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Abstract — Labor shortages across industries are increasing the demand for robots and skilled robot programmers.
Learning from Demonstration (LfD) offers a promising approach to address this challenge, allowing robots to
acquire skills by observing human demonstrations. Existing handheld devices for LfD are often task-specific and
limited to particular learning phases. This work presents a modular handheld data acquisition device for LfD,
designed to support multiple tasks and learning methods with a single platform. The device features a robotic
flange to enable quick swapping of end-effectors and their associated sensors, providing flexible data collection
across different tasks. An ArUco marker cube facilitates basic pose and position tracking, while ROS2 integration
supports data communication and system control. Validation experiments demonstrated reliable performance,
and user evaluations confirmed high ease of use and comfort. By offering a versatile and user-friendly platform,
this modular device reduces the need for multiple task-specific handheld devices and broadens its applicability
in LfD research and practical applications.
onto specific robots while accounting for kinematic constraints and workspace limitations, enabling seamless task

Future work will focus on mapping the acquired demonstrations
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1 Introduction

Global markets are increasingly facing labor shortages, of-
ten driven by an aging population and declining birth rates.
These are projected to reduce workforce participation from
65.8% in 2005 to 61.4% by 2050 [1]. To address this grow-
ing challenge, extensive research across various sectors, from
healthcare to construction, has focused on robotics as a key
solution [2, 3, 4].

This trend is also a primary driver of the rapid expansion of
the robotics market, which is growing at approximately 16
percent annually and is expected to reach $165.2 billion by
2029 [5]. The largest segment of this market is the service
robotics sector. Its growth has been tremendous, rising from
$36.2 billion in 2022 to an expected $103.3 billion by 2026
[6]. This growth is particularly evident in industries such as
healthcare, production, and manufacturing, where the inter-
actions between a robot and the objects and persons in its
environment are crucial. |7} 3].

As robots become more prevalent, the need for skilled coders
to program various types of robots increases. This is espe-
cially the case for robots that operate in unstructured and dy-
namic environments. Highly dynamic environments requires
a more robust and adaptable programming approach. The
traditional method of programming robots, often referred to
as hard-coding, is time-consuming and highly task-specific.
To address this growing problem, Learning from Demonstra-
tion (LfD) has emerged as a promising approach [9].

LfD is a robotics approach in which a robot acquires new
skills by observing demonstrations, thereby reducing the need
for explicit programming [10, |[11]. In LfD, a human demon-
strator typically performs a sequence of actions that the
robot records and later generalizes into executable policies.

One common method within LfD is kinesthetic teaching,
where the teacher physically guides the robot's joints to il-
lustrate the task.

Because LfD leverages intuitive human demonstrations
rather than robotics domain-specific knowledge, it enables
individuals without technical expertise to teach robots ef-
fectively. However, since the robot directly learns from the
demonstrations, inaccuracies in the input will be reproduced
in the execution, underscoring the importance of precise and
reliable demonstrations.

During the learning phase, the recorded demonstrations are
processed and encoded into a representation that can later
be reproduced or adapted by the robot. This process can be
implemented using various techniques, such as Artificial Neu-
ral Networks (ANNs), Hidden Markov Models (HMMs), Dy-
namic Movement Primitives (DMPs), Gaussian Mixture Re-
gression (GMR), or diffusion-based imitation learning meth-
ods [12, 13, |14]. The choice of learning mechanism is highly
task-specific, as different methods offer distinct advantages
depending on the complexity, variability, and constraints of
the demonstrated task.

Since the quality of the learned representation strongly de-
pends on the naturalness and accuracy of the demonstra-
tions, the way demonstrations are provided becomes equally
important. To enable natural task demonstrations, hand-
held devices can be employed. Their main advantage is that
the teacher can illustrate tasks more intuitively compared to
directly manipulating the robot. Furthermore, no physical
robot is required during the demonstration phase, reducing
both cost and safety concerns, and allowing demonstrations
to be conducted in diverse environments. However, handheld
devices also introduce certain drawbacks. Since no physical



robot is present, the demonstrator may be unaware of the
robot’s physical constraints, such as workspace limits or max-
imum accelerations. Consequently, the collected data must
be mapped before execution on the robot.

This mapping process involves several steps: first, aligning
the origins of the coordinate systems; second, accounting
for robotic constraints. These include geometric constraints
(e.g., maximum workspace volume), kinematic constraints
(e.g., handling singularities in robots with many degrees of
freedom), and dynamic constraints (e.g., maximum veloci-
ties and accelerations) [15) [16].

When examining handheld devices for demonstration pur-
poses, many devices are specifically designed for particular
tasks. For instance, Hengtai Dai et al. [17] developed an
exoskeleton-like handheld device for data acquisition, with
movements subsequently learned using Gaussian Mixture Re-
gression (GMR). The device employs a fiducial marker for
motion tracking, an IMU for orientation, and a displacement
sensor in the gripper, enabling it to capture position, orien-
tation, and grasping data over time. While this design is
well suited for simple pick-and-place experiments, it is in-
sufficient for more complex or dynamic environments that
require vision-based feedback or force-based interactions.

Cheng Chi et al. |18] proposed a handheld device equipped
with an internal camera oriented toward the gripper. Demon-
stration data were processed using Diffusion Policy, a
diffusion-based imitation learning framework. This design is
specialized for visuomotor learning and supports more com-
plex pick-and-place experiments in dynamic environments
compared to the device of Hengtai Dai et al. [17]. How-
ever, it lacks the capability to perform force-based tasks,
and since no explicit position data are collected, the system
is unnecessarily complex for less dynamic or simpler tasks.

