the camera, the ArUco marker
measurement along the X-axis of the marker's center relative
to the camera resulted in an average absolute error of 0 cm
and a relative error of 0%. According to equation (6), the pose
estimation accuracy of the ArUco marker at these distances
is 100%. This is because the distance between the marker and
the camera, along with the lighting conditions, was adequate
for the camera to perform pose estimation accurately,
resulting in a high level of accuracy.

Based on Table 9, the experimental results show that at
distances ranging from 50 cm to 59 cm, measurements of the
ArUco marker along the X-axis from the camera resulted in
an average absolute error of 0.197 cm and a relative error of
0.177%. According to equation (6), the pose estimation
accuracy of the ArUco marker at these distances is 99.823%.
This high accuracy is due to the suitable distance of the
marker from the camera and adequate lighting conditions,
which allow the camera to perform pose estimation
effectively. Additionally, the accuracy is affected by the
camera's low resolution of 0.9 MP.

Based on Fig. 10, as the distance between the marker and
the camera increases, both the absolute and relative errors
also increase. This is due to the lens's focal distance from the
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marker becoming greater, causing the marker to appear
increasingly out of focus. Increasing the camera's megapixel
resolution beyond the current 0.9 MP could help mitigate this
issue.

The relationship between actual readings and system
readings is illustrated in Fig. 11. As the marker moves farther
away, the error readings increase, as indicated by the linear
regression equation. The regression equation has a constant
term of -1.376 and a positive regression coefficient of 1.027,
suggesting that as the marker moves farther from the camera
lens, the absolute error increases. The value of 1.027
represents the gradient of the calibration results. This may
indicate that the axial error of the single-camera pose
estimation algorithm can be addressed by dividing the given
error by this gradient. A better approach to minimize this
error might involve reconsidering the camera calibration
constants, potentially by increasing the focal length of the
camera lens.

Table 8. Results of ArUco pose estimation at a distance of 50 cm on the y-
axis

Error
No Co?cll[::;ter A(Etmu;l ! Error absolute  Error relative
(cm) (%)

1 -6.5 -6.5 0 0
2 5.2 -5.2 0 0
3 -3.9 -3.9 0 0
4 -2.6 -2.6 0 0
5 -1.3 -1.3 0 0
6 0.0 0.0 0 0
7 1.3 1.3 0 0
8 2.6 2.6 0 0
9 3.9 3.9 0 0
10 52 5.2 0 0
Mean error 0 0

Table 9. Results of ArUco pose estimation at distances from 50 cm to 59
cm along the z-axis

Error
No Computer Actual Error absolute Err?r
(cm) (cm) (cm) relative
(%)
1 50.0 50.0 0 0
2 51.0 51.0 0 0
3 52.0 52.0 0 0
4 53.1 53.0 0.1 0.188
5 54.1 54.0 0.1 0.185
6 55.1 55.0 0.1 0.182
7 56.2 56.0 0.2 0.357
8 57.2 57.0 0.2 0.351
9 58.2 58.0 0.2 0.345
10 59.2 59.0 0.2 0.339
Mean error 0.197 0.177
Graph of actual measurement against error values
0.35 +—  Error Absolute (cm)

B Error Relative (%)

0.00- . . c . .
50 52 54 56 58

Actual displacement measurement (cm)

Fig. 10. Graph of absolute and relative errors along the Z-axis at distances
from 50 cm to 59 cm

Distance accuracy at 50 cm - 59 cm

y=-1.376 + 1.027x

J\ w
= 3}

Computer displacement measurement (cm)
. 2 .

50 ) 54 56 58
Actual displacement measurement (cm)

Fig. 11. Graph of absolute and relative errors along the Z-axis at distances
from 50 cm to 59 cm

C. Pose Estimation Results at a Distance of 70 cm from the
Camera

The experiment was conducted using three axes: the x-
axis, y-axis, and z-axis. For the ArUco pose estimation
measurements, the x and y axes were measured at a distance
of 70 cm, while the z-axis was measured from 70 cm to 79
cm. Based on the experimental results, the pose estimation
results for the x and y axes at a distance of 70 cm can be found
in Table 10 and Table 11. Meanwhile, the pose estimation for
the z-axis, measured from 70 cm to 79 cm, can be found in
Table 12.

