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Abstract

Robotic systems are becoming more and more pervasive in modern industrial, scien-
tific, and personal activities through recent years and will play a fundamental role in
the future society. Despite their increasing level of automation, teleoperation is still
needed in many robotic applications. Human-Robot Interfaces (HRIs) are a central el-
ement in the diffusion of robots and are a crucial component to make them available
to the use of most people. However, standard interfaces such as remote controllers still
need time and extensive training to be proficiently mastered by users. Body-Machine
Interfaces (BoMIs) represent a promising alternative to such devices as they leverage
the innate ability of humans to finely control their movements. This thesis aims to pro-
vide new insights into humans’ natural motor behaviors when interfacing with robots
and to propose novel approaches for the implementation of HRIs based on body mo-
tion. The core contribution of this work is the design, realization, and qualification of
machine learning-based methods to translate the motion of a person into control inputs
for a robot. The methods described here allowed naive users to effectively control real
and simulated robots based on the processing of their body movements with a faster
learning rate compared to classic interfaces. We extended our core algorithm to lever-
age knowledge about the natural organization of human motion, resulting in a more
general method that was successfully applied for the control of a set of morphologically
different machines. Through the implementation of an online adaptive functionality,
we enabled users to modify their motor behavior during teleoperation resulting in a
lower perceived physical and cognitive workload and augmented performance. Hu-
man factors such as the sense of presence in virtual or distant environments, or the
motor characteristics of distinct body areas are a key element for advanced telerobotic
applications. We studied the impact of the use of Virtual Reality for the control of
non-anthropomorphic machines, and the effects of designing BoMIs based on differ-
ent limbs opening to new knowledge about the effects of such factors in human-robot
interaction. The design of a wearable haptic interface for drone operation showed
the potential of augmenting their senses to perceive a distal environment through the
sense of touch. Thanks to this novel design, nonexpert users were enabled to navigate
drones through narrow passages with limited visibility, a task almost impossible to per-
form with standard interfaces.
We believe that this thesis contributes to paving the way towards a deeper understand-
ing of humans in human-robot interaction, as well as providing a new set of tools for



the design of simple, intuitive interfaces with the goal of democratizing robotic teleop-
eration for the masses.
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Human-Robot Interaction, Telerobotics and Teleoperation, Human Body Motion, Adap-
tive Design, Virtual Reality and Interfaces, Wearable Sensors, Wearable Haptics, Tactile
Feedback, Swarm Robotics, Drones



Sintesi

Negli ultimi anni i sistemi robotici stanno diventando sempre più pervasivi nelle mod-
erne attività industriali, scientifiche e personali e svolgeranno un ruolo fondamentale
nella società futura. Nonostante il loro crescente livello di automazione, la teleoper-
azione è ancora necessaria in molte applicazioni robotiche. Le interfacce uomo-robot
(HRI) svolgono un ruolo fondamentale nella diffusione dei robot e sono una compo-
nente cruciale per renderli disponibili all’uso della maggior parte delle persone. Tut-
tavia, interfacce standard come i joystick richiedono ancora tempo e una formazione
approfondita per essere padroneggiate abilmente dagli utenti. Le interfacce corpo-
macchina (BoMI) rappresentano un’alternativa promettente a tali dispositivi poiché
sfruttano la capacità innata degli esseri umani di controllare con precisione i propri
movimenti. Questa tesi mira a fornire nuove conoscenze sui comportamenti motori nat-
urali degli esseri umani quando si interfacciano con i robot e a proporre nuovi approcci
per l’implementazione di HRI basate sul movimento del corpo. Il contributo fondamen-
tale di questo lavoro è la progettazione, realizzazione e qualificazione di metodi basati
su machine learning per tradurre il movimento di una persona in input di controllo
per un robot. I metodi qui descritti hanno permesso a utenti inseperti di controllare
efficacemente robot reali e simulati in funzione dell’elaborazione numerica dei loro
movimenti con un tasso di apprendimento più veloce rispetto alle interfacce classiche.
Abbiamo esteso il nostro algoritmo di base sfruttando le conoscenze sull’organizzazione
naturale del movimento umano ottenendo in un metodo più generale che è stato appli-
cato con successo per il controllo di un insieme di macchine morfologicamente diverse
tra loro. Attraverso l’implementazione di una funzionalità adattiva, abbiamo consen-
tito agli utenti di modificare la loro strategia di controllo durante la teleoperazione, con
conseguente riduzione del carico di lavoro fisico e cognitivo percepito e un aumento
delle prestazioni. Fattori umani come il senso di presenza in ambienti virtuali o dis-
tanti o le caratteristiche motorie di aree corporee distinte sono un fattore chiave per le
applicazioni telerobotiche avanzate. Abbiamo studiato l’impatto dell’uso della Realtà
Virtuale per il controllo di macchine non antropomorfe e gli effetti della progettazione
di BoMI basate su arti differenti che aprono a nuove conoscenze sugli effetti di tali
fattori nell’interazione uomo-robot. Il design di un’interfaccia tattile indossabile per il
controllo di droni ha mostrato il potenziale di estendere i sensi dell’utente e renderlo
capace di percepire un ambiente distante attraverso il senso del tatto. Grazie a questo
nuovo design, gli utenti non esperti sono stati in grado di controllare i droni attraverso



passaggi stretti con visibilità limitata, un compito quasi impossibile da eseguire con in-
terfacce standard.
Riteniamo che questa tesi contribuisca a spianare la strada verso una comprensione
più profonda degli esseri umani nell’interazione uomo-robot, oltre a fornire una nuova
serie di strumenti per la progettazione di interfacce semplici e intuitive con l’obiettivo
di democratizzare la teleoperazione robotica per le masse.
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1Introduction

"Work it harder, make it better, do it faster. Makes us stronger?"

Daft Punk, Harder, Better, Faster, Stronger, 2001

In this first chapter, we give an overview on the core concepts related to telerobotics,
and specifically human-robot interfaces. A special focus will be given to body-machine
interfaces based on body motion signals and their main components, characteristics, and
design methodology.

1.1 Human-Robot Interfaces

Despite the remarkable advancements in the autonomy level of industrial and service
robotic systems, the ability for robots to be fully autonomous always and everywhere is
a myth [1]. For several robotic applications, human perception and cognitive capa-
bilities are still needed and far from being matched by state-of-the-art sensor systems
and algorithms. Such applications, including exploration, navigation in challenging
environments, and minimally invasive surgery are delegated to telerobotics [2, 3, 4].
The term telerobotics, derived from the greek tele (distant), refers to a system with
a human-in-the-loop operator, controlling a robot located in a separate environment
[5]. Human-Robot Interface (HRI) is the expression used to commonly refer to the sys-
tem being responsible of conveying information from the operator to the robot and
back. Standard HRIs consist of a device sensing information from the human (a joy-
stick, a mouse, a steering wheel) and a display to provide them with information about
the robot’s state (normally a visual display, e.g., a screen). Additionally, the function
responsible of translating the user’s inputs into robot actions, known as mapping, is
considered as a part of the interface (see sec. 1.3 for more details). HRIs represent an
essential component of a telerobotic system, and their design is driven by a compound
of two main objectives. The first consists of objective dimensions like robustness and
performance while the second considers subjective human factors such as the sense of
presence, transparency, and individual preferences [6].
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Despite the careful design and the advancements in the field of ergonomics, current
HRIs such as joysticks and keyboards still fail to match user’s needs and require exten-
sive training sessions to be proficiently mastered [7, 8, 9]. The need for intuitive and
efficient Human-Robot Interfaces (HRIs) is vital to allow a larger population of individ-
uals to control modern robots, a task typically restricted to highly trained professionals
[10, 11]. Recent advancements in this field focus on the study of novel methods to
increase both performance and user experience during the operation of robots through
the improvement of the interface. All the aspects mentioned above have been the
subject of research attention. On the one side, the development of novel devices for
Human-Computer Interaction (HCI) like motion-based interfaces and joysticks allowed
users to interact with their devices directly using their body, for a more immersive and
intuitive experience [12]. This paradigm shift rose the problem of mapping signals
acquired from the human body into computer-robot inputs, resulting in an increasing
interest on the mapping function. On the other side, modern interfaces aim to pro-
vide users with augmented, multi-modal sensory feedback to increase their immersion
in the distal or virtual environment. These solutions include Head-Mounted Displays
(HMD) for Virtual Reality (VR), or haptic feedback systems.

Body-Machine Interfaces

A subdomain of HRIs is represented by Body-Machine Interfaces (BoMIs), which collect
biosignals from the user and translate them into commands for an external device (Fig.
1.1)[13]. A biosignal is any signal that can be acquired from a living being. Recording
biosignals from the human body is a practice widely adopted in biomedical applications
to monitor body functions and health-related conditions and evaluate the effectiveness
of therapies [14]. With the miniaturization of electronics and the advancement in
portable battery technology, the field of wearable sensors has become very popular in
the healthcare industry [15].

Since impaired individuals often do not have the ability to correctly use standard
interfaces, the initial goal of BoMIs was mostly motivated by rehabilitation purposes.
Indeed, directly processing a user’s biosignals alleviates them from the demanding task
of having to learn how to interact with an external device, which is advantageous in
case of limited or absent residual motor capabilities. Practically, most work on BoMIs
in the rehabilitation field has the goal to enable impaired subjects to control a the
position of a cursor on a 2D screen. Once capable of mastering this task, its extension to
functional activities (e.g., typing, controlling a wheelchair) can be obtained by steering
the control signal into the desired device. In recent times, the use of BoMIs have been
investigated also for healthy individuals, and has shown disrupting potential in terms
of learning rate for teleoperation, as well as being perceived by users as more intuitive
and engaging [12].

This chapter is structured as follows. In Sec. 1.2 we give an overview of biosignal
acquisition, focusing on the subset of them that are most commonly adopted in teler-
obotics, pointing out their advantages and drawbacks for the different applications. In
Sec. 1.3 we provide a taxonomy of mapping functions based on their characteristics
and the state of the art of their implementation methodologies. Finally, in Sec. 1.4, we

2
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describe the possible sources of sensory feedback to the user that apply to the field of
body-machine interfaces.

Figure 1.1 Core elements of a body-machine interface. Forward loop: biosignals are acquired
from the human body, translated into robot actions through a forward mapping function (mapping
hereafter), and executed through the robotic actuators. Backward loop: environmental information
are collected by the robotic sensors, translated into intelligible signals through a backward mapping
function, and interpreted by the human sensory system. In red, we outline the main focus of the
different chapters of this thesis.

1.2 Biosignals

The acquisition of biosignals is a core element of body-machine interafaces. Data ac-
quisition methods for biosignals are normally classified based on five criteria: nature of
the signal, temporal and spatial resolution, invasiveness, and portability. Among others,
the translation of body motion into control commands for external devices is growing
popular for healthy subjects as it can be easily modulated by humans by daily practice
and can be acquired and digitized with relatively simple methods. In this section, we
will give an overview of a subset of the vast family of biosignals used for BoMIs and list
their advantages and drawbacks. Later, we will focus on human body motion (which is
of critical interest for this thesis) and describe its most relevant characteristics, as well
as the available methods for its acquisition.

Tab. 1.1 provides a summary common biosignals and their related characteristics.

3
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Method
Nature

of signal
Temporal
resolution

Spatial
resolution

Invasiveness Portability

B
ra

in

EEG Electrical High Low Non-invasive Portable
MEG Magnetic High Low Non-invasive Non-portable
ECoG Electrical Very high High Invasive Portable
INR Electrical Very high Very high Invasive Portable
fMRI Metabolic Low High Non-invasive Non-portable
NIRS Metabolic Low Low Non-invasive Portable

M
us

cl
e sEMG Electrical High Low Non-invasive Portable

iEMG Electrical High High Invasive Portable

M
ot

io
n

IMUs Mechanical High High Non-invasive Portable
Stretchable Mechanical Low Low Non-invasive Portable
MoCap Optical High Very high Non-invasive Non-portable
Gaze Optical High Low Non-invasive Portable

Table 1.1 Classification and characteristics of biosignal acquisition systems.
In light yellow, the most common solutions for telerobotics

Brain Signals

The acquisition of brain activity, or neuroimaging, and its use for the control of exter-
nal devices is collectively referred to as Brain-Computer Interface (BCI) [16]. Among
the available neuroimaging technologies, ElectroEncephaloGraphy (EEG) is the most
commonly adopted method for robotic teleoperation as it is not invasive and easily
portable. Cortical signals can be used to interface with external devices, such as com-
puters, wheelchairs [17], or manipulators [18]. More recently, this concept was also
explored in the field of mobile robotics, with applications in terrestrial [19] and aerial
[20, 21, 22] machines.

Independently from the considered robotic platform, four main aspects limit with
the use of EEG in telerobotics. First, its portability and relative ease of installation
come at the cost of a low spatial and temporal resolution, restricting its use to a limited
set of control inputs to be issued to the machine at low frequencies. Secondly, the
complexity and multidimensionality of the signals, along with the noise and cross-talk
due to the noninvasive sensors require individual calibration of the acquision and real-
time processing system. Moreover, BCI users need to control the activation of specific
parts of the brain, a task which requires extensive training for a naive subject [23].
Finally, the performance of teleoperation is limited if compared with canonic interface
such as joysticks, or keyboards. Therefore, even though such systems can be a major
innovation in clinical studies where subjects have poor or no control over their body
movements, their application for healthy subjects is not justified to date.

4
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Muscle signals

A viable alternative is to consider more peripheral and accessible sources of informa-
tion, such as muscle activations. The acquisition of electrophysiological muscle activity
takes the name of ElectroMyoGraphy (EMG) [24]. Muscle fibers develop action poten-
tials during contraction. The sum of these potentials on a single motor unit is called
motor unit action potential (MUAP). The MUAP can be observed with two main tech-
niques: through a needle electrode (invasive, also iEMG) or with a surface electrode
(superficial, or sEMG) [25]. Typical robotic applications rely on surface electrodes,
which are less invasive, easier to install and remove, and are more accessible for main-
tenance. For humans, modulating muscle activity is an easier task than independently
controlling specific parts of the brain, as it is constantly improved by daily practice.
EMG decoding has been employed for the control of different robotic platforms, includ-
ing robotic hands [26], exoskeletons [27], powered wheelchairs [28, 29] and drones
[30].

Although its easier accessibility and its finer resolution, the use of EMG signals has
two major drawbacks. First, a calibration procedure is needed to set up the acquisition
system. Altough this procedure is less tedious than the one required for the setup of a
EEG, it still represent a limitation of these sensors when compared to simpler solutions.
Secondly, the spatial resolution is low compared to other biosignals.

Motion signals

Body motion can be used as a data source for BoMIs for individuals presenting partial
or full motor capabilities. Human motion can be acquired in a number of ways, the
most commonly adopted being motion capture facilities (MoCap), inertial measure-
ment units (IMUs) and stereo-vision based systems (Fig. 1.2). In this set of acquisition
systems, IMUs are the only wearable solution. They consist of Micro Electro-Mechanical
Systems (MEMS) embedding 3D accelerometers, gyroscopes, and magnetometers to re-
construct a rigid body’s orientation and position. Although the orientation estimates
can be obtained with relatively high accuracy by fusing the information of these 3
sensors, position estimates are less reliable as they require the double integration of
acceleration data and the associated errors. Recent research also proposes stretchable
strain sensors capable of providing accurate deformation measurements [31], which
could be used in wearable applications to track human motion.

Body motion has been widely used for the implementation of BoMIS in recent years.
A possible goal of such interfaces is to remap residual motor capabilities for partially
paralyzed subjects with the goal of enhancing motion rehabilitation. In a recent study,
set of IMUs was used to acquire shoulder motion with the aim to allow tetraplegic
patients to control the motion of a computer cursor [32]. The study was performed
on 28 healthy subjects, and compares a set of processing techniques based on Kalman
filtering. A similar approach has been used to allow the control of a virtual wheelchair
[33]. Body-machine interfaces based on body motion have been proposed to interface
the human body with different robotic morphologies. Melidis et al. proposed a system
to translate hand motion to commands for a ground robot using neural networks [34].
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Figure 1.2 Common motion tracking devices used for the implementation of body-machine inter-
faces. A) MoCap rooms track a set of infrared reflective markers in the 3D space. B) IMUs are
electro-mechanical systems sensitive to acceleration and angular velocity. C) The Microsoft Kinect
system tracks the human body through stereo cameras and artificial intelligence algorithms. D)
The LEAP Motion controller tracks the human hand with a similar method. 3 out of these sensors
(excluding the Kinect) have been used in the scope of this thesis.

In this case, the hand motion was acquired by means of an optical hand tracking mod-
ule. Vision- based systems have also been used to track human arms, allowing users to
control a robotic manipulator [35]. Full-body motion tracking by optical sensors has
also been applied to the control of flying robots [36]. In this work, motion commands
are issued to a quadrotor drone based on a vocabulary of discrete body movements,
allowing a high-level control of the robot’s behaviour. Sanna et al. compared an anal-
ogous interface, based on body gestures, with a joystick and a multi-touch controller
[37]. The obtained results proof a decrease in time efficiency but a higher success rate
for a simple mission consisting of take-off, flight, land maneuvers. An additional appli-
cation of human motion-based teleoperation is the control of humanoid robots. Miller
et al. implemented an interface based on wireless IMUs for the control of the NASA
Robonaut, a upper-body humaniod robot with human-like degrees of freedom in its
joints [38]. In this case, human motion is directly translated into robot pose, given the
kinematic correspondence of the two systems (for more information about this concept,
see Section 1.3). This proof of concept was evaluated only for the teleoperation of one
arm of the humaniod robot, but in principle extendable to the operation of the whole
system. One of the major problems in the teleoperation of humanoid robots is that,
in most cases, their kinematic models are only an approssimation of the human ones.
When this happens, a direct control of each degree of freedom as in the previous case
is not applicable. To overcome this issue, Stanton et al. employ non-linear regression
based on neural networks to derive motion commands from a full-body motion tracking
systems to the joints of a fully articulated humanoid [39].
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1.3 The Mapping Function

Telerobotic systems can be modeled as a master-slave architecture, in which the user
interacts with a control device (the master) to issue commands to a robot (the slave)
[40]. In the case of a BoMI, the master device corresponds to the user’s body, and the
sensed quantities to the acquired body signals. Once data are acquired and available
(see Sec. 1.2), they need to be transformed from the input space into values in the
robot’s control space. The input space is represented by the set of possible values that
the body signals can assume. For instance, an application recording continuous data
from two muscles through EMG will have an input space x = IRN, N = 2. Instead,
the robot’s control space corresponds to the set of possible control commands that can
be issued to the robot. In the case of a quadrotor, where 4 control commands can be
specified (roll, pitch, yaw, and thrust), the control space u = IRM, M = 4. The function
responsible for the transformation:

u = f(x), u ∈ u, x ∈ x (1.1)

is called a mapping, or map [41].

In this section, we will first give a taxonomy of the adopted methods to define a map
between body signals and robot commands, and then describe more specific design
choices for the implementation of such interfaces.

Mapping functions can be classified based on two concepts: by properties or by defi-
nition methodology.

Mapping properties

Body-Machine Interfaces possess three main properties: continuity, linearity, and adap-
tivity [13], as outlined in Table 1.2.

The first property of a mapping function is the distinction between continuous and
discrete functions. Continuous functions associates each input x to a certain robot
command u. An example is the direct transformation of human body postures to the
posture of a humanoid robot [39]. In the discrete case, the two sets are compressed
into discrete vocabularies of actions (such as “lift right arm", “lift left arm" inputs,
“move right", “move left" commands) and the mapping function only handles a limited
set of input-command pairs. While BCI and EMG applications often rely on discrete
mapping functions, motion is suitable for both cases. Other approaches propose a set
of discrete commands for the same robot, including take off, landing, and moving a
specific direction [37, 42]. These commands are triggered by a specific body pose,
recognized by means of an optical system. These examples clarify the different user
engagement during the teleoperation: while the first one requires continuous attention
on the task and a careful control on the user’s movements, the second one can be
accomplished with less effort and sporadic commands. As a natural consequence of this
aspect, continuous mapping functions are more suitable for a fine control of the robot’s
trajectory, requiring a higher user engagement but also providing higher control power.
On the other hand, discrete mapping functions can be more suitable for high-level
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control of the robot, when fine precision is not required, as in the case of supervisory
control [43].

A second property, which applies to only to continuous mapping functions, is linear-
ity. For a linear mapping, Eq.(1.1) can be simplified to u = Wx, where W is a matrix
W = IRNxM. Linear mapping functions are normally easier to design and implement
as they represent a simple scaling between input and command values. On the other
hand, nonlinear mappings can be perceived as more intuitive by the user. The example
of a computer mouse exemplifies this. The relation between mouse and cursor position
is not linear, as its gain scales proportionally with the motion speed. Such a mapping
function is called ballistic. Although linear mapping functions are most common, Khur-
shid and Kucherbecker showed through a user study that tayloring a nonlinear mapping
on different subjects can provide better performance and comfort [44]. They asked a
set of subjects to move their arm according to the motion of a virtual humanoid robotic
arm performing a series of predefined motion patterns. The users’ motion was tracked
and fitted using non-linear parametric functions. Later, the fitted functions were used
for the teleoperation of the same virtual manipulator, showing a higher accuracy and
user comfort when compared to a linear interfaces.

The third property covered in this list is the adaptivity of the mapping function. Most
human-robot interfaces present fixed maps, which the user needs to learn over time.
Instead, time varying maps are designed with the aim of adapting to a specific user
and are intrinsically based on that user’s nascent performance in carrying out the task
i.e., the user’s proficiency is estimated by analysing their recorded information. At
the same time, the mapping is updated based on the estimated performance, during
the use of the interface [13]. In this case, the mapping function can be expressed
as u = f(x, t). This concept is particularly crucial in the field of assistive devices for
rehabilitation - when a robotic system, such as an exoskeleton, is employed to aid
human motor recovery. Impedance Control methods have been proposed to adaptively
tune the robotic assistance according to the disability level and voluntary participation
of human subjects [45].

MAPPING PROPERTIES
Continuity

Continuous : Transforms each input configuration x into a robot command u
Discrete : Consists of a limited vocabulary of input-output pairs.

Linearity
Linear : Follows the relation u = Wx, where W is a matrix.
Nonlinear : Generally corresponds to a function u = f(x)

Adaptivity
Fixed : Predefined function that does not change with time.
Adaptive : Adapts to the user as their performance vary with time.

Table 1.2 Summary of the properties of a HRI mapping function
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Mapping definition methodologies

Two different families of methods are used for defining mapping functions. The sim-
plest approach consists in defining data-independent maps. Data-independent maps are
defined following two possible principles: a morphological or functional correspon-
dence between the human body and robot, or by exploiting gestures that are common
in human communication. Transforming arm motion into commands for a manipula-
tor or controlling a prosthetic hand by means of the muscles responsible for initiating
the same movements is an example of the first approach. In [38], for instance, the
operator controls the trajectory of a robotic arm with the motion of their arm, and the
hand position is directly mapped to a robot’s hand desired position through a linear
mapping. Here, the mapping is easily implemented as the two morphologies are sim-
ilar. When these similarities are not evident, as in the case of non-anthropomorphic
systems, the task of defining a mapping function is less straightforward. In this case,
standard gesture-based interaction patterns exhibited in human communication can
come at hand. Pfeil et al. developed an interface based on arm gestures to control the
flight of a drone, associating euristically each gesture to a desired action (e.g., take off -
hover - turn left/right, etc.). However, when robots are more complex or a continuous
map is needed to steer the robot precisely, data-independent mapping functions can
not be able to reflect the user’s desired interaction patterns.