The handheld device developed by Hsien-Chung Lin et al.
[19] tracks position using an external camera and measures
forces at the end of its cylinder-shaped body. Demonstra-
tion data were processed using Gaussian Mixture Regression
(GMR) combined with Dynamic Time Warping (DTW). This
design excels in force-based tasks, such as sanding or peg-in-
hole experiments, due to the integrated force sensor. How-
ever, it is not well suited for pick-and-place operations, as it
lacks a gripper, and it is unsuitable for dynamic environments
because it does not include an internal camera.

These examples illustrate that current handheld devices are
often task-specific, limiting their applicability across a range
of different tasks. To address this limitation, it is more effi-
cient to develop a modular device for LfD data acquisition.
Such a device would allow different sensors and end-effectors
to be easily added or removed based on the task. The objec-
tive of this work is to design and validate a modular handheld
data acquisition device that can accommodate interchange-
able end-effectors for multiple LfD pipelines, thereby mini-
mizing the reliance on task-specific handheld devices.

2 Design

This section outlines the overall design process. First, the
stakeholders are identified. Based on their needs, functions
and requirements are derived. From these, a new handheld
device is designed. Finally, the design is elaborated in terms
of both mechanical and software aspects.

2.1 Stakeholders

The primary stakeholder for this work is the Nakama
Robotics Lab [20] at the University of Twente, the Nether-
lands. The lab focuses on Learning from Demonstration
(LfD), where collaboration between humans and robots is
central. Its aim is to develop robotic platforms capable of
performing a wide variety of tasks, which requires a reli-
able, user-friendly, and modular handheld device to support
diverse experiments.

A second stakeholder is the broader scientific community,
which benefits from the system’'s modularity and adaptabil-
ity for research beyond the scope of the Nakama Robotics
Lab. Taken together, these stakeholders emphasize the im-
portance of usability and modularity, which have been central
to the design decisions in this work.

2.2 Design Requirements

Building on the needs of the identified stakeholders, the re-
quirements of the system are defined. These design consid-
erations aim to ensure the development of a fully functional
platform for LfD, with a strong emphasis on modularity to
support a wide range of tasks. To guide the specification of
these requirements, three representative LfD tasks are intro-
duced, as outlined below:

1. Orientation and Position-Based Task
This task evaluates the device's capability to accurately
track movement and orientation. It is relevant for ap-
plications requiring precise trajectory following, such as
spray painting, and is conducted without an end effector
to isolate position and orientation performance.

2. Force-Based Task
This task investigates scenarios in which position and
orientation information alone are insufficient, and force
feedback is necessary. It is applicable to tasks involv-
ing direct interaction with objects, where accurate force
measurement is critical for safe and effective execution.

3. Vision-Based Task
This task focuses on learning from demonstrations in
which actions are guided by visual input. The system
extracts critical information, such as object positions,
states, and spatial relationships, from images or video
frames to reproduce or generalize demonstrated behav-
ior.

In addition to modularity and the ability to acquire sensor
data for different LfD tasks, further requirements were for-
mulated to guide both the design and validation process.
These requirements, both technical and functional, are de-
rived from the three representative tasks and the stakehold-
ers and are summarized in Table [Il Each requirement is
stated together with a rationale explaining its necessity and
the method of validation.



Table (1)

Functional and Technical Requirements with Corresponding Validation Criteria

Technical Requirements

Requirement

Explanation

Validation Criteria

Precision and Accuracy

The device should collect data with high
accuracy to ensure reliable task replication
by the robot.

V1. Experimental validation of measurement ac-
curacy and precision to confirm suitability for task
specific data collection.

Sensor Synchronization

All additional sensors must be time-
synchronized to ensure consistent data
capture and reliable robot execution.

V2. Experimental validation of sensor tempo-
ral alignment to confirm whether additional time-
correction is required during data processing.

Robotic System Integration

The device must be compatible with stan-
dard robot end-effectors and sensors, sup-
porting both mechanical and software in-
terfaces.

V3. The handheld device supports standard robot
communication protocols and mechanical interfaces.

Cable Management

Cables must be properly routed and se-
cured to ensure safe and reliable operation.

V4. Cables must be strain-relieved and secured to
prevent tension during demonstrations.
V5. Cables must not interfere with task execution.

Functional Requirements

Requirement

Explanation

Validation Criteria

Modularity The device must allow easy attachment | V6. The device includes a standardized robotic
and removal of sensors or other compo- | flange supporting modular attachments.
nents, enabling use in a wide range of | V7. The device's modular configuration is validated
tasks. by successfully executing at least two distinct LfD

data acquisition tasks using different end-effector se-
tups.

Ergonomics The device must be comfortable to use for | V8. The device weight must not exceed 0.5 kg.
prolonged sessions and suitable for a wide | V9. The operator must be able to perform a demon-
range of users. stration without discomfort.

Ease of Use The device should be intuitive to operate | V10. Setup time for the device must be under 2
by different users with minimal training. minutes.

V11. Operators can change the end-effector inde-
pendently within 2 minutes.

V12. Clear visual indicators must show when record-
ing starts and stops.

Portability The device should be easy to transport for | V13. The complete setup must fit in a standard

vironments.

demonstrations and testing in different en-

25 L backpack (excluding end-effectors).

2.3 Mechanical Design

This section presents the technical aspects of the handheld
device, with particular emphasis on the key components that
ensure its functionality and accuracy. An overview of the
device and its elements is shown in Figure[I] The complete
SolidWorks design files are provided in Appendix [B

2.3.1 ArUco Marker Cube

Accurate position tracking is critical for this application, as
most tasks depend on precise position and orientation data.
Several methods were considered, including GPS, IMUs, and
vision-based systems |21} [22]. However, as summarized in
Table the requirements for accuracy, portability, and ease
of implementation make many of these approaches imprac-
tical for the present design.