Table 10. ArUco pose estimation results at a distance of 70 cm on the x-
axis

Error
No Coznp |;ter Azctu;l ! Error absolute  Error relative
cm cm (cm) (%)
1 -10.2 -10.0 0.2 2
2 -8.1 -8.0 0.1 1.25
3 -6.1 -6.0 0.1 1.66
4 -4.0 -4.0 0 0
5 -2.0 -2.0 0 0
6 0.0 0.0 0 0
7 2.0 2.0 0 0
8 4.0 4.0 0 0
9 6.1 6.0 0.1 1.66
10 8.1 8.0 0.1 1.25
11 10.2 10.0 0.2 2
Mean error 0.073 0.893

Based on Table 10, the experimental results indicate that
at a distance of 70 cm from the ArUco marker to the camera,
the measurement of the X-axis of the marker's center to the
camera yields an average absolute error of 0.073 cm and a
relative error of 0.893%. According to equation (6), the
accuracy of ArUco pose estimation at a distance of 70 cm on
the X-axis is 99.107%. This is because the distance between
the marker and the camera and the lighting conditions are
sufficient for the camera to perform pose estimation, resulting
in fairly good accuracy. Additionally, this is also due to the
camera's small resolution, which is 0.9 MP.

Based on Fig. 12, the farther the marker is from the
camera, the greater the absolute and relative error values.
This is because the lens's focal length to the marker increases,
causing the marker to become more out of focus. This issue
can be mitigated by increasing the camera's megapixel count
from the current 0.9 MP.
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The relationship between actual readings and system
readings is shown in Fig. 13. As the marker moves further
from the camera lens center (see the figure), the observed
error increases. Referring to the linear regression equation,
the error has a relationship with a regression constant of 0.000
and a positive regression coefficient of 1.015 (indicating that
as the marker moves further from the camera lens, the
absolute error increases). According to the regression
equation, the value 1.015 represents the gradient of the
calibration results. This may suggest that the axial error from
the single-camera pose estimation algorithm can be addressed
relatively easily by dividing the given value by this gradient.
A better approach to handling this error might involve
reconsidering the camera calibration constant. This aims to
reduce the error on the X-axis, for example, by increasing the
focal length of the camera lens.

Graph of actual measurement against error values

s
<
=
5 100
0.75
0.50
0.25 —e— Error Absolute (cm)
W Error Relative (%) T
0.00 . - 1
-100 75 50 25 0.0 25 50 75 10.0

Actual displacement measurement (cm)

Fig. 12. Graph of absolute and relative errors on the X-axis at a distance of
70 cm
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Based on Table 11, the experimental results indicate that
at a distance of 70 cm from the ArUco marker to the camera,
measuring the Y-axis of the marker's center to the camera
yields an average absolute error of 0.03 cm and a relative
error of 0.538%. According to equation (6), the accuracy of
ArUco pose estimation at a distance of 70 cm on the Y-axis
15 99.462%. This is because the distance between the marker
and the camera and the lighting conditions are sufficient for
the camera to perform pose estimation, resulting in fairly
good accuracy. This is also due to the camera's small
resolution of 0.9 MP.

Table 11. ArUco pose estimation results at a distance of 70 cm on the y-
axis

Error
No Computer  Actual Error absolute  Error Relative

(cm) (cm) (cm) (%)

1 -6.6 -6.5 0.1 1.538

2 -5.3 -5.2 0.1 1.923
3 -4.0 -3.9 0 0
4 -2.6 2.6 0 0
5 -1.3 -1.3 0 0
6 0.0 0.0 0 0
7 1.3 1.3 0 0
8 2.6 2.6 0 0
9 4.0 39 0 0

10 5.3 5.2 0.1 1.923

Mean error 0.03 0.538

Based on Fig. 14, the farther the marker is from the
camera, the greater the absolute and relative error values.
This is because the focal length of the lens to the marker
increases, causing the marker to become more out of focus.
This issue can be mitigated by increasing the camera's
megapixel count from the current 0.9 MP.

Graph of actual measurement against error values
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Fig. 14. Graph of absolute and relative errors on the Y-axis with a distance
of 70cm

The relationship between actual readings and system
readings is shown in Fig. 15. As the marker moves farther
from the center of the camera lens (see the figure), the
observed error increases. Referring to the linear regression
equation, the error has a relationship with a regression
constant of 0.001 and a positive regression coefficient of
1.017 (indicating that as the marker moves further from the
camera lens, the absolute error increases). According to the
regression equation, the value 1.017 represents the gradient
of the calibration results. This suggests that the axial error
from the single-camera pose estimation algorithm can be
easily addressed by dividing the given value by this gradient.
A better approach to handling this error might involve
reconsidering the camera calibration constant. This aims to
reduce the error on the Y-axis, for example, by increasing the
focal length of the camera lens.
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Fig. 15. Graph of the Relationship Between Actual Measurements and
System Measurements on the Y-Axis at a Distance of 70 cm