To solve this issue, popular methods in research leverage data-driven mapping func-
tions. Data-driven methods consist of observing the behaviour of a set of subjects when
different robot actions are shown to them through user studies. Participants are asked
to act as if they were controlling the robot while it moves autonomously. During
this procedure, called calibration or learning phase, the subject’s activity is monitored
by sensors. Depending on the interface to be built, different sensors can be used (see
Section 1.2 for a list of viable acquisition systems used in BoMIs). The recognized
behaviours can then be used to reconstruct a map following two main steps. First, di-
mensionality reduction techniques (see next subsection) are used to extract and com-
press the most meaningful features from the set of multidimensional biosignals. Sub-
sequently, the reduced set of features are matched with the robot behaviour to create
the mapping. Data-driven methods can in turn be classified in general and personalized.
If the data are collected from several subjects, the resulting mapping will be general,
and can in principle be applied to a wider population. If the mapping is taylored on
the data of one single subject, the mapping is personalized. An approach to derive gen-
eral mappings consists of making qualitative observations of the recorded behaviours
and extracting the most popular and relevant ones. In some recent works, researchers
extracted a vocabulary of interaction gestures to interface humans with drones by ob-
serving people’s instinctive motion when different maneuvers were shown [46, 47]. In
this scenario, the subjects’ body motion was not tracked through sensors, but observed
visually. Methods based on artificial intelligence can be employed to bypass the human
contribution and define interfaces directly from data. Such methods employ quan-
titative measures from biosignals and adopt signal processing and machine learning
techniques to match them with the desired robot actions. Being biosignals inherently
multidimensional, dimensionality reduction techniques are used to extract features and
patterns that are meaningful for the control of the robot. This approach is known in
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literature as pattern recognition, and can leverage classification techniques to provide
discrete maps or regression to derive continuous ones. In the case of classification,
several approaches have been implemented, such as support vector machines [48] and
neural networks [49]. For regression, parametric fit [44] and neural networks [34]
algorithms have been proposed, among the others.

Although generality is a desired objective in the definition of an interface, which is
provided by collective mapping functions, there are some cases in which personaliza-
tion is preferred. One example is the case of prosthetic limbs, that need to be designed
and adapted on a specific individual depending on several factors including the type
of prosthesis, and the location of the amputation. Moreover, we will show in the dif-
ferent chapters of this work (starting from Ch.2) that personalized interfaces have the
potential to be learned faster than generic ones for the teleoperation of mobile robots.

MAPPING DEFINITION METHODOLOGIES
Data-independent : Does not rely on the observation of human behaviour.

By correspondence : Based on morphological or functional correspondence be-
tween human and robot features.

Heuristic : Based on common human interaction gestures.
Data-driven : Exploits knowledge of the user’s intuitive behaviour.

Generic : Based on a population of individuals.
Personalized : Based on a single individual.

Table 1.3 Summary of the design methods for a HRI mapping function

Dimensionality reduction

Body signals are intrinsically multidimensional: human motion, for instance, involves
several degrees of freedom (DOFs) and is achieved through redundant kinematics
[50, 51]. Also, biosignals such as neural and muscle activity exist in a multidimen-
sional space and easily exceed the number of control variables needed for operating
most robotic morphologies. For this reason, it is crucial to identify and retain the
minimum amount of information needed for the teleoperation. By doing this, the sys-
tem can save processing power, sensor coverage, and perform more efficiently in the
regression/classification stage. A popular solution is to adopt the concept of syner-
gies, functional sensory-motor behaviours consisting of a coordinated action of several
DOFs that can be extracted from multidimensional data. Examples of synergies are
the human hand grasping motion, involving the collective action of the fingers, or the
muscle activities producing such motion. Different methods have been employed for
the functional compression of the acquired signals. There are three methods which
are established in the field of telerobotics. Principal Component Analysis (PCA) [52],
has been successfully employed to define a mapping between a paraplegic patient’s
shoulder motion and a wheelchair [13]. PCA is a nonsupervised method that projects
a multidimensional set of data into a lower-dimensional space maximizing the data
variance, by the diagonalization of the covariance matrix. Independent Component
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Analysis (ICA)[53] has also been extensively used for motion analysis [54]. Differ-
ently from PCA, ICA does not produce orthogonal outputs, and minimizes the signal
dependency instead of their correlation. ICA and PCA coincide if the signals are sam-
pled from a normal distribution and projected onto orthogonal axes. Finally, Linear
Discriminant Analysis (LDA) has also been adopted to discriminate relevant features
from upper body motion and implement a BoMI for the control of an aerial robot [55].
LDA is a supervised method that attempts to find a feature subspace that maximizes
class separability, under the assumption of normally distributed classes. Recently, also
autoencoders based on neural networks have been considered for dimensionality re-
duction purposes in the field of body-machine interfaces [56].

1.4 Sensory Feedback

All telerobotic tasks require users to expend some combination of motor and cognitive
effort. To perform these tasks well, users require information about the state of the
robot and its interaction with the environment. This information can be communicated
through different modes of sensory feedback, such as vision (eyes), audition (ears),
and haptics. Haptic feedback can be subdivided into two branches - tactile or cuta-
neous feedback (skin) and kinesthetic or proprioceptive feedback (joints, muscles, and
connective tissues) [57]. In the context of telerobotics, sensory feedback serves two
related purposes - improving task performance and increasing operator immersiveness.

In this section, we will provide further details of sensory feedback technologies and
their applications to telerobotics.

Visual Feedback

In almost all cases of teleoperation, vision is the most important sensory modality used
to gather information about a robot’s position relative to its environment [58]. This
information is vital for navigating through space and manipulating objects.

There are three types of visual displays that are commonly used to render visual
feedback: Desktop Displays, Projection Displays, and Head-Mounted Displays. Typically,
Desktop Displays are two-dimensional computer screens fixed in place, whereas Projec-
tion Displays are large screens, which may encircle the operator. Each of these displays
render three-dimensional images to the operator with varying fields of view. While
both of these displays can provide steroscopic vision and permit freedom of movement,
they are unable to isolate operators from their real surroundings and hence, cannot
render effective immersion. Head-Mounted Displays or HMDs are portable displays that
sit on a user’s head and are commonly used as visual displays for virtual reality appli-
cations. HMDs are extremely useful interfaces because they are usually lightweight,
compact, and provide stereoscopic vision in FPV. For teleoperation, HMDs can track
the movement of the operator’s head and couple that movement with that of the cam-
era mounted on the robot. Additionally, HMDs can induce a stronger telepresence by
cutting off the operator’s physical environment from their field of view [59, 60, 61, 62].
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When using HMDs for teleoperation, it is important to be cognizant of certain associ-
ated limitations or challenges. Long-term usage of HMDs can result in health problems
including, fatigue, motion sickness, or double vision. Hence, a rest and recovery period
must be instated between consecutive sessions with a maximum limit on the amount
of time spent using the HMD [63]. Another source of concern is temporal lag in HMD
systems between measurements of head movement and the rendering of correspond-
ing image to the user. Inconsistencies due to this latency can result in disorientation,
motion sickness, and loss of balance [64].

Auditory Feedback

Audition is an important sense used by humans, and compared to vision, it has sev-
eral unique properties. For teleoperation, auditory feedback usually complements, and
in some cases, substitutes visual feedback in guiding users in the execution of specific
tasks. Indeed, there are several situations where robotic teleoperation is hindered by
operators solely relying on visual feedback. Treating all information relayed by the
robot with vision can generate a considerable amount of cognitive load, making opera-
tors prone to committing errors [65]. To avoid such accidents and to improve operator
performance, audition is used in conjunction with vision [66]. The process of convert-
ing any kind of data into sound signals is called sonification and one may consider it as
the auditory equivalent of data visualisation [65, 67, 68].

Like visual displays, auditory displays can be categorized into two - fixed (or station-
ary) displays, such as loudspeakers, and head-mounted displays, such as headphones.
Loudspeakers are better suited when used in conjunction with visual projection dis-
plays, where both the stationary displays are independent of the user’s position. Com-
pared to loudspeakers, headphones may cause discomfort over long-term use and are
in general, more invasive. However, headphones are much better equipped at eliminat-
ing reverberation and background noise to help clearly identify the source of a sound
[69, 69, 70, 71].

Haptic Feedback

Although visual and auditory feedback can provide a lot of information about the
robot’s environment to help users navigate and avoid obstacles, the physical interaction
with objects or individuals in the robot’s direct reach is only possible with haptic feed-
back [72, 73]. Haptic feedback enables the transmission of several physical properties
of objects, such as texture, shape, weight, inertia, viscosity, and temperature. Unlike
visual and auditory feedback that can be received by only specific sensory organs (ears
and eyes, respectively), haptic feedback can be rendered as forces acting on different
parts of the body, either as tactile or kinesthetic feedback. This is a crucial advantage
for teleoperation because this allows for greater flexibility in encoding and mapping dif-
ferent types of sensor data gathered by the robot to different types of haptic feedback
rendered to the operator [74, 75]. Therefore, haptic feedback can be very powerful
in aiding teleoperation performance, particularly in terms of accuracy and completion
time [76, 77, 78].
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Haptic displays can be categorised into two types: Desktop Haptic Displays and Wear-
able Haptic Displays. A desktop haptic display is composed of a robotic end effector
arm with one end fixed and a sphere or a stylus at the other free end. Operators can
manipulate the stylus with their hand and often, this is the only point of contact be-
tween the operator and the display. The robotic arm has multiple degrees of freedom to
allow operators movement in free space without any constraints when haptic feedback
is not provided. There are force and position sensors on the robotic end effector to
track the movement of the operator’s hand, which determine the magnitude and direc-
tion of forces that are applied by the stylus on the operator. Since operators physically
handle only the stylus, it should be capable of rendering both cutaneous and proprio-
ceptive feedback. Typically, these displays have commonly been used to train operators
in performing specific tasks such as path following and object manipulation. This is
important for applications such as telesurgery, where surgeons are provided feedback
about different object stiffnesses and textures, such as tools and/or organs [73, 79, 80].

The advent of virtual reality applications led to an increased demand for whole-
body haptic feedback rendering. While desktop haptic displays mandate operators to
remain in a specific place during teleoperation, wearable counterparts could provide
them with the freedom to move around freely. Moreover, desktop displays have a
single point of contact to render both kinesthetic and tactile feedback, whereas wear-
able haptic displays can provide feedback to various parts of the body independent of
each other[81, 82, 83]. Existing wearable haptic displays provide kinesthetic feedback
with actuators, such as electromagnetic motors [84], motor-driven cables [85, 86],
and brakes or clutches [87, 88, 89], while tactile feedback is provided using vibra-
tion motors [90], pneumatic actuators [91, 92], and electrostimulation [93], among
others. These new interfaces are not only capable of matching the functionalities of
desktop haptic displays, but have also facilitated the development of new paradigms of
teleoperation with regard to movement mapping between the operator and the robot
[94, 95].

1.5 Thesis Outline

This thesis is structured based on the 7 scientific papers that I published or submit-
ted during my 4 years of PhD. In this work we studied, designed, implemented and
validated a set of methods to improve human-robot interfaces. Through the chapters,
we consider the operation of different robots with a special focus on aerial machines.
Our work covers all the main aspects of HRIs described above: signal acquisition, map-
ping and user feedback. However, most of this work dedicates a special focus on the
mapping implementation. Specifically, we considered the problem of implementing
Body-Machine Interfaces based on body motion, with continuous mapping functions to
allow a fine control over the robot’s trajectories, and developed through data-driven,
personalized methods which leverage machine learning techniques. Both linear and
nonlinear maps have been studied, as well as adaptive interface design.

The first three chapters are dedicated to the core methods for the design and auto-
matic generation of personalized mapping functions. We define our basic method and
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explore linear and nonlinear options in Chapter 2, we extend it to different robots by
leveraging knowledge about the nature of motion and its synergistic motor organiza-
tion at a neural level in Chapter 3, and further improve it to adapt the user’s motion in
real-time though adaptive design in Chapter 4. Later, we consider human factor-related
conditions and their impact over interface performance and experience in Chapter 5.
First, we study the perception-related effects of the use of VR and the change of view-
point in Section 5.1 and then the perceived differences of using different body segments
for drone teleoperation in Section 5.2. Finally, we shift the paradigm to a third-person
view (3V) viewpoint for Line-of-Sight (LoF) teleoperation of quadrotors both singularly
and in a swarm in Chapter 6. Here, we first design and characterize a haptic hand-worn
device for the control of a drone with augmented environmental feedback in Section
6.1, and later extend our base method to allow the personalized operation of a drone
swarm through both position and velocity control in Section 6.2.

Publication Note: The material presented in the summary list is adapted from ab-
stracts of the publications mentioned in each section.

Chapter 2, Personalization of Body-Machine Interfaces

This chapter describes the core framework designed for the implementation of per-
sonalized BoMI generation. Since human motion presents individual traits due to sev-
eral factors, including physical condition, age, and experience, generic BoMIs still re-
quire a significant learning time and effort to reach adequate ability in teleoperation.
Our method autonomously learns from the user their preferred strategy to control the
robot, and provide a personalized body-machine mapping. We show that the proposed
method can significantly reduce the duration of the training phase in teleoperation,
thus allowing faster skill acquisition. We validated our approach by performing both
simulation and real-world experiments with human subjects. The first involved the
teleoperation of a fixed-wing simulated drone, while the second consisted in control-
ling a real quadrotor. Observing reoccurring strategies, we provide insights on how
humans would naturally interface with a distal machine.

The main contributions of Chapter 2 are:

• The first conceptual design of an automated mapping generation framework.

• A pilot study that shows the potential of personalized and nonlinear interfaces.

• An extensive user study demonstrating the greater learning potential of person-
alized interfaces, and a comparison between linear and nonlinear approaches.

• A second user study demonstrating the feasibility of the method extension to real
drones.

Chapter 3, Body-Machine Interfaces to Control Different Robots

The implementation of BoMIs seen in Chapter 2 needs to be optimized on each robot
independently. In this chapter, we present a novel machine learning method to generate
personalized BoMIs from an operator’s spontaneous body movements. The method
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captures individual motor synergies that can be used for teleoperation of robots. The
proposed algorithm is applicable to people with diverse behavioral patterns to control
robots with diverse morphologies and degrees of freedom, such as a fixed-wing drone,
a quadrotor, and a robotic manipulator.

The main contributions of Chapter 3 are:

• A preliminary study on the complexity and variability of human motion when
interacting with different robots.

• The conception and implementation of a novel method for mapping generation
based on the observation of motor synergies through PCA, that serves both as
compression and regularization method.

• The validation of the method both offline on recorded data and online through a
user study in teleoperation.

• The demonstration of the need for dimensionality reduction on teleoperation,
which is not observable through offline validations.

• A final hardware validation.

Chapter 4, Online Adaptation

The content of the previous chapters allows a novel users to efficiently control differ-
ent machines through personalized motion-based interfaces. However, such interfaces
are fixed and can not adapt to the user’s preferences during operation. In case of injury,
fatigue, or a change in task complexity, an operator might need to switch to different
body gestures to control the robot. In this chapter, we first collect the most popular
interaction strategies from a pool of subject for drone teleoperation, then we design a
machine learning algorithm that is capable of both identifying the desired pattern and
allow the user to switch online between control strategies. We show that humans can
adapt to this paradigm in a short training time, and that changeable interfaces have a
beneficial effect on teleoperation performance.

The main contributions of Chapter 4 are:

• A pilot study showing 4 reoccurring motor strategies for human-drone interaction
on a pool of 36 datasets.

• The design and validation of a novel method based on cascaded classification-
regression to allow a comfortable switch between strategies.

• Two user studies to confirm that human are able to learn how to switch between
strategies, and the effectiveness of the adaptive design over fixed interfaces.

• A final validation on hardware.

Section 5.1, The Impact of Virtual Reality and Different Viewpoints
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It has been shown that the use of Virtual Reality and first-person view perspectives
can increase the user’s sense of presence in avatars. However, it is unclear if these bene-
ficial effects occur also in the teleoperation of non-anthropomorphic robots that display
motion patterns different from those of humans. In this first study on human factors,
we investigate the impact of using different visual feedback approaches on both the
user’s sense of presence and their instinctive motion during robot imitation. We show
that VR correlates with a higher sense of spatial presence, whereas viewpoints moving
coherently with the robot are associated with a higher sense of embodiment. Further-
more, spontaneous body motion patterns are affected by VR and viewpoint conditions
in terms of variability, amplitude, and robot correlates.

The main contributions of Section 5.1 are:

• A user study showing that VR correlates with a higher sense of spatial pres-
ence, whereas viewpoints moving coherently with the robot are associated with
a higher sense of embodiment.

• A simple analytical method to quantify motion variability across human motion
datasets.

• A user study showing that body motion patterns are affected by VR and viewpoint
conditions in terms of variability, amplitude, and robot correlates.

Section 5.2, A Fitness Study on Different Body Segments

Among the different methods used to map human gestures into robot commands,
data-driven approaches select a set of body segments and transform their motion into
commands for the robot based on the users’ spontaneous motion patterns. Despite
being a versatile and general method, there is no scientific evidence that implementing
an interface based on spontaneous motion maximizes its effectiveness. In this study,
we compare a set of BoMIs based on different body segments (namely torso, dominant
hand an upper arm) to investigate this aspect.

The main contributions of Section 5.2 are:

• A first extension of our base framework to accept imput from IMUs thus improv-
ing its versatility.

• A user study where we show that hand motion, despite not being the most spon-
taneous interaction strategy, can provide the best performance and user feedback.

• Two in-depth analisys of the users’ motion patterns and on limb mobility to pro-
vide possible explanations to this result.

Section 6.1, Hand-Worn Haptic Interface

In this first work on quadrotor operation in line of sight, we present a wearable in-
terface for drones and its evaluation through a user study. The two main features of
the proposed system are a data glove to allow the user to control the drone trajectory
by hand motion and a vibrotactile haptic system used to augment their awareness of
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the environment surrounding the robot. This interface can be employed by inexperi-
enced operators and allows them to safely perform tasks common in inspection and
search-and-rescue missions such as approaching walls and crossing narrow passages
with limited visibility conditions. In addition to the design and implementation of the
wearable interface, we performed a systematic study to assess the effectiveness of the
system through three user studies (n = 36) to evaluate the users’ learning path and
their ability to perform tasks with limited visibility.

The main contributions of Section 6.1 are:

• The design and realization of a haptic glove for drone teleoperation.

• The validation of the glove in simulated and real-world teleoperation, showing
that it can improve users’ performance in terms of time and occurred collisions.

• The validation of the haptic functionality in similar scenarios, which demon-
strates the easiness of cue decoding from the users and effectiveness of the vi-
brotactile feedback for obstacle avoidance.

Section 6.2, Control of Robotic Swarms

The control of collective robotic systems, such as drone swarms, is often delegated
to autonomous navigation algorithms due to their high dimensionality. In this second
work on 3V drone teleoperation we analyzed the spontaneous interaction strategies of
naive users with a swarm of drones. First, we assessed the most common body segment
used for Human-Swarm Interaction (HSI). Then, we implemented a machine learning
algorithm to define a personalized BoMI based on a short calibration procedure by
enabling our framework to accept hand motioon data and to stream commands to a
drone swarm.

The main contributions of Section 6.2 are:

• A pilot study that shows that hands are prominently used by humans to sponta-
neous interact with a drone swarm.

• A pilot study used to quantify the motion variability of subjects and their attitude
to implement position or velocity control, which justifies the need for personal-
ization for this robotic system.

• A second extensions of our base framework to accept input from the LEAP Motion
Controller and to interface with a swarm of quadrotors, as well as to let users
choose between position and velocity control by demonstration.

• A final user study to assess the effectiveness of our method in comparison with a
remote controller.
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2Personalization of
Body-Machine Interfaces

"Un maiale che non vola è soltanto un maiale."

Hayao Miyazaki, Porco Rosso, 1992

In this chapter, we describe the work related to the design and the implementation of
a framework aimed at automatically generating HRIs adapted to each user’s preferred
motion strategies. This framework is designed to be general and adaptable to different
body motion tracking systems and different robots and, with the necessary improvements,
will also be the foundation of other research works present in this thesis.

Publication Note: The work presented in this chapter is adapted from:

M. Macchini, F. Schiano and D. Floreano, "Personalized Telerobotics by Fast Machine
Learning of Body-Machine Interfaces", in IEEE Robotics and Automation Letters, vol.
5, no. 1, pp. 179-186, Jan. 2020, doi: 10.1109/LRA.2019.2950816.

Supplementary video: https://youtu.be/ssLa75f1y2Y

Human-Robot Interfaces (HRIs) can be hard to master for inexperienced users, mak-
ing the teleoperation of mobile robots a difficult task. The development of BoMIs repre-
sents a promising approach to making a user more proficient, by exploiting the natural
control they can exert on their own body motion. Since human motion presents indi-
vidual traits due to several factors, including physical condition, age, and experience,
generic BoMIs still require a significant learning time and effort to reach adequate abil-
ity in teleoperation. Despite the definition of a general method is desirable for several
applications, it represents a suboptimal approach as it requires each person to adapt
to the predefined interface. A common feature of common interfaces is the fact that
they consist of a predefined, discrete set of control commands, such as “take off, go
left“. This approach to telerobotics is known as supervisory control [96]. In this work,
we present a novel approach which provides a Body-Machine Interface tailored on the

https://youtu.be/ssLa75f1y2Y
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C

Figure 2.1 Human user (A) teleoperates a quadrotor (B) in first-person view (C) by body motion.

specific user. Our method autonomously learns from the user their preferred strategy to
control the robot, and provide a personalized body-machine mapping. As body motion
is characterized by state-dependent nonlinearities in space, [97], [98], linear methods
might not be sufficient to explain its complexity. For this reason, we explored both lin-
ear and nonlinear mapping methods. Recent works investigated the natural interaction
strategy of humans controlling drones through behavioral experiments [99], [100],
to determine common mapping strategies, yet with a supervisory control paradigm.
User-specific mapping functions have been proposed for anthropomorphic manipula-
tors [101], [102] and ground robots [103]. Nonetheless, the first case is limited to
homologous systems, while the second does not investigate the effect of such a method
on learning and usability.

We show that the proposed method can significantly reduce the duration of the train-
ing phase in teleoperation, thus allowing faster skill acquisition. We assessed the frame-
work capabilities through a pilot study, showing that personalization and nonlinearity
are features able to improve mapping accuracy. We then validated our approach by
performing both simulation and real-world experiments with human subjects. The first
involved the teleoperation of a fixed-wing simulated drone, while the second consisted
in controlling a real quadrotor (Fig. 2.1). We used our framework to extrapolate com-
mon and peculiar features of movements among individuals. Observing reoccurring
strategies, we provide insights on how humans would naturally interface with a distal
machine.

2.1 Mapping Framework Design

In this section, we present the proposed framework and its application to the mapping
definition between a human operator and a fixed-wing drone. The process is structured
into four main steps (Fig. 2.2). First, kinematic data from a subject and a predefined
trajectory from a simulated drone are acquired, while the user imitates the robot flight
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Human operator

Simulator

Visual input

Data acquisition 
and preprocessing

Mapping learning framework 

Feature 
selection

Motion 
synergy 

identification
Regression

X

Y

Personalized 
Mapping

Figure 2.2 Schematic overview of the framework. After the acquisition of the preset trajectory from
the simulator (Y ) and human movements (X), the most informative features are identified through
a feature selection step, and further compressed into meaningful motion synergies. Supervised
regression is employed to define a personalized mapping for the user.

with arbitrary body motion. In a second step, relevant motion features are selected
based on their correlation with robot behavior. Then, the features subset is further
compressed into motion synergies, one per each available robot command. Finally, the
identified synergies are transformed in commands for the drone through supervised
regression.

