A learning from demonstration approach for
DORA: A Dexterous Robot Assistant

Bachelor’'s Thesis in Electrical Engineering

Lucas Bjornquist

Hannes Dewrang

Christopher Lindell
Omanilaye Ogbowuokara

Victor Tornsjo

Supervisors:

Yasemin Bekiroglu, Ahmet Ercan Tekden

Department of Electrical Engineering
Chalmers University of Technology
Gothenburg, Sweden 2025



Abstract

Mobile manipulators are robotic systems with a mobile base and
a robotic arm. They are increasingly useful for tasks performed in
unstructured and dynamic environments. This project enhances
the capabilities of a mobile manipulator called DORA, by incor-

porating imitation learning.

Preliminary experiments are conducted to assess DORA’s exist-
ing capabilities in both simulated and real-world environments.
These tests confirm that DORA can successfully execute tasks

based on its current functionality.

Imitation learning, specifically Learning from Demonstration (LfD),
enables DORA to learn new tasks by replicating the movements
of a human demonstrator. A teleoperation setup, consisting of an
AprilTag and MoCap gloves, is used to collect four dimensional
data capturing the robot’s 3D position and open/close state of

the gripper.

The collected 4D data is used to train an imitation learning al-
gorithm in a simulation environment. The comparison between
the Dynamic Time Warping (DTW) and Fréchet distance (FD)
scores for the training and test data shows that the trained imita-
tion learning model generalizes well to the demonstrated motion
patterns. In conclusion, this thesis lays a solid foundation for

further improving DORA’s dexterity through imitation learning.
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Terminology

DORA

End-effector

Imitation learn-

ing

MoCap glove

AprilTag

The Dexterous Robot Assistant, located at
Chalmers, is a mobile manipulator that per-

forms tasks autonomously.

The device at the end of a robotic arm, de-

signed to interact with the environment.

The process of acquiring new skills or behav-
iors by observing and replicating the actions of

others.

A motion capture glove used to track hand and

finger movements.
A fiducial marker system that uses patterns

that enable the robot to visualize and navigate

its surroundings.

v



1 INTRODUCTION

1 Introduction

As robotics advances, mobile manipulators are vital in bridging
the gap between industrial automation and real-world applica-
tions. Robotic systems that combine a mobile base, a multi-
functional manipulator arm, and an end-effector, are designed to
move and interact with objects to perform complex and dexter-
ous tasks. In this context, dexterity refers to the robot manip-
ulators ability to perform fine motor tasks with high precision.
Their dual capabilities of mobile motion and precise manipula-
tion make them particularly suited for applications in domestic
environments, such as household maintenance, where they must
operate in dynamic and unstructured environments [1]. This the-

sis employs a mobile manipulator to perform dexterous tasks.

The DORA robot is a mobile manipulator capable of performing
various tasks in indoor environments; its name is an abbreviation
for Dexterous Robot Assistant. This project evaluates a super-
vised machine learning technique called Learning from Demon-
stration (LfD) as a method to add further dexterity to DORA.
LD is a subset of imitation learning and is a framework that en-
ables robots to acquire new skills by mimicking actions made by

human demonstrators.

The framework leverages human demonstration data for training.
An operator collects demonstration data through teleoperation by
remotely controlling the system. Within this project’s scope, the

team carries out teleoperation using MoCap gloves [2] and April-
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Tags [3]. Both tracking tools enable teleoperation: MoCap gloves
are wearable devices that use sensors to track hand movements,
while AprilTags are typically used to estimate the 3D pose of
marked objects in a robot’s environment. This project uses April-

Tags for tracking the teleoperator wrist position.

The LfD method offers several advantages over standard program-
ming approaches, which often rely on manual programming, pre-
programmed tasks or optimization-based programming [4]. In-
stead, LfD enables the robot to learn tasks directly from human
demonstrations by tracking the wrist pose and capturing natural
movement patterns. In this project, by using MoCap gloves and
AprilTags, the robot merges multiple tracking systems to improve

the precision of motion execution.

Implementing the LfD method in combination with teleoperation
increases the robot’s generality, enabling DORA to adapt more
effectively to varying environments and tasks. This adaptability
is especially useful in residential settings where the non-expert
user can demonstrate an action later learned by replication, mak-

ing DORA practical for everyday life.
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1.1 Aim
Human - Gloves & - PC +| Learning from - Robot
demonstrator | AprilTag ~ ”| demonstration “| manipulator

Figure 1: Visualization of the system outline.

The project aims to explore the use of imitation learning to
enhance DORA’s dexterity, enabling it to perform new tasks.
This process is done with an experimental teleoperation setup
using AprilTags and MoCap gloves as Figure 1 shows. An LfD
method is incorporated in simulation testing to generate trajec-
tories learned from the demonstrated trajectories. Finally, real-

world experiments validate and integrate the code.

1.2 Implementation

The main objective of this project is to develop an LfD frame-
work that enables a robot to learn and perform tasks. These tasks
consists of movement in three dimensions, and a fourth dimension
which is the open/close state of the gripper. Thee framework are
to be integrated into the DORA robot. To achieve this goal, the
project is divided into four key phases that integrate imitation

learning with motion tracking, as illustrated in Figure 2.
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Wrist
tracking
Preliminary .|Learning from
testing "|Demonstration
MoCap
glove

Figure 2: Flowchart of the project

1.2.1 Preliminary testing

DORA could not accurately model the effects of gravitational
force. The simulation was adjusted and refined through testing
and experimentation to obtain a functional simulation environ-

ment.

