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Accurate Estimation of Fiducial Marker Positions Using Motion
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Abstract—In this paper, we present a method for aligning
the coordinates of multiple cameras and sensors into a unified
coordinate system using a motion capture system. Our simu-
lated convenience store environment includes cameras and sen-
sors with distinct coordinate systems, necessitating coordinate
alignment. The motion capture system identifies retroreflective
markers, while other cameras detect fiducial markers for
position and orientation determination. Three optimization
algorithms are experimented with to compute a transformation
matrix aligning camera coordinates to motion capture coor-
dinates, with the Broyden—Fletcher—Goldfarb—Shanno (BFGS)
algorithm achieving the best results (average errors of 1.13 cen-
timeters and 3.90 degrees). Comparisons with fiducial marker
pose estimation using an open-source Pupil Core software
indicate our method is more robust and consistent, with lower
repeatability errors. Additionally, we examine the estimation
errors in relation to the distances of the fiducial markers from
the camera to minimize these errors, enhancing installation
accuracy of cameras and sensors in our simulated environment.
This approach enables precise determination of positions and
orientations across integrated cameras, consistent with the
motion capture system. The findings contribute to our ongoing
project, which requires an accurate system integration for
customer behavior analysis.

I. INTRODUCTION

In recent years, supermarkets and retail stores have
adopted Artificial Intelligence-Powered Closed-Circuit Tele-
vision (Al-Powered CCTV) systems to analyze visitor be-
havior, detecting instances such as shoplifting, monitoring
shopping trajectories, and offering real-time product recom-
mendations to enhance the shopping experience. Studying
customer behaviors during in-store shopping enhances un-
derstanding of consumer shopping patterns. This insight can
optimize store layout design to create a more convenient, pro-
ductive, and satisfying shopping experience for consumers.
An effective store layout strategically positions merchandise
to attract customer attention and encourages exploration of
multiple aisles. This increased exposure to merchandise can
impact customer decisions, ultimately leading to improved
store sales and profitability [1].

Video analytics are utilized on CCTV footage to gain
insights into customer shopping behaviors [2], covering
tasks like customer detection, shopping item detection, cus-
tomer identification, tracking, emotion recognition, and ac-
tion recognition. To generate deep learning models that are
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capable of these tasks, the models pretrained on large-scale
datasets are commonly adopted and finetuned on specific
dataset tasks [3], [4]. Due to the privacy issues, it has been
challenging to use data in real environments. To collect
datasets for finetuning the models and test their applications,
the datasets collected in simulated convenience store envi-
ronments have been widely used by previous studies [5],
[6].

We are currently constructing a simulated convenience
store environment with the dimension of 4.476 meters by
7.665 meters in our laboratory for data collection, equipped
with a range of cameras and sensors. Our setup includes
an OptiTrack motion capture system with eight PrimeX 13
cameras, DS-2CD6365G1-IVS HIK 6MP fisheye cameras,
RealSense D455 depth cameras, Pupil Core eye trackers
[7], GoPro HERO11 Black cameras, and Luxonis OAK-1
OpenCV Al cameras as portrayed in Fig. 1. The images of
our environment captured by two surveillance cameras and
a fisheye camera are portrayed in Fig. 2.

Our objective is to use the motion capture system to
accurately help determine the positions and orientations of
all integrated cameras in alignment with its coordinates,
enhancing overall system coherence. Synchronizing coor-
dinates and timestamps across multiple devices is crucial
for compiling accurate datasets. The motion capture system
accurately determines retroreflective marker positions with
precision down to less than a millimeter, while other cameras
detect fiducial markers to determine their positions and
orientations. The fiducial markers in our environment are
AprilTag tag36h11 family [8].

The use of accurate positional data obtained from motion
capture (e.g., attaching a marker to the human body yields a
skeletal model) and image information in the scene obtained
from the environmental cameras are valuable in analyzing
shopping behavior. However, the coordinate system esti-
mated by the motion capture system is independent of the
coordinate system estimated by the marker-based system
using the camera. Therefore, a calibration between these
coordinate systems is required to bind them.