2.1.1 Data acquisition and preprocessing

The user wears a head-mounted display (HMD) where a continuous flight trajectory is
visualized in first-person view (FPV), corresponding to the frontal view of the simulated
drone. The flight of the vehicle consists of eight subsequent segments: two roll (φ) ma-
neuvers (lateral turns, right and left), two pitch (θ) maneuvers (vertical turns, up and
down) and four mixed ones, where pitch and roll vary at the same time. φ and θ com-
mands present the same shape for each maneuver, following: A(1 − (cos(t2πf)) (π/2)
with A = 0.5, T = 8 s and f = 1/T . This particular list of maneuvers was chosen
to cover the widest possible range of inputs that might be provided during the tele-
operation of such robot. To make the trajectory easier to predict and follow, a red
beam is visualized to show the future position of the drone in a 0.6 s time window,
as shown in Fig. 2.3, left. During this phase, the user has no control over the robot
trajectory, and they are asked to move in an instinctive way, as if they were control-
ling the flight direction with their body. This approach is similar to the ones seen in
[102], and [103]. During this phase, the human pilot is sitting on a stool. Indeed,
subjects did not show a clear preference between a standing, sitting or lying position
in our previous work [104]. Synchronously, we record the attitude of the UAV, ex-
pressed through roll (φ) and pitch (θ) values, at a sampling frequency of 300Hz. A
schematic view of the scenario can be appreciated in Fig. 2.3. The participant’s upper
body is represented as a concatenation of nine different kinematic links interconnected
by means of spherical joints: torso, shoulders, arms, forearms and hands, arranged
in the kinematic chain displayed in Fig. 2.3, left. We record 27 kinematic variables,
corresponding to the Euler angles describing the orientation of each considered rigid
body. We decided to track joint angles for simplicity, as they are in principle sufficient
to reconstruct the limbs’ positions, and to allow portability to wearable sensors such
as inertial motion units (IMUs), notably better suited for tracking angular than linear
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quantities. For the acquisition, the user is provided with a set of 25 reflective mark-
ers installed on a wearable velcro vest and tracked by a motion capture system. We
denote with x = {x1, . . . , xN} ∈ RN the set of kinematic variables acquired at each
time step, and with y = {y1, . . . , yM} the robot attitude *. Moreover, we denote with
X = X1, . . . , XN and Y = Y1, . . . , YM the set of time series respectively associated to
x,y. All time series are normalized to have zero mean and unit variance. We perform
one acquisition for each subject.

The human subject’s visual perception delay during the observation of UAV trajecto-
ries could lead to time shifting between the kinematic variables and the robot attitude.
Since our goal is to correlate these two datasets, time-shifting needs to be removed, as
it deteriorates correlation. A first option would be to compensate for an average delay,
corresponding to ' 200−300 ms [105], which however would not be efficient in the
case of intra-subject variability. Instead, we compress the kinematic time series X and
the robot actions Y into the first component of a PCA, use it to compute the time shift
by matching the maximum value and the rise time and apply this shift to all X.

Refective marker
Kinematic joint
Kinematic link

X
Y

Kinematic variables

1
2 3

4

5

67

8

9

Á; µ

Visual Input

Figure 2.3 Data acquisition scenario. The drone trajectory is given to the user as a visual input
through the HMD, and they are free to move arbitrarily to follow the trajectory. The user’s move-
ments (X) and the roll and pitch values for the simulated drone (Y ) are acquired synchronously.
During this phase, the user’s motion has no effect on the robot’s trajectory.

2.1.2 Feature selection

Since we make no assumptions on the user’s instinctive motion, an automatic feature
selection functionality has been implemented in order to extract the most relevant
kinematic variables. For this purpose, we compute a quality metric for each kinematic

*N = 27: 3 Euler angles for 9 rigid bodies
M = 2 : roll and pitch values
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variable xi. The metric is given by two elements: the cross-correlation of each kine-
matic time series with the robot’s roll and pitch and its signal-to-noise ratio (SNR).
Firstly, we want to choose the kinematic variables from x which correlate as much as
possible with the given attitude y. We compute the correlation of xi with each robot
command yj through the cross-correlation coefficient KXi,Yj :

KXi,Yj =
∑
m(Xi[m]− µXi)(Yi[m]− µYj )

σXiσYj

(2.1)

where Xi[m] is the m−th sample of Xi. Note that KXi,Yj is computed for a time t = 0
because we previously compensated for eventual time shifts. Also, µXi = µYj = 0 and
σXi = σYj = 1 by normalization, yielding:

KXi,Yj =
∑
m

Xi[m]Yi[m] (2.2)

equivalent to the dot product “·". The total cross-correlation value for xi is computed
by summing its absolute correlation coefficient over all outputs:

KXi,Y =
M∑
j=1
|Xi · Yj | (2.3)

Secondly, in order to take into account noise in the quality metric, we assume that Xi

can be expressed as Xi = Si + Ni where Ni represents the noise, assumed to be fully
caused by quantization, thus uniform and Si is computed with a moving average Low-
Pass FIR filter computed on 50 samples on Xi. Therefore, we denote with SNRi the
signal-to-noise ratio of the time seriesXi. Then, the desired quality metric λi associated
to a time series Xi can be expressed as:

λi = KXi,Y · SNRi (2.4)

In summary, the quality metric λi is proportional to the amount of information relevant
for the mapping definition which is carried by each kinematic variable xi. The selection
of the most informative kinematic variables is based on λi and done by conducting a
Z-value outlier analysis with a threshold of 0.5. Since our goal is to define a function
transforming the kinematic variables into drone commands of pitch and roll, we need
to select at least M variables. Thus, if the feature selection produces less than M
kinematic variables the M with the highest Z-values are selected. Therefore, let x∗

denote the selected kinematic variables which are the most correlated to the drone’s
attitude and the ones mainly employed by the user. Thus, x∗ represents the best subset
to consider to transform into drone commands.

2.1.3 Motion synergy identification

in this step, both to simplify regression and to extract significant data, we run an addi-
tional data compression step to extract the user’s motion synergies. Since PCA consid-
ers the correlation between the features and does not account for the robot behaviour
we want to associate them with, we implemented a Canonical Components Analysis
(CCA)[106]. The CCA provides M projections x∗

SY N of the selected features x∗, rep-
resenting the functional motion synergies associated to roll and pitch commands.
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2.1.4 Regression

finally, the identified motion synergies x∗
SY N , and the robot commands y are fed to

a regression algorithm in order to define a mapping between the two, in a standard
supervised learning problem. We investigated both linear and nonlinear solutions in
order to compensate for the systematic motion errors made by humans. For the nonlin-
ear mapping, we used Support Vector Regression (SVR) [107], implemented using the
SKLearn Python library [108]. Hyperparameter optimization was run on each subject
independently through grid search, with bounds limiting the estimator’s variance, to
allow a good interpolation between the sporadic data provided to the regression algo-
rithm. The optimization is run through 10-fold cross-validation on the training dataset,
down-sampled by a factor 10 to prevent overfitting.

2.2 Framework Validation

In this section, the experimental protocols and results obtained through the study are
summarized†. First, we present a preliminary study conducted on pilot subjects used
to validate the proposed architecture and quantify the effects of personalization and
nonlinear methods in term of regression error. After, we describe the experiments con-
ducted following the protocol summarized in Fig. 2.5. A first phase consisted in gen-
erating user-adapted mappings for a set of 16 participants, using the method outlined
in 2.1. Here we provide a study on the recognized motion patterns and synergies. In a
second phase, we asked our subjects to control a simulated fixed-wing UAV using their
personalized mapping and compared with state-of-art interfaces: a remote controller
and a non-personalized BoMI. Finally, we used the same mappings to conduct hard-
ware experiments with a subset of the subjects controlling a real quadrotor mimicking
the dynamics of a fixed-wing drone.

2.2.1 Preliminary pilot study

We analyzed data collected on five pilot subjects to preliminarily assess the importance
of personalization and nonlinearity on the definition of body-robot mapping. The two
considered regression algorithms described in 2.1 were compared in terms of regres-
sion error. This metric allows estimating a nonlinearity score for motion data (the
more difference between the two methods on a single dataset, the more nonlinear the
observed system). Additionally, the effect of personalization was observed. We extrap-
olated a personalized mapping on each subject and compared its performance on the
same subject and on all the remaining ones, in a leave-one-out logic. In Fig. 2.4, the
regression error for both linear and nonlinear, personalized (P) and non-personalized
(NP) approaches is shown. The minimal error is normalized to unit value. We made no
prior assumptions on the subject’s instinctive behavior. The framework aims to guar-
antee versatility for each individual, preventing the need for additional data analysis

†The experiments were approved by the École Polytechnique Fédérale de Lausanne Human Research
Ethics Committee.
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Figure 2.4 Normalized regression error from pilot subjects. P and NP represent, respectively,
personalized and non-personalized methods. In (A,B) only the 4 pilot subjects moving torso are
considered. In (C,D), we include the outlier moving their right hand. Personalization shows clear
advantage in terms of error, when all subject are included in the analysis. Nonlinear regressor
shows similar effects in both cases, further improving the results.

or parameter hand-tuning. For instance, a person may move the torso according to the
drone’s attitude, observed in [104] as a dominant behavior, while another may intu-
itively prefer to do it with one, or both hands. Both patterns should be equivalently
decoded. During this phase of the experiment, four out of five subjects mimicked the
drone’s attitude using the torso, while one of them used only their right hand. For this
reason, the figure is split into two parts: in Fig. 2.4A,B only the four subjects moving
the torso were included in the analysis, and the remaining one is considered an outlier.
Contrarily, in Fig. 2.4C,D the totality of the population is included. We see that, if
only subjects using torso motion are taken into account, regressing on each individual
lowers the average error by 78% as shown in Fig. 2.4B. Instead, if the subject who
employed hand motion is included, the error drops by 96% (Fig. 2.4D). This difference
is expected: including all subjects, we test a personalized mapping based on hand mo-
tion on subjects who did not focus on the movements of their right hand, resulting in
big errors. In both cases, a nonlinear approach further reduced the error by more than
3 times (Fig. 2.4A,C).

2.2.2 Teleoperation Performance

Phase I - personalized mapping definition: 20 participants were recruited to verify
the proposed algorithm. Each participant took part in the data acquisition procedure
described in 2.1, and our framework defined personalized mappings for each of them.
First, we analyzed the quality metric. In Fig. 2.6A,B, we show the normalized cross-
correlation KXi,Y and SNRi, defined in 2.1 for each considered kinematic variable
over all the subjects, in percentual value. Data show a statistical preponderance in the
use of torso, as suggested in [104]. In total, 71.33% of the total cross-correlation, and
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Figure 2.5 Experimental design adopted for the validation of the proposed method: during Phase
I, the framework is trained on the subject’s instinctive motion strategy and translates it into robot
controls. This procedure provides a mapping personalized on the user. Subsequently, teleoperation
tests are performed in order to assess the learning curve of the given interface in simulation (Phase
II) and a real quadrotor (Phase III).

73.16% of the total SNR score is associated with torso angles. Fig. 2.6C summarizes
the presence of each kinematic variable in the identified selected subset x∗, as a result
of the feature selection procedure for the totality of the experiments. For all participants
(20, 100%) torso pitch (frontal flexion) was selected for the mapping. A large subset
employed torso roll (lateral flexion), and a minority used torso yaw (rotation). Forearm
motion was selected only for two subjects. For each participant, our framework was
able to provide a mapping that was later used for teleoperation. This results proofs the
versatility of the proposed method for subjects moving in different fashions.

Phase II - control of a simulated drone: we run between-groups experiments to
validate our method. 40 participants performed a teleoperation task in the simulator
described in 2.1, flying the fixed-wing UAV model through a 3D path consisting of
42 subsequent waypoints. The participants took part in this experiment directly after
Phase I. The subjects were split into four groups, each using a different HRI:

• Group 1: a standard remote controller with a non-personalized mapping.

• Group 2: a BoMI implementing our previous non-personalized mapping described
in [104].

• Group 3: a BoMI implementing the linear version of the proposed personalized
method.

• Group 4: a BoMI implementing the nonlinear version of the proposed personal-
ized method.

Note that Groups 3 and 4 correspond to the subjects mentioned in Phase I. Fig. 2.3
shows a schematic of the validation phases regarding both the simulated fixed-wing
UAV and the real quadrotor UAV. All subjects were shown the simulation video and
were let free to use their interface in an arbitrary way, as if they were controlling the
flight of the fixed-wing UAV, but having no control over the drone’s trajectory. No
further instructions were provided. This phase is the same for all subjects to ensure
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Figure 2.6 The two components (A,B) of the quality metric for each feature show a statistical
preponderance in the use of torso motion as a preferred motion behavior.

coherent experimental conditions. Participants belonging to Groups 3 and 4 used their
personalized mapping interface, provided as an output of Phase I (Fig. 2.5), to control
the UAV in simulation. Afterwards, between Phase I and II, the participants belonging
to Groups 1 and 2 were instructed how to use their interface, while the ones in Groups
3 and 4 were only asked to move coherently to Phase I.

All the 32 subjects were able to teleoperate the UAV in simulation through the way-
points. Each waypoint, visualized as a round cloud in the air (Fig. 2.5), is located at
a fixed distance from the previous one, and a vertical or lateral displacement corre-
sponding to an up, down, right or left turn. The turns are alternated in pseudo-random
fashion in order for all subjects to perform the same amount of each. An accuracy
score was computed to assess their ability. The distance from the n−th waypoint cen-
ter, computed on the plane passing through it and perpendicular to the line crossing the
(n−1)−th and the (n+1)−th waypoint, is used as a measure of the error. The distance
is computed at the moment in which the UAV crosses the aforementioned plane.

We let each participant teleoperate the simulated robot for two runs over the 42
waypoints, corresponding to a time of about five minutes, until they reached a per-
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Figure 2.7 (A) Error evolution during the teleoperation of the simulated drone. Dotted lines
indicate the mean score across subjects in each group, continuous lines correspond to an exponential
fit. Vertical dashed lines delimit respectively the end of initial phase and the start of the final phase.

formance plateau. In Fig. 2.7A, the evolution of the error throughout the two runs
is shown as an estimate of the HRI learning curve. After the end of the second run,
corresponding to waypoint 84, performance is stable for all groups. The first minute
is where the most difference between groups happens, and it corresponds to the phase
of maximal learning (i.e., maximal variation in the learning curve). We consider the
error in this phase, considering the average number of waypoints crossed during the
first minute of teleoperation. For Groups 1 and 2, the error in this phase corresponds to
7.23±3.71m and 8.97±4.57m, respectively. For Group 3, the error was reduced (3.17±
1.90m, p1,3=0.019, p2,3<0.01), as for Group 4 (2.98 ± 1.56m, p1,4=0.012, p2,4<0.01),
proving the effectiveness of the proposed personalized method in the initial learning
phase. Groups 3 and 4 show no significant difference, contrarily to our initial hy-
potheses and the pilot study (p=0.88). Data about this phase are shown in Fig. 2.7B,
left. Likewise, Fig. 2.7B,center shows performance in the final phase, defined as the
last minute of teleoperation. No significant difference is observed among methods,
excluding the pair non-personalized - proposed (nonlinear). We also evaluated the
learning effects throughout the whole experiment. In Fig. 2.7B, right we display the
learning score, defined as the ratio between the performance error in the first and
the last minute of the test. This score represents how much the subjects had to im-
prove their performance to reach the final plateau. While this score is higher for
Groups 1 (3.32 ± 2.15m) and 2 (2.87 ± 1.93m), it remains lower in Groups 3 and 4
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(1.18±0.52m, p1,3<0.01, p2,3=0.028 and 1.29±0.53m, , p1,4<0.01, p2,4=0.049, respec-
tively). Results show that the subjects using a personalized interface improved less
(i.e., had to learn less) with respect to the ones using a remote or a wearable non-
personalized ones. Statistical significance is tested with by Kruskal-Wallis test, due to
the limited size of the participants pool.

After the experiment, we asked each subject personal feedback about the flight ex-
perience. In particular, we collected information about how tired (Q1) and disturbed
by motion sickness (Q2) they felt at the end of the run, in a scale from 1 to 5. Data are
shown in 2.1, and suggest that the participants using the BoMI, in average, did not feel
significantly more tired and experienced less motion sickness than participants using a
remote controller.

Group 1 Group 2 Group 3 Group 4

Q1 2.00± 1.07 2.16± 1.07 2.0± 0.82 1.33± 0.66
Q2 2.86± 0.99 2.33± 1.49 1.83± 1.21 1.67± 1.25

Table 2.1 Subjective feedback from the participants on experienced fatigue (Q1) and motion sick-
ness (Q2) during Phase II in the form [mean ± std], scale 1 to 5.

2.2.3 Control of a real drone

As a final step, we assessed the ability of transferring the teleoperation skills acquired
during the simulation test to hardware implementation. This phase follows the same
protocol as in the real-world experiments performed in [104]. 5 subjects from Group
1 and 5 subjects from Group 3 controlled the flight of a quadrotor through a path
consisting in four obstacles for a total of three runs. The test was performed one
week later than the Phase II study. The quadrotor controls were set to mimic fixed-
wing dynamics and fly at constant speed of 0.3m/s in a controlled environment. The
user was allowed, through the same mapping provided during the previous phase,
to issue roll and pitch commands, translated respectively into vertical velocity and a
combination of roll and yaw rate in the quadrotor body frame.

The experiments were performed with a Parrot Bebop 2.0 quadrotor connected through
ROS to a ground control station. The subjects were provided with the same motion
capture markerset as described previously. Their motion, converted into roll and pitch
controls through their personalized mapping, was transmitted at a frequency of 10Hz
to the drone. A safety fence was installed in the tracked volume to separate the zone
dedicated to the user from the flight area.

All the subjects from Group 3 were able to control the robot’s trajectory (Fig. 2.8)
through the path with a total of 92.5 ± 6.13% obstacle avoidance success, confirming
the transferability of the learned teleoperation skills in a real-world environment.
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End position Start position

Figure 2.8 3D reconstruction of the hardware test scenario. In blue, trajectory of the drone for a
sample subject.

2.3 Conclusions

In this paper, we describe the implementation and validation of a framework able to
learn relevant motion patterns and mapping functions for a body-machine interface.
We applied it to the case of teleoperation of a fixed-wing drone. Moreover, through
preliminary tests, we showed that the proposed method can analogously be applied
to the control of a real quadcopter. A quantitative analysis of subjects’ performance
regarding the teleoperation of a real drone is out of the scope of this letter and it
will be addressed in future work. The mapping results thus optimized for the specific
user, taking into account their instinctive motion when asked to behave as if they were
controlling a drone’s motion in FPV. We demonstrate by preliminary experiments that
personalization and nonlinearity are effective features for the implementation of an
improved BoMI, as in Fig. 2.4. Based on this, both linear and nonlinear regression
methods have been validated. Through the extraction of functional motion synergies
specific to the task, the proposed architecture is able to provide insights on humans’
preferred motor actions for teleoperation. Specifically, the torso has been identified by
our framework as the dominant body segment instinctively adopted by users for robot
control (Fig. 2.6), confirming the results shown in a previous study [104].

In addition, we observed that participants using a standard remote controller and
a non-personalized BoMI took several minutes to reach stable performance. Instead,
naive users provided with a personalized body-machine mapping showed no significant
learning patterns throughout the whole experiment, reaching a comparable proficiency
plateau from the start. In the first phase of the test, where a significant portion of
learning takes place, the subjects using a personalized body-machine mapping per-
formed 57% better than the ones using a remote controller and 65% better than non-
personalized BoMI users (Fig. 2.7). These results suggest that the personalization of
the interface mitigated for the initial learning effort, effect typically achieved with the
adoption of augmented feedback to the user.

However, participants provided with linear and nonlinear mapping functions achieved
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very similar performance. It is important to remark that our preliminary study (Fig.
2.4) provides an estimation of the motion nonlinearity through regression error assess-
ment, but our performance measure is not directly related to this error: small nonlin-
earities might still be easy to correct for a user. Indeed, most of the previous studies in
the field [101, 97, 98] focus on reaching arm movements, while experimental subjects
employed mainly torso motion. Being the torso a larger body segment than arms, and
belonging to a less peripheral area, it could be able to provide stronger propriocep-
tive and vestibular feedback, and thus be easier to control in a more linear manner.
Moreover, torso movements directly affect head motion, where most of the human sen-
sory organs are situated. Additionally, the limited amount of controllable degrees of
freedom of the robot allowed all users to reach low error levels, especially with person-
alization and training. We can interpret this as a ’saturation’ effect, which cannot be
further improved by acting solely on the interface.

Our experiments were conducted in a motion capture system to track the partici-
pant’s body. However, our method is not limited to be used in such environments.
Conversely, the recognized motion synergies and relevant body segments can help its
adaptation for outdoor implementation, for instance, by means of IMUs as in [109].
They can also be used for optimal sensor placement. Such application could facilitate
the deployment of body-controlled robotic systems on the field, providing at the same
time a minimal volume to be transported for the wearable instrumentation.

The results of this work open several interesting future research directions. It is im-
portant to remark that the framework’s mathematical formulation makes no specific
assumptions on the nature of either the source of the commands (here, upper body
motion) nor the morphology of the controlled robotic system (here, a fixed-wing UAV).
Extending to a different body configuration, for instance adapted for impaired indi-
viduals, or a different input device, or to more complex robotic morphologies is an
exciting future research direction to be investigated. Additionally, investigating online
learning techniques for real-time adaptation of the mapping could be a viable option to
cope with a user’s change in preferences, or with their improvements with experience.
Moreover, although our method was able to provide a subject-adapted mapping for all
the observed motion patterns, we individuated a small diversity in the users’ behaviors.
Therefore, testing our approach on a larger population will undoubtedly add value to
our work.

This study represents a significant contribution in the domain of human-robot inter-
faces applied to teleoperation. The use of remote controllers is an established method
to control mobile robots. Nonetheless, They provide a limited capability of adapta-
tion, requiring a significant amount of training time and cognitive effort to be profi-
ciently mastered. The exploitation of natural body motion and the implementation of
an intelligent framework capable of translating intuitive movements into robot com-
mands could make the control of complex robotic systems a user-friendly experience
also for novices. Furthermore, the generality of this method could allow to extend it to
a broader population and different robot morphologies.
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3Body-Machine Interfaces to
Control Different Robots

"Do or do not. There is no try."

Yoda, Star Wars Episode V: The Empire Strikes Back, 1980

In this chapter, we tackle the problem of generating personalized mapping functions for
a set of morphologically different robots. As human motion can become more complex
and variable when interfacing with machines with several degrees of freedom, we devel-
oped a synergy-aware regression algorithm that can be applied independently on three
different robotic systems. This novel method, which is based on the natural human motor
organization, allowed a set of naive operators to control the robots without prior training

Publication Note: The work presented in this chapter is adapted from:

M. Macchini, F. Schiano and D. Floreano, "An Automatic Body-Machine Interfaces
Generation Algorithm Allows to Control Different Robots", in preparation.

We showed in the previous chapter that personalized BoMIs can substantially re-
duce the user’s need for training and let them control robots with higher precision in a
shorter amount of time. However, a problem of these methods is that they are tailored
to a single robotic platform. Therefore, their transfer to different robots might fail, es-
pecially when the robots have different morphologies and degrees of freedom. Human
motion is organized in synergies, i.e. functional motor units requiring the coordinated
action of several body segments [110]. Grasping an object or walking are everyday
examples of motor synergies widely studied in the literature [111, 112, 113]. This syn-
ergistic organization of motion generates multicollinear datasets, where some variables
can be dependent on each other [114]. Multicollinear dataset can lead to overfitting in
regression models, which can in turn fail to identify the correct motion intended by the
user and produce unusable HRIs. Several solutions have been proposed to solve this
problem, including dimensionality reduction and normalization methods [115]. How-
ever, a method capable of deriving Body-Machine Interfaces for different robots and
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different human motion patterns is still missing.

In this chapter, we propose a novel machine learning algorithm designed to identify
human motor synergies and translate them into robot commands. Our method allows
inexperienced users to control diverse robots without prior training. We validated the
method with three real-world robots with an increasing number of Degrees of Freedom
(DoFs): a fixed-wing drone with controllable speed, a quadrotor with 4 DoF, and a 6-
DoF manipulator. We assessed the effectiveness of the resulting personalized BoMIs by
comparing them with standard remote controllers in a user study. Experimental results
with simulated and real robots indicate that the proposed method based on identifica-
tion of motion synergies can generate personalized BoMIs for all the considered robots.