1.2.2 MoCap glove Integration

The hand pose tracking sub-task focuses on tracking hand and
finger movements. The project is divided into two parts for this

task: integrating MoCap gloves and AprilTag tracking.

A Python script is produced to extract and track finger move-
ments using MoCap gloves. The script streams data over Wi-Fi

to a Redis server to detect open/close hand states.

1.2.3 Wrist Pose Tracking using AprilTags

Code is developed for AprilTag-based wrist tracking. 3D move-
ments are visualized and tested in Rviz, a visualization software,
and another simulation environment to ensure accurate spatial

localization.
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1.2.4 Learning from Demonstration

The MoCap glove and AprilTag systems are combined to record
4D demonstration data with x, y and z positions and the open/-

close state of the gripper.

A machine learning algorithm is trained on multiple datasets
while adapting code from a research study to fit the specific
use case [5]. First, Python code is developed to pre-process
the demonstrated data. A neural network based on demonstra-
tion data for modeling first-order 4D dynamical systems is then
trained. For testing, motion is simulated based on the initial
states to evaluate if our method generates correct motion. The
models are evaluated using average Dynamic Time Warping (DTWD)
[6] and Fréchet Distance (FD) [7].

Finally, teleoperation using AprilTag tracking and MoCap gloves
is deployed on the real robot. This step tests the synchroniza-
tion of the human teleoperator’s motion, including grasping move-

ment, with the DORA robot’s gripper.

1.3 Research question

The following research questions are addressed in this report:

e How effective is the integration of MoCap gloves and April-
Tag-based teleoperation in Learning from Demonstration for

DORA?

e How does incorporating an LfD framework improve the dex-
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terity of the DORA robot in performing fine-motor tasks?

1.4 Delimitations

This thesis was a simulation and real-world experimental study
conducted over 16 weeks and with a 5,000 SEK budget. Due to
the constraints imposed by the budget and time frame, the report
has several limitations regarding the method and type of data col-

lection.

A key limitation of this project, due to time constraints, is the
limited amount of demonstration data. This restriction reduces

DORA’s dexterity and generality capabilities.

Experiments use teleoperated demonstrations and a controlled in-
door environment to increase the replicability of this study. Hu-
man operators perform teleoperation in a single motion sequence
and the same surface, lighting and hardware/software setup -
which minimizes variation in external factors that could influ-

ence the results.

The hardware in DORA is restricted to the existing robot arm
and sensors. This limitation confines the research to a singular
hardware configuration and removes the opportunity to investi-
gate the efficiency of alternative hardware solutions for executing

dexterous tasks.
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2 Background

This project aims to build new skills for DORA, a mobile ma-
nipulator. As shown in Figure 3, the system setup consists of
an MiR200 as the mobile platform, with a 6-DoF UR10 robotic
arm as the manipulator, and a two-finger OnRobot gripper as the
end-effector. The mobile base has a sensing system comprising of

two 3D-cameras, four ultrasonic sensors and two laser scanners.

Robotic Arm

Gripper

Mobile Base

Figure 3: The DORA robot: A mobile manipulator comprising an MiR200 mo-
bile base, UR10 arm manipulator, and OnRobot gripper [§]

A Force-Torque (FT) sensor is integrated into DORA, enabling it
to measure both linear and rotational forces applied at the end-
effector. This sensor plays a critical role in force-feedback control,
which is a control system methodology where the resulting force

is measured and used as a feedback parameter within the control
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loop to adjust the robot’s actions.

2.1 System components

This section introduces the different tools used in the project. It
also presents the key concepts related to this thesis and ethical

considerations.

2.1.1 ROS

Robot Operating System (ROS) is a standard for robot program-
ming and development that utilizes middleware and an open-
source software framework for robotic applications [9]. ROS facili-
tates communication between multiple parts of the robotic system
and provides a wide range of toolboxes and libraries for building
and managing robotic applications; hence, it plays a key role in

enabling L{D techniques on real robots.

At the file system level, ROS organizes its software into packages,
which handle specific functionalities or hardware components of
the robot. The next level in the ROS hierarchy is the computation
graph level, a data-processing and communication system con-
nected by nodes (individual programs). Nodes interact with each
other by publishing and subscribing to streams of messages called
topics. This architecture supports modularity, allowing sensors,
actuators and controllers to be easily integrated and reused for

different tasks.

The ROS community network enables remote users to share tools
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and packages, access tutorials, receive support and contribute to
the ROS infrastructure by improving its codebase and features.
This project utilizes ROS Noetic Ninjemys, which is distributed
on Ubuntu 20.04, a Linux-based operating system.

2.1.2 Simulation and visualization software

The software used in this project includes CoppeliaSim and ROS
visualization (RViz). CoppeliaSim is a GUI-based simulation
program that uses ’scenes’ to model and test robotic systems,
whereas RViz is a 3D visualization tool in ROS. RViz supports
multiple camera perspectives through plugins that subscribe to
ROS messages. In simulation and robot testing, the program al-
lows users to analyze the completed robot tasks performed in the

simulation environment.