This paper presents a method to align the motion capture
coordinate system with the marker coordinate system by
mounting a motion capture tracker on a camera and ob-
serving markers in the environment with the camera. The
proposed method also estimates the rigid body transfor-
mation between the camera origin and the motion capture
tracker at the same time as the coordinate transformation
estimation, thus achieving coordinate system alignment with
a simple experimental setup. The proposed method is a
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Fig. 2. Simulated Convenience Store for Data Collection.

general-purpose technique for scenarios involving multiple
cameras and markers in the environment, with a calibration
process that easily supports the addition of both static and
dynamic cameras.

The key contributions of our work are as follows: 1.) We
propose a method to estimate fiducial marker positions using
a motion capture system and three optimization algorithms
to compute the transformation matrix to align camera co-
ordinates with motion capture coordinates. 2.) Our method
is compared with the Pupil Core software by estimating
fiducial marker positions in our simulated convenience store
environment. 3.) Our investigation explores how estimation
errors correlate with the distance of fiducial markers relative
to the camera. The results indicate ranges for detecting fidu-
cial markers to minimize errors, enhancing the accuracy of
estimating positions and orientations for additional cameras
to be installed in the environment.

Our results align with a previous study [9] showing that
AprilTag marker position estimation improves as the camera
moves closer. Within a 1.5 to 2-meter range, the prior study
reports average errors of 6-7 centimeters with a Logitech
camera and 3-3.5 centimeters with a Raspberry Pi camera.
In comparison, our method achieves lower average errors,
around 1 centimeter, ensuring high accuracy for future cam-
era setups in our simulated convenience store environment.

II. RELATED WORK
A. Motion Capture for Human Activity Recognition

A motion capture system has been widely deployed
and integrated with other devices to collect human motion
datasets in the field of human activity recognition and human
motion analysis. The paper [10] introduced a dataset of 3D
human poses captured by four camera views and a motion
capture system. The study [11] introduced a comprehensive
dataset on whole-body human motion, focusing specifically
on human-object interactions. The procedures and techniques
for capturing of motion, labeling, and organizing the motion
capture data were proposed. More recently, many studies
provided with large-scale datasets that are beneficial to ani-
mation, visualization, and generating training data for deep
learning models [12], [13]. The research [14] released an
indoor human motion dataset (Oxford-IHM) which includes
human-motion trajectories in an indoor environment. The
dataset includes ground truth trajectories from motion cap-
ture and RGB-D data. A previous work [15] introduced seven
datasets collected using inertial-based motion capture tech-
nology. The datasets feature professional gestures executed
by industrial operators and skilled craftsmen, performed in
real-world conditions on-site.

B. Fiducial Markers in Camera Pose Estimation

A fiducial marker is a reference object or pattern for
camera pose estimation, which requires a precise localization
in the environment. It has been used in various fields, such
as computer vision [7], robotics [16], and augmented reality
[17], to provide a point of reference for spatial measurements
and alignment. The most commonly used fiducial markers
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are ARTag [18], AprilTag [8], [19], and ArUco [20]. A
previous study [9] provided an overview of these fiducial
markers and experimentally compared their accuracy in pose
measurements. In our work, we utilize the AprilTag markers
because they are supported by Pupil Core software, and they
can be detected by any cameras. This allows us to deploy
them in the same environment for the camera pose estimation
task.

C. Optimization Algorithms

An optimization algorithm is a computational method used
to find the minimum or maximum of a function. These
algorithms are designed to iteratively improve a solution
by adjusting the input parameters to minimize or maximize
the objective function, subject to any given constraints [21].
Among available algorithms, we adopt three algorithms to
solve our optimization problem. The BFGS algorithm [22]
is a quasi-Newton method that approximates the Hessian
matrix. The Nelder-Mead algorithm [23] is a simplex method
that does not require gradient information, making it suitable
for non-smooth functions. Lastly, the Powell algorithm [24]
is a direction set method that conducts sequential one-
dimensional minimization along each vector of the direction
set.