3.1 Experimental Setup

Identification of motion strategies: 10 participants took part in an experiment aimed
at identifying human motion strategies for the control of three robots: a fixed-wing
drone, a quadrotor, and a robotic manipulator. Participants were presented with a FPV
of the robot motion through a camera mounted on its front. The robots were simu-
lated in Unity3D and the images were presented to participants through a HMD. First,
we showed to the participant the fixed-wing drone simulator (Fig. 3.1A). The model,
developed to fit the commercial eBee drone by SenseFly, was designed to have 3 con-
trollable DoFs and regulated to follow roll, pitch, and longitudinal speed references.
The drone performed two roll maneuvers (right,left), two pitch maneuvers (up,down),
and two speed varying maneuvers (speed up, slow down). Later, we showed them the
quadrotor drone simulator, adapted from a third-party model. The model has 4 control-
lable DoFs, namely roll, pitch, yaw rate, and thrust. The quadrotor performed two pitch
maneuvers (front, back), two yaw rate maneuvers (right, left), two thrust maneuvers
(up, down), and two roll maneuvers (right, left). Finally, we showed the manipulator
simulator, based on the TX2-90 robotic arm from Stäubli. While the robotic arm has 6
independent rotating joints, we chose to control the linear and angular velocity of its
End Effector (EE), for a total of 6 DoF. The simulation showed the manipulator’s EE
varying its linear velocity on the three axes, then its angular velocity on the same three
axes. Each maneuver had a duration of 6 seconds, and during its transition an arrow
was visualized in the turning direction to aid the user’s perception (Fig. 3.1B).

The participants were sitting on a stool. We asked them to move their upper body
in the same way they would if they were in control of the robot motion as they were
seeing in the simulation. The participants were aware of the type of robot they were
about to receive information from and did not receive further instructions. A Motion
Capture System (MoCap) was used to acquire human motion data modeling the upper
body as a kinematic chain consisting of 9 rigid bodies. The resulting dataset, composed
of the robot’s control inputs and the pose (position and orientation) in 3D space of
the 9 rigid bodies representing the human upper body was then downsampled to a
frequency of 100Hz and stored for subsequent analysis. Previous studies focused on
spontaneous human motion patterns for the case of a fixed-wing drone flying at con-
stant speed [116, 55]. In order to compare our results with the existing literature, we
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A Imitation task overview B Robot third-person view and example maneuvers

Figure 3.1 Motion acquisition scenario. (A) The participant sits in front of a computer running a
simulation of three different robots. The simulation is shown to them through a HMD while their
body motion is tracked through a Motion Capture system. (B) We ensure that the participants
know the robot they are controlling by letting the simulator show the robot from a third-person
view before moving to a first-person view. Each robot performs a set of predefined maneuvers
spanning all its degrees of freedom. The robots were presented in the order fixed-wing, quadrotor,
manipulator.

also extended our dataset to include this robot. The 2-DoF fixed-wing data are ob-
tained by selecting a subset of the fixed-wing drone data, excluding the speed-varying
maneuvers. For the rest of this paper, we denote with [XR, YR, ZR,ΦR,ΘR,ΨR] the
x,y,z cartesian coordinates of the robot R, with R ∈ [FF, F,Q,M ] corresponding to the
fixed-wing drone with constant speed, the fixed-wing drone with controlled speed, the
quadrotor drone and the manipulator, respectively.

Robots with more degrees of freedom lead to the use of a higher number of body
segments: we first studied the contribution of the different body segments to the over-
all motion of our subjects to identify the subset which is most relevant for controlling
the different robots. We define the amount of motion (AoM) of a specific limb as the
average of the norm of the angular velocity vector, and use it as a metric of the to-
tal motion of the considered limb during the imitation task. We normalized the AoM
with respect to their maximum for each subject to compensate for possible gesture am-
plitude differences. Our data show that the subjects used a higher number of body
segments to control robots with a higher number of degrees of freedom (Fig. 3.2). As
in our previous study, we found the torso as the preeminent body segment in the case
of the 2-DoF fixed-wing. Instead, arm motion is also adopted in the case of the 3-DoF
fixed-wing and the quadrotor. Finally, the participants used mostly their arms to imi-
tate the manipulator (Fig 3.2A). We run sparse PCA (sPCA) on the participants’ body
motion data to identify the variables explaining a significant portion of the dataset’s
variance. sPCA projects the motion data in a lower-dimensional manifold while penal-
izing the model complexity setting the weights of nonessential body segments to zero.
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B Number of relevant segmentsA Amount of Motion (AoM) of different body segments and set of relevant segments per robot

Figure 3.2 Motion analysis for the identification of the most relevant set of body segments to
control each robot. (A) Amount of Motion (AoM) of the participants’ body segments during the
imitation of the different robots. The body segments colored and marked with an asterisk are the
ones retained by the sPCA. The gray body segments are the discarded ones. Imitating a different
robotic system results in a different motion profile in the population, with a varying set of relevant
segments. (B) Number of relevant body segments relative to each robot. The number of relevant
segments increases with the robot’s degrees of freedom.

The segments retained by the sPCA are colored and marked with an asterisk. We found
that shoulder motion was not relevant for any of the considered robots. Moreover, the
number of segments necessary to explain the variance of the motion datasets increases
with the number of DoF of the robot to be controlled (Fig. 3.2B).

Robots with more degrees of freedom lead to higher variability in human motion
patterns: if the motion strategies of different subjects are similar, personalization of
the interfaces might not be needed. To assess the motion variability in our dataset, we
adopted a variability metric based on the median value of the concatenated motion time
series [117] (see Sec. 5.1 for more details). First, we concatenated the motion data of
the 27 acquired body angles (3 Euler Angles per body segment) for each subject. Then,
we computed the inter-group motion variability as the Mean Squared Error (MSE) with
respect to the median value (Fig. 3.3A). Our results show that the strategies that people
adopt to control different robots are more varied as the robot’s complexity increases -
i.e., robots with a higher number of DoFs (Fig. 3.3B). Our motion variability score was
significantly lower for the fixed-wing drone with constant speed (variabFF = 11.9 ±
14.1) than for the same robot with controlled speed (variabF = 23.63±18.1, p = 0.283),
the quadrotor (variabQ = 76.4 ± 70.8, p < 0.01) and the manipulator (variabM =
58.5 ± 36.7, p < 0.01). Also, the observed manipulator variability was significantly
higher than the one of the fixed-wing with controlled speed (p = 0.018). As a single
general BoMI could not be sufficient to cover these differences in individual motion
preferences, we decided to implement personalized BoMIs for each subject.

Alternative body model reduces gimbal lock problem while retaining informa-
tion: personalized HRIs require a regression step to adapt the mapping function to the
motion strategy of the user. As the model used to represent the upper body can impact
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CA BConcatenated motion of all subjects
chest and left arm, Fixed-Wing (2 DoF) Concatenated motion of all subjects, all robots Intra-group motion variability

Figure 3.3 Inter-group motion variability. (A) Superimposed (and concatenated) motion profiles
of the torso and left arm of all participants imitating the flight of the fixed-wing drone (2 DoF).
Colored - single subject motion, black - median profile over all the subjects. (B) Superimposed and
concatenated motion profiles of all the body segments of the upper body of all the participants for
the different robots. (C) Motion variability metric computed as MSE w.r.t. median motion profile.
The motion variability increases with the robot’s degrees of freedom.

regression performance, we studied the feasibility of standard representations for our
problem. Many studies model the human body as a concatenation of a set of rigid bod-
ies, and consider their 3D rotations as kinematic variables, often with an Euler angles
representation (we will call this model full angles representation) [116, 118]. Such rep-
resentation is susceptible to gimbal lock problems, which can in turn affect regression
if close to singularities. We observed that 23 datasets (out of the total 30 correspond-
ing to 10 subjects for 3 robots) were close to gimbal lock during the experiment (Fig.
3.4B). In particular, 16 of them were relative to the motion of arms and forearms. This
problem can be expected, as these body segments have the largest range of motion in
the upper body [119, 120, 121]. An alternative to using Euler angles would be to use
quaternions to represent the orientation of the body segments. To avoid this problem,
we substituted the Euler angles associated to arms and forearms with the position of
the user’s hands in our dataset since they can be reconstructed from these two angles
by inverse kinematics. This substitution leads to a new reduced representation (Fig.
3.4A) that includes only the torso angle and the pose of the hands (from now denoted
as torso+hands representation). Therefore, the torso+hands representation consists of
15 kinematic variables. As previously, we denote with [XS , YS , ZS ,ΦS ,ΘS ,ΨS ] the x,y,z
cartesian coordinates of the body segment S ∈ [T,RH,LH] for torso, right hand and
left hand, respectively. Our data show that only 7 dataset out of 30 are affected by
gimbal lock when considering the torso+hands model (Fig. 3.4B). To validate this new
model, we compared the capability of the two datasets capable to explain the robot
motion data. We ran least-squares linear regression on the two different body models
using as target values the robots’ actions, and evaluated the regression performance
difference (Fig. 3.4C). The R2 score dropped by 5.3% for the fixed-wing drone, by
8.4% for the quadrotor, and by 13.5% for the manipulator, from an average of 8.8%.
This minor performance reduction, in addition to the 70% augmented resilience to
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Full angles Torso + Hands

Tracking rotations
Tracking rotations + positions

A Considered upper body 
representations B Gimbal lock occurences of each representation C Decoding capabilities of each representation

Figure 3.4 Comparison of full upper-body angles and torso+hands representations. (A) Schematic
of the tracked body segments for the two models. (B) Number of datasets reaching a configuration
close to gimbal lock singularity, divided by body segment (left) and total (right) for the two models.
(C) Decoding capability of the two models in terms of regression R2 score, divided by robot (left)
and total (right). Torso+hands representation could avoid 70% of gimbal lock occurrences, while
preserving 91.2% of the dataset’s decoding capability.

gimbal lock, demonstrates the effectiveness of the torso+hands representation. For
this reason, we use this representation in the rest of the paper.

Principal Component Analysis explains motion synergies and correlates with robot
actions Scientific research has demonstrated that humans tend to move according to
synergies, functional motor patterns requiring the activation of several muscles at once,
such as grasping an object, or walking. Therefore, we can expect the participant’s mo-
tion when imitating the robot maneuvers to be explained by the synchronous action
in a subset of their joints. Among other methods, PCA has shown to be efficient in
identifying motor synergies [122, 123, 124]. We applied PCA to the motion datasets
acquired during the imitation task of each subject, separated by the corresponding DoF.
Our results show that the first principal component (PC1) is highly correlated with the
robot’s motion, with low variability (Fig. 3.5A). Specifically we found that, on average,
PC1 explains 88% of the dataset’s variance (Fig. 3.5B). Moreover, the Pearson’s coeffi-
cient (α = 0.82± 0.094) shows the high correlations between the datasets (Fig. 3.5C).
These results suggest that PCA can be safely adopted to compress the users’ motion
into functional synergies. Such synergies allow the generation of an interpretable set
of variables which is highly correlated with the robot’s motion and that preserves the
majority of the information contained in the dataset. In other words, by observing the
synergies it is possible to understand more clearly how a person moves than by looking
at the orientation of single body limbs.

Synergy-Aware Mapping Generation We developed our synergy-aware mapping gen-
eration algorithm based on the compression principle described above. We first extract
one synergy per each of the robot’s DoF using PCA, and later use them as regression
variables (Fig. 3.6A-C, example for the fixed-wing drone). Differently from Principal
Component Regression (PCR), we apply PCA on the time interval corresponding to each
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Fixed-wing Quadrotor Manipulator
A First Principal Component (PC1) of human motion dataset vs robot motion

B Explained variance 

C Correlation

Figure 3.5 Use of Principal Component Analysis for synergy identification. (A) PCA compression
results - mean and variance on all subjects, normalized. In colors: first Principal Component
(PC) of motion data. In black: robot action. (B) Variance explained by the PCs, averaged across
participants. The first PC explains, on average, more than 85% of the dataset’s total. (C) Person’s
score computed between the PCs and the robot’s action, averaged across participants. The first PC
correlates, on average, by more than 80% with the robot actions.

DoF separately, to remove the influence of the remaining maneuvers, which allows us to
identify one motion synergy for each of the robot’s DoFs (Fig. 3.6C). In human motion
data regression problems, several methods have been used to reduce dimensionality,
which is a crucial step to prevent overfitting. However, these methods do not consider
the function of certain human movements, and can thus provide meaningless datasets
which, in turn, would lead to human-robot mappings that might not feel natural for
teleoperation. Thanks to the unsupervised dimensionality reduction step, our method
prevents the regressor from overfitting, while guaranteeing the compressed data to be
functional, natural human synergies (shown in the attached video). Moreover, dif-
ferently from other algorithms, the proposed method does not require any parameter
tuning, which can be a complicated process sometimes carried out through iterative
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E Regression R2 comparison with other state-of-art methods

B Participant motion for each robot action

A Robot actions vs time C Algorithm outline - no feature selection

D Algorithm outline - with feature selection

Figure 3.6 Algorithm outline - example data for the fixed-wing drone robot with variable speed -
and offline performance evaluation. (A) Robot actions during the imitation task. The three DoFs
change independently. (B) Human motion patterns relative to each robot action. The participant
used torso motion to control roll () and pitch (), and arms motion to control the speed (v). (C) Al-
gorithm outline without feature selection (full). PC1 coefficients are used to define the three control
synergies through unsupervised learning. The synergies are then regressed over the robot actions.
(D) Algorithm outline with feature selection (reduced, k = 80%). Only the coefficients of PC1
over k% of the maximum value are retained. (E) Regression performance evaluation through R2
score. Simple least squares regression overfits the data, showing R2<0 for datasets with artificial
noise, while the remaining methods show good regularization performance. The proposed method
performs 30.4% better than Lasso and 14.7% better than our previous method. Feature selection
reduces R2 by 2.8%.

optimization methods [115]. Finally, although the assumption of correlation between
the first PC and the robot actions might seem limiting, we can use this parameter to as-
sess the quality of the dataset, and possibly to repeat the imitation phase. We evaluated
two versions of our method: the first integrates the full set of kinematic variables into
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a synergy through PCA coefficients, while the second one performs feature selection by
only considering kinematic variables having sufficiently high coefficients by setting a
threshold value (Fig. 3.6D). The latter approach removes most of the initially acquired
kinematic variables, retaining the most significant ones and resulting in a simplified
motion synergy. The PCA coefficients are finally re-normalized so that ξ2

i = 1, where
ξi is the coefficient associated with the i− th kinematic variable of PC1. Hereafter, we
will refer to the two methods as reduced and full versions.

We compared the proposed method with state-of-the-art regression methods used
for body motion processing: linear regression, lasso, and our previously proposed algo-
rithm from Ch.2 (Fig. 3.6E) [116, 115]. We used the pilots’ data for the study, and we
added artificial noise to the data (std = 1cm for the linear variables, std = 1◦ for the
angular variables) to assess the regularization effectiveness. Our results show that, for
non-noisy data, least squares regression provides the best results, with a R2 score out-
performing Lasso regression by 45.4%, our old method by 30.2%, and our new method
by 19.2% and 21.4%, for the full and reduced versions, respectively. This result is ex-
pected since the least-squares regression is deemed to be particularly able to overfit the
data. However, this simple linear method demonstrated to be highly sensitive to noise
in the artificially corrupted dataset: the R2 scores dropped to values <0 on average.
This behavior demonstrates that some regularization techniques are needed to prevent
overfitting in this case. Oppositely, all the alternative methods could cope with the
noisy dataset with a low performance drop: 0.9% for Lasso, 4.9% for our old method
and 3.7% and 3.8%, for the new full and reduced methods, respectively. Out of the reg-
ularized methods, our proposed algorithm performed the best (R2

NEW = 0.61 ± 0.22),
followed by the old (R2

OLD = 0.52± 0.27) and Lasso (R2
LASSO = 0.42± 0.29). Feature

selection only reduced the performance by 2.8% (R2
NEW_FS = 0.59± 0.23).

3.2 Teleoperation of Simulated Robots

We ran a user study to assess the effectiveness of the proposed method for personalized
human-robot interface generation. 18 subjects took part in the study, and were asked to
teleoperate one of the three robots in a simulated environment (6 subjects per robot).

Experimental protocol : Each participant performed the imitation task as described
above, and we provided them with a personalized human-robot interface by using the
proposed synergy-aware mapping generation algorithm. Since the considered robots
are morphologically and dynamically different, both the task and the performance met-
ric were robot-dependent. Fixed-wing and quadrotor users had to perform a navigation
task through a predefined path. The path consisted of a set of circular waypoints (Fig.
3.7A). The waypoints were placed in such a way that 3D navigation was required, so to
activate the highest possible number or robot DoFs simultaneously. Moreover, the inter-
waypoint distance for the fixed-wing path was set to require the user to actively control
the flight speed in some segments Since the flight of the fixed-wing drone could not be
stopped, we evaluate the precision of the navigation in terms of error when hitting a
waypoint plane, even if the waypoint was not hit correctly. The error was defined as the
distance between the drone and the center of the waypoint in the moment when the
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drone crossed the circle’s plane. Since the quadrotor drone could be stabilized to hover
without moving, an error metric would not reflect a good control capability, as a user
might take a very long time to align with the waypoint centre. In this case, we used the
inter-waypoint navigation time as a performance metric, and required each waypoint to
be hit correctly. Finally, the manipulator users had to complete a peg-in-hole task. We
asked them to operate the robot to fit a prismatic peg in a set holes placed in different
positions and orientations (Fig. 3.7A). The user was required to hold the peg statically
inside the hole for 3 seconds before the task was considered complete. We evaluated
the participants’ performance based on the total time needed to successfully complete
the task. The tasks were performed both with an interface generated by the proposed
algorithm (including feature selection) and with a standard remote controller. The
starting interface was chosen pseudo-randomly. Later, also the complete version of the
body-machine interface (without feature selection) was tested. Hereafter, the three
groups are referred to as group R for remote group M for motion, and group MC for
the motion based full interface, thus without the dimensionality reduction step. The
starting interface was determined pseudo-randomly for each user. In order to quantify
the learning capabilities of our participants in using the two interfaces, all of them had
to repeat the task twice. After the teleoperation task, our participants were asked to fill
in a questionnaire comprising two sections: the NASA-TLX to evaluate their load index,
and an additional subjective questionnaire regarding their user experience using the
different interfaces (Tab. 3.1).

ID Question
QN1 How mentally demanding was the experiment?
QN2 How physically demanding was the experiment?
QN3 How hurried or rushed was the pace of the task?
QN4 How successful were you in accomplishing the task?
QN5 How insecure, stressed, irritated and annoyed were you?
Q6 Which interface did you prefer?
Q7 Which motion-based interface did you prefer?

Table 3.1 User personal feedback questionnaire.

Personalized body-machine interface performs similarly or better than remote:
we examined the users’ performance in the different tasks to validate our interface
generation method. As a first main result, all the subjects were able to complete their
task, as a demonstration of the usability of our method. Fixed-wing pilots could attain
significant lower error when piloting the drone through their personalized body motion
(Fig. 3.7B-C). In particular, group R showed a higher error score both before (errR−B =
4.31 ± 3.52m) and after training (errR−A = 3.52 ± 2.99m) than group M (errM−B =
2.29 ± 1.54m, p < 0.01 and errM−A = 1.93 ± 1.19m, p < 0.01), and an average error
increase of 93.5% (p < 0.01) over the two runs. Quadrotor pilots, contrarily, performed
better using the joystick (Fig. 3.7D-E). Group R took less time (tR = 7.38± 5.48s) than
group M to navigate through the waypoints (tM = 8.33 ± 5.06s), saving on average
11.4% of time. However, group M started with better performance (tM−B = 8.12 ±
4.83s) than group J (tR−B = 8.75 ± 6.55s), but did not improve between runs, while
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A B Fixed-wing, error evolution vs training Fixed-wing error, Joystick vs ProposedC

D E

F G

Quadrotor, inter-waipoint time vs training Quadrotor time, Joystick vs Proposed

Manipulator, completion time per task Manipulator time, Joystick vs Proposed

Robot task overview

Figure 3.7 Simulated teleoperation experiment. (A) Third-person view overview of the task: navi-
gation for fixed-wing and quadrotor, peg-in-hole for manipulator. (B) Error evolution over training
for fixed-wing drone navigation. (C) Comparative boxplot for motion-based and remote teleoper-
ation for the fixed-wing drone. Group M outperformed group R both before and after training,
reducing errorby 48.3% on average. (D) Time evolution over training for quadrotor drone naviga-
tion. (E) Comparative boxplot for motion-based and remote teleoperation for the quadrotor drone.
Group M outperformed group R by 7.2% before training. However, trained users performed better
with the remote. On average, group R needed 11.4% less time. (F) Time needed to complete the
peg-in-hole task for each hole placement (6 subjects per 5 peg-in-hole tasks). Group M reached
higher performance in all iterations for all the holes. (G) Comparative boxplot for motion-based
and joystick teleoperation for the manipulator. Group M outperformed group R both before and
after training, reducing the time needed to complete the tasks by 41.2% on average.

group R improved by 32.6% (p < 0.01) . Finally, operating the manipulator, group M
performed again better than group R (Fig. 3.7F-G). On average, using a personalized
motion-based interface reduced the time needed to complete the peg in hole task by
41.9% (tM = 10.86 ± 4.48s, tR = 18.68 ± 12.21s, p < 0.01). Group M outperformed
group J both before (tM−B = 11.33 ± 4.81s, tR−B = 17.41 ± 9.96s, p < 0.01) and after
training (tM−A = 10.29± 3.98s, tR−A = 17.37± 11.29s, p < 0.01).

Users reported to prefer body-machine interfaces over remote: first, we describe
the results of the NASA-TLX questionnaire (Fig. 3.8A). On average, group M found
the task less mentally demanding (QN1M = 44.67 ± 18.58) than groups R (QN1R =
62.28 ± 17.20, p = 0.013) and MC (QN1MC = 63.89 ± 24.64, p = 0.030). In turn,

43



Chapter 3. Body-Machine Interfaces to Control Different Robots

A NASA-TLX questionnaire responses B Which interface did you prefer?

C Which motion-based interface did you prefer?

D Task completion

Figure 3.8 Survey results and task completion for the simulated teleoperation experiment. (A)
NASA-TLX responses for the three robots.On average, the use of the dimensionality-reduced motion
based interface resulted in a lower mental workload, while the remote provided less physical work-
load. (B) Preference indications between remote and BoMI. Most participants (14/18) preferred
the BoMI. (C) Preference indications between reduced and full BoMI. Only one participant (fixed-
wing user) preferred the version without dimensionality reduction (D) Task completion per robot.
Two participants for the quadrotor and 2 for the manipulator could not complete the task using
the non dimensionality-reduced BoMI.

the remote was considered less physically demanding (QN2R = 32.78 ± 21.96) than
the two BoMIs (QN2M = 50.61± 18.79, p = 0.044, QN1MC = 55.78± 19.60, p < 0.01).
Finally, subjects in group M felt to have been more successful and less rushed (QN4M =
75.56± 19.62, QN5M = 26.17± 17.59) than remote users (QN4R = 62.00± 24.97, p =
0.025, QN5R = 39.39 ± 19.11, p = 0.046). Most subjects (14 out of 18) preferred the
motion-based interface to carry out the task. Specifically, only two subjects controlling
the quadrotor and two controlling the manipulator preferred the remote controller.
They described the BoMI to be more intuitive and the related experience to be more
enjoyable, as they had to focus less on the meaning of each movement to control the
robot.

Dimensionality reduction can be essential to the usability of BoMIs: when asked
to indicate their preferred motion-based interface, 9 out of 18 participants reported to
have found no difference between the two while 8 out of 18 preferred the BoMI with
dimensionality reduction (Fig. 3.8C). In particular four subjects, two in the quadrotor
group and two in the manipulator group, were not able to complete the given task using
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the BoMI without dimensionality reduction, reporting later that it was “impossible to
use” (Fig. 3.8D).

3.3 Hardware Validation

we executed a set of experiments on real robots to validate the effectiveness of our
method. The experiments were aimed at reproducing, in a real-world controlled envi-
ronment, teleoperation tasks similar to the ones presented in simulation (Fig. 3.9). 9
additional participants (3 per robot) were recruited to carry out the tasks. The fixed-
wing navigation task was implemented on a quadrotor drone, which control system was
set to reproduce a fixed-wing like flight [26]. The flight speed was set to 0.2m/s and
could be changed in the range 0.1− 0.3m/s by the user. The quadrotor navigation task
was implemented on the same robot, with standard quadrotor dynamics. Two different
paths were realized in the MoCap room using a set of obstacles (Fig. 3.9A left, center).
Each participant was asked to navigate through the path twice. The manipulator peg-
in-hole task was performed using a Stäubli TX2-90 manipulator, and participants were
asked to insert the end-effector in a small box measuring 5.8x3.6cm (Fig.3.9A, right).
All participants were able to successfully complete the given task with 0% error rate
(Fig. 3.9B).