Based on the experimental results presented in Table 12,
it was found that at a distance of 70 cm from the ArUco
marker to the camera, measuring the Z-axis of the marker's
center to the camera yields an average absolute error of 0.77
cm and a relative error of 0.934%. According to equation (6),
the accuracy of ArUco pose estimation at a distance of 71 cm
to 80 cm is 99.066%. This is because the distance between
the marker and the camera and the lighting conditions are
sufficient for the camera to perform pose estimation, resulting
in fairly good accuracy. This is also due to the camera's small
resolution of 0.9 MP.

Table 12. ArUco pose estimation results at a distance of 70 cm to 79 cm on

the z-axis
Error

No Co?clllz:;ter A(ztmu;l ! Error absolute  Error Relative
(cm) (%)
1 70.5 70.0 0.5 0.704
2 71.6 71.0 0.6 0.833
3 72.6 72.0 0.6 0.822
4 73.6 73.0 0.6 0.811
5 74.7 74.0 0.7 0.933
6 75.7 75.0 0.7 0.921
7 76.8 76.0 0.8 1.031
8 77.8 77.0 0.8 1.025
9 78.9 78.0 0.9 1.139
10 79.9 79.0 0.9 1.125
Mean error 0.71 0.934

Based on Fig. 16, the farther the marker is from the
camera, the greater the absolute and relative error values.
This is because the focal length of the lens to the marker
increases, causing the marker to become more out of focus.
Alternatively, this issue can be mitigated by increasing the
camera's megapixel count from the current 0.9 MP.

The relationship between actual readings and system
readings is shown in Fig. 17. As the marker moves farther
from the center of the camera lens (see the figure), the
observed error increases. Referring to the linear regression
equation, the error is related by the equation —2.586+1.044X-
2.586 + 1.044X-2.586+1.044X with a positive regression
coefficient of 1.044 (indicating that as the marker moves
further from the camera lens, the absolute error increases).
According to the regression equation, the value 1.044
represents the gradient of the calibration results. This may

suggest that the axial error from the single-camera pose
estimation algorithm can be relatively easily addressed by
dividing the given value by this gradient. A better approach
to handling this error might involve reconsidering the camera
calibration constant. This aims to reduce the error on the Z-
axis, for example, by increasing the focal length of the camera
lens.

Graph of actual measurement against error values
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Fig. 16. Graph of Absolute and Relative Error on the Z-Axis at Distances
of 70 cm to 79 cm
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Fig. 17. Graph of the Relationship Between Actual Measurements and
System Measurements on the Z-Axis at Distances of 70 cm to 79 cm

D. Pose Estimation Results at a Distance of 100 cm from
the Camera

The experiment was conducted using three axes: the x-
axis, y-axis, and z-axis. For the ArUco pose estimation
measurements, the x and y axes were measured at a distance
of 100 cm, while the z-axis was measured from 100 cm to
109 cm. Based on the experimental results, the pose
estimation results for the x and y axes at a distance of 100 cm
can be found in Table 13 and Table 14. Meanwhile, the pose
estimation for the z-axis, measured from 100 cm to 109 cm,
can be found in Table 15.

Based on Table 13, the experimental results indicate that
at a distance of 100 cm from the ArUco marker to the camera,
measuring the X-axis of the marker's center to the camera
yields an average absolute error of 0.2 cm and a relative error
of 3.651%. According to equation (6), the accuracy of ArUco
pose estimation at a distance of 100 cm on the X-axis is
96.349%. This is because the distance between the marker
and the camera, as well as the lighting conditions, are
sufficient for the camera to perform pose estimation, resulting
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in fairly good accuracy. Additionally, this is also due to the
camera's small resolution, which is 0.9 MP.

Table 13. ArUco pose estimation results at distance of 100 cm on the x-
axis

Error
No Computer Actual Error Error
(cm) (cm) absolute Relative
(cm) (%)
1 -10.3 -10.0 0.3 3
2 -8.3 -8.0 0.3 3.75
3 -6.2 -6.0 0.2 3.33
4 -4.2 -4.0 0.2 5
5 -2.1 -2.0 0.1 5
6 0.0 0.0 0 0
7 2.6 2.0 0.1 5
8 4.6 4.0 0.2 5
9 6.2 6.0 0.2 3.33
10 83 8.0 0.3 3.75
11 10.3 10.0 0.3 3
Mean error 0.2 3.651

Based on Fig. 18, the farther the distance of the marker
from the camera, the greater the absolute and relative error
values. This is because the focal length of the lens to the
marker increases, causing the marker to become more out of
focus. Alternatively, this issue could be mitigated by
increasing the camera's megapixel count from the current 0.9
MP.