IMUs provide reliable orientation data and can estimate po-
sition through double integration of acceleration. However,
this approach introduces significant drift errors, even after
filtering. While corrections using known reference points or
advanced filtering techniques have been proposed [21], these
methods are not feasible in this context due to the absence
of reference positions during motion.

Figure (1) The designed modular handheld proxy device
device for LFD, with an ArUco marker cube, a flange de-
signed for robotics, internal cable routing, and a cable re-
tainer to secure the cables of possible added sensors.



Table (2) Comparison of position tracking methods

Method Accuracy

Portability

Ease of Imple-
mentation

Suitability for This Design

GPS Low (indoors)

High

Not suitable due to low accu-
racy, particularly in indoor en-
vironments.

Moderate

IMU Low

High

Not suitable due to accumu-
lated position errors from noisy
acceleration data.

Moderate

Vision-Based (Reflective markers) | Very High

Low

Not suitable due to excellent
accuracy, but poor portability
and high infrastructure require-
ments.

Low

Vision-Based (ArUco) High

Moderate

Best suitable due to accu-
rate and robust position/orien-
tation tracking, even during ro-
tation.

Moderate

For orientation tracking, an IMU can still be easily incorpo-
rated and remains a valid option.

GPS is another common solution, but its accuracy is insuf-
ficient for indoor environments, rendering it unsuitable for
this application.

Vision-based tracking offers higher precision and is widely
implemented through optical motion capture (MoCap) sys-
tems. Although MoCap provides highly accurate position
and orientation data, it requires multiple calibrated cameras
in a controlled environment, which compromises portability
and scalability.

To balance accuracy and practicality, a lightweight vision-
based solution using fiducial markers was adopted. ArUco
markers were chosen due to their widespread use and ro-
bustness in similar applications [17} |18, |22} |23]. Tracking
accuracy depends on several factors, including camera qual-
ity, marker illumination, and marker size. Wang et al. [24]
report that with a marker size of approximately 12 cm, a
relative measurement error of around 2.5% of the measured
distance can be achieved. An ArUco cube was mounted on
top of the handheld device, ensuring visibility from multiple
angles to a single external camera. This configuration en-
ables robust tracking of both position and orientation during
motion while maintaining compactness and portability.

For orientation tracking, the same ArUco markers can be
utilized. While IMUs remain the gold standard for orientation
estimation, distinct markers on each cube face provide a
practical alternative. Chen et al. [25] reported an orientation
accuracy of approximately 0.1 rad, which is sufficient for
some tasks. For applications requiring higher accuracy, an
IMU could be integrated with the end effector to achieve the
desired precision.

2.3.2 Modularity

For modularity, a robotic flange was added to the device.
The flange is based on the ISO 9409-1 standard (Manipulat-
ing Industrial Robots — Mechanical Interfaces) [26], which is
commonly used on robotic arms such as the Franka Emika
Panda and the KUKA LBR iiSY cobot [27} [28]. This stan-
dard ensures that different end-effectors can be attached in
the same way as on their industrial robotic counterparts.

To facilitate the attachment of various end effectors, heli-
coils were inserted into the flange holes after 3D printing the
device.

2.3.3 Handle

The handle features an ergonomic cut-out with four arcs
for the fingers, making it easier to grasp securely. In most
cases, the center of mass of the device shifts toward the end-
effector, particularly when sensors or additional components
are attached. To compensate for this weight distribution,
the handle is designed with a slight 10% tilt, which improves
control and handling of the device [29].

2.3.4 Cabling

Internal routing of the cabling is designed to prevent obstruc-
tion of the ArUco markers, which could occur if the flange
faces upwards. A cutout is provided to secure the cables
using a tie-wrap, visible in Figure 2} Initially, a swivel was
considered; however, due to the relatively large diameter of
certain cables, such as Ethernet, a sufficiently sized swivel
would not fit within the handle design. The tie-wrap ensures
that the cables remain fixed during measurements, reducing
noise. Additionally, it prevents cable tension and potential
damage to attached peripherals.

(b) Side view.
Figure (2) Back and side views of the handheld device.
The hole for internal cable routing is visible in Figure[2a, At
the bottom of both images, a tie-wrap can be seen, which
is used to tighten the cables during demonstrations.

(a) Back view.




2.4 Software design

The software architecture consists of two main components:
data acquisition and data pre-processing of position and pose
information, as most learning methods rely on these data
types. Both components are described in detail in the fol-
lowing paragraphs. All source code is available in the GitHub
repository, referenced in Appendix [B]

2.4.1 Data Acquisition

To ensure modularity in data acquisition, Robot Operating
System 2 (ROS2) is used for data logging. The use of ROS2
nodes allows sensors with similar functionality to be eas-
ily exchanged, requiring only minor modifications within the
corresponding node while leaving the rest of the processing
chain unaffected. In addition, ROS2 provides a common
communication interface, meaning that even completely dif-
ferent types of sensors can interact with the system in a
uniform way. Moreover, ROS2 benefits from a large and
growing community, which facilitates component reuse and
simplifies system extensions.

Each sensor has a dedicated ROS2 node. For the standalone
device (no end-effector) this is a node for the external cam-
era for position tracking. This node publishes images of the
handheld device over time, tracking the ArUco cube, along
with the camera’s orientation and, when available, an asso-
ciated depth map. Other sensor nodes publish data specific
to their function, for example, wrench data in the case of
a force sensor. All sensor data is collected by a dedicated
ROS?2 listener node, which subscribes to all active publishers
nodes. The listener then records the sensordata in a ROS2
bag (.db3 file).