Pilot 1
Pilot 2
Pilot 3

Take off
location

Pilot 1
Pilot 2
Pilot 3

Take off
location

Pilot 1
Pilot 2
Pilot 3
Starting 
position

Holes

Fixed-wing trajectory Quadrotor trajectory Manipulator trajectory

Top view Side view Top view Side view Top view Side view

3D view 3D view 3D view

B Teleoperation trajectories

A Experimental scenario
Fixed-wing: navigation Quadrotor: navigation Manipulator: peg-in-hole

Figure 3.9 Hardware validation of the proposed method. (A) Experimental scenario for the three
robots. The fixed-wing drone dynamics are simulated on a quadrotor drone. (B) 3D reconstruc-
tion of the drones’ and the manipulator’s trajectories. All subjects (N=9) managed to successfully
accomplish the task.
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3.4 Conclusions

New insights on the motion patterns of humans when controlling different robots (a
fixed-wing drone, a quadrotor drone and a manipulator) can be drawn from our pre-
liminary pilot study. Based on these results, we designed and showed the effectiveness
and transferability of an algorithm capable of generating a personalized mapping for
motion-based telerobotics.

Our first results concern the observation of the spontaneous motion interaction pat-
terns of users when approaching different robots in an imitation task. We observed
that the amount of body segments involved increases with the increase of the number
of DoF of the robot(Fig. 3.2B). For instance, letting the user control the velocity of
a fixed-wing drone in addition to its roll and pitch angles pushed our participants to
involve the motion of their arms along with that of the torso segment (Fig. 3.2A). We
believe that the use of additional limbs is not based on an innate preference, but it
rather depends on the knowledge of the users about the type of robot to control (e.g.,
knowing the manipulator’s morphology persuaded our users to imitate its motion with
their arms). Indeed, despite the similarity in the DoFs of the quadrotor and the ma-
nipulator in our imitation task, participants moved mostly their torso to imitate the
first robot and mostly their arms to imitate the second one. This result suggests that
humans do not rely only on the perceived robot motion during imitation, but leverage
additional knowledge about the robot (e.g., environmental, morphological) when de-
ciding how to move to control it. Therefore, this condition should be considered when
designing both imitation tasks and body-machine interfaces.

Also, we found that humans tend to move their body more similarly with each other
when imitating simple robots, and present a higher variability when imitating robots
with a higher number of DoF (Fig. 3.3). General interfaces require a low intra-group
variability to be effective when users control a robot through spontaneous motion.
Thus, we can expect that, the more DoFs in the robot the more the interface would
benefit from personalization.

The BoMIs that we propose are based on body motion tracking. While most examples
in the literature rely on the observation of body angles as kinematic variables [13, 116,
118], these representations can be affected by gimbal lock if the motion amplitude is
sufficiently large. We examined our imitation datasets and found that the majority of
the population (23 out of 30 participants) moved to near-singularity positions during
the task (Fig. 3.4B). To tackle this problem, we propose an alternative upper-body
representation consisting of 15 kinematic variables: torso 3D rotations, and hands 3D
rotations and positions (Fig. 3.4A). This representation reduced by 70% gimbal lock
occurrences, while preserving 91.2% of the dataset’s relevant information (Fig. 3.4B-
C).

Our correlation study between human and robot motion demonstrated that appro-
priate dimensionality reduction methods can be employed to simplify a motion dataset
into a set of human motion synergies (Fig. 3.5). These synergies represent high-level
motor functions or gestures involving multiple human degrees of freedom that our
users associated with a certain robot action (e.g., a reaching action to accelerate, or
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a steering wheel-like motion to turn in a certain direction). By applying PCA to the
motion data we discovered that, for this kind of imitation task, the vast majority of the
dataset’s information can be compressed into a single variable through linear projec-
tion (Fig. 3.5B). This result confirms previous studies about the synergistic nature of
human motion, and extends them to the class of motion gestures relative to robot imi-
tation tasks. Based on the latter result, we designed a novel synergy-aware regression
algorithm to map the user’s movement into robot commands (Fig. 3.6). Our algorithm
first generates one motion synergy for each of the robot’s DoFs through unsupervised
learning, then performs linear regression on the set of synergies (Fig. 3.6C-D). We
developed two versions of the algorithm: the first version considers all the kinematic
variables to define the synergies through PCA (Fig. 3.6C), while the second (reduced)
version selects only the most relevant ones, based on their projection coefficients (Fig.
3.6D). We showed that the method proposed here, through the unsupervised dimen-
sionality reduction step, can prevent overfitting like established regularization methods
(Fig. 6E). Moreover, it provided on average regression scores 30.4% higher compared
to Lasso and 14.7% higher compared to our previous method. The variance of the
regression scores was also 20.1% lower. The reduced method behaved similarly, with
slightly lower performance (-2.8%), suggesting that a subset of the total kinematic vari-
ables is sufficient to link the subject’s motion with the robot’s commands. As there is no
scientific evidence correlating high regression performance with better interfaces, our
approach needed to be tested through a user study.

The interfaces generated through the reduced method demonstrated to be usable
and effective. A first important result is that all subjects (N=18) managed to operate
the robots to complete the given tasks (Fig. 3.7). In two cases (fixed-wing and ma-
nipulator) users could perform consistently and significantly better with the proposed
interfaces than using a remote controller, both before and after training. Personalized
BoMIs reduced their error in fixed-wing navigation by 48.3% and the time needed for
a peg-in-hole task with the manipulator by 41.2% (Fig. 3.7C-G). Contrarily, quadrotor
navigation took 11.2% less time to remote controller users (Fig. 3.7E). In this case, a
higher pre-training BoMI performance was compensated by the better learning capac-
ity of remote controller users. We hypothesize that the lower performance of the BoMI
for this robot could be due to the lower speed of the simulated drone, which demanded
users to keep the same posture for longer times, and thus getting more easily fatigued.
In general, we cannot conclude for the superiority of one of the two interfaces, as
performance seems to depend also on the simulator environment and the considered
robot. However, subjects performed better on average before training when using the
BoMI than the remote, suggesting that generating commands for the robot based on
their individual preference allowed them to get proficient more quickly, in accordance
with prior literature [116]. Also, while BoMI increased performance prominently for
fixed-wing and manipulator (>40%), the advantages of using a joystick for the quadro-
tor were less evident (11.2%). In the case of the fixed-wing drone we think that this
might be due to the fact that the pace of the experiment is intrinsically faster since
the fixed-wing drone needs a non-zero forward velocity to not stall. Instead, in the
case of the manipulator, we believe that this effect might be due to the morphological
similarity between the robotic and human arms.
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When using the first variant of the algorithm (without feature selection), 4 out of
18 subjects could not replicate the same performance and had to stop the experiment,
as the interface was defined “unusable” (Fig. 3.8D). However, the regression R2 was
similar in the two cases and slightly better for the simpler version, where no feature
selection was implemented. This result suggests that regression performance is not
necessarily a good predictor for BoMI implementation, and it should not be considered
as a sufficient metric to optimize their design. More specifically, this result opens to
considerations on the structural organization of human motion synergies. Moreover,
the inability of using the full version of the interface suggests that human motion is
structured to consider specific elements of a synergy, and that they are not, in princi-
ple, capable of reproducing accurately even the patters contained in the first principal
component. This sort of "human overfitting" implies the need for a more careful vali-
dation step for BoMIs that require complex body motion to be mastered

Users reported to prefer to use a BoMI in terms of user experience (Fig. 3.8B),
which might be due to the lower perceived mental demand (Fig. 3.8A). However, the
dimensionality-reduced version of the BoMI was consistently preferred by users over its
“full” implementation (Fig. 3.8C). This result confirms findings from previous literature
[119, 125],limbs but also stresses the importance of dimensionality reduction in user
experience.

This work opens to interesting future investigations on body-motion based robot tele-
operation systems. First, the proposed BoMIs were fixed by the regression algorithm
and could not be changed at operation time. As the user might present different cogni-
tive or physical workload levels during the operation, or might get injured, an adaptive
interface that changes according to these factors could solve the problem. Also, despite
the significant differences in the morphology and the DoFs of the considered robots,
the control more articulated machines (such as legged robots, or humanoids) could
require the regression between motor synergies for both the human and the robot, thus
allowing the fine operation of complex structures at once.

This work provides new insights about human’s spontaneous motor behaviour for
robot imitation, and builds on this knowledge for the development of a novel machine
learning algorithm for automated Body-Machine Interface generation. The presented
results could be an important baseline for the future development of such algorithms,
necessary to provide intuitive operation interfaces for the new, increasingly complex
generations of robots. Moreover, we believe that our BoMI generation algorithm, which
showed to be effective for a set of different machines, could contribute to make robot
teleoperation a simpler and more immediate task and be extended to a range of popu-
lations, robots and missions.
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4Online Adaptation

"Per la maggior parte dei gabbiani, volare non conta, conta mangiare."

Richard Bach, Il gabbiano Jonathan Livingston, 1970

In this chapter, we consider the online adaptation of body-machine interfaces in the
sense of the online transition between different control strategies. As users might get tired
or uncomfortable using a fixed mapping, we show here that the option to transition online
to a different interface can be beneficial both interms of performance and to ease the
cognitive workload typical of teleoperation tasks. The approach is entirely data-driven
and based on cascated classification-regression machine learning method. The study has
been carried out in collaboration with ETH, Zurich and IDSIA, Lugano

Publication Note: The work presented in this chapter is adapted from:

M. Macchini, Y. Belal, A. Giusti, G. Abbate, R. Siegward and D. Floreano, “Online
Adaptation Body-Machine Interfaces Based on Classification of Body Motion Patterns",
in preparation.

BoMIs have shown disruptive potential in improving user performance when learning
a teleoperation task. However, most interfaces present a fixed mapping, which users
need to learn over time [126, 127]. This fact can be a limitation in for two main
reasons. The first is fatigue, if the operator needs to rest a certain limb. The second is
the eventuality of a dynamic task that requires periods of higher focus to complete a
mission. Hand motion-based interfaces is a clear example for both cases: hands have a
higher mobility and can provide higher teleoperation performance, at a cost of a higher
physical workload (see Sec. 5.2 for more details).

Prior studies proposed coadaptive interfaces where the mapping function is updated
at runtime showing better training times than fixed ones [128, 129]. However, these
methods are based on the iterative update of the latent subspace of lower dimension
based on the user’s movements and suppose that a coherent motion strategy is im-



Chapter 4. Online Adaptation

plemented throughout the task to control the robot. In our case, switching between
different control strategies might involve the need of substantially different maps, and
an iterative method might fail to capture these rapid changes. Other method to on-
line adapt interfaces often require unpractical conditions, such as predicting the user’s
intentions or temporary interruptions of the task [130, 131, 132].

The adaptive BoMI presented in this work allows the operator to switch across a set
of interaction modes without interrupting the task by simply starting to move the cor-
responding body segments. Our approach is completely data-driven and structured in
the following steps. First, we identified four common interaction strategies by unsuper-
vised learning of body segment velocity from an imitation task. Then, we designed and
validated a classifier to decode the most probable interaction strategy that the user is
displaying at a certain moment during teleoperation. The classifier selects the mapping
function corresponding to the given strategy and the user is free to use it or switch it
by moving according to one of the remaining patterns. We evaluated both the users’
ability to learn the switching function with practice and the advantages of this adaptive
method compared to a fixed BoMI.

4.1 Experimental Setup

With the goal of enhancing the drone teleoperation experience for naive users by allow-
ing them to switch online between multiple control strategies, we started by defining
these strategies. We carried out a pilot study to observe how people would move their
upper body to control a drone to obtain the most common behaviors. A fixed-wing
drone simulator developed in Unity3D was used to simulate the drone’s flight, which
consisted of four distinct and subsequent maneuvers: two roll (φ) maneuvers (lateral
turns, right and left) and two pitch (θ) maneuvers (vertical turns, up and down). Al-
though the subjects had no control over the drone’s path during the whole experiment,
they were asked to move their upper body in an instinctive way as if they were control-
ling the flight direction while sitting on a stool. During the imitation task, subjects wore
a HMD to provide them with the visual feedback of the 3D simulated environment in
FPV. To make it easier for them to follow the path, a red arrow was visualized to show
the future maneuver of the drone. We acquired the subjects’ upper body motion us-
ing an OptiTrack Motion Capture (MoCap) system, which tracked markers placed on a
Velcro vest that they wore during the experiment. The participants’ upper body being
tracked was represented as a concatenation of nine different kinematic links arranged
in a kinematic chain interconnected by means of spherical joints, namely: torso, shoul-
ders, arms, forearms and hands. Synchronously, we recorded the attitude roll and pitch
values of the drone from the simulator. A schematic view of the experimental setup is
depicted in fig. 4.1.

At the beginning of each session, we explained the experimental procedure and ob-
tained informed consent from the subject *. The experiment consisted of the repetition
of the imitation task through the aforementioned path for a total of 3 runs. For each

*All experiments carried out during this work were approved by the Human Research Ethics Committee
of the Ecole Polytechnique Fédérale de Lausannee (EPFL)
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Figure 4.1 Schematic overview of the experimental protocol. A) The participant’s upper body is
tracked through reflective markers. B) Unity simulator environment. The HMD provided visual
feedback ofthe 3D simulated environment in FPV. During the experiment, we recorded the par-
ticipant’s kinematic variables and synchronously the roll and pitch values of the drone from the
simulator.

new run, the participants were asked to choose a different control strategy to imitate
the behavior of controlling a drone. Here, we did not instruct the subjects to apply any
specific control strategy and they were totally free to choose the one they wanted to
apply to prevent bias.

In total, 13 participants between the ages of 20 and 31 were recruited for our study,
with the following characteristics: age = 24± 3, 10 right-handed and 3 left-handed, 9
male and 4 female. We identified 4 recurring strategies: torso motion, 1-hand (left or
right) motion and a "steering wheel" kind of motion, where the subjects moved their
arms and hands in a way similar to controlling a car’s steering wheel. Most of the
participants who applied a control strategy to imitate the drone’s flight using one hand
were right-handed. Hence, to avoid having a skewed data distribution and before pro-
ceeding with our clustering pipeline, we augmented our dataset by mirroring the hand
motion instances.

4.2 Results

4.2.1 Experimental results on the offline datasets

Imitation task shows four emerging interaction strategies

Clustering: We ran a clustering algorithm to group datasets with similar behaviours
(control strategies) together. As input features to our machine learning pipeline, we
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Figure 4.2 Elbow method for optimal number of clusters identification.

used the angular velocities of the upper body, computed as

vi =
√

(φ̇i)2 + (θ̇i)2 + (ψ̇i)2, i = 1, 2, . . . , 9. (4.1)

where φi, θi, and ψi represent the roll, pitch, and yaw of the i− th body segment.

Prior to clustering, we employed Principal Component Analysis (PCA) to compress
the data and be able to visualize it. The projection of the generated 9-dimensional
data points on a 2-dimensional (2D) manifold using PCA unveiled the presence of four
compact clusters of motor strategies. The fact that the two first eigenvectors are able
to explain 64.2% of the dataset’s variance on average is an indicator of the efficiency of
the compression algorithm. We applied K-means clustering algorithm on the 2D data
to group data points which belong to the same control strategy together in one cluster
based on the Euclidean distance. K-means is one of the most widely used unsupervised
machine learning algorithms that form clusters based on the similarity between data
instances [133]. We applied the “elbow" method to define the optimal number of
clusters according to our data. We computed the Sum of Squared Errors (SSE) for
different values of K, plotted the distribution, and visually looked for the “elbow" in the
curve of the SSE. As shown in 4.2, the elbow method shows how the SSE reduction is
less significant with more than 4 clusters for our data.

We used K-means++ initialization, where the initial centroids are chosen to be as
far apart from each other as possible [133]. The algorithm converged after 4 iterations
and provided a linearly separable set of boundaries between our 2d datasets (Fig. 4.3).
By observing the mean angular velocity values for each cluster, we could classify the
four corresponding control strategies :

• Torso control strategy (hereafter “Torso” or “T” )

• Steering wheel control strategy (hereafter “Steering wheel” or “S”)

• Right hand control strategy (hereafter “Right” or “R”)

• Left hand control strategy (hereafter “Left” or “L”)

The clusters are linearly separable due to the Euclidean distance being used as the
similarity metric.
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Figure 4.3 Summary of machine learning pipeline for identification of control strategies based
on angular velocity features. A) Example of normalized motion instances for the Torso and Right
hand strategies. B) Example of normalized motion instances for the Left hand and Steering wheel
strategies. C) Results of applying K-means clustering on the 2D compressed data through PCA. The
star symbol represents the centroid of each cluster. According to our method and the imitation task
data, 4 linearly separable clusters were identified.

Machine learning model for online strategy identification

Classification: After identifying the different control strategies, we trained a clas-
sifier and implemented it into the adaptive HRI, such that it runs online continuously
during teleoperation to predict the control strategy applied by the user. The classifier
was trained on the same clustering features, namely the mean angular velocities.

For testing the classifier, we generated testing data points corresponding to a sliding
window of w seconds of motion every 0.2s, as a trade-off between accuracy and fast op-
eration. Due to the low dimensionality of our data, we applied the K-nearest neighbor
(K-NN) algorithm, as it is one of the simplest, easy-to-implement and non-parametric
supervised machine learning algorithms used to solve classification problems. Aiming
to avoid misclassifying instances, when there was no upper body motion, for e.g. when
flying the drone forward, we set an angular velocity threshold value (vths). We opti-
mized the K value and the windows of motion w for the K-NN classifier through a 5-fold
Cross-Validation (CV), using vths = 3◦s.

The results of different combinations of K and w are plotted in fig.4.4A. The mean
training recall score was always greater than 99.5%, while the mean testing score of
the 5-fold CV was always larger than 90% for all w independently from K (Fig. 4.4A).
We selected K = 20 to be the number of neighbors for the K-NN classifier to implement
in the HRI since this value balances the bias-variance trade-off. When setting an av-
erage upper body angular velocity threshold value, such as 3◦s, the overall classifier’s
performance improves for all w. Hereby, we selected w = 0.2s to be the motion time
window to classify the applied control strategy according to.
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A K-NN 5-fold CV

B Final K-NN classifier

(K = 20, w = 0.2s, vths = 3°/s)

Figure 4.4 K-NN classifier evaluation through 5-fold CV. A) Mean recall score for varying K, w and
vths. B) Classifier’s 5-fold CV performance confusion matrix [%] for the final selected parameters
(K = 20, w = 0.2s and vths = 3◦/s).

HRI Implementation: After building the K-NN classifier, we implemented it together
with the generated mappings in a novel BoMI for fixed-wing drone teleoperation. This
interface allows the online identification of the applied control strategy and maps the
pilot’s motion to drone accordingly through a cascaded design (Fig.4.5). The online
classifier runs at a frequency of 5Hz allowing automatic switching between the con-
trol strategies, whenever the human moves the body part corresponding to a specific
strategy. After selecting the mapping, the current upper body pose with respect to a
reference pose is mapped to the roll and pitch drone commands. The reference pose
is defined as the very first pose at 0.2s after switching to a new control strategy. To
ensure smooth transitions when switching between the different control strategies, the
interface ignores the user’s commands and allows the drone to fly just forward for
0.2s, whenever a transition is detected. The motion of the drone is visualized in the
projected scene of the drone environment in the HMD, which the user wears during
teleoperation.

4.2.2 Experimental teleoperation results

We implemented three user studies to validate our adaptive HRI.

Humans improve interface switching abilities with practice In the first user study,
subjects were asked to teleoperate a fixed-wing drone in simulation using the different
control strategies. Here we evaluated the interface in terms of:

1. Online classifier’s performance in predicting the applied control strategy.
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Figure 4.5 Human-Robot interaction through the developed BoMI.

2. Ability to control the drone using the different control strategies.

3. Time taken to successfully switch online between the different control strategies.

In addition to this, we also compared the subjects’ performance while controlling the
drone through the BoMI with that using the joystick. Similar to the user study carried
out to identify the different control strategies, the experimental setup here involved
wearing a Velcro vest and an HMD through which a 3D virtual environment of the
drone simulator was shown in FPV (Fig. 6.15A). The teleoperation task consisted of
path of medium difficulty. We define the difficulty of a maneuver according to the
Euclidean distance between the two subsequent waypoints describing the maneuver, as
described in tab.4.1.

Maneuver difficulty Distance between subsequent waypoints [m]
Easy Distance ≥ 60.
Medium 30 < Distance < 60.
Hard 15 ≤ Distance ≤ 30.

Table 4.1 Definition of maneuvers’ difficulty according to the Euclidean distance.

The path consisted of 17 waypoints and was repeated 4 times, such that all differ-
ent control strategies were covered during one run of the experiment. During each
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A MoCap room setup B FPV of Unity simulator environment

Figure 4.6 Schematic overview of the experimental protocol for the first user study. A) A subject
switching from the Torso control strategy to the Right hand strategy by raising the right hand and
forearm from the rest position. B) FPV of Unity simulator environment showing for each section
of the path the waypoints, the avatar of the desired control strategy to be applied by the user, the
feedback text of the currently applied strategy, and sliders for the drone’s current roll and pitch
values.

repetition, the participant was shown an avatar of the desired control strategy to apply
during this phase of the experiment and a letter showing the currently detected strategy
(Fig. 6.15B). The avatar image changed after each phase to indicate the signal for the
subject to switch to a different strategy. The order of the desired control strategies was
generated pseudo-randomly. Two runs of the experiment were conducted by each sub-
ject. Before repeating the same experiment with the joystick for two runs as well, the
participants carried out a washout task. The aim of this task was to prevent them from
getting used to the simulator dynamics and to compensate for possible learning effects.
During the washout task, we inverted the signs of the commands for the drone and
altered the drone dynamics by randomly modifying the internal PID controllers gains
from their nominal values. In total, 10 male participants all right-handed, between the
ages of 18 and 31 were recruited for our study (age = 22± 4). In the evaluation of the
HRI, we considered the following criteria:

1. Classifier’s performance: To evaluate the classifier’s prediction performance, we
considered the ground truth control strategy label of each segment of the path to be
equal to the desired one presented by an avatar to the subject. At a frequency of 5Hz,
we compared the ground truth control strategy to the actual one predicted by the on-
line classifier. The K-NN online classifier’s prediction score was greater than or equal
95% for three strategies: Steering wheel, Left and Right and 83% for the Torso control
strategy (Fig.4.7A).
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A Confusion matrix  B       Time to successfully switch C Teleoperation performance per strategy 

Figure 4.7 Summary of the results of the first teleoperation study. A) Classifier’s performance in
terms of the confusion matrix [%]. B) Time taken to successfully switch between control strategies.
C) Teleoperation error while crossing the waypoints according to each control strategy. (**p < 0.01,
*p < 0.05)

2. Control accuracy: We evaluated the subjects’ ability to control the drone through
an error metric. The error is defined as the Euclidean distance between the center of a
waypoint and the position of the drone at the moment it crossed it. For each run, we
averaged the error across all participants for all waypoints and grouped them according
to the applied control strategies. Due to the limited size of the participants’ pool, we
assessed the statistical significance relative to the equality of the medians through the
Kruskal-Wallis T-test [134].

The results of drone teleoperation with the developed HRI shows that, within each
control strategy, the teleoperation error in the second run was significantly reduced
(p < 0.01) compared to the first one, indicating that participants were able to learn
to use each control strategy and apply the learning effects in enhancing their perfor-
mance (Fig. 6.15C). When comparing the mean values of both runs, there was a drop
in the teleoperation error by 49%, 47%, 45%, 35% for the control strategies: Steering
wheel, Left, Right and Torso, respectively. On the other hand, the results of the drone
teleoperation with the baseline joystick controller showed a slightly better increase in
performance compared to those with the HRI, since the mean error was reduced by
54%. Out of these 10 subjects, 8 mentioned themselves as being experts when it comes
to using a joystick for motion control.