III. METHODOLOGY

This section outlines our proposed method for estimating
AprilTag marker positions as illustrated in Fig. 3. We begin
with the observation model and the objective function of their
calibration. Next, we detail the AprilTag sample dataset used
to optimize and evaluate the Camera-to-Tracker transforma-
tion matrix, the unknown transformation matrix for aligning
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camera coordinates to motion capture coordinates. After that,
we estimate the AprilTag marker positions, comparing our
estimation method with the estimation results obtained using
the Pupil Core software. Finally, we perform repeatability
tests for our proposed method and the method using the Pupil
Core software.

A. Proposed Method
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We first calibrated the motion capture system and assigned
the origin of the motion capture system’s coordinates. The
motion capture coordinates are designated as the world
coordinate system. The comparison of our proposed method
and the general method for the AprilTag marker pose estima-
tion is portrayed in Fig. 4. We attached four retroreflective
markers to an AprilTag marker, which has a size of 15 cm,
and four to a GoPro camera to track their positions and
orientations within the motion capture system’s coordinates,
as shown in Fig. 4b.

The general method for the AprilTag marker pose esti-
mation provides the AprilTag marker coordinate system and
the GoPro camera coordinate system as illustrated in Fig. 4a.
In contrast, our proposed method introduces two additional
coordinate systems: the Tracker coordinate system, generated
using four retroreflective markers attached to the GoPro
camera, and the AprilTag coordinate system, created using
four retroreflective markers attached to the marker. Both
of these coordinate systems are obtained from the motion
capture system.

Next, we collected the single AprilTag samples to op-
timize the objective function for calibration and evaluate



the optimized Camera-to-Tracker transformation matrix. We
experimented with three optimization algorithms, such as
the BFGS algorithm, the Nelder-Mead algorithm, and the
Powell algorithm. After determining the optimized Camera-
to-Tracker transformation matrix, we utilized the GoPro
camera with attached retroreflective markers to estimate the
positions of all AprilTag markers in the environment.

AprilTag Marker Pose Estimation

.

Tracker and AprilTag Marker Orientation in World Coordinates

Fig. 5. Setup for Tracking with Motion Capture System and Marker Pose
Estimation with GoPro Camera.

B. Observation Model and Optimization Problem for Cali-
bration

We model an equation to transform a point from the
AprilTag coordinate system to the world coordinate system

as
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AprilTag Tracker Camera AprilTag .
where TWorld 4 TWorld 4 TTracker’ TCamera in SE (3) are

AprilTag-to-World, Tracker-to-World, Camera-to-Tracker,
and AprilTag-to-Camera transformation matrices respec-
tively. Here, SFE(3) is a special Euclidean group which
includes rigid transforms in 3D space. The tracker coordi-
nates are the coordinates of the rigid body created by the
retroreflective markers attached to the camera. The unknown
transformation matrix is the Camera-to-Tracker transforma-
tion matrix as
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When the calibration of Camera-to-Tracker transformation

matrix TS is done well, eq. (1) should be satisfied;

therefore, the objective function for optimization can be
designed as the sum of the Frobenius norm [25] as derived
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C. Single Aprillag Sample Dataset

Our experimental setup explained in Section III-A pro-
vides the AprilTag-to-World and Tracker-to-World transfor-
mation matrices. By detecting the AprilTag marker and
estimating its pose in each image frame, we compute the
AprilTag-to-Camera transformation matrix as illustrated in
Fig. 5. The relationships among these transformation ma-
trices are described in eq. (1), with the Camera-to-Tracker
transformation matrix being unknown.

To solve for the unknown transformation matrix, we col-
lected 24 AprilTag samples from a single marker positioned
at eight different locations within the environment. At each
location, three samples were captured from different camera
angles, as illustrated in Fig. 6.
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Fig. 6. AprilTag Sample Collection for Optimization.