Storing data in ROS2 bag files provides several advantages.
First, it enables replay and offline processing, allowing fu-
ture data points to be incorporated into filtering pipelines to
improve accuracy. Second, bag files employ efficient storage
techniques, making them well suited for handling large vol-
umes of information, which is particularly important when
working with high-frequency sensors.

2.4.2 Data Pre-processing

Data pre-processing is performed prior to the actual learn-
ing phase in LfD. Since the learning phase varies depending
on the chosen technique, there is no universal processing
pipeline. However, certain initial steps are required to make
the data suitable for further processing. These steps are
described below.

Because pre-processing is sensor-specific, only the pre-
processing of the standalone handheld device (position and
orientation tracking with the ArUco cube) is described here.
The complete pre-processing pipeline for the ArUco cube is
shown in Figure [3]

First, the data are extracted from the recorded bag file. The
position and orientation of the detected ArUco cube face are
then computed using the OpenCV ArUco detector, including
the orientation, pixel coordinates of the marker plane, and
the ArUco ID. The pixel coordinates of the plane's center
are used to estimate the distance from the camera to the
center of the face. If the external camera provides a depth
map topic, this depth map is used; otherwise, the intrinsic
camera parameters, together with the OpenCV toolbox, are
used to compute the distance based on a pinhole camera
model.

Once the position and orientation of one cube face are
known, the cube’s center can be calculated. This is achieved
by creating a vector perpendicular to the face, pointing to-
ward the cube's center, and adding it to the face's center
position. The cube's orientation is then derived from the
face’s orientation, combined with its corresponding ArUco
ID, to obtain the global orientation of the handheld device.

Full automation of this process is not feasible due to inherent
ambiguities with ArUco markers [30]. For example, when a
marker is perfectly perpendicular to the camera, OpenCV
may fail to produce a valid solution, often resulting in a re-
versed Z-axis orientation (pointing toward the camera). At-
tempts to automate correction using information from pre-
vious frames were also unsuccessful, as the software cannot
reliably detect markers under poor lighting conditions or dur-
ing rapid motion, which can cause pixel blurring and hinder
accurate back-tracing. To address these challenges, an in-
teractive display was developed. This tool allows users to
step through all image frames containing an ArUco marker
and manually correct orientations to ensure a right-handed
coordinate frame. To minimize manual corrections, the oper-
ator selects the first correctly oriented frame, and subsequent
frames are automatically proposed based on the previous ori-
entation. The display also enables the removal of false posi-
tives, such as markers not part of the device, and facilitates
rapid selection of start and end frames for a sequence. An
example of this display is shown in Figure

Ros? Bag ArUco face (" Faceacupe (" Coordinate ) { Filtering
processing processing transforms
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Figure (3) The data pre-processing processing pipeline from the ROS2 bag data to the optional filtering stage. The steps
include processing the ArUco face, followed by the face-to-cube conversion and coordinate transformation, and, if needed,

filtering the data.



Figure (4)
face. Left: incorrectly assigned left-handed frame displayed
on the ArUco cube; Right: corrected right-handed frame.
The interface allows users to easily switch between coordi-
nate frames (from left to right). The current frame index
(e.g., 14/512) is shown in the top-left corner of each view.

Interactive coordinate frame correction inter-

After determining the cube’s center position and orienta-
tion, a series of coordinate frame transformations is applied
to represent the device's motion consistently. First, the cam-
era frame is transformed into a fixed world frame using the
camera’s orientation (77). This world frame serves as a sta-
ble reference for all subsequent measurements. Next, the
world frame is transformed into the marker cube frame at
its first detection (7%), which is defined as the origin of the
motion sequence, setting the initial position to (0,0,0). By
establishing the cube frame relative to the first sighting, all
subsequent movements of the device are expressed relative
to this initial reference point, which is particularly convenient
for mapping motions to the robot. Finally, a transformation
from the cube frame to the end-effector frame is applied.
This last transformation is end-effector specific and is there-
fore not shown in the figure, as different end effectors define
their coordinate frames differently.

Figure (5) Visual representation of the frame (V) trans-
formations T1 and T2. The camera (c), world (w), and
marker cube (M) are shown at and after t = 0, with the
orange arrow indicating the cube's movement.

The final optional pre-processing step is filtering, which
smooths the data. A low-pass filter can be applied to po-
sition data to reduce sudden jumps between consecutive
frames, resulting in a more natural spline. For orientation
data, a moving average filter can be applied using spherical
linear interpolation (SLERP) on quaternions.

3 Design Evaluation

The design evaluation of the handheld device is divided into
three parts. First, the modularity of the device is assessed
(V2 & V8). Second, the accuracy of the standalone hand-
held device (V1) is evaluated. With the use of a questionair
V9, V10, V11 & V12 are validated. Finally, the remaining
functional and technical requirements (V3, V4, V5, V6 &
V13) are validated through practical use and observation.

3.1 Materials

The materials used for the evaluation are listed below:

XYZ-table

This is a specialized table that allows selective locking or
unlocking of specific degrees of freedom (translations along
the X, Y, and Z axes, and rotations around these axes, for a
total of six DOF).

External Camera

For basic tracking of position and orientation, the ZED2
camera from Stereolabs is used as the external camera.
This device features a dual-lens system capable of capturing
depth information. Additionally, it includes an IMU to de-
termine the camera’s orientation in space. Integration with
the system is achieved using the ROS 2 node developed by
Stereolabs [32]. Video capture is configured at 30 FPS with
a 2K resolution.