3. Online switching: One important feature of the developed HRI is the ability to
switch online between different control strategies while controlling the drone. We de-
fine the switching time metric as the time taken by a subject to successfully switch from
one control strategy to another while controlling the drone. A switch is considered suc-
cessful when:

1. A subject moves the upper body according to the new desired control strategy
indicated by a switching signal and this motion gets identified by the classifier for
at least 0.2s.

2. The teleoperation error stays below 25m for at least 1 waypoint.

Therefore, the switching time is calculated as the time taken to meet these two condi-
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tions. We averaged the switching time across all participants for each run and employed
the T-test to assess the statistical significance relative to the equality of the medians of
both runs. The result of the T-test shows a strong improvement (p < 0.01) in switch-
ing time between the two runs (Fig.6.15B). When comparing the mean values, the
time taken to switch in the second run was reduced by 34% compared to the first one
(4.01s± 2.73).

At the end of the experiment, participants were asked about their preferred drone-
teleoperation interface. 90% of the subjects chose the developed BoMI as their pre-
ferred method for drone teleoperation, while 10% only selected the joystick. Partici-
pants who preferred the HRI argued that it felt original, more intuitive and sensational
and that it provided a more realistic immersive experience of the teleoperation task at
hand compared to the joystick.

Adaptive interfaces outperforms fixed interfaces in teleoperation

In the second user study we carried out a final evaluation of the developed BoMI for
drone teleoperation in simulation. In this experiment, we varied the maneuvers diffi-
culty between easy and hard. We explored if there are clear preferences when it comes
to applying a specific control strategy depending on the difficulty of the teleoperation
task. The goals of this experiment are the following:

1. Need of providing different control strategies.

2. Effectiveness of the switching feature according to the difficulty of the task.

3. For each difficulty:

(a) Most common control strategy.

(b) Performance using the selected strategy.

For this experiment, path consisted of 37 waypoints. The navigation consisted in
easy sections, characterised by green waypoints, and hard ones, characterised by red
ones (Fig. 4.8). 3 straight white waypoints were placed between these two areas to
allow the subject the time necessary to switch strategy. For this study, we divided the
participants into two groups:

• Group 1: 10 subjects allowed to switch online between the different control
strategies, such that they apply one strategy for easy maneuvers and another
one for hard ones.

• Group 2: 2 x 10 subjects, not allowed to switch online but asked to use one of
the two most common control strategies used by subjects from Group 1.

At the beginning of the experiment, Group 1 participants performed a short training
run, during which they got to try out the different available control strategies and the
online switching between them. The subjects were then asked to select two control
strategies based on this training, one to use for the easy maneuvers and another one
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Figure 4.8 Experimental protocol for the second user study. Maneuvers of different difficulty are
identified by green and red waypoints. White waypoints correspond to the switching sections.

for the hard ones of the teleoperation task. Even though the subjects were asked to
stick to 2 out of the 4 strategies during the evaluation phase, the online classifier still
considered all 4 different strategies as possible outputs when predicting the applied one
by the user. Each subject performed two evaluation runs using the BoMI. We observed a
clear preference regarding the control strategies applied by Group 1 subjects depending
on the maneuver difficulty. For easy maneuvers, 80% of the participants preferred using
the Torso, while 20% choose the Steering wheel strategy. Participants who preferred
the Torso strategy felt it easy to use, intuitive and comfortable, while those who selected
the Steering wheel stated that their choice was due to the faster dynamics provided by
this strategy. For hard maneuvers, 100% of the participants selected their dominant
hand (80% Right and 20% Left) to navigate this part of the path. They argued that
using their one hand provided faster dynamics, a larger range of motion, and overall
higher maneuverability, which were needed to perform the hard maneuvers.

Group 2 participants applied only one control strategy for both easy and hard ma-
neuvers without online switching. Group 2 subjects were instructed to use one of the
two most common control strategies applied by Group 1 to perform the teleoepration
task, which were found to be the torso and the dominant hand, respectively. At the start
of the experiment, Group 2 subjects performed a short training run to try out the con-
trol strategy assigned to them. The assignment of the control strategies to the subjects
was done according to a pseudo-random number generator, such that the targeted 20
participants are divided into two groups of 10, one applying the Torso control strategy
and the other applying Right/Left strategy depending on their dominant hand. For the
analysis of the results, we labeled the participants’ groups as follows:

• Group 1: Switching group

• Group 2a: Torso group
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• Group 2b: 1-Hand group

In total, 10 participants between the ages of 19 and 26 were recruited for Group 1,
with the following characteristics: age = 23 ± 2, 7 were male and 3 were female and
8 right-handed and 2 left-handed. For Group 2, 20 participants between the ages of 18
and 28 were recruited for our study, with the following characteristics: age = 21 ± 2,
14 were male and 6 were female and 18 right-handed and 2 left-handed.

For easy maneuvers, the average performance was similar between the different
groups. Considering the second run only, the Switching and the 1-Hand groups per-
formed significantly (p < 0.01) better than the Torso group. The switching group per-
formed in this case 2.7% better than the Torso group and 3.4% better than the 1-Hand
one. For hard maneuvers, the teleoperation error for the Switching and the 1-Hand
groups significantly dropped (p < 0.01) in the second run compared to the first one,
while the Torso one did not improve. Checking the performance during the second
run showed that subjects who were allowed to switch between two control strategies
depending on the maneuver difficulty performed significantly better than others who
carried out the whole teleoperation task using one strategy. Comparing the mean error
values for hard maneuvers confirms this result, since the teleoperation error for the
switching group compared to the Torso and the 1-Hand groups was reduced by 59%
and 27%, respectively.

Run Maneuver Switching Torso 1-Hand
1 Easy 4.0± 4.6 4.5± 4.5 6.2± 8.2
2 Easy 4.1± 7.6 4.2± 2.9 4.2± 6.3
1 Hard 14.3± 22.0 11.0± 11.9 18.0± 23.7
2 Hard 8.0± 6.6 12.7± 16.3 ** 10.2± 9.6 *

Table 4.2 Average teleoperation error [m] according to run, maneuver difficulty and subjects’
group in the form [mean ± std].

We compared participants’ performance during the task and also gathered their per-
sonal feedback regarding the teleoperation experience through a subjective feedback
questionnaire at the end of the experiment, which is summarized in Tab. 4.3.

ID Question
Q1 How mentally demanding was the experiment?
Q2 How physically demanding was the experiment?
Q3 How hurried or rushed was the pace of the task?
Q4 How successful were you in accomplishing the task?
Q5 How insecure, stressed, irritated and annoyed were you?

Table 4.3 User personal feedback questionnaire.

When analyzing the subjective feedback we considered five aspects concerning the
experiment, namely, the mental demand, physical demand, the subjective feedback
regarding the pace of the task, success rate, and insecurity level. We summarized the
responses to all questions in 4.4.
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ID Switching Group Torso Group 1-Hand Group
Q1 1.95± 0.85 2.40± 0.97 * 2.95± 0.88 **
Q2 1.95± 0.85 3.35± 0.81 ** 2.05± 1.08 *
Q3 1.55± 0.91 2.85± 1.07 ** 2.80± 0.52 **
Q4 3.55± 0.57 3.25± 0.84 2.45± 0.72 **
Q5 1.50± 1.07 1.55± 1.17 1.80± 0.95

Table 4.4 Participants average responses to questions Q1 – Q5 of the subjective feedback question-
naire in the form [mean ± std], scale 1 to 5. (**p < 0.01, *p < 0.05).

For the Switching group, the scores of the criteria representing Q1 – Q3 were signifi-
cantly lower than the other groups. The Torso group was 23% more mentally demanded
and 72% more physically demanded. Similarly for the 1-Hand, subjects from this group
were 51% and 5% more mentally and physically demanded, respectively, compared to
the Switching group. Torso and the 1-Hand groups felt 84% and 80% more rushed and
hurried, respectively, during the teleoperation task compared to the Switching group.

We run a further evaluation of our method on a real drone to assess the transferability
of the method to hardware. We recruited 4 additional participants and asked them
to steer a quadrotor drone through a set of obstacles using their body motion. We
arranged the obstacles in our MoCap room to reproduce 2 sections: a simple one and
more challenging one.According to the protocol employed for the virual teleoperation
test, participants had to switch the control mode between torso control (for the easy
segment) and hand control (for the hard segment). The video feedback was provided
by a micro FPV camera installed on the drone and streamed on a wearable headset.
Without prior training, all the participants were able to navigate the drone through the
path while switching to the correct interaction mode according to the path section.

4.3 Conclusions

In this study, we introduced a structured methodology to identify the most common
motion interaction strategies with a fixed-wing drone and designed an adaptive inter-
face to allow users to switch between this strategies during teleoperation by changing
their motion patterns. 4 recurring interaction strategies emerged during a robot imita-
tion experiment: torso motion, right and left hand motion, and a combination of both
arms motion similar to a car steering wheel interaction. In accordance to prior liter-
ature, most subjects implemented a torso-based pattern during the first iteration, but
interestingly they also displayed very coherent patterns during the subsequent ones
[55, 116]. The interaction strategies were identified though a clustering algorithm
based on the average angular velocity of the different body segments (Fig. 4.3).

We developed an online classification algorithm based on the same metric to identify
the correct interaction strategy in real time from a person’s motion data. Validation re-
sults show that our algorithm could consistently identify more than 90% of the motion
strategies at a frequency of 5Hz. The classifier assigns a given interaction strategy to
the user every 0.2s, corresponding to one of the four previously observed ones (Fig.
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4.4). Each strategy was associated with a mapping function based on a synergy-aware
regression algorithm.

In a first user study, we assessed an operator’s capacity of mastering the different
strategies as well as their ability to switch between them through a navigation task in
VR. Each subject teleoperated the virtual robot through a training run and an evalu-
ation run. Our data show that all the considered motion strategies could be learned
efficiently during the first run, corresponding to the first 2 minutes of teleoperation.
During this time, the teleoperation error dropped by 40% to 50% for each strategy
(Fig. 4.7C), proving that the human brain can learn to interface with a robot through
different interaction patterns during a single training session. Moreover, we evaluated
the average time needed to transition to a new interaction strategy based on visual
instructions. Despite the unusual task of switching control mode during operation,
subjects could reduce their switching time from 5.8s to 4.1s after training, for an aver-
age improvement of 34%.

Our results show that the ability to select the desired control strategy at runtime
could improve performance up to 3.4% for simple paths and up to 59% for hard ones.
We implemented a dynamic teleoperation task consisting of alternate stages of simple
and more complex maneuvers to validate the effectiveness of the switching functional-
ity. A first group of participants (n = 10) was asked to operate the drone by picking
their preferred strategy for each stage (i.e., a strategy for the easy stages and a different
one for the hard stages). Two other groups of participants were only allowed to use the
most popular one for each stage: torso or their dominant hand. This could not be due
to a more effective body segment used by the switching group, since one of the fixed
interface was certainly based on the the same segment.

Moreover, the group of subject allowed to switch perceived the task as less demand-
ing both mentally and pyhsically, and less rushed in general. Torso users felt 23% more
mentally demanded and 72% more physically demanded. Hand users felt 51% and 5%
more demanded, respectively. On average, the task was perceived as 44% less rushed
when people were allowed to switch. Besides partly explaining the teleoperation per-
formance, task workload has crucial implications on the usability of an interface.

Previous scientific efforts exist on time adaptive interfaces [130, 131, 132], however,
they need either to interrupt the operation of the robot for some time or to have a prior
knowledge of the user’s intentions. Moreover, these solutions consider an iterative
adaptation of the human-robot map and might not cope with significantly different
maps. Our solution is based on the data-driven observation of common motion pat-
terns, and as such allows an instantaneous switch between them through classification
techniques. In this work, we proved that our approach is easy to learn for users, and
that the adaptation of the interface based on the observation of the operator’s motion
can effectively improve performance and reduce the user’s cognitive workload. Finally,
our method proved to be transferable to the control of a real robot.

This study opens a to several interesting research directions. A possible improve-
ment would consist in the adaptation of the interface structure and not only through
a discrete set of predefined interfaces. This way, the system could provide a full coad-
aptation between human and robot. A second interesting direction is to extend this
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method to a set of different, more complex robotic morphologies. Although we proved
in a separate work the versatility of the synergy-aware regression algorithm towards
a set of different machines, the classification method described here might need to be
redesigned if a higher variety of interaction strategies arise from the imitation task. In
this eventuality, the strategies might not be linearly separable using our metric, so it
might be needed to be adapted, or nonlinear classification methods might be needed.

This work represents a significant contribution to the field of human-robot interfaces.
We here propose a novel adaptive body-machine interface that can improve users’ per-
formance and experience in terms of the perceived task workload through an online
adaptation of the mapping function based on the online observation of the user’s body
motion. The method is totally data-driven and provides a new stepping stone that can
have the potential of reducing the training time for learning complex teleoperation
task and provide a more user-friendly experience. Moreover, this approach could be
extended to a set of different robots, tasks and populations.
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5Human Factors

"Life is a cabaret, old chum.
Come to the Cabaret"

Louis Armstrong, Cabaret, 1966

Human factors in teleoperation concern those aspects which critically influence directly
or indirectly human performance during a mission, and do not in principle depend on
the robot. Human factors in telerobotics include, but are not limited to, the kind of data
collected from the human to issue control commands to the machine, their individual
preferences, and the feedback information that they receive from the robot. Although most
of the content of this thesis is tightly linked with human factors, the two research studies
described here are mostly focused on such aspects : first, we evaluate the impact of using
VR and different viewpoints, later, we consider the choice of different body segments to be
tracked for a BoMI have on the teleoperation experience.

Publication Note: The work presented in this chapter is adapted from:

M. Macchini, M. Lortkipanidze, F. Schiano and D. Floreano, "The Impact of Virtual
Reality and Viewpoints in Body Motion Based Drone Teleoperation", 2021 IEEE Virtual
Reality and 3D User Interfaces (VR 2021), 2021, pp. 511-518

Supplementary video: https://www.youtube.com/watch?v=oIBJCImn4jw

and from:

M. Macchini, J. Frogg, F. Schiano and D. Floreano, "Does spontaneous motion lead to
intuitive Body-Machine Interfaces? A fitness study of different body segments for wear-
able telerobotics", The 30th IEEE International Conference on Robot and Human In-
teractive Communication (ICRA 2022), SUBMITTED

Supplementary video: https://youtu.be/U3dGLRRndWw

https://www.youtube.com/watch?v=oIBJCImn4jw
https://youtu.be/U3dGLRRndWw
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Figure 5.1 Spontaneous body motion acquisition during a robot imitation task using different
viewpoints. The acquired data can be used to define personalized Body-Machine Interfaces. (top)
VR-disabled conditions. (bottom) VR-enabled conditions.

5.1 The Impact of Virtual Reality and Different Viewpoints

Human-Robot Interfaces are qualified both in terms of the performance they can pro-
vide to the user and of subjective measures. Among the metrics used to qualify an HRI,
presence is a subjective measure of the feeling of "being there" in the virtual or distal
scene [135]. Different examples in the literature support the hypothesis that increasing
the sense of presence of an operator can improve their performance in controlling the
robot [136, 137, 138]. The concept of presence can be split into three dimensions:
spatial presence, self-presence, and social presence[139]. In our study, we focus on the
first two as social presence requires the interaction with different agents, which is not
the case in most telerobotic missions. While spatial presence is relative to the feeling
of being surrounded by the virtual environment, self-presence defines the shift of the
user’s perception of self from their own body into the virtual or distal one [140]. A
strong sense of self-presence can improve the operator’s sense of embodiment and give
them the sensation of being the robot, instead of merely controlling it. The sense of
self-presence and the concept of embodiment are thus closely related. Several factors
concur to enhancing the sense of presence in the user during teleoperation, includ-
ing the insulation from the real environment, and the amount and type of provided
multi-modal feedback [141].

The change of viewpoint can strongly alter the perception of a virtual environment.
Some works correlate the first-person view (1V) to a higher sense of embodiment
[142, 143]. Studies in the field of video games conclude that 1V is also associated
with higher performance in manipulation tasks, and in general when an interaction
with static objects is needed [144]. The same research states that a third-person view
(3V) can increase the user’s sense of spatial presence in the environment, which trans-
lates into a higher capacity of navigation and perception of the surrounding space.
Nonetheless, this advantage comes at the cost of a lower sense of embodiment. Gorisse
et al. studied the effects of different viewpoints (1V and 3V) on the sense of presence
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and embodiment during the control of an anthropomorphic avatar [145]. Through a
survey, they concluded that the viewpoint impact on spatial presence is very limited.
However, the first-person view positively and significantly affects embodiment.

VR applications are supported by a Head-Mounted Display (HMD), a device that a
user wears on their head, which provides stereoscopic vision and can track the user’s
head and eyes to provide them with the ability to explore the virtual environment (VE).
Prior literature investigated the effects of viewpoint in VEs as a comparison with stan-
dard flat displays, confirming the higher degree of immersion in 1V [146]. Also, some
studies show that large freedom of motion positively influences the sense of presence
[141, 147].

Despite the extensive work conducted on the link between VR, viewpoint, and pres-
ence for the control of anthropomorphic robots and virtual avatars, few studies have
been conducted in the control of non-anthropomorphic robots, which are the most
common type of robotic systems. Research shows that humans can identify themselves
with agents presenting visual aspects and kinematics different from the human body,
provided that they present human-like motion and move synchronously with the user
[148, 149]. The same concept has been extended to virtual supernumerary robotic
arms [150].

In this first part of the chapter, we study the effects of (a) different viewpoints and
(b) the use of VR on the teleoperation of a fixed-wing drone, as an example of a non-
anthropomorphic robot with non-human motion behaviors. Specifically, we conducted
a set of experiments to assess:

• The effects of viewpoint and VR on the user’s sense of spatial presence and em-
bodiment, when they perceive the environment and move as a fixed-wing drone.

• The effects of viewpoint and VR on the user’s spontaneous body motion when
they are asked to mimic the drone’s behavior with their body. We focus our
analysis on three dimensions of body motion: variability, correlation with the
robot’s movements, and gesture amplitude.

5.1.1 Methods and Materials

The simulation environment used in this work is based on the Unity3D engine. We used
a robot model reproducing the dynamics of the commercial drone eBee by SenseFly*.
The drone’s attitude is stabilized through a PID controller and the speed is regulated
to a constant value of 8m/s. The simulation displays a sequence of 4 maneuvers per-
formed by the fixed-wing drone: two roll maneuvers (bottom, left), and two pitch
maneuvers (up, down), after a horizontal flight section. Each maneuver’s duration was
set to T = 8s to give the participant enough time to recognize the robot’s behavior, for
a total duration of 32s per experiment. We display a red path in front of the drone to
inform the participants of the drone’s future trajectory (Fig.5.2B). We considered 3 dif-
ferent conditions on the viewpoints: a standard first-person view (1V) from the drone’s

*https://www.sensefly.com
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Figure 5.2 Overview of the experimental protocol. (A) Data acquisition scenario during the imita-
tion task. The participant is free to move spontaneously to mimic the robot’s behavior during a set
of predefined maneuvers. During this phase, their body is tracked by a motion capture system, and
synchronous data are acquired for the drone’s trajectory and the user’s motion. (B) Experimental
conditions. A total of 30 participants took part in the experiment. We assigned each participant to
one group, corresponding to one of the viewpoint conditions: first-person view (1V), third-person
view (3V), or ground-view (GV). Each subject took part in the imitation task with and without the
use of VR.

front camera, a third-person view from behind the drone (3V), and a third-person view
from a ground observer (GV). While most teleoperation tasks are carried out in 1V
and GV condition, the inclusion of 3V allows us to decouple the effects of immersive
viewpoints (1V vs. 3V, GV) and the effects of the camera moving together with the
robot (1V, 3V vs. GV). The 3V behind the drone follows at a constant distance and
rotates with the drone. The three viewpoints are depicted in Fig.5.2B. We performed
the experiments with two types of visual displays. In the VR condition, subjects used
an Oculus Rift S HMD. In the non-VR condition, subjects saw the scene on a computer
monitor positioned at a distance of 1.5m. In total, there are 6 experimental conditions,
hereafter referred to as in Table 5.1.

Table 5.1 Experimental conditions

non-VR VR
First-person view (1V) 1V-N 1V-V

Third-person view (3V) 3V-N 3V-V
Ground view (GV) GV-N GV-V

We run the experimental sessions in a room equipped with an OptiTrack Motion
Capture (MoCap) System to track the participants’ body. Body motion tracking was
performed through a set of 25 reflective markers strapped on a velcro vest worn by
each subject. The subjects’ upper body was modeled as the concatenation of 13 dif-
ferent rigid bodies interconnected by sphere joints, as depicted in Fig.5.2A. We con-
sider only 9 rigid bodies for our study: torso, shoulders, arms, forearms, and hands.
This representation has already been adopted in relevant previous studies and demon-
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Table 5.2 Presence questionnaire composed of two blocks: Embodiment (E1-E3) and Spatial Pres-
ence (SP1-SP4).

ID Question
E1 To what extent did you feel that you were

located inside the virtual body?
E2 To what extent did you feel that the vir-

tual body was your own body?
E3 To what extent did you did you forget

your actual body in favor of the virtual
body?

SP1 To what extent did you feel that you were
actually there in the virtual environment?

SP2 To what extent did you feel that the
objects in the virtual environment sur-
rounded you?

SP3 To what extent did it seem to you that
your true location had shifted into the vir-
tual environment?

SP4 To what extent did you feel that you were
physically present in the virtual environ-
ment?

strated to be sufficiently powerful to derive personalized BoMIs for drone teleoperation
[55, 116]. Moreover, being the representation decoupled by construction, it prevents
redundancy which might affect the subsequent data analysis. The orientation of each
rigid body, expressed as a quaternion, was recorded at a frequency of 100Hz. During
the experiments, we acquired synchronous data from both the drone simulator and the
MoCap. Encoded body pose and drone actions were streamed through a UDP protocol
and concatenated into a dataset for subsequent analysis.

The sense of presence was measured through the post-experimental questionnaire
shown in Table 6.4. The questionnaire consisted of seven questions, where each item
was given on a semantic scale from one to five (one corresponds to not at all, five cor-
responds to completely). The questions were designed to investigate two dimensions
of presence:

• Embodiment, composed of three items representing two different embodiment
dimensions: self-location and ownership of the virtual body [140]. The sense of
agency was purposefully neglected since no actual teleoperation happens during
our experiment. Questions are adapted from previous literature [145, 146, 151].

• Spatial presence, composed of four items, refers to the sense of environmental
location and it is originally adapted from the MEC-SPQ test [152].
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30 volunteers participated in our user study. All subjects had no know prior expe-
rience of motion sickness or discomfort using VR headsets, and a correct or corrected
sight. The age of the participants varied from 20 to 31 years (24.29± 2.78) and 83% of
participants were male. Informed consent was obtained from everyone before the ex-
periment and the study was conducted while adhering to standard ethical principles.†.

Every subject filled a questionnaire about personal information before participating
in the experiment. Later, they were asked to sit on a stool in front of the computer
and were shown the simulation through the screen or the VR headset depending on
the group to which they were pseudo-randomly assigned. During this procedure, they
were asked to move spontaneously, as if they were controlling the drone’s flight. Since
the maneuvers were predefined, no control was exerted on the simulator by the user.

Each participant took place in the calibration phase with two different conditions:
with and without VR, and was pseudo-randomly assigned a viewpoint among the op-
tions above (1PV, 3V, 3PV). The simulation was shown twice per condition to each par-
ticipant: a first one to get familiar with the scenario, and a second one for the actual
data acquisition. The order of the experiment (with/without VR) they performed was
determined pseudo-randomly to compensate for possible bias caused by the previous
simulation. At the end of the experiment, each subject filled the presence questionnaire
shown in Table 6.4.