To prevent unexpected behavior or accidents, RViz and Cop-
peliaSim ROS simulation software visualize the robot’s move-
ments prior to execution with the real robot using ROS motion
planning capabilities. Both simulation software packages are well-
supported by the Ubuntu/Linux operating system, and Python
code written in Visual Studio and Jupyter Notebook IDEs is used
alongside the simulations to step through the robot program in-
teractively. These IDEs allow for easy testing, debugging, and

visualization of the robot’s behavior during development.
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2.1.3 MoCap gloves

MoClap gloves are soft wearable sensors that provide high-precision
tracking of hand and finger movements. In this project, the
Rokoko Motion Capture System (Rokoko) is used to collect and
analyze motion data. Each glove contains 7 sensors utilizing an
Inertial Motion Unit (IMU) based system and Electromagnetic
Field (EMF) sensors to track and record hand movements [10].
The IMU unit integrates an accelerometer and gyroscope, which
capture data on speed, acceleration and rotation [11]. This at-
tribute facilitates imitation learning by enabling the robot to
learn both positional and dynamic variations in real time, rather

than relying solely on pre-recorded datasets.

The motion data is livestreamed via Rokoko Studio Plus, which
has a rotational dynamic accuracy of & 1 degree, an internal fram-
erate of 400 fps and an external framerate of 100 fps [12]. These
specifications ensure high positional accuracy of hand movements
for LfD tasks. Livestreaming motion data from MoCap gloves to
external programs requires a subscription to Rokoko Studio Plus,

which was funded through the project’s budget.

2.1.4 AprilTag tracking

One critical component of LfD is ensuring that the robot can
accurately track movement. Visual trackers, such as AprilTag,
are particularly effective for this purpose. AprilTag is an open-
source fiducial marker system consisting of square-shaped refer-

ence tags [3]. A camera detects these tags and interprets them

10



2.1 System components 2 BACKGROUND

using marker-based algorithms, allowing robots to estimate ob-

ject positions and orientations in 3D space.

Figure 4: AprilTag marker

AprilTag markers, as shown in Figure 4, are encoded in a black-
and-white grid representing a binary pattern [3]. This unique
design offers several advantages. First of all, it contains redun-
dant bits that allow for reconstruction of unclear markers [13].
Additionally, AprilTag uses a lexicode-based encoding system to
ensure a minimum Hamming distance between different tags, re-
ducing false positives (incorrect detection of a marker when none

is present) and improving detection accuracy.

In teleoperated LID, AprilTags are often attached to the cam-
era or the demonstrator’s hands. When a human moves, the
camera system captures the movements of the fiducial mark-
ers, allowing the robot to learn the corresponding motion task

through demonstration. A study comparing the efficacy of differ-

11
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ent fiducial marker systems highlighted the limitations that must
be accounted for while using AprilTag [13]. The key takeaway is
to minimize occlusion; since the AprilTag tracking algorithm is
based on edge recognition, the edges of the marker must remain
visible. Even partial occlusion can significantly impact accurate

detection.

2.2 Related Work

Robot manipulation in contact-rich environments requires adap-
tive strategies to ensure safe robot interaction with both ob-
jects and surroundings [14,15]. While prior work on the DORA
robot [16] focused on trajectory planning, the integration of an
FT-sensor on the end-effector and velocity control, Learning from
Demonstration (LfD) offers a data-driven alternative to increas-

ing environmental adaptability.

Recent advances in LfD leverage advanced deep machine learning
methods to reduce the required demonstrations. For example,
Tekden et al. used neural fields and shared embeddings to jointly
model 3D scenes and motion trajectories, enabling efficient imita-
tion learning in novel scenes [17]. Another study applied Convo-
lutional Neural Networks (CNNs) to vision-based data specifically
for cleaning tasks [18]. However, this approach was not well suited
to the DORA project due to its reliance on processing image and
spatial data rather than temporal data e.g., from a Motion Cap-

ture setup.

12
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A journal article by Pérez et al. explored LfD using Contrastive
Learning (CL) with Deep Neural Networks (DNNs) [5]. DNNs
are a collection of computer algorithms that extract patterns at
multiple levels of abstraction. This paper bases the Convergent
Dynamics from Demonstrations (CONDOR) framework on first-
order and second-order dynamical systems, which model position
and velocity-based behaviors, respectively. CONDOR aligns well
with continuous trajectory MoCap data, so this project adopts

its LfD algorithms for simulation experiments.

Additional studies have explored alternative approaches, such as
motion and vision-based tools, for collecting demonstration data
for LfD teleoperation. [19] combines a wearable IMU-based and
Optical Motion Capture system along with statistical and opti-
mization methods to optimize the trajectory, whereas [20], relied
solely on non-wearable IMU devices to complete spatial human
tasks. In contrast, this thesis investigates a hybrid approach that
combines motion tracking and vision tracking to address occlusion
issues, reduce dependency on FT sensors and improve usability

for human demonstrators.