The relationship between actual readings and system
readings is shown in Fig. 19. As the marker moves farther
from the center of the camera lens (see the figure), the
observed error increases. Referring to the linear regression
equation, the error is related by the equation
0.082+1.040X0.082 + 1.040X0.082+1.040X with a positive
regression coefficient of 1.040 (indicating that as the marker
moves further from the camera lens, the absolute error
increases). According to the regression equation, the value
1.040 represents the gradient of the calibration results. This
may suggest that the axial error from the single camera pose
estimation algorithm can be relatively easily addressed by
dividing the given value by this gradient. A better approach
to handling this error might involve reconsidering the camera
calibration constant. This aims to reduce the error on the X-
axis, for example, by increasing the focal length of the camera

lens. _
Graph of actual measurement against error values

—=— Error Absolute (cm)
B Error Relative (%)

k_)_—-O—t*—‘—A.._‘
]
100 75 S0 25 0.0 25 50 75 10.0
Actual displacement measurement (cm)

Fig. 18. Graph of Absolute and Relative Error on the X-Axis at a Distance
of 100 cm

Based on Table 14, the experimental results indicate that
at a distance of 100 cm from the ArUco marker to the camera,
measuring the Y-axis of the marker's center to the camera

yields an average absolute error of 0.1 cm and a relative error
0f2.359%. According to equation (6), the accuracy of ArUco
pose estimation at a distance of 100 cm on the Y-axis is
97.641%. This is because the distance between the marker
and the camera, as well as the lighting conditions, are
sufficient for the camera to perform pose estimation, resulting
in fairly good accuracy. Additionally, this is also due to the
camera's small resolution, which is 0.9 MP.

Distance accuracy at 100 cm
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Fig. 19. Graph of the Relationship Between Actual Measurements and
System Measurements on the X-Axis at a Distance of 100 cm

Table 14. ArUco pose estimation results at distance of 100 cm on the y-
axis

Error
No Computer  Actual Error absolute  Error Relative
(cm) (cm) (cm) (%)
1 -6.7 -6.5 0.2 3.077
2 -5.4 -5.2 0.2 3.846
3 -4.0 -3.9 0.1 2.564
4 -2.7 -2.6 0.1 3.846
5 -1.3 -1.3 0 0
6 0.0 0.0 0 0
7 1.3 1.3 0 0
8 2.7 2.6 0.1 3.846
9 4.0 39 0.1 2.564
10 54 52 0.2 3.846
Mean error 0.1 2.359

Based on Fig. 20, the farther the distance of the marker
from the camera, the greater the absolute and relative error
values. This is because the focal length of the lens to the
marker increases, causing the marker to become more out of
focus. Alternatively, this issue could be mitigated by
increasing the camera's megapixel count from the current 0.9
MP.

Graph of actual measurement against error values
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Fig. 20. Graph of Absolute and Relative Error on the Y-Axis at a Distance
of 100 cm

Junardo Herdiansyah, Implementation of Zhang's Camera Calibration Algorithm on a Single Camera for Accurate Pose Estimation Using
ArUco Markers



Journal of Fuzzy Systems and Control, Vol. 2, No 3, 2024

186

The relationship between actual readings and system
readings is shown in Fig. 21. As the marker moves farther
from the center of the camera lens (see the figure), the
observed error increases. Referring to the linear regression
equation, the error is related by the equation 0.001+1.033X
with a positive regression coefficient of 1.033 (indicating that
as the marker moves further from the camera lens, the
absolute error increases). According to the regression
equation, the value 1.033 represents the gradient of the
calibration results. This may suggest that the axial error from
the single-camera pose estimation algorithm can be relatively
easily addressed by dividing the given value by this gradient.
A better approach to handling this error might involve
reconsidering the camera calibration constant. This aims to
reduce the error on the Y-axis, for example, by increasing the
focal length of the camera lens.

Based on the results in Table 15, the experimental process
indicates that at a distance of 100 cm from the ArUco marker
to the camera, measuring the Z-axis of the marker's center to
the camera yields an average absolute error of 1.77 cm and a
relative error of 1.656%. According to equation (6), the
accuracy of ArUco pose estimation at a distance of 100 cm to
109 cm is 98.344%. This is because the distance between the
marker and the camera, as well as the lighting conditions, are
sufficient for the camera to perform pose estimation, resulting
in fairly good accuracy. Additionally, this is also due to the
camera's small resolution, which is 0.9 MP.