As mentioned in 5.1.1, raw data correspond to a set of signals consisting of time se-
ries of orientation information expressed in quaternions for the body motion, and two
additional signals representing the drone roll and pitch angles during the experiment.
The user’s upper body was modeled as a kinematic chain consisting of 9 rigid bodies,
interconnected through sphere joints (Fig.5.2A). We first computed the relative orien-
tation of each rigid body with respect to its parent limb in the human kinematic chain.
For example, the shoulder rotation is expressed as the relative rotation with respect to
the torso, and the arm rotation with respect to the shoulder. Subsequently, the initial
rotation of the body segment was reset to zero to compensate for its initial bias and the
orientations are converted from quaternions to Euler angles. The order convention is
chosen to minimize the risk of gimbal lock. We filtered the Euler Angles with a moving
average (N = 100) low-pass filter to mitigate the effects of quantization noise. Finally,
27 angles (9 limbs x 3 angles) and 2 robot commands time series (roll and pitch) were
used for our analysis.

5.1.2 Impact on the Sense of Presence

As a preliminary validation, Cronbach’s alpha coefficient was calculated to measure
the reliability of the questionnaire across both dimensions for all of the experimental
conditions [153]. The coefficient was > 0.73 for all cases, thus indicating acceptable
reliability of the questionnaire. The Shapiro–Wilk test was carried out to check the nor-
mality of the distributions of the answers to the post-experiment questionnaire [154].
As not all variables followed a normal distribution, we used a non-parametric test

†The experiments were approved by the Human Research Ethics Committee of the École Polytechnique
Fédérale de Lausanne.

70



5.1. The Impact of Virtual Reality and Different Viewpoints

Table 5.3 Mean and standard deviation of the responses to the presence survey in a scale 1 to 5

Condition 1V-N 3V-N GV-N 1V-V 3V-V GV-V
ID 1N 3N GN 1V 3V GV
E1 3.00± 0.94 2.92± 1.19 2.08± 1.12 3.60± 0.84 2.73± 1.27 1.82± 1.08
E2 2.80± 0.92 2.92± 1.04 2.38± 1.19 3.50± 1.08 2.82± 0.87 1.82± 0.98
E3 2.60± 1.07 2.62± 1.12 2.31± 1.18 3.40± 1.07 3.45± 1.37 2.09± 1.04
SP1 2.40± 0.84 3.00± 1.29 2.85± 1.14 3.10± 0.99 4.00± 1.26 3.45± 1.04
SP2 2.20± 0.79 2.31± 1.03 2.31± 1.11 3.30± 0.67 3.64± 1.12 3.27± 1.01
SP3 2.20± 0.79 2.85± 1.07 2.62± 1.12 3.30± 0.95 3.91± 1.22 3.00± 1.00
SP4 2.00± 0.82 2.69± 1.18 2.23± 1.17 3.10± 0.74 3.73± 1.35 3.09± 1.38

(the Wilcoxon Signed-Ranks) to compare objective performance data of paired groups,
keeping the VR variable constant (1V vs 3V vs GV) [155]. We used the Mann–Whitney
U test for the independent groups, keeping the viewpoint constant (VR vs non-VR)
[156].

Table 5.3 shows the survey results across all conditions and Table 5.4 the statistical
significance of our findings. Each column refers to a pair of conditions, with pa,b rep-
resenting the p-value relative to the t-test applied between condition a and condition
b.

VR affects Spatial Presence. In Table 5.4 (top) we show the survey results across the
VR condition. The p-values are calculated for each viewpoint varying the VR condition
using the Mann–Whitney U test. From E1-E3 in Table 5.4 (top), we can observe that
no significant difference was present between the VR groups and the non-VR groups
(p1N,1V , p3N,3V , pGN,GV > 0.05). We cannot thus conclude that the use of VR affects
the sense of embodiment. Instead, SP1-SP4 show significant differences for almost
all cases for both 1V and 3V. The first-person view group reported higher values of
spatial presence when using VR (SP1V−N = 2.20± 0.78, SP1V−V = 3.20± 0.81). Also
for third-person view the use of VR correlated with a higher sense of spatial presence
(SP3V−N = 2.71± 1.13, SP3V−V = 3.82± 1.19). This result suggests a higher sense of
spatial presence for 1V-V compared to 1V-N and of 3V-V compared to 3V-N. In average,
the sense of spatial presence increased by 45% for 1V and 40% for 3V when using VR.
No significant effects were observed for the GV case. These results are highlighted in
light blue in Table 5.4 (top) and summarized in Fig.5.3.

Viewpoint affects Embodiment. In Table 5.4 (bottom) we show the survey results
across the viewpoint conditions. The p-values are calculated between each pair of
viewpoints using the Wilcoxon Signed-Ranks Test. As a first observation, we can see
that no significant effects are observable for any of the questions SP1-SP4, meaning
that we cannot observe a significant correlation between the viewpoint and spatial
presence. Secondly, no significant effects are observable in the non-VR case. On the
other hand, there is a clear trend in the embodiment perception when changing the
viewpoint while using VR: both p1V,GV and p3V,GV are significant in E1-E3. GV group
reported a lower sense of embodiment in average: (EGV−V = 1.91 ± 1.00) than 1V
group (E1V−V = 3.50± 0.96, p < 0.01) and 3V group (E3V−V = 3.00± 1.18, p < 0.01).
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Table 5.4 Statistical significance of the responses to the presence survey. p1N,1V , p3N,3V , pGN,GV

refer to the VR condition, and are evaluated with Mann–Whitney U test. p1N,3N , p1N,GN , p3N,GN ,
p1V,3V , p1V,GV , p3V,GV refer to the viewpoint condition, for which we used the Wilcoxon Signed-
Ranks test. Significant p-values are shown in bold characters. p-values are considered significant if
p < 0.05. In yellow and blue, the sections relative to the most relevant results.

VR Effect
p1N,1V p3N,3V pGN,GV

E1 0.084 0.382 0.297
E2 0.089 0.463 0.106
E3 0.052 0.052 0.357
SP1 0.064 0.028 0.133
SP2 0.004 0.003 0.026
SP3 0.010 0.011 0.199
SP4 0.005 0.028 0.065

Viewpoint Effect
non-VR VR

p1N,3N p1N,GN p3N,GN p1V,3V p1V,GV p3V,GV

E1 0.411 0.028 0.043 0.064 0.001 0.049
E3 0.447 0.129 0.087 0.085 0.002 0.011
E5 0.487 0.272 0.244 0.341 0.008 0.015
SP1 0.117 0.151 0.374 0.029 0.220 0.092
SP2 0.383 0.436 0.500 0.128 0.485 0.176
SP3 0.056 0.209 0.297 0.067 0.315 0.022
SP4 0.087 0.397 0.159 0.072 0.485 0.133

The sense of embodiment was higher by 83% for 1V and 57% for 3V with respect to GV,
only when using VR. These results are highlighted in light yellow in Table 5.4 (bottom)
and summarized in Fig.5.4.

5.1.3 Impact on Spontaneous Body Motion

The second part of the data analysis was dedicated to the body motion data. These
data were analyzed to extract relevant analogies and differences between the sponta-
neous body motion patterns during the calibration phase. Due to the limited amount
of subjects per condition (N=10), we chose non-parametric methods to assess the sig-
nificance of our results. For motion data, we used the Kruskal-Wallis test to assess the
equality of the medians of different groups [134]. We focus on three aspects of motion,
which are relevant for motion-based teleoperation: motion variability, human-robot
motion correlation, and gesture amplitude of different body segments.

Spontaneous motion displays higher variability in Ground View. First, we ana-
lyzed the intra-group motion variability. We concatenated motion data for each sub-
ject to a single timeseries containing the motion of all body segments (Fig.5.5A). To
quantify the motion difference between subjects, the datasets were compressed to two-
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Figure 5.3 Survey results relative to the Spatial Presence dimension and average responses (Table
5.4, blue highlight). (∗∗p < 0.01, ∗p < 0.05)

dimensional data using Principal Component Analysis (PCA) decomposition (Fig.5.5B).
PCA emphasizes the data covariance across principal axes, revealing a main cluster of
motion behaviors containing most of the 1V and 3V participants. Oppositely, GV par-
ticipant’s motion is scattered further from the cluster center. Considering the centroid
of the cluster formed by 1V and 3V participants, the average euclidean distance of the
distribution is lower for 1V (d1V = 0.83± 0.60) and 3V (d3V = 1.17± 1.16) than for GV
(dGV = 7.00± 6.93, p1V,GV , p3V,GV < 0.01).

We then computed the median value of the concatenated features (Fig.5.5B). We
computed the average MSE across all subjects in each group as a measure of intra-group
motion variability (Fig.5.5C). Our results confirm the aforementioned observation: par-
ticipants in GV condition moved more differently from each other, while groups 1V and
3V show a significantly lower motion variability, and thus a higher agreement with
each other. Specifically, the variability of group GV-N (variabGV−N = 1.01± 0.46) was
higher than the variability of groups 1V-N (variab1V−N = 0.30 ± 0.11, p < 0.01) and
3V-N (variab3V−N = 0.33 ± 0.13, p < 0.01). Similar results were observed comparing
GV-V (variabGV−V = 0.78± 0.52) with 1V-V (variab1V−V = 0.25± 0.12, p < 0.01) and
3V-V (variab3V−V = 0.33± 0.14, p < 0.01).

Human-robot motion correlation is higher in First-Person View and Third-Person
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Figure 5.4 Survey results relative to the Embodiment dimension and average responses (Table 5.4,
yellow highlight). (∗∗p < 0.01, ∗p < 0.05)

View. Secondly, we considered the correlation between the user’s movements and the
drone’s inputs, as a measure of similarity of the two datasets (Fig.5.6). We measured
the correlation of a body segment with a robot command through the Pearson’s correla-
tion coefficient on the sample distribution. We define the correlation of the Euler Angle
related to a body segment with the robot motion as the sum of its absolute correlations
with the drone roll and pitch. Additionally, we define the correlation of a body seg-
ment with the robot motion the maximum correlation value among all the associated
Euler Angles. Finally, we compute the mean across all body segments to evaluate the
correlation score of the whole dataset. We observed that group GV-N showed a lower
correlation (corrGV−N = 0.54 ± 0.15) than 1V-N (corr1V−N = 0.66 ± 0.07, p = 0.034)
and 3V-N (corr3V−N = 0.68 ± 0.08, p = 0.033). Similarly, group GV-V showed a lower
correlation (corrGV−V = 0.52±0.13) than 1V-V (corr1V−V = 0.70±0.10, p < 0.01) and
3V-V (corr3V−V = 0.65± 0.04, p = 0.047).

VR and viewpoint affect motion amplitude in different ways. Finally, we evaluated
the differences in the gesture amplitude for the various body segments. We define
Amount of Motion (AoM) of a body segment as the mean value of the norm of its angular
velocity vector. Our data indicate that the AoM significantly varies across conditions
(Fig.5.7). We observed two different effects of the viewpoint between VR and non-VR
groups. A first observation is that no significant VR effects are observable, except for
group 1V-V. Group 1V-V employed smaller body gestures (AoM1V−V = 0.46 ± 0.15)
than group 1V-N (AoM1V−N = 0.68± 0.16, p < 0.01). Additionally, Group 1V-V moved
significantly less than groups 3V-V (AoM3V−V = 0.77 ± 0.26, p < 0.01) and GV-V
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Figure 5.5 Observed motion variability during the imitation task. (A) Concatenated motion data
timeseries. In black, the median value of the corresponding angle. (B) Scatter plot of the results of
a two-dimensional PCA compression on the whole motion timeseries. Group GV exhibits a higher
intra-group variability, while data belonging to groups 1V and 3V are more densely aggregated.
(C) Motion variability metric expressed as MSE from the median value. Both GV-N and GV-V values
are significantly higher compared to the different viewpoints. (∗∗p < 0.01)

(AoMGV−V = 0.85 ± 0.62, p < 0.01), suggesting that users tend to move their torso
more when they see the robot when controlling it in an immersive perspective. Such
an effect is not observable in VR-disabled experiments.

5.1.4 Conclusions

In this study, we investigated how the use of VR and the viewpoint change affect two
central aspects of motion-based teleoperation: the sense of presence and the user’s
spontaneous body motion. We considered a fixed-wing drone as an example of a non-
anthropomorphic robot with non-human motion patterns. We run a user study (N=30)
on an imitation task for motion pattern identification for motion-based telerobotics
systems (Fig.5.2), considering two experimental variables: the use of VR and the view-
point (first-person: 1V; third-person: 3V; ground: GV), for a total of six conditions.
Here, we discuss our main findings.

Our experiments produced two main sets of results. First, we observed that, for a
given viewpoint, the use of VR can increase the sense of spatial presence. VR-enabled
experiments increased the user’s sense of spatial presence for both 1V and 3V view-
points up to 45% (Table 5.3, Table 5.4, Fig.5.3). In comparison, the viewpoint perspec-
tive does not play such an important role on the sense of spatial presence. However,
VR significantly increases spatial presence only in 1V and 3V perspectives.

Furthermore, our data suggest that the viewpoint affects the user’s sense of embod-
iment in VR-enabled experiments. 1V and 3V conditions provided a higher sense of
embodiment (respectively, 83% and 57%) compared with GV (Table 5.3, Table 5.4,
Fig.5.4). . The same effect was not observed for VR-disabled experimental conditions.
These results are in agreement with prior literature [145], and show that they hold
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Figure 5.6 Correlation of human body motion and drone motion.
(A) Drone roll superimposed to torso roll of different subjects.
(B) Correlation score between human and robot motion. Both GV-N and GV-V conditions corre-
spond to a lower correlation score. (∗∗p < 0.01, ∗p < 0.05)

also for non-anthropomorphic robots with non-human motion patterns.

In summary, our study shows that the sense of presence in virtual environments is
not exclusively limited to anthropomorphic characters with human-like motion, but can
be elicited during the operation of other types of robots, such as the fixed-wing drone
used here. VR and viewpoint appear to affect different dimensions of teleoperation:
while the first correlates with the sense of spatial presence, the second mainly impacts
the sense of embodiment. Moreover, the embodiment dimension seems to be related
to a camera motion coherent with the robot’ motion (1V, 3V) more than by using an
immersive point of view (only 1V). These effects do not apply to all conditions of VR
and viewpoint: no change in the sense of spatial presence was observed in ground view,
and no change in the sense of embodiment was observed without the use of VR.

Our second result concerns the human motion during a robot imitation task. We
observed that human motion is mostly affected by the viewpoint perspective: while 1V
and 3V groups presented similar intra-group motion patterns, subjects in group GV dis-
played much higher variability (Fig.5.5) both in VR-enabled (+223%) and VR-disabled
conditions (+169%). Since very different motion patterns cannot be recognized by a
predefined BoMI, this result implies a higher need for personalization in applications
where the teleoperation of the robot must take place with a ground view.

We also found a significant effect of the viewpoint on the correlation between the
participants’ and the robot’s motion. Specifically, condition GV reduces motion correla-
tion up to 26% in VR-enabled and by 35% in VR-disabled experiments (Fig.5.6). This
result can be explained by the higher difficulty to understand the robot’s behavior in
GV, since the drone is further away from the user and the perspective is not aligned
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Figure 5.7 Amount of Motion score during the imitation task. 1V-V condition corresponds to
smaller body gestures compared to both 1V-N and the other VR viewpoints, 3V-V and GV-V. (∗∗p <
0.01, ∗p < 0.05)

with their view. As human-robot motion correlation is a desirable feature for the defi-
nition of linear mapping functions, this result suggests that nonlinear mappings could
be more effective for the definition of a BoMI for third-person view teleoperation.

Finally, gesture amplitude was affected in different ways by the viewpoint depending
on the VR condition. In VR-disabled experiments, between-groups motion amplitude
did not change significantly. Comparing with the VR-enabled condition, we observed
that group 1V-V moved 32% less than group 1V-N (Fig.5.7). As it has been demon-
strated that body motion is one of the main contributors to subjective presence in vir-
tual environments [147], it would be reasonable to expect that immersive experiences
are associated with body movements with higher amplitude. Our results could be ex-
plained by the nature of our task: while previous literature focuses on active motion,
in our study the subjects were passively following a trajectory, being able to rotate the
camera but not to change the robot’s motion. Consequently, Group 1V saw only a cam-
era moving, without the possibility to control its motion and this may have reduced
the user’s involvement in the task, and thus reduced the amplitude of the body move-
ments. Also, group 1V-V moved their body less than groups 3V-V and GV-V by 40% and
46%, respectively. This result suggests that having the robot in the user’s field of view
encourages users to move more than using an immersive viewpoint, possibly due to the
aforementioned reasons.

In summary, we observed that viewpoint, and particularly the GV perspective trans-
lates in both a higher motion variability between subjects and in a lower user-robot
motion correlation, suggesting that in this condition the implementation of a motion-
based BoMI for the control of the drone would require both a high level of person-
alization and nonlinear mapping methods. These results correlate with our findings
regarding the sense of presence, and, particularly, the dimension of embodiment: ac-
cording to our findings, the use of a GV viewpoint translates in both a higher sense
of embodiment (in VR) and in a set of more various motion patterns among different
participants. Moreover, GV also corresponds to a lower correlation between human
and robot motion. Further, we observed a lower motion amplitude linked to 1V-V, com-
pared to both 1V-N, 3V-V and GV-V. This effect might be related to the nature of our
task.

Although our tests showed clear effects of VR and viewpoint over the sense of pres-
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ence and the user’s spontaneous body motion in teleoperation, several aspects should
be investigated in future research. First, the study of different robotic systems with dif-
ferent types of motion patterns would be needed to assess if our results extend to other
platforms. The extension to different and more complex robots is left for future work.
This extension would add substantial value to our findings, and assess the transferabil-
ity of the method. Second, the study of active teleoperation tasks, in addition to our
passive imitation studies, could help to understand whether that has an effect on the
sense of presence and thus on body motion. However, this step will require a signifi-
cant advancement in state-of-art methods for the automatic definition of motion-based
HRIs, as the implementation of HRIs from arbitrary body motion can be challenging
on such variable motion datasets. Finally, our study took into account a limited set
of motion variables consisting of body joint angles. Although this choice is backed by
relevant literature [55, 157], the observation of different kinematic variables (e.g., the
position of the center of mass of the body segments) could unveil further results.

In this work, we show new results explaining the effects of VR and viewpoint on the
user’s sense of presence and their spontaneous motion in teleoperation tasks. Our
findings provide new insights on presence for teleoperation in the case of a non-
anthropomorphic robot with non-human motion, such as fixed-wing drones. Addi-
tionally, we show that the users’ motion patterns when mimicking the robot’s motion
are affected by VR and viewpoint conditions. Our work suggests preferred experi-
mental conditions for the definition of personalized body-machine interfaces for such
machines. Since personalized interfaces have been demonstrated to be more effective
than generic ones for the control of fixed-wing drones, the application of these results
could facilitate the design and the implementation of new motion-based telerobotic
systems.

5.2 A Fitness Study on Different Body Segments

Despite the efforts in designing new BoMIs, there is still no scientific evidence that
feature selection based on spontaneous motion results in more intuitive HRIs. In this
section, we fill this gap for the example of fixed-wing drone teleoperation. To reduce
the scope of our work we selected a set of body segments from the upper body and let
a set of participants (N=18) teleoperate the drone using these segments. Specifically,
we selected the body segments in the upper body having 3 degrees of freedom (DoF):
torso, hand, and upper arm (Fig.5.8A). We believe that this set is representative of the
task at hand. Indeed,

• The torso segment was chosen as previous work found that it is the most sponta-
neous segment for drone teleoperation [55, 125].

• The hand segment was chosen as hands are often used for manipulation and
interfacing with external devices.

• The upper arm segment was chosen as it represents the only remaining 3-DoF
segment in the upper body, and can be used as a baseline condition.
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We chose not to include a standard interface (i.e. a remote controller) in this study as
we want to focus on body-motion based telerobotics and explore the impact of differ-
ent conditions. For a comparison between such methods and standard interfaces, we
refer the reader to prior literature [55, 125]. As there are different ways to use a body
segment to interface with a robot, we employed our framework to allow each partic-
ipant to use their preferred strategy. This choice allows us to compare the interfaces
with each other, as they are all entirely data-driven and not biased by a heuristic design
which may privilege some body segments. We compared the users’ performance during
the drone teleoperation task and we also gathered their feedback about the teleopera-
tion experience through a questionnaire. We found that motion patterns spontaneously
adopted by users do not necessarily translate into better interfaces. Finally, through a
study of the participants’ motion, we suggest alternative metrics based on biomechan-
ical and behavioral factors that might improve the design process of novel HRIs based
on data-driven methods.

5.2.1 Methods and Materials

Figure 5.8 Overview of the experimental protocol. (A) Anchoring point and reference frame for
the three conditions corresponding to the tracked body segments. The IMU was always installed
on the dominant hand and the corresponding arm. (B) Acquisition procedure for mobility and
speed evaluation of the three body segments. (C) Calibration procedure. The participant observes
the simulation and moves the selected body segment as if they were in control of the fixed-wing
drone (here, Torso interface). (D) Teleoperation task. The participant controls the drone trajectory
with their body using the personalized body-machine interface created during the calibration (here,
simulation and hardware tests for the Torso interface).

Participants: 18 participants between the ages of 19 and 31 were recruited for
our study, with the following characteristics: age = 23 ± 2, 14 were male and 4 were
female, 16 were right-handed and 2 were left-handed. At the beginning of each session,
we explained the experimental procedure and obtained informed consent‡.

Simulator: we used a fixed-wing drone simulator, developed in Unity3D, to run

‡The experiments were approved by the Human Research Ethics Committee of the École Polytechnique
Fédérale de Lausanne (EPFL)
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our experiment. The simulation displayed the trajectory of a fixed-wing drone flying
at a constant speed of 12 m/s. The drone was modeled to mimic a realistic UAV,
with three PI controllers for roll, pitch, and speed setpoints. The drone performed a
set of predefined maneuvers: two roll maneuvers (left/right), two pitch maneuvers
(up/down), and four additional maneuvers consisting of a combination of pitch and
roll. The duration of each maneuver was 8s.

Motion data acquisition: we captured the user’s body motion with a single IMU
placed on the body segment of interest. The IMU orientation was acquired at a fre-
quency f = 100Hz, in quaternion format, and converted into Euler Angles according
to the ZYX convention (Fig.5.8A).

Body segment dexterity estimation: in the first stage, we recorded each partici-
pant’s mobility and speed of motion using a fixed set of movements involving the three
considered body segments. We installed the IMU on the three body parts and acquired
data, in order, for the torso, the hand, and the upper arm. First, we evaluated the
segment mobility. We asked the participants to move the body segment on which the
IMU was situated to the limit of their motion capability in the order roll-pitch-yaw in
the IMU frame. For the torso, it corresponded to the order left/right rotation - ex-
tension/flexion - right/left side bending. For the hand, it corresponded to the order
flexion/extension - pronation/supination - ulnar/radial deviation. For the upper arm,
it corresponded to the order positive/negative circumduction - abduction/adduction -
flexion-extension (Fig.5.8B). Each movement was repeated five times. Subsequently,
we measured the maximum angular speed of each body segment. We asked our partic-
ipants to repeat the three movements above five additional times, this time moving as
fast as possible.

Personalized HRI implementation: in the second stage, we generated a person-
alized interface for each participant to allow them to teleoperate a fixed-wing drone.
We installed the IMU on the user’s body corresponding to one of the three tracked
body segments. The participant was asked to imitate the motion of a simulated drone
with their body, by moving the segment of their upper body which was currently being
tracked (Fig.5.8C). The mapping is personalized as, even if the body part was prede-
fined, the users were given no instructions about how to move to control the robot.
The participants wore a Head-Mounted Display (HMD) for VR during this phase, with
a First-Person View (FPV) viewpoint, to increase their immersion in the virtual envi-
ronment. We acquired data synchronously from the simulator and the IMU, and the
framework provided a mapping function between the IMU motion and the drone in-
put commands. The algorithm is based on the method we proposed in our previous
work [116], and simplified into two main steps: data preprocessing and regression.
Moreover, it was extended to accept IMU inputs, and a filtering stage consisting of a
fifth-order digital Butterworth filter was included to cope with the higher noise of the
sensor.