2.3 Ethical considerations

Improved object manipulation skills in robots can help automate
monotonous tasks. This advancement can have positive impli-
cations because repetitive physical tasks often result in poor er-
gonomics for humans and can cause injuries over time. However,

these advancements in robot dexterity comes with risks. For ex-

13
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ample, the deployment of robots in everyday settings increases
the risk of impact or crushing-related injuries, particularly among

vulnerable groups such as children and pets.

Despite these ethical concerns, the LfD method implemented in
this project is limited to domestic environments and requires fur-
ther work to be integrated into the more complex realities of the

industrial and service sectors.

14
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3 Method

The following method section introduces the theoretical foun-
dations underlying the door opening task, multi-modal motion
tracking, data processing, and learning from demonstration algo-

rithms, along with other implementation details.

3.1 Velocity-based controller in the door-opening task

The mobile manipulator performs door-opening tasks using a
velocity-based controller that relies on real-time feedback from
force-torque (FT) sensors, with DORA using the Robotics Tool-
box for Python to compute the Jacobian for joint velocity con-
trol [21,22]. Table 2 lists the key parameters used in the control

algorithm.

Table 2: Definitions of the variables used in the velocity-controller

Variable Definition

J(g)t Pseudoinverse of the Jacobian matrix of the manipulator
q Joint configuration

Vref Reference velocity

Vlinear Linear velocity

Uangular Angular velocity

s(7) Skew-symmetric matrix of the unit vector 7

Vg Desired end-effector velocity

Positive control gain
w Angular velocity

Unit vector representing direction from end-effector to

>

estimated door hinge location

15
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Do(t) Estimated door hinge location

De Robot end-effector position

F Measured force

F, Radial force

F.q Desired radial force

16 Positive control gain

vy Force feedback term

AF; Difference between actual and desired radial force

I(AF}) Integral of the difference between actual and desired ra-
dial force

Do Change in the estimated hinge location

vy Hinge update law constant

o Force feedback in hinge location update constant

Q; Integral feedback in hinge location update constant

v End-effector velocity

The system updates joint velocity measurements derived from
Equation 1, which are then used to control the end-effector’s mo-
tion:

q:J(q)+Vref (1)

where J(q)* represents the pseudoinverse of the end-effector Ja-
cobian matrix at a joint configuration q, and v, is the reference

velocity vector.

As shown in Equation 2, the reference velocity is a combination

of linear and angular components:

16
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—5(T)vg + arvy
Vi
Viyef = = 0241 (2)
Vangular
w

f’o(t)fpe)
[Bo(t)—pell’

is an estimate of the hinge position, p. is the end-effector posi-

0
tion, s(r) = [

The key elements include a unit vector t = where P, (1)

10

the door and the angular velocity w =

] r shows the generated tangential direction of

||Vlinear ||

[Po(t)—Pell”

The force compensation term vy is detailed in Equation 3 incor-

porates integral control:

vi = AF, + BZ(AF}) (3)
where AFT = [, — F,, represents the radial force error, with

F,. =1 -F computed from raw measurements F'.

In Equation 4, the hinge position estimate is updated according

to:
Do = YI[E] T ((af AF + iZ(AF})))v (4)

where v = Jq is the end-effector velocity, and v, ay, «; are con-

stants.

The control goals are summarized in Equation 5 as follows:

17
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r—r, v— s(T)ug, /AFf dt -0, F,—F, (5)

These objectives ensure that the estimated hinge location, end-
effector velocity and applied radial converge to their real values

and the radial force error integrates to zero.

3.1.1 Coordinate transformations

Mobile manipulators have many data inputs from sensors such as
grippers and cameras, and each part has its unique orientation in
space. ROS TF2 is a transformation library that organizes the
relative positions and orientations of robot components over time
using rigid body transformations between coordinate frames [23].
As seen in Figure 5, rigid body transformations use frames, which
consist of an origin and an orthogonal 3D coordinate axes, for the
robotic workspace [24]. TF2 transforms the sensor data from the
sensor’s frame (a global coordinate system) into the robot’s base
frame (the robot’s central reference point attached to its base)
by multiplying it with a transformation matrix, as expressed in

Equation 6.

Fbase - Tbase<—space : Fspace (6)

3.2 Demonstration data collection

The first phase of demonstration data acquisition involves creat-
ing a virtual simulation setup to effectively model tasks. This
is achieved using a python-based robot visualizer, which enables
real-time visualization of the DORA in a browser via a localhost

interface.

18
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yz' (t)
/ frameS V¥

(t')

r

frame S' ¥

)

X

Figure 5: V Graphical representation of the transformation of sensor frame S, to
base frame, S’ by multiplying with a rotation matrix. [25]

Our framework, based on Mocap gloves and AprilTags, is to col-

lect demonstration data with a ZED 2 camera.

3.2.1 Hand kinematics extraction

Redis (Remote Dictionary Server) is used as the data handling
system for glove data. It is a relational database that accesses
data directly from RAM and stores values on the disk. Key-value
systems map to data structures such as lists and strings, with

keys for easier and quicker access and lower latency [26].

This project uses the JavaScript Object Notation (JSON) mod-
ule to store kinematic data. Its architecture supports the flow of
kinematic data and a total of 21 joint angles per hand through

the computer browser, server and database, allowing other robot

19
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systems to also access real-life data [27].