Internal Camera

For the internal camera, mounted at the end effector, the
ZED Mini from Stereolabs is used . This device also
features a dual-lens setup and includes an IMU. The same
ROS 2 node developed by Stereolabs is used to interface
with this device. Video capture is configured at 15 FPS with
a 1080p resolution.

Force Sensor

For wrench tracking, the SenseOne force sensor (EtherCAT
variant) from Botasystems is used [34]. This sensor captures
force and torque data at frequencies of up to 1000 Hz. A
custom ROS2 node was developed based on the standard
Python script provided by Botasystems . The data were
filtered internally by the force sensor using a finite impulse
response (FIR) filter with a window length of 512 samples,
designed to remove high-frequency noise, while the addi-
tional high-speed and chopping filters were disabled. With
this configuration, the effective system sampling rate is ap-
proximately 136 Hz, meaning that data are acquired and
published at this frequency.

Desktop

A single computer was used to control and collect data from
all sensors as well as to perform data processing. The com-
puter was equipped with multiple ports, including at least
two USB 3.0 ports and an Ethernet port. The system was
configured with ROS2 and the ZED SDK (for the ZED cam-
eras), along with Python 3 and the necessary Python pack-
ages: OpenCV for reading and analyzing ArUco markers and
generating video files; NumPy, Pandas, and SciPy for data
processing and calculations; and time, struct, os, json, and
openpyxl for data organization and management.



3.2 Modularity assessment

To assess the modularity of the device, its ability to record
data was evaluated using the three representative tasks out-
lined in Section @ During these tests, different end-
effectors were attached to the handheld device, and it was
verified whether data acquisition could be successfully per-
formed in each configuration. For the orientation- and
position-based tasks, no end-effector was attached; for the
force-based task, the SenseOne force sensor was attached;
and for the vision-based task, a ZED Mini camera was at-
tached as the end-effector. The objective of these tests was
not to optimize performance, but to confirm that the system
functioned correctly in each configuration.

In addition, sensor synchronization was evaluated through
a touch experiment using the force sensor and the internal
camera, with the objective of verifying whether the times-
tamps of the different data streams were properly aligned and
whether a time-warping step would be necessary. For this
experiment, the XYZ table was configured with two trans-
lational axes and all three rotational axes locked, allowing
motion along only a single translational axis away from the
camera. The device was then pushed against the mechani-
cal end-stop of the table, after which the sensor data were
compared with the device's positional measurements to de-
termine the exact moment of contact. The complete setup
is shown in Figure [6]

L

Figure (6) Set-up for the touch experiment, highlighting in
red the XYZ-table, force sensor, internal camera, and exter-
nal camera, and in blue the permitted movement direction.

The different data streams were subsequently plotted for
analysis. For the force sensor, no additional processing was
required, as a distinct peak clearly indicated the moment the
end-stop was reached. In contrast, the camera-based posi-
tion estimation required post-processing, since no static end
position was observable due to measurement noise, which is
approximately 1% of the measured depth . It was as-
sumed that the highest recorded position corresponds to the
maximum deviation, from which the minimal position was
calculated. Using this information, a mean value was de-
rived, and, in combination with interpolation of the data, an
estimated point of contact was determined. For the internal
camera, no automated processing was applied; instead, each
frame was manually inspected to determine the moment of
contact. Finally, the identified contact times from all three
sensors were compared against each other to assess sensor
synchronization.

3.3 Accuracy Assessment

To evaluate the accuracy of the standalone device, a series
of tests were performed. Positioning accuracy was assessed
by moving the device along a square trajectory in 3D space,
with the device mounted on an XYZ-table. In this setup,

rotations and translation along the Z-axis (up—down move-
ment) were locked, while only the X- and Y-axes were free
to move. This allowed execution of a precise square trajec-
tory measuring 40 cm by 40 cm, as shown in Figure [8]

External camera
T

Figure (8) Set-up for the accuracy experiment of the stan-
dalone device, comparing the pinhole camera model with the
depth map. The figure highlights the XYZ-table and exter-
nal camera in red, and the permitted movement directions
in blue.

Depth estimation obtained with the OpenCV ArUco toolbox
was compared against the depth map generated directly by
the camera. Accuracy was evaluated at two distances (0.5 m
and 1.0 m) and at three cube orientations (0°, 22.5°, and 45°
relative to the camera). Each trajectory was repeated twice
to verify measurement consistency.

Positional accuracy was quantified by calculating the dis-
tance between each recorded point and the known ground
truth of the cube. Since the XYZ-table was used, no user-
induced demonstration errors were expected.

Orientation accuracy was evaluated by mounting an IMU on
the device and using it as the ground truth. Recordings were
taken over time with varying orientations, and the angular
difference between the detected orientation of the ArUco
cube and the IMU measurements was analyzed.

3.4 Questionnaire

To investigate the validation criteria associated with the use
of the device, particularly ergonomics and ease of use, a ques-
tionnaire was developed and combined with a set of simple
demonstration tasks. Two tasks were selected: one requir-
ing fine and precise motion control, and another involving a
broader, less precise objective.

Before the first task, participants were asked to assemble the
complete setup (V10) while being timed. The starting point
included an already-booted computer and a camera placed
nearby.



Participants were then instructed to write their name on a
whiteboard using a pre-attached marker as the end effector
(a fine and precise task). After completing this task, par-
ticipants removed the end effector and attached the device
to the XYZ-table; this process was timed to assess V11.
A second demonstration was subsequently performed using
the XYZ-table (a broad-objective task). Finally, participants
completed a short questionnaire based on a five-point Lik-
ert scale (provided in Appendix|C|), which included questions
related to comfort and ease of use (V5, V9, V11, and V12).