Distance accuracy at 100 cm
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Fig. 21. Graph of the Relationship Between Actual Measurements and

System Measurements on the Y-Axis at a Distance of 100 cm to 109
cm

Table 15. ArUco pose estimation results at a distance of 100 cm to 109 cm
on the z-axis

Error

No Computer Actual Error absolute Rliggrfe
(cm) (cm) (cm) (%)
1 101.3 100 1.3 1.283
2 102.3 101 1.3 1.270
3 103.4 102 1.4 1.354
4 104.5 103 1.5 1.435
5 105.7 104 1.7 1.608
6 106.7 105 1.7 1.593
7 107.9 106 1.9 1.761
8 109.2 107 2.2 2.014
9 110.3 108 2.3 2.085
10 1114 109 2.4 2.154
Mean Error 1.77 1.656

Based on Fig. 22, the farther the distance of the marker
from the camera, the greater the absolute and relative error
values. This is because the focal length of the lens to the
marker increases, causing the marker to become more out of
focus. Alternatively, this issue can be mitigated by increasing
the camera's megapixel count from the current 0.9 MP.

25 Graph of actual measurement against error values
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Fig. 22. Graph of Absolute and Relative Error on the Z-Axis at Distances
of 100 cm to 109 cm

The relationship between the actual readings and system
readings is illustrated in Fig. 23. As the marker moves further
from the camera lens center (see the image), the error
increases. According to the linear regression equation, the
error has a relationship with a regression constant of -12.227
and a positive regression coefficient (indicating that as the
marker moves further from the camera lens, the absolute error
increases) with a value of 1.134. Referring to the regression
equation, the value of 1.134 represents the gradient of the
calibration results. This suggests that axial errors from the
single-camera pose estimation algorithm can be relatively
easily addressed by dividing the given value by this gradient.
A better approach to handling this error might involve
reassessing the camera's calibration constant. This could
involve, for example, increasing the focal length of the
camera lens to reduce errors along the Z-axis.

Distance accuracy at 100 cm - 109 cm
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Fig. 23. Graph showing the relationship between actual measurements and
system measurements on the Z-axis at distances ranging from 100 cm
to 109 cm

Based on previous research [27], at a distance of 50 cm,
the accuracy measurements were 99.8% for the x and y axes
and 99.5% for the z axis. At a distance of 70 cm, the accuracy
was 99.5% for the x-axis, 99.6% for the y-axis, and 98.8% for
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the z-axis. At a distance of 100 cm, the accuracy was 95.8%
for the x-axis, 96.7% for the y-axis, and 98.7% for the z-axis.
In contrast, the current study achieved accuracy values at a
distance of 50 cm of 100% for the x and y axes and 99.823%
for the z-axis. At 70 cm, the accuracy values were 99.107%
for the x-axis, 99.462% for the y-axis, and 99.066% for the z-
axis. At 100 cm, the accuracy values were 96.349% for the x-
axis, 97.641% for the y-axis, and 99.344% for the z-axis. This
indicates that the accuracy in this study has improved by
approximately 0.05% to 0.1%. This improvement is likely
due to the effective camera calibration using the Zhang
method.

IV. CONCLUSION

Based on the conducted experiments, implementing
camera calibration using the Zhang algorithm has proven to
provide accurate distance measurements by accounting for
intrinsic camera values, such as the camera matrix and
distortion parameters. The results demonstrate that for a
measurement at 50 cm, ArUco pose estimation on both the X
and Y axes achieved an average error of 0 cm, resulting in a
pose estimation accuracy of 100%. On the Z-axis, for
distances ranging from 50 cm to 59 cm, the system recorded
an average error of 0.197 cm (1.97 mm) with an accuracy of
99.823%. For a measurement at 70 cm, the X-axis pose
estimation showed an average error of 0.073 cm with an
accuracy of 99.107%, while the Y-axis had an error of 0.03
cm and an accuracy of 99.462%. On the Z-axis, with
distances between 70 cm and 79 cm, the system recorded an
average error of 0.71 cm (7 mm) and an accuracy of 99.066%.
At 100 cm, the X-axis estimation had an average error of 0.2
cm and an accuracy of 96.349%, while the Y-axis reported a
0.1 cm error with an accuracy of 97.641%. On the Z-axis, the
system achieved an average error of 1.77 cm (17.7 mm) with
a high accuracy of 99.344%.
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