A Python script parses the JSON file and extracts the relevant
data, which is then used to compute the Cartesian distances be-

tween the fingertips and the wrist using Equation 7.
| N
davg - N Zl prrist - pi,tipH (7)

where N = 5 corresponds to the five fingers. This average is then

normalized using min-max scaling:

dav — dmin
dnorm = g_) dnorm S [07 1] (8)

dmax — dmin

The normalized open/close state value dyop, in Equation 8 is used

as a real-time, scalar indicator of the hand state.

20
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3.2.2 AprilTag pose estimation algorithms

Figure 6: MoCap glove and AprilTag setup

Different sizes of AprilTag markers are printed and evaluated for
the best performance. A training environment is implemented
with the ZED 2 camera mounted on top of a metal fixture and
monitoring the marker’s upward, downward, horizontal, diagonal

and rotational movements.

A 10x10 cm AprilTag is used as the final marker size, as it offers
improved depth perception and more consistent tracking at higher
speeds and greater distances from the camera, without compro-

mising ergonomics or ease of use for the operator.

A custom support structure is constructed to mount the AprilTag
onto the teleoperator’s wrist as shown in Figure 6. AprilTags are
used to track visual fiducial markers. The tag position is recorded
and used as a reference pose upon initial detection. For example,

if the tag is subsequently moved 10 cm along the x-axis, the robot

21
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will mirror this motion by moving 10 cm along its x-axis [28].

X; — (K[R | t]Xg’”) H2 (9)

min g ‘
rvec,tvec <
1

X; 2D image coordinates

m  The projection function: converts a 3D point in

camera coordinates to a 2D point

X" 3D world coordinates

R Rotation matrix

t Translation vector

K Camera intrinsic matrix
rvec Rotation vector to be optimized

tvec Translation vector to be optimized

AprilTag tracking estimates the pose of a tag relative to the cam-
era by comparing the detected AprilTag corners in the image with
their known 3D reference coordinates and finding the rotation and
translation vectors that defines the pose of the AprilTag with re-
spect to the camera frame. This is achieved through minimizing

the reprojection error described in Equation 9.

22
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3.3 Teleoperation

In the general teleoperation setup, all tracking tools (motion cap-
ture, vision systems) and ROS platforms are synchronized in order

to record demonstration data and perform real-life experiments.

Fower bank
ROKOKO
ROKOKO _ _
> }
*| Smartgloves > Studio —» Windows PC |- WIFI
Flus
A 4 v
ruman »  ARTag  [—» Zed-2 camera »  Ubuniu PC
Real robot
control

Task completion

Figure 7: Overview of the teleoperation setup. The Ubuntu PC runs the April-
Tag tracking system and processes data for robot control, while the Windows
PC runs the Rokoko motion capture software. Both machines are connected
via a local Wi-Fi network to enable real-time data synchronization across plat-
forms

As shown in Figure 7, the system was configured using an Ubuntu
PC as the main computer which is responsible for running the
AprilTag tracking program. Since the Rokoko software is not
compatible with Linux, a separate Windows PC was used to run
it. The two computers were connected via a closed Wi-Fi network

using a router.

23
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The Windows PC streamed motion capture data from Rokoko
Studio, which was transmitted in real time as a JSON file. This
data was received by a Python script running on the Ubuntu PC,
which processed the glove data for further use in the robot control
system. This setup enabled the integration of both systems, ef-
fectively bypassing the compatibility issues between Rokoko and

Linux.

3.4 Learning from Demonstration

Learning from Demonstration involves the following steps: record-
ing demonstrations, pre-processing data, extracting key features
such as hand poses, training the neural model on demonstration

data and finally, evaluating the model’s performance.

3.4.1 CONDOR framework

The CONDOR method models motions as time-invariant dynam-

ical systems or motion primitives, described by:

&= f(z)

where x € R" is the robot’s state (e.g. position, velocity), and
f is a nonlinear, continuous and differentiable function [5]. The
dynamical system and robot system are transferable through low-

level controllers.

24
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A motion is stable if the robot always reaches the goal state z,
from any initial state, i.e.,

lim [z — ]| = 0.

with the time derivative at the goal state being zero.

With a given demonstration D and trajectories, 7;, CONDOR
learns and models a parametrized dynamical system feT that im-
itates the forward divergence between demonstration and robot

statistical trajectory distributions py.

In the process of finding the parametrized vector 6%, feT also en-
sures convergence to x,. Put together, the optimization problem

becomes:
0* = arg mein D (p*(7)lpa(7)) , s.t. tlgglo |z — 24| = 0.

where x; is the discrete time step.

There are two ways to use CONDOR for robot control. In the
first method with online control, the robot measures its current
state x; at each time step and uses CONDOR’s learned dynam-
ical system fHT to compute the desired velocity/acceleration ;.
As a concluding step, it sends 7; to a low-level controller for ex-
ecution. This method is suitable for dynamic environments since

it can react to disturbances in real-time.

The second method uses offline control for generated trajectories

25
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and assumes that tracking is perfect. CONDOR generates a full
trajectory by recursively applying ng from an initial state xy. The
trajectory is then stored and tracked by a buffer. This method is
advantageous for motions such as writing tasks, where the exact
shape of the trajectory, such as the curves and strokes of letters,

is critical.