Data collected from the timed tasks and questionnaire re-
sponses were used to evaluate the device's ergonomics, us-
ability, and setup efficiency. Quantitative data, such as task
completion times (V10, V11), were analyzed using descrip-
tive statistics to identify performance trends and potential
improvements. Qualitative data from the questionnaire (V5,
V9, V11, V12) were summarized to capture participant
feedback regarding comfort, ease of use, and overall user
experience.

3.4.1 Participants

A total of five adult volunteers participated in the valida-
tion tasks. Participants had varying hand sizes, allowing
the device's ergonomics to be evaluated across different user
anatomies. All participants were capable of safely operat-
ing handheld tools and provided verbal consent prior to the
study. No prior experience with robotics or LfD was required,
as participation focused solely on assessing ergonomics and
ease of use.

4 Results

The following subsections present the outcomes of the eval-
uation, assessing the device in terms of modularity, accuracy,
and compliance with predefined functions and requirements.

4.1 Modularity and Sensor Synchronization

The device successfully gathered data for the three prede-
fined representative tasks and demonstrated the ability to
switch between different end-effectors. Figure [7] illustrates
the handheld device equipped with various end-effectors cor-
responding to the different tasks, along with additional ex-
amples highlighting the modularity of the design.

(

. \1
a) (b) (c)

The results of the touch experiment are shown in Figure [14]
(Appendix [F|). For the force sensor, a clear peak indicating
the moment of contact is observed at approximately 5.04
seconds. For the external camera (X-position), the contact
point is identified between 5.00 and 5.22 seconds, corre-
sponding to the error margins of the ZED camera. By inter-
polating the position data, the estimated point of contact
is 5.09 seconds, closely matching the force sensor measure-
ment. For the internal camera, comparison of images at
5.078 and 5.143 seconds shows visible differences, indicat-
ing that the device is still in motion. Images at 5.143 and
5.211 seconds appear identical, suggesting that the device
has reached the end of the track. Overall, these observa-
tions indicate that the interaction occurs between 5.078 and
5.143 seconds, aligning with the position data but slightly
lagging behind the peak detected by the force sensor.

4.2 Accuracy

The ArUco (pinhole camera)-based approach, illustrated in
Figure[0] exhibited substantial noise and distortion, prevent-
ing the formation of a clearly identifiable square. Conse-
quently, this method was deemed unsuitable for LfD appli-
cations. All subsequent validation therefore relied exclusively
on depth estimations obtained from the camera’s depth map,
where the square marker was clearly visible.

Figure[I0]summarizes the experimental results for three cube
orientations (0°, 22.5°, and 45°) at two distances from the
camera (0.5 m and 1.0 m). For completeness, Figure
in Appendix [D] provides a visual distribution of the recorded
data points. Although the designed hybrid system allows er-
roneous points to be removed, no filtering was applied during
validation.

The mean error across all recordings was approximately
0.5 cm. Overall, the error increased with distance from the
camera. Both the number and accuracy of recorded points
were strongly influenced by the cube’s orientation and its dis-
tance from the external camera. The most consistent square
pattern (lowest absolute error) was obtained at 0° and 0.5 m,
although results at 1 m were generally more accurate, partic-
ularly at the bottom-right corner of the square. Point density
varied considerably between measurements despite identical
conditions on the XYZ-table.

(d) (e)

Figure (7) The designed handheld device with different end-effectors: (a) standalone device without an end-effector,
used for the position- and orientation-based task; (b) device with a force-sensor end-effector, used for the force-based task;
(c) device with a gripper-mounted camera end-effector, used for the vision-based task; (d) and (e) examples of additional

end-effectors demonstrating modularity.
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Figure (9) Results of the square experiment. The left figure shows the results using the pinhole camera model while the
right figure uses the depth map. The camera origin is positioned along the negative Y axis at a distance of 1 meter. Data
points are colored according to their maximal deviation from the ideal square trajectory, which is plotted in black.

The main loss of points occurred during X-axis (sideways)
movements, where video inspection revealed that the ArUco
cube remained visible but became distorted under faster mo-
tion, preventing reliable detection by the recognition soft-
ware. As expected, the largest deviations were observed at
the furthest distance, consistent with the manufacturer’s re-
ported error margin of approximately 1% of the measured
distance [36)].

The angular misalignment between the IMU and the cube
in the world frame is shown in Figure [IT] as the magnitude
of the rotation-vector error. The overall root mean square
(RMS) error is 36.3°, indicating a substantial misalignment.
Contributions along the X, Y, and Z axes are detailed in
Appendix[E] The largest source of error occurs along the Z-
axis, with an RMS of 31.2°, followed by the X-axis (15.2°)
and Y-axis (11.5°).

Absolute error (cm)
N
L

n =373

n =637 n =413

| | |
0.5m 0 deg 0.5m 22.5deg 0.5m 45deg

During the experiment, multiple movements were performed
about all axes, resulting in the Z-axis pointing in various
directions. Consequently, it is unclear which specific factors
contribute most to this angular discrepancy.

4.3 Questionnaire

The results of the questionnaire are summarized in Table [3]
Overall, the device scored high in terms of ease of use and
comfort. Minor discomfort was reported by 1-2 participants,
primarily related to the specific end-effector rather than the
device itself. One participant noted that the grip was un-
comfortable during the writing task. Overall, demonstrations
could be performed without major discomfort (V9).

The average setup time of the device was 17 seconds (range:
8-27 seconds), well within the 2-minute target (V10).
Changing the end-effector proved more challenging due to
its complexity, making tightening and loosening slower.

n =398 n = 564 n = 346

| | |
1m Odeg 1m 22.5deg 1m 45deg

Figure (10) Violin plot illustrating the distribution of errors in the square experiment across varying cube orientations
and distances from the camera. The width of each violin represents the density of data points corresponding to each error
value, highlighting regions with higher or lower frequency of occurrences
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Figure (11) Total angular difference between the IMU and
the cube in the world frame over time. The curve represents
the magnitude of the rotation-vector error (degrees), show-
ing the overall orientation misalignment.