D. Estimation of AprilTag Marker Positions

After obtaining the optimized Camera-to-Tracker trans-
formation matrix, we used the GoPro camera with attached
retroreflective markers to estimate the positions of 157 April-
Tag markers in the environment as described in

Camera
Tracker

Tracker

PWorld = TWorld -T (4)

: PCameraa



where Pwog and Peymera are a position of the marker in the
world coordinates and camera coordinates respectively. The
Mean Absolute Deviation method (MAD) [26] is applied
to remove outliers. Figure 7 shows examples of estimated
AprilTag markers on each side of the wall using our method
in the environment.

Additionally, we used a Pupil Core eye tracker to scan
and estimate the positions of the AprilTag markers in the
environment, allowing us to compare these estimates with
those obtained using our method. The Pupil Core eye tracker
is not directly involved in solving the primary problem
addressed in this study but instead serves as an external
device to facilitate data collection by providing reference
estimates for comparative analysis. The eye tracker scanned
the markers, and the Pupil Core software computed the
estimated positions, as shown in Fig. 8. We assigned an
AprilTag marker on Wall 1 to be the origin marker in the
Pupil Core software.

E. Repeatability and Errors Relative to Marker Distances

We computed Euclidean distance errors between our
method’s estimated marker positions and those of the Pupil
Core software. To assess repeatability, we estimated AprilTag
marker positions ten times using our method and the Pupil
Core software, sampling four markers on each side of the
room. As shown in Fig. 6, marker IDs 25, 26, 36, 37 are
on Wall 1; IDs 64, 67, 69, 74 are on Wall 2; IDs 93, 94,
100, 102 are on Wall 3; and IDs 140, 146, 149, 152 are on
Wall 4. We lastly calculated repeatability errors relative to
marker distances from the GoPro camera using our method to
determine the relationship between distance and estimation
errors, thereby enhancing the accuracy of future camera
installations.

IV. EVALUATION

This section presents the evaluation results of the optimiza-
tion process, compares marker position estimates between
our method and the Pupil Core software, analyzes the re-
peatability errors, and assesses the marker estimation errors
of our method based on the distances of the markers from
the camera.

We split the AprilTag samples into optimization and eval-
uation sets for optimizing the Camera-to-Tracker transforma-
tion matrix as 5/10, 10/10, and 14/10 samples respectively.
To compare the results of three optimization algorithms,
we apply their optimized transformation matrices to the
evaluation set to compute Tar™“ in eq. (1) and compare
them with the ground truths from the motion capture system.
The evaluation metrics are Euclidean distance error and
Relative Rotation error. Table I illustrates that the BFGS
algorithm yields the best results on the evaluation set, with
average errors of 1.13 centimeters and 3.90 degrees. After
the optimized Camera-to-Tracker transformation is obtained,
it is used to estimate the positions of all AprilTag markers
as described in eq. (4). From this point onward, our method
uses the optimized transformation matrix generated by the
BFGS algorithm to estimate marker positions.
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(d) Markers on Wall 4

Examples of Estimated AprilTag Markers in Our Environment.



Fig. 8. AprilTag Marker Localization Generated by Pupil Core Software.

TABLE I
EVALUATION RESULTS OF OPTIMIZED CAMERA-TO-TRACKER
TRANSFORMATION MATRIX

Method Train/Test | Euc. Dist. [cm] | Rel. Rot. [deg.]
BFGS 5/10 1.22 5.16
BFGS 10/10 1.21 4.18
BFGS 14/10 1.13 3.90

Nelder-Mead 5/10 10.13 60.03
Nelder-Mead 10/10 24.31 25.88
Nelder-Mead 14/10 25.98 16.35

Powell 5/10 1.22 5.16
Powell 10/10 1.21 4.25
Powell 14/10 1.13 3.95

Next, our method is compared with the Pupil Core soft-
ware by estimating AprilTag marker positions in our simu-
lated convenience store in Fig. 2. The differences between
estimated marker positions by the two methods are computed
as Euclidean distance errors. The graph in Fig. 9 indicates
the number of markers in the ranges of Euclidean distance
errors. It can be observed that there is a huge difference
between the estimated marker positions by our approach
and the Pupil Core software. Most of the markers exhibit
Euclidean distance errors ranging from 10 to 30 centimeters,
with some markers showing errors exceeding 40 centimeters.