3.4.2 Data pre-processing

In LfD, human demonstrations can exhibit endpoint variance due
to non-uniform speed and acceleration and inconsistent start and
end positions. Such variability is a source of data-driven noise
for the LfD algorithm. Therefore, a pre-processing strategy is
employed in this project.

0005 o0

(a) Before processing (b) After processing

Figure 8: Datasets before and after being processed

Initially, the collected data and corresponding 3D plots, shown in
Figure 8a, are examined to identify and remove outlier trajecto-
ries. Linear interpolation is then applied to each dataset. This
process involves calculating the shared endpoint, which is the av-
erage of all the endpoints across the trajectories. Each original

trajectory is trimmed to 75% of its length, and the remaining
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25% is reconstructed by interpolating between the last retained
point and the shared average endpoint. Each trajectory is also
trimmed at the beginning, with 30 to 50 initial data points re-
moved to ensure a smooth start The trimmed and interpolated
segments are then concatenated to form the complete trajectory,
which can be seen in Figure 8b, and the code is used to compute

the average endpoint across all demonstrations.

This approach is theoretically motivated by the imitation learn-
1ng model, where dynamical systems are modeled as movement
primitives with attractors (i.e. goal states) [5]. These models as-
sume that movements are governed by differential equations that
converge toward an attractor. Hence, the data pre-processing
step emulates this attractor behavior by explicitly guiding each

trajectory toward a common endpoint.

angle [rad]

0 20 40 60 80 100
time [s]

Figure 9: Simulation trajectories of joint 4 over time, shown as a function of
the gripper state. Blue trajectories are the models under different initial con-
ditions, the black trajectories are the demonstration data and the red point is
the convergence point.
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This is confirmed by examining Figure 9: variance in the end-
point of the gripper state is reduced in the refined dataset, which

improves training consistency and results.

3.4.3 Evaluation metrics

To evaluate the model’s performance after training with the L{D
algorithms, demonstration trajectories are compared with simu-
lation trajectories. Dynamic Time Warping Distance (DTWD)
and Fréchet Distance (FD) are evaluation metrics that capture

both the temporal and spatial aspects of motion [6,7,29].

DTWD is particularly suited for scenarios where temporal incon-
sistencies exist, for example, demonstrations executed at varying
speeds [6]. DTWD measures the similarity between two sequences
and uses a discrete algorithm that allows non-linear alignments
of sequences by "warping” the time axis to find the best match
between points. While it is robust to time shifts, the DTW dis-

tance remains sensitive to outliers and noisy data.

On the other hand, FD is a continuous spatio-temporal measure
that compares the shapes of trajectories by preserving the order
and location of points along the curves [7]. It finds the smallest
possible maximum distance between two points on the trajecto-
ries, after adjusting the speed at which each trajectory is tra-
versed. FD is useful for tasks where the spatial characteristics

of the demonstration data are important, such as the path taken
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through space. However, the metric is sensitive to temporal align-

ment and noise, especially outliers.

Together, DTWD and FD are complementary metrics on trajec-
tory similarity, facilitating a comprehensive evaluation that ac-

counts for time variations and spatial accuracy.
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4 Results

This section provides an overview of the setup procedures, the fi-
nal experimental setup designed for collecting demonstration data

as well as the algorithms and virtual environments used for L{D.

4.1 Preliminary door opening task

The project started with investigating DORA’s ability to per-
form a basic door opening manipulation task. The problems en-
countered were gravity-related simulation errors and an undefined
gripper base frame. The initial step of evaluating DORA ’s ability
to perform the door opening task involves simulation testing in
CoppeliaSim. When gravity is enabled in CoppeliaSim, the robot
arm collapses onto the table in the simulation. Due to time con-

straints, it is deferred to future work.

Simulation tests in both CoppeliaSim and RViz are conducted
to determine where the robot’s base frame operates from. The
objective is to plot the forces exerted by the robot in the x, y
and z directions during the motion and analyze the results to
identify the robot’s base frame. In this setup, DORA pushes a
cuboid object in CoppeliaSim using the motion planning function
in RViz, while a Python script generates a subsequent force-time

diagram.
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Figure 10: Comparison of force profiles from different pushing directions simu-

lated in RViz.
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From Figures 10b and 10c, it is apparent that forward motion
produces a force along the negative z-axis, while leftward move-

ments results in a positive resultant force in the x-direction.

In Figure 10a, the robot arm pushes left and the gripper pushes
forward relative to the sensor frame, creating a force in the neg-
ative z-direction. This confirms that the force frame is oriented

from the gripper’s perspective.

In real-world testing, the manipulation task is to open a small
cabinet placed on a table from various angles, requiring DORA
to adopt different poses and force-torque values to open the door

successfully.

Figure 11 shows the door opening sequence in RViz, with blue
arrows representing the estimated force vectors and red arrows
indicating the actual trajectory. DORA achieved a 60% success
rate in 10 real-world tests, demonstrating a smooth motion path
in successful attempts to open the door. However, the robot en-
countered issues, including excessive torque application and stop-
ping midway in the experiment. A hypothesis is that the force-
torque sensors yield incorrect values after extended use, leading
to excessive twisting or weakened grip while completing the door-

opening task.
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-

(a) First experiment (b) Second experiment

(c) Third experiment (d) Fourth experiment

(e) Fifth experiment (f) Sixth experiment

Figure 11: Door opening simulations visualized in RViz. Red and blue arrows
represent force vectors.