The average time for this task was 3 minutes and 15 sec-
onds (range: 2-6.5 minutes), exceeding the 2-minute target
(V11). Overall, participants were able to intuitively remove
and attach end-effectors, but fastening required additional
time. For the majority of participants, the visual indicators
(print statements in the terminal) were clear and easy to
understand (V12).

4.4 Remaining Validation

The remaining requirements concerning ergonomics, ease of
use, portability, and cable management were also evaluated.

The handheld structure includes an integrated routing option
with a tie-wrap to secure cables and prevent strain (V4).
When trimmed, the tie-wrap did not interfere with task exe-
cution (V5). During inspection, it was noted that some rigid
cables, such as the EtherCAT cable of the SenseOne force
sensor, did not fit optimally through the provided opening.
This limitation can be addressed by slightly widening the
routing channel. For other sensors, the current setup was
sufficient, and the cables could be securely fastened using
tie wraps.

The handheld device has a total weight of approximately
250 grams (less than 0.5 kg; V8), allowing it to be comfort-
ably operated with one hand for extended periods.

Regarding portability, the device, together with the external
camera and a laptop, fits into a 25-liter backpack (V13),
leaving sufficient space for additional end-effectors and ac-
cessories. This makes the system suitable for mobile use
across different laboratory and field environments.

Table (3) Questionnaire Responses for Ergonomics and Ease of Use Evaluation (5 Participants)

Statement P1 | P2 | P3 | P4 | P5 | Comments
The device felt comfortable to hold during the | 5 5 4 5 5 Grip slightly uncomfortable during writing task
demonstration. (P3)
The weight and balance of the device felt man- | 5 5 5 5 5 None
ageable throughout use.
| could set up the device quickly and easily. 5 5 Setup very quick for all participants
Setting up the device felt intuitive and straight- 5 5 Minor guidance needed for first step
forward.
| was able to change the end-effector indepen- | 4 5 4 5 5 Fastening slower for some participants
dently without difficulty.
The process of changing components was intu- | 4 5 4 5 5 Minor difficulties with complex end-effector
itive.
The visual indicators for recording start/stop | 3 4 5 5 5 None
were clear and easy to understand.
Overall, | found the device easy and comfortable | 4 5 5 5 5 Positive overall experience
to use.
Open-ended question: Suggestions for im- | An improved ergonomic feel would be nice, as
provements? well as an adjustable handle angle for certain
tasks(P2).
Scale: 1 = Strongly Disagree 2 = Disagree 3 = Neutral 4 = Agree 5 = Strongly Agree



5 Discussion

The primary goal of this paper was to design and vali-
date a modular handheld data acquisition device capable of
supporting multiple LfD pipelines through the use of inter-
changeable end-effectors. The developed prototype demon-
strates the ability to integrate multiple sensing modalities,
such as force, vision, and motion tracking, within a single
device. Validation experiments confirmed the system’s vi-
ability, showing sufficient measurement accuracy, synchro-
nization, and ergonomic usability for simple demonstration
tasks. Furthermore, by incorporating a standardized robotic
flange and ROS 2 compatibility, the device ensures seam-
less integration with robotic interfaces, thereby facilitating
future research and development in LfD and human-robot
interaction.

The validation experiments provided valuable insights into
the device's performance and confirmed its ability to sup-
port data acquisition for a variety of LfD tasks. During
the position validation, some recordings were repeated, and
faulty trials were excluded, most often due to the cube be-
ing detected only partway through a recording. Despite these
exclusions, the square trajectory provided a clear and well-
defined baseline for assessing positional accuracy. Future
work could extend this validation to more complex, fluid tra-
jectories that better reflect real-world applications.

Another important aspect of performance concerns how the
device captures motion over time. In this study, individual
data points were compared to the square path without con-
sidering their temporal sequence. As a result, dynamic char-
acteristics such as lag or overshoot were not fully assessed.
While this simplification ensured clarity in the baseline eval-
uation, incorporating temporal dynamics in future studies
would allow a more comprehensive assessment of motion ac-
curacy. Additionally, while faulty points could have been
manually removed using the visualization tool, this option
was deliberately avoided to provide insight into the device's
baseline accuracy under realistic, unprocessed conditions.

The orientation validation also yielded valuable insights. Al-
though the observed orientation error was relatively high, the
device remains suitable for tasks in which precise orientation
tracking is not critical. For applications requiring higher ori-
entation accuracy, an inertial measurement unit (IMU) could
be integrated into the end-effector or included in future de-
sign iterations to enhance rotational precision. Improved ori-
entation tracking would also contribute to more accurate
position estimation, as the device's orientation is used to
determine the cube's center point. A dedicated follow-up
study could investigate the influence of orientation accuracy
on overall positional performance.

In addition to position and orientation accuracy, synchro-
nization across sensors is critical for reliable data acquisition.
This was evaluated through the touch experiment. Inspec-
tion of the external camera data (used for ArUco detection)
revealed slight deformation of the XYZ-table at the moment
of contact, preventing the captured images from appearing
fully static and potentially influencing the synchronization
results. Nevertheless, measured synchronization was well
within 100 ms in the worst case, which is generally suffi-
cient for LfD tasks.

Further experiments are recommended to determine a more
precise measurement of the synchronization delay, and future
research could investigate the impact of this temporal offset
on data quality and task performance, particularly for higher-
speed or precision-critical demonstrations.