Comparing Estimated Marker Positions: Our Method vs Pupil Core Software

Number of Markers

0.0

0.2 0.3
Euclidean Distance Error [m]

0.4

Fig. 9. Distribution of Errors between Marker Positions from Our Method
and Pupil Core Software.

To investigate the difference in the estimated marker
positions, we estimated AprilTag marker positions ten times
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using our method and the Pupil Core software, sampling four
markers on each side of the room to conduct the repeatability
tests as elaborated in Section III-E. The repeatability errors
of our method in Fig. 10 show that our method is robust and
consistent. The average errors of randomly sampled markers
are centered at approximately 1-2 centimeters, which is close
to the expected Euclidean distance error from the optimized
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In contrast, the Pupil Core software has significant repeata-
bility errors as portrayed in Fig. 11. The markers with ID
25, 26, 36, and 37, which are close to the origin marker
in the Pupil Core software explained in Section III-D, have
small repeatability errors, while the other markers that are far
from the origin marker have high average errors and standard
deviations up to over 10 centimeters. This result suggests
that the Pupil Core software is not suitable for estimating
AprilTag markers in our environment.

As can be seen in Fig. 10, some markers have the average
repeatability errors greater than the expected error range such
as the markers with ID 93, 94, 100, and 102. We further
investigate these errors by examing the relationship between
estimation errors and the relative distance of AprilTag mark-
ers from the camera as shown in Fig. 12.

Figure 12 indicates that the repeatability errors are pro-
portional to the marker distance relative to the camera.



The errors are centered at around 1-2 centimeters when
the marker position relative to the camera is less than 2
meters. On the other hand, the errors become larger when
the markers are more than 2 meters away from the camera.
Specifically, when the markers are more than 2.5 meters
away, the range of repeatability errors become wider. This
explains the standard deviation errors of the markers with ID
93, 94, 100, and 102 being larger than other markers in Fig.
10.

Our result is consistent with the findings of a previous
study [9] that examined AprilTag marker estimation at vary-
ing distances, implying that the closer the camera is to the
marker, the more accurate the marker position estimation
becomes. In the range of 1.5 to 2 meters, the average
errors of the AprilTag marker estimation reported in the
previous study are approximately 6-7 centimeters using a
Logitech camera and approximately 3-3.5 centimeters using
a Raspberry Pi camera. In comparison, our proposed method
for estimating the AprilTag marker positions yields lower
errors within this distance range, with average errors of
approximately 1 centimeter. This allows us to ensure the
accuracy of estimating positions and orientations based on
the AprilTag markers for additional cameras to be installed
in our simulated convenience store environment in the future.
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Fig. 12. Relationship between Errors and Marker Position Relative to
Camera.

V. CONCLUSION

In this paper, we presented a method to estimate fiducial
marker positions using a motion capture system to enhance
the accuracy of marker position estimation. We applied
three optimization algorithms to compute the Camera-to-
Tracker transformation matrix, achieving average Euclidean
distance errors of approximately 1.13 centimeters and av-
erage Relative Rotation error of 3.90 degrees. Additionally,
we compared our method with the Pupil Core software by
estimating the positions of 157 AprilTag markers in our
simulated convenience store environment. The repeatability
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errors suggest that our method is robust and consistent.
Finally, we examined the correlation between estimation
errors and the positions of markers relative to the camera.
This analysis aims to achieve high accuracy in estimating the
positions and orientations of additional cameras and sensors
to be installed in the environment.

Our future work will explore customer shopping behaviors
in our simulated store environment, aiming to attract their
attention to advertisements on digital signage. We aim to
observe changes in behavior using multiple cameras and
sensors to gather various types of data for behavior anal-
ysis. This includes skeletons, velocity, and acceleration from
the motion capture system; gaze direction and head poses
from eye trackers; RGB+D and heatmaps from RealSense
cameras; and top-view videos from fisheye cameras. The
findings in this paper contribute to our ongoing project,
which requires an accurate system integration to precisely
capture changes in customer behavior.
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