4.2 Hand pose tracking

This section presents the results from testing the implemented

code for the MoCap gloves and the AprilTag camera system.

In the first phase of data acquisition, two virtual environments

are developed to support more effective task simulation: a Simple
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Robot Visualizer as well as a PyTorch-based setup for the L{D
framework. Figure 12 shows the robot visualizer which provides

real-time visualization of DORA.

Figure 12: The robot visualizer environment

In the second phase of data collection, a total of 20 demonstra-
tions: 10 sets of 2 distinct S-shaped trajectories and C- shaped
trajectories are performed by a human demonstrator and recorded

in a training environment with a ZED 2 stereo camera.

4.2.1 MoCap gloves

The glove system is tested for accuracy and precision in detecting
hand open/close state through a series of test cases designed to
assess its responsiveness and reliability across various hand con-
figurations. These test cases include individual finger movements
in various positions, dynamic finger movements and transitions
between a fully open hand and a fully closed fist. The gradual
progression from open to closed hand postures was examined to

ensure the system could accurately capture intermediate config-
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urations.
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Figure 13: Plots showing the finger distances for each finger, the average finger
distance and a normalized average finger distance.

The resulting plots in Figure 13 visualize the sensor readings dur-

ing a sequence of hand movements. The first sub-plot displays the

distance between each finger and the wrist, with different colors

representing each finger. The second sub-plot shows the average

distance across all five fingers, providing an overall indication of

hand open/close state. Lastly, the third sub-plot illustrates the
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normalized distance values, which were used as input to trigger

gesture-based commands.

The normalized values were also printed in real time in the com-
puter terminal for comparison and debugging purposes. These
readings helped verify that the glove system captured relative
hand configurations accurately, although minor delays and fluc-

tuations were observed during rapid movements.

4.2.2 Pose tracking using AprilTag

Figure 14: The pose of the AprilTag relative to the camera shown both in the
visualization environment and in the real-world.

As shown in Figure 14, RViz can show the AprilTag and also store
the active position in relation to the ZED 2 camera. There is small
amount of buffering at small distances between the AprilTag and
the ZED 2 camera, but it tracks the position smoothly. During

larger distances, it buffers and can lose track of the tag. The pose,
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which includes both the position and rotation, of the AprilTag is

tracked successfully.
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4.3 Simulation experiments

Comparison of C-shape and S-shape Results
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Figure 15: Three dimensional plot comparing the C-shape trajectories of the
training and test datasets.
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Figure 16: Three dimensional plot comparing the S-shape trajectories of the
training and test datasets.

As shown in Figures 15 and 16, two types of motion were recorded:
S-shape and C-shape. A total of 8 trajectories were recorded for
each motion type. Six trajectories were used for training the

model, and the remaining two were reserved for testing, achiev-
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ing an 75/25 training-test split.

In Figures 15a and 16a, the collected training data is shown in
color, alongside the model-generated training trajectories shown
in grey. Similarly, in Figures 15b and 16b, the same model is
applied to the test dataset.

Table 3: DTWD and FD scores by motion type and data split

S-motion DTWD FD C-motion DTWD FD
Training data 0.044 0.153 Training data 0.075 0.345
Test data 0.053 0.239 Test data 0.023 0.095
Error -0.009 -0.086 Error 0.052 0.250

On average, the DTW distance is 0.049 while the Fréchet distance
is 0.208.

Table 3 displays the DTWD and FD scores for two datasets rep-
resenting S-shapes and C-shape motions. The C-motion dataset
achieves the lowest DTWD and FD scores overall , with par-
ticularly low values on the test set (0.023, 0.095). In contrast,
the S-motion dataset shows higher DTWD and FD scores, with
slightly better performance on the training dataset compared to
test set (0.044, 0.15).
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4.4 Validation of the teleoperation setup

The final test validates the teleoperation code’s applicability to
the physical DORA robot in a real-world scenario. The existing
codebase from the simulation environment is modified to work
with the real robot, allowing for direct control via the MoCap

gloves and the AprilTag system.

Figure 17: The DORA robot setup for the real-world experiment.

As shown in Figure 17, a table is positioned in front of the robot,
with a soft ball placed on it. A towel beneath the ball helps
prevent potential damage to the robot, while a bucket is placed
beside it for the robot to drop the ball into. Additionally, a cam-
era is positioned in front of the table to allow the robot to track

and mirror the operator’s hand movements.
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(a) Robot grasping the ball. (b) Robot dropping the ball in the bucket.

Figure 18: The real-world control of the DORA robot.

During the tests, as seen in Figure 18, the robot is controlled
to grasp the ball and place it into the bucket. Due to the lim-
ited range of motion of the user’s arm compared to the robot’s
workspace, a scaling multiplier is applied to the motion data.
This technique enables the robot to perform larger movements

and reach the necessary positions for task completion.

DORA was able to perform basic grasping and placing motions,
and successfully completed two out of five grasping tasks repe-
titions. Two attempts are aborted due to the robot movement
speed either being too fast or too slow, prompting multiple ad-
justments to the scaling multiplier. A third attempt failed due to

a system crash.
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5 Discussion

The implementation of MoCap gloves and AprilTag proved to be
valuable tools for providing learning from demonstration data to

DORA.