Placing these findings in context, direct comparisons to other
LfD devices are not straightforward. Most studies present
complete LfD pipelines, including task reproduction phases
where accuracy is validated, typically based on task comple-
tion rather than continuous accuracy over time. Since many
of these systems also rely on ArUco markers, comparable po-
sitional accuracy is expected for the present device |17, [19].
Importantly, the handheld device successfully acquired data
for a wide range of LfD tasks, demonstrating its modularity
and adaptability. While the device currently lacks buttons or
controls to actuate end-effectors such as grippers, its mod-
ular design allows straightforward extension of functionality
in future versions.

Building on these strengths, several technical improvements
could further enhance system robustness and reliability. One
recurring challenge in ArUco cube tracking is pose ambigu-
ity, in which the Z-axis may invert, effectively switching from
a right- to a left-handed coordinate system. Future research
could investigate alternative fiducial systems, such as April-
Tags [37], or explore more complex 3D marker structures
that guarantee a unique solution. Related work [25] has
demonstrated the potential of such approaches, while high-
lighting the challenges of reliably detecting all marker points.
Addressing this limitation remains an open and promising re-
search problem and could ultimately eliminate the need for
manual intervention via the interactive display.

Optimizing marker detection itself represents another avenue
to improve accuracy and robustness. A trade-off exists be-
tween recognition accuracy and practical usability: larger
markers improve reliability but reduce handheld usability.
Systematic studies on marker size, camera resolution, and
frame rate will be key to balancing these factors. Addi-
tionally, environmental illumination strongly affects marker
detection, suggesting that future work should analyze per-
formance under varied lighting conditions.

While these improvements would enhance data acquisition
translating captured trajectories onto robots for task repro-
duction represents an equally important challenge. Map-
ping between the handheld device and robot coordinate sys-
tems must account for workspace limitations and kinematic
constraints. These mappings are robot-specific, as differ-
ent robots operate with varying maximum velocities and
workspace limits. Common approaches include scaling and
normalization of trajectories to fit within the robot’s reach-
able workspace. Feature-based extraction is a promising
strategy, where key aspects of the recorded motion,such as
waypoints, contact points, or orientation cues, are identified
and adapted according to the parameters of the target robot.

Additionally, inverse kinematics must be solved, as most
robots have multiple degrees of freedom, resulting in multiple
valid joint configurations that achieve the same end-effector
pose. The goal is to achieve smooth, collision-free motions
while respecting joint limits. Trajectory smoothing combined
with optimization can further refine motion paths.



For instance, the Franka Emika Panda requires 1000 Hz in-
put [27], which exceeds the current capture rate of the de-
vice. Simple interpolation of recorded points can bridge this
gap, but these steps highlight that additional processing is
necessary before practical implementation. Addressing these
considerations represents a crucial step toward integrating
the device into complete LfD frameworks and enabling its
use across a broader range of tasks and robotic platforms.

Taken together, these results provide a foundation for both
technical refinement and broader integration into LfD frame-
works. Overall, the handheld device demonstrated its feasi-
bility as a modular, ROS2-based platform for LfD data acqui-
sition. While several technical challenges remain, the results
confirm the device's potential and highlight clear directions
for refinement, making it a promising tool for both research
and applied settings.

6 Conclusion

This paper presented a modular handheld data acquisition
device for LfD applications, designed to overcome the lim-
itations of task-specific devices. By leveraging modularity,
a standardized robotic flange, and ROS2 integration, the
system supports a wide range of LfD tasks and pipelines.
Validation experiments demonstrated the device's ability to
collect data for different kinds of LfD tasks, highlighting its
flexibility and applicability in structured settings.

Although certain tasks, such as pick-and-place operations re-
quiring gripper actuation, remain challenging, the platform
provides a robust and versatile foundation for advancing re-
search in LfD and human—-robot interaction. Future work will
focus on refining the design, extending its sensing and end-
effector capabilities, and enabling direct mapping of demon-
strated trajectories onto robotic platforms to support deploy-
ment in more complex, dynamic, and unstructured scenar-
ios.
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Appendices

A declaration of Al

During the preparation of this work, | utilized Al-based tools, including ChatGPT, Deepseek, and Qwen, for spell checking
and enhancing academic tone. Additionally, | used Autopilot for code generation. After employing these tools, | thoroughly

reviewed and edited all content as necessary, taking full responsibility for the final outcome.

B Github repository

The code for this project, as well as the Solidworks file are available here: [Handheld_Ifd on GitHub.

C Questionnaire

Table (4) Questionnaire for Ergonomics and Ease of Use Evaluation

Statement 1(2(3|4]|5 | Comments
The device felt comfortable to hold during the
demonstration.
The weight and balance of the device felt manage-
able throughout use.
| could set up the device quickly and easily.
Setting up the device felt intuitive and straightfor-
ward.
| was able to change the end-effector independently
without difficulty.
The process of changing components was intuitive.
The visual indicators for recording start/stop were
clear and easy to understand.
Overall, | found the device easy and comfortable to
use.
Open-ended question: Do you have any sugges-
tions for improvements for the device?
Scale: 1 = Strongly Disagree 2 = Disagree 3 = Neutral 4 = Agree 5 = Strongly Agree
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Figure (12) Visual representation of the square experiment. Each row corresponds to a different distance, and each
column corresponds to a different orientation of the ArUco cube relative to the camera. The camera’s origin is placed along
the negative Y-axis at the corresponding distance. Data points are colored according to their deviation from the ideal square
trajectory plotted in black.

E Results orientation experiment

Figure (13) Orientation errors of the handheld device along the X, Y, and Z axes during the validation experiments. Each
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F Results touch experiment
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