During real-world testing using live streaming of the demonstra-
tion data information from the MoCap gloves and AprilTags,
DORA could mimic the human operator’s arm and hand move-
ments seamlessly. However, the AprilTag implemented in this
project is fixed on a flat surface, limiting DORA’s ability to per-
form rotational movements. To further improve the dexterity of
DORA by enabling rotational tracking, a cube with AprilTags

placed on multiple faces of a cube could be implemented.

The camera placement also posed limitations, as it frequently lost
track of the AprilTag when the arm was out of view or far away,
leading to interruptions in the tracking data. Additionally, the
physical support structure of the camera obstructed the teleoper-
ator, restricting wider arm movements and leading to less natural

movement during the experiment.

Furthermore, the ergonomics of the data collection setup for the
teleoperator was unsatisfactory, which may have affected the con-
sistency and quality of the recorded movements. The positioning
of the equipment and the physical strain during repeated tests

contributed to operator discomfort and potential variability in
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the input data.

The codebase for the gloves also showed room for improvement,
particularly in the real-time performance of the plotting feature.
A noticeable delay of approximately 1-2 seconds was observed
between the actual hand movement and the corresponding plot
update. This delay was not reflected in the terminal output,
where the normalized values were updated much more quickly,
indicating that the lag originated from the plotting process itself.
Moreover, the plotting feature significantly slowed down the PC’s
performance running the code, making the system less responsive.
Disabling the plotting functionality was time-consuming, further

reducing the efficiency of the testing process.

Imitation learning was successfully applied using data from the
MoCap gloves and AprilTag system. The resulting evaluation
metrics indicate that the model performs well, with generated

trajectories closely matching the recorded motions.

For the S-motion dataset, the model achieves lower error on the
training data compared to the test data, which is expected since
the test scenarios were not seen during training and reflects effec-
tive generalization. Interestingly, for the C-motion dataset, both
DTWD and FD scores are lower on the test data. This may be
due to simpler or more consistent C-motions in the test set, or

possibly due to overfitting.
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Due to time constraints, the quantity and variability of collected
trajectories were limited, which likely affected overall model per-

formance in some simulation cases.

Another limitation caused by time constraints was that the project
did not include experiments with LfD models trained on the real
robot. As a result, no data collection was conducted with the real

robot.
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6 Conclusion

This project explores the application of LfD in mobile manip-
ulators to teach new manipulation skills. It demonstrates that
MoCap gloves and AprilTag tracking are valid tools for collecting
data and performing teleoperation. in an LfD-based method for
the DORA robot. However, time constraints limited the ability
to evaluate whether the LfD framework improves the dexterity of

the DORA robot in real-world experiments.

Further improvements can be made by optimizing the ergonomics
of the teleoperator, modifying the motion capture gloves’ track-
ing code to eliminate the 1-2 second delay and disabling the 3D
plotting functionality.

Simulation results from the preliminary door opening task es-
tablishes force frame as oriented from the gripper’s perspective
and real-world testing confirms the current functionalities of the

DORA mobile manipulator.

An imatation learning model utilized the collected data to model,
test and create new trajectories. When comparing the gener-
ated trajectories to the demonstrated ones, the average Dynamic
Time Warping (DTW) distance of 0.049 and Fréchet distance of
0.208 were obtained. Increasing the quantity and variability of
the trajectories will likely improve the quality of the generated

trajectories.
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The teleoperation setup validated the teleoperation system that
was developed in this project. Improvements to this section in-
clude tracking rotational hand movement and reorganizing cam-

era setup allowing a greater variation of movement.

Results collected in this project demonstrates that the dexterity of
DORA can be improved through an LfD-based method. Making
DORA amore dexterous robot has enabled multiple new use cases

for DORA to be employed in performing different tasks.
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7 Future Work
7.1 Future Work

Due to time constraints, real- world testing with the trajectories
created by the imitation learning model on the DORA robot was
not feasible. The project’s limited time frame also restricted data
collection and limited the variety of recorded movements. To ad-
dress these limitations in future work, additional time should be
allocated towards increasing the quantity of collected data and
recording a broader range of movements. Implementing data col-
lection with the real DORA robot would also be an essential next

step.

Other robotic systems have already been able to use tools similar
to MoCap gloves and AprilTags to mimic a human operator’s arm
and hand movements [19,20]. Due to the successful integration of
these tools into DORA, there is the possibility of practical real-
world applications. One example of a real-world implementation
of this added functionality in DORA is remote manipulation of
the robot’s arm and gripper to perform tasks where human inter-
vention is too dangerous. To be able to make DORA even more
useful in these situations, future work could focus on integrating
its new capabilities with the ability to remotely manipulate the

robot’s mobile base.

Future work could explore alternative camera setups to address

user limitations, further enhancing the system’s functionality.
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Furthermore, in future work, DORA could benefit from integrat-
ing real-time end-effector force-torque sensor data into the learn-
ing framework. This would be particularly important for contact-
rich tasks such as surface-wiping, where force-feedback could en-
able the robot to adapt its trajectories based on the forces expe-

rienced throughout the motion.
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