Teleoperation task: after the generation of the personalized mapping for each
participant, they were asked to teleoperate the drone through a path consisting of 42
waypoints (Fig.5.8D). Each waypoint was placed at a fixed distance from the previous
one, with a fixed horizontal or vertical displacement, corresponding to one of the four
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basic maneuvers left/right/up/down. Each path was pseudo-randomly generated at
the beginning of each run to contain all the maneuvers in the same quantity. The
participants were instructed to steer the simulated drone as close as possible to the
center of each waypoint and performed the teleoperation task twice with each body
segment. At the end of the two runs, we installed the IMU on a different body segment
and repeated the calibration procedure. To minimize bias effects, we generated pseudo-
randomly the order of the three body segments to be tracked. Before initiating the new
calibration procedure, the subjects performed a washout task [44]. The goal of the task
was to prevent users from getting used to the simulator dynamics and to compensate
for possible learning effects. During the washout task, we inverted the signs of the
commands for the drone. Additionally, the gains of the internal PID regulators were
randomly modified in a range of ±10% from their nominal values to change the system
dynamics. We did not record data during the washout tasks, and the users did not
know its purpose during the experiment.

Surveys: at the end of the experimental procedure, the participants filled an addi-
tional personal feedback questionnaire comprising four questions about the teleopera-
tion experience, listed in Table 5.5.

ID Question
Q1 Which body part was the easiest to use?
Q2 Which body part was the most comfortable to use?
Q3 Which body part did you prefer using?
Q4 Why did you prefer this body part?

Table 5.5 User personal feedback questionnaire.

5.2.2 Teleoperation

In this section, we report the experimental protocols and results obtained through our
study. First, we performed an extensive user study in simulation, and later a qualitative
study on a real robot. Our main results consist of a statistical analysis of the effects of
using a specific body segment for the control of the robot. Our study is developed on
three experimental conditions, corresponding to the three groups using the aforemen-
tioned body segments:

• Torso body segment users (hereafter “Torso group")

• Hand body segment users (hereafter “Hand group")

• Upper arm body segment users (hereafter “Arm group")

We did not include an alternative interface as a baseline, as this study is focused on
body-motion based interfaces.

All of our results employ the Kruskal-Wallis T-test to assess the statistical significance
relative to the equality of the medians, and the Levene T-test for the equality of the
variances [134, 158].
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Figure 5.9 Teleoperation error while crossing the waypoints. (A) Evolution of error during the
two repetitions of the task (colored dotted lines and exponential fit (solid line). (B) Initial error,
measured in the first minute of teleoperation. (C) Final error, measured in the last minute of
teleoperation. (∗∗p < 0.01, ∗p < 0.05)

Hand-based interface leads to the best performance, arm to the worst: first, we
evaluated the participants’ performance during the teleoperation. In this phase of the
experiment, we defined a personalized mapping between each participant and the sim-
ulated drone, as described in Section 5.2.1. During the teleoperation task, the user was
asked to follow a randomly generated pathway consisting of 42 waypoints, for a total
of two runs. We used the distance from the center of the waypoints as a performance
metric - the shorter the distance, the better the performance. The average across all 18
participants of this error throughout all 84 waypoints shows clear differences across the
experimental groups (Fig.5.9A). For each group, we fit a decreasing exponential curve
to show the trend. In terms of average error, the arm proved to be the worst body
part for the control of the drone, whereas the hand was the best. In all cases, the final
error was lower than the initial one, proving that all the groups showed some learning
effects in the task. We considered two metrics to quantitatively evaluate the partici-
pants’ performance. First, we considered the initial error, computed as the average of
the errors during the first minute of navigation corresponding, on average, to the first
18 waypoints. Hand group (eIH = 5.22± 2.12 m) and Torso group (eIT = 5.66± 1.18 m)
outperformed Arm group (eIA = 9.64± 3.38 m, p < 0.01) in the initial phase. Secondly,
we defined the final error, computed analogously as the average of the errors during the
last minute of navigation. At the end of the two runs, the initial differences were pre-
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served, with Hand group (eFH = 2.40 ± 0.79 m) and Torso group (eFT = 4.52 ± 1.50 m)
showing smaller errors than Arm group (eFA = 6.11 ± 1.20 m, p < 0.01). Moreover,
Hand group exhibited a higher learning effect, performing significantly better than
Torso group (p < 0.01) in the final phase.
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Figure 5.10 Survey results relative to the user’s preferred body segment (questions in Table 5.5).

5.2.3 User Feedback

Hand motion is easier and preferred by users according to questionnaire results:
the personal feedback questionnaire responses provide insights about the users’ pre-
ferred body parts to be used in the proposed task (Fig.5.10). The question on control
easiness Q1 showed a clear preference towards the use of the hand. Out of the 18 total
participants, 13 reported the hand to be the easiest body segment to use, 4 chose the
torso and only 1 chose the arm. In terms of comfort (question Q2), the hand segment
was again the most popular choice with 8 subjects, closely followed by the torso. The
arm was identified as the most comfortable segment by 3 subjects only. Finally, the
question about the preferred body segment Q3 provided a summary of what we ob-
served about easiness and comfort. 10 participants preferred the hand and 6 preferred
the torso, with a minority of 2 participants selecting the arm as their preferred body
part to use. These results are a good indicator of the performance we observed in the
teleoperation task. Most subjects who preferred to use the hand stated in Q4 that their
choice was due to a higher sensitivity, easiness of use, and precision. The 6 people
who preferred the torso argued that it felt more natural, comfortable, immersive, and
it provided a more realistic experience.

Arm group showed more variable motion: we analyzed the subjects’ movements
during the calibration phase and evaluated analogies and differences in their motion.
We quantified how the Euler angles of the IMU correlate with the angles of the simu-
lated drone using the Pearson correlation coefficient α. For each body part, we com-
puted six alpha values. Let φb, θb, ψb the body roll, pitch, and yaw and φd, θd the drone
roll and pitch. The correlation between the quantity Xb and Yd is:

αXb,Yd
= cov(Xb, Yd)

σXb
σYd

(5.1)

where X ∈ {φ, θ, ψ}, Y ∈ {φ, θ}. The coefficient α is an indicator of how a subject
decided to control a specific degree of freedom of the robot. If, for example, a high
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Figure 5.11 Intra-groups agreement in terms of correlation between body segments motion and
drone motion. Ellipses show three standard deviations of a bivariate Gaussian fit. (A) Pearson
α coefficient for the three Euler angles, for drone roll (x axis) and drone pitch (y axis). (B) PCA
compression of the three datasets, confirming the higher motion variability in Arm group. (C)
Average Euclidean distance between data points (∗∗p < 0.01, ∗p < 0.05).

αψb,ψd
is observed between the drone pitch ψd and the torso flexion ψb, the user imitated

the drone pitch by flexing their torso.

The correlation of the different features varies significantly across conditions as a
representation of the participants’ instinctive motion patterns (Fig.5.11A). Torso group
highly employed torso rotation and bending to control the roll, and flexion/extension to
control the pitch. Similarly, Hand group controlled the drone roll using hand pronation
and deviation, and its pitch using flexion/extension. Visualizing the correlation in 2D,

84



5.2. A Fitness Study on Different Body Segments

1

2

3

M
ob

ili
ty

[◦ ]

×102 Roll

** **
**

Pitch

** **
**

Yaw

**
**

Mean

** **
*

To
rs

o
H

an
d

A
rm

1

2

3

Sp
ee

d
[◦ /

s] ** **
**

To
rs

o
H

an
d

A
rm

** **

To
rs

o
H

an
d

A
rm

** **

To
rs

o
H

an
d

A
rm

** **
*

×103

Figure 5.12 Mobility and speed of motion of the three body segments over their three degrees
of freedom and average value. The hand shows a higher dexterity compared to arm and torso.
(∗∗p < 0.01, ∗p < 0.05)

these common patterns appear like closely aggregated clusters with a short Euclidean
distance between data points (d̄ in Fig.5.11A). Contrarily, for Arm group we could not
identify a clear pattern, as a lower intra-group agreement was observed. The projection
of the three datasets on a 2-dimensional manifold using Principal Component Analysis
(PCA) confirmed the presence of two compact clusters for Torso group and Hand group,
and a larger one for Arm group (Fig.5.11B). We found a significantly higher distance
in the principal components data points for Arm group (d̄PCA

= 0.41 ± 0.075) than
both Hand (d̄PCH

= 0.15 ± 0.03, p < 0.01), and Torso groups (d̄PCT
= 0.06 ± 0.075,

pAT , pHT < 0.01) (Fig.5.11B,C).

Hand has the highest dexterity, torso has the lowest: the mobility and speed of
motion acquisition resulted in large differences between the considered body parts
(Fig.5.12).

For mobility evaluation, we considered the difference between the average maxi-
mum angle and average minimum angle reached during the five repetitions of the
movements (Fig.5.12A). For the roll and pitch cases, the mobility of the hand was
significantly higher than the others, followed by the arm in the roll case and by the
torso in the pitch case. In terms of yaw motion, the arm significantly outperformed
the remaining body parts. On average, the hand showed to have the largest mobility
(mobH = 141.6 ± 24.9◦), the arm scored second (mobA = 106.7 ± 20.4◦, pHA < 0.01)
and the torso last (mobT = 90.9± 14.5◦, pHT < 0.01, pAT = 0.013).
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ArmTake off
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Reflective Marker

Figure 5.13 Hardware validation scenario. (A) Crazyflie quadrotor with micro-camera for FPV
video streaming. (B) Participant instrumented with IMU for teleoperation (Hand interface). (C)
Segment of the trajectory of the drone using the three interfaces (Unity3D rendering).

For angular speed evaluation, we computed the difference between the average
maximum and average minimum angular speed during the five fast repetitions of
the movements (Fig.5.12B). The hand speed was always significantly higher. The
Hand group achieved the highest average speed (sH = 1121.3± 351.9◦/s), Arm group
followed (sA = 372.6 ± 111.9◦/s, pHA < 0.01), and Torso group was the slowest
(sT = 285.5± 72.3◦/s, pHT < 0.01, pAT = 0.019).

Hardware validation: we assessed the ability to transfer the teleoperation skills
acquired during the simulation to a real drone through a hardware test. We recruited
one more participant to control the flight of a quadrotor using each BoMI through a
path consisting of three obstacles for two runs (Fig.5.13). The quadrotor was controlled
through ROS from a ground control station to mimic fixed-wing dynamics and fly at
a constant speed of 0.3m/s. During the test, no obstacle collisions occurred. The
experiment showed that it is possible to transfer teleoperation skills for the considered
set of BoMIs to the teleoperation of a real drone.
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5.2.4 Conclusions

In this study, we compared spontaneous body motion strategies to control drones
[55, 116] with alternative motion strategies and quantified their intuitiveness in terms
of performance and user experience. Also, we found in our participants’ motion a set
of characteristics that correlate with these metrics and could provide a possible expla-
nation for our results. Here, we summarize our main findings.

Our performance test showed that basing the interface on different body segments
is a condition affecting significantly the users’ precision (Fig.5.9). Arm group was the
least precise, with a 77% higher error in hitting the waypoints. Torso group and Hand
group performed similarly in the initial stage of the experiment (Fig.5.9B), but while
the Torso group’s average error dropped by 20% with practice, the Hand group could
improve their performance by 54%, showing a better learning capacity (Fig.5.9C). This
result proves that spontaneous motion patterns provide sub-optimal interfaces that can
be outperformed by choosing the motion features heuristically. In summary, we show
that humans are not able to identify the best body segment to control a robot with their
body relying on their spontaneous motion.

The users’ responses to our feedback survey align with the performance test. 56% of
the subjects preferred the hand interface, 33% the torso ad only 11% the arm (Fig.5.10).
Specifically, users preferring the hand considered it more sensitive and precise, while
the torso was, on average, considered a more natural and immersive option. Interest-
ingly, two subjects preferred the arm interface despite the lower achieved performance.
Despite being the preferred option, some participants noticed that the hand-based HRI
could become tiring in the long term. These data show that the user’s feedback can be
a good predictor of performance and that the quality of a wearable interface is com-
plex to measure as it depends on a set of factors. People consider different aspects of
the teleoperation experience when choosing their preferred alternative: some focus on
performance and others on the sense of presence and immersion.

By studying the participants’ body motion, we provided two possible explanations
for the aforementioned findings. We first observed the motion of the three groups to
control the drone. While the Torso group and the Hand group moved in a very consis-
tent way, i.e., controlling the same degrees of freedom of the robot with similar body
gestures, for the Arm group it was not possible to identify a dominant motion pattern
(Fig.5.11). Compressing human-drone motion correlation data with PCA, torso and
hand users appear aggregated, while arm users presented a much higher variability
(583% compared to Torso group and by 173% compared to Hand group). This intra-
group inconsistency could be due to a higher difficulty for the participants to decide
how to move and translate in a lower interface’s effectiveness. This observation cor-
relates with the higher performance in the initial stage of teleoperation for the Torso
group and Hand group, but does not explain the higher learning effect observed in
hand users.

The second analysis is related to the motion capabilities of the various body segment
(Fig.5.12). The higher mobility for the hand segment is known from the literature
[120]. However, since a high variability in segment mobility has been observed in
terms of age and gender [121], we decided to measure it on our subjects. We showed

87



Chapter 5. Human Factors

that the hand’s available mobility was on average 33% larger than the arm and 56%
larger than the torso, and its angular speed almost three times higher than the arm
and almost four times higher than the torso. This higher dexterity might contribute to
the improved performance of the hand interface, and to the perceived responsiveness
when controlling the drone. Mobility analysis has already been proposed as a method
for BoMI implementation, but its use is limited to shoulder motion for rehabilitation
purposes [159].

In summary, we demonstrated that the observation of users’ spontaneous motion is
not sufficient to design optimal motion-based HRIs. Our heuristic solution based on
hand motion showed to achieve lower errors during teleoperation and better user feed-
back, while a second one based on arm motion provided poorer results. Nonetheless,
selecting features based on spontaneous motion could help to develop more immersive
interfaces. Our experiments suggest that the evaluation of additional variables, such
as biomechanical (segment mobility) and behavioral (intra-group agreement) aspects
could be additional predictors of the intuitiveness of an interface, and thus facilitate its
design.

Finally, we extended our previous framework to generate a personalized BoMI using
only an IMU, freeing ourselves from using a motion capture system. This extension al-
lows naive and expert users to teleoperate a fixed-wing drone with their preferred body
motion in a matter of minutes. The method has been tested extensively in simulation
and qualitatively in hardware, to assess the skill transferability to the teleoperation of
a real drone (Fig.5.13).

Our research opens several interesting future investigations. First, this study is lim-
ited to a single robotic morphology and a single task: users’ performance and feedback
might change when controlling different robots. Also, research shows that humans
tend to employ motion synergies rather than single-limb movements to achieve func-
tional motion [110]. Allowing the control of robots through gestures involving multiple
body segments could unveil new insights into the effects of synergistic motion over HRI
intuitiveness.

In this paper, we describe new insights concerning the effectiveness of data-driven
approaches for the implementation of BoMIs for telerobotics. We show that commonly
adopted methods, based on the observation of users’ preferred motion patterns, might
lead to sub-optimal results for the teleoperation of mobile robots, such as fixed-wing
drones. By identifying possible alternative biomechanical and behavioral elements cor-
related to the HRI performance, our work represents a step towards a better under-
standing of the human factors affecting the efficiency of wearable telerobotic interfaces
and could facilitate their implementation for future applications.
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6Line of Sight Teleoperation

"Non usare cannoni per uccidere zanzare."

Confucius, circa 500 BC (Silvestro Micera, 2018)

As seen in the last chapter, a change in the point of view in teleoperation can significantly
impact the user’s perception, sense of presence and spontaneous motion when interfacing
with a telerobotic system. In this chapter, we shift the teleoperation paradigm from 1PV to
3PV (Line of Sight or LoS) and we consider the control of two different robotic systems: a
quadrotor and a swarm of quadrotors. In the first study, we proposed a BoMI consisting
of a haptic glove with vibration feedback and evaluated its effectiveness. In the second one,
we first found the hands to be the most relevant body segment for swarm control in 3PV,
and we extended our mapping generation framework to allow the personalized control of
a swarm through hand motion.

Publication Note: The work presented in this chapter is adapted from:

Macchini, Matteo, et al. "Hand-worn Haptic Interface for Drone Teleoperation", 2020
IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2020.

Supplementary video: https://www.youtube.com/watch?v=oIBJCImn4jw

and from:

M. Macchini, L. De Matteïs, F. Schiano and D. Floreano, "Personalized Human-
Swarm Interaction through Hand Motion", in IEEE Robotics and Automation Letters,
SUBMITTED

Supplementary video: https://youtu.be/xE8yH2j1BsE

https://www.youtube.com/watch?v=oIBJCImn4jw
https://youtu.be/xE8yH2j1BsE


Chapter 6. Line of Sight Teleoperation

6.1 Hand-Worn Haptic Interface

Motion-based systems have already been successfully implemented and demonstrated
to be superior to remote controllers for aerial robots. Haptic feedback has also been
employed both to increase operational performance and represent air pressure dur-
ing flight for enhanced immersion [157, 160]. Several solutions have been proposed,
mainly based on a set of discrete gestures to control the flight of a quadrotor in the
user’s line of sight (LOS). A BoMI based on pointing gestures for drone teleoperation
has shown comparable performance with respect to joysticks for landing maneuvers
[161]. However, this work is limited to a motion on a plane, and cannot thus cope
with 3D trajectories. Hand-worn interfaces have also been considered for the control
of quadrotor teams, both based on muscular activity and, recently in a pioneering work
on motion [162, 163]. Additionally, Tsykunov et al., in [164, 165], used vibrotactile
feedback on the user’s hand to represent the drone swarm behaviour. This approach,
though, includes autonomous obstacle avoidance on a 2D surface, through a motion
capture system, making the user passive towards this task. The use of vibrating tactors
has also been proposed for drone obstacle avoidance in 2D, in a simulated environment
[166].

Despite the recent scientific and industrial interest for motion-based interfaces and
haptic feedback for the control of aerial robots, a study of the real usability of such
systems in real-world cases is still lacking. To fill this gap, we present a systematic
approach to provide more insights on how effective is controlling a drone through
hand motion and the role of haptics in augmenting the performance in particular tasks,
which are fundamental in several scenarios such as search-and-rescue or inspection
[167, 168, 169].

In this paper, we first investigate the effects of a paradigm shift for robot teleopera-
tion consisting of mapping the position of the user’s hand into a position command for
the robot, as in 6.1. Towards this goal, we developed a wearable interface based on a
haptic data glove. We want not only to inform the user about the state of the drone but
augment their exteroceptive capabilities with haptic cues to allow a finer and safer op-
eration of the robot. Generally, none of the above solutions can collect environmental
information from onboard sensors. Instead, we equipped the drone with six distance
sensors to allow onboard obstacle detection. This makes our system a viable solution
for ’non-trivial’ environments (e.g., inside buildings, in urban canyons) where central-
ized sensing facilities, such as GNSS, are not available, and the robots can only rely on
local sensors.

Finally, through user studies, we evaluated the human learning capabilities for the
developed wearable HRI first without the haptic feedback, and, subsequently, with the
haptic feedback to test its effectiveness in a navigation task in cluttered environments.
To our knowledge, our solution proposes the first haptic device capable of representing
the presence of obstacles in the three dimensions on the same wearable system used
for teleoperation, and at the same time, the first approach based on onboard sensing.
We validated our ideas with both simulation and experiments with real quadrotors.
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Figure 6.1 System Setup. A user controls the motion of a quadcopter through the proposed wear-
able haptic interface.

6.1.1 Design of the Haptic Glove

In this section, we present the proposed human-robot interface, focusing on three main
parts: the motion-based controller allowing the user to control a drone in simulation
by hand motion, the wearable haptic device used to represent the presence of obstacles
through vibrotactile feedback, and the implementation on a real quadrotor.

Motion-based controller: the first part of our implementation consists of a wearable
interface used to control a quadrotor remotely. The 3D position of the operator’s hand is
tracked with a motion capture system (MoCap)*. The MoCap streams the hand position
at a rate of 120Hz to a drone simulator implemented in Unity3D. The simulator is
based on a third-party model† which reproduces the dynamics of a quadrotor and the
corresponding attitude control system. A PID controller was used to control the position
of the robot. The simulation environment was designed to reproduce the MoCap room
appearance and size. The goal position is set to correspond to the hand position, with
a scaling factor of 8, chosen to match the user’s arm reachable space with the size of
the room. We included a clutch mechanism to activate and deactivate the interface.
The interface is activated by pressing the left button of a mouse, and the drone will
move according to the user’s hand position. Releasing the button will allow the user to
move freely without affecting the drone motion. At the start of the simulation, the goal
position is reset to the drone’s initial location.

Wearable haptic device: the second component of the presented solution is a haptic
glove, capable of streaming to the user information about the environment surrounding
the robot. The glove embeds six tactors, corresponding to each axis of motion of the
quadrotor (up-down, left-right, front-back), placed as in 6.2. This configuration allows
for omnidirectional coverage. Each tactor is implemented using a vibrating motor,
installed on the external surface of a fabric glove. We programmed a BeagleBone Green
Wireless board to interface with an H-bridge driver to regulate the vibration of the six

*https://optitrack.com/
†Berkeley drone simulator GitHub: https://github.com/UAVs-at-Berkeley/UnityDroneSim

91

https://optitrack.com/
https://github.com/UAVs-at-Berkeley/UnityDroneSim


Chapter 6. Line of Sight Teleoperation

tactors as in 6.3 (left). When the quadrotor is located near an obstacle, the tactor
installed on the corresponding direction will vibrate with an intensity proportional to
the obstacle’s proximity. We can express the vibration intensity i as i = MT/d where
M is the maximum possible intensity, T an arbitrary threshold, set to 0.5m, and d
the obstacle distance. To estimate the distances, we implemented in the simulator
a model of an omnidirectional laser sensor, installed on the drone, reproducing the
characteristics of a commercial device‡.

Figure 6.2 Location of tactors on the upper (left) and lower (right) side of the wearable teleoper-
ation interface.

Figure 6.3 Wearable interface with hardware control device (left) and CrazyFlie 2.1 equipped with
proximity sensors (right).

Hardware Implementation: as a final step, we implemented the wearable interface
on a real quadrotor to test its real-world capabilities. The platform of choice was the
centimeter-scale Crazyflie 2.1 drone [170]. This quadrotor is well suited for testing the
newly designed interface, for its robustness and simplicity of deployment. Moreover,

‡Crazyflie multiranger deck: https://www.bitcraze.io/multi-ranger-deck/
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being small-sized and lightweight, these platforms are indicated for indoor flight in
limited space, such as a Motion Tracking Hall. The Crazyflie platform supports a set of
expansion decks, designed for different use. For this paper, we equipped the drone with
two different decks, the multi-ranger deck, and the Z-ranger deck, providing proximity
measurements on the three axes. For all these reasons, and because it comes with open
source software and hardware, this platform recently gained much attention among
researchers [171, 172]. It is shown in 6.3 (right). The selected sensors are the same
that we modeled in the simulator, as described in the previous section. The quadrotor
receives control commands from a ground station on a dedicated radio channel through
the manufacturer’s official radio interface. The radio communication provides position
setpoints to the drone and receives its state and sensor information. The drone position
is tracked through an Optitrack motion capture system and controlled through a PID
controller. We used the Crazyswarm library to implement the control system through
ROS [173].

6.1.2 Results

In this section, we summarize the experimental protocols and results obtained through
our study§. We conducted both extensive user tests in simulation and qualitative ones in
hardware. We always show results for the simulation phase in the top row and results
from the hardware implementation in the bottom of the figures. All the performed
experiments consist of a statistical analysis of the impact of using the proposed interface
on human subjects compared with the use of a standard remote controller . We consider
3 experimental conditions, corresponding to the use of 3 different interfaces:

• A standard remote controller (hereafter “R”)

• The wearable interface without haptic feedback
(hereafter “W”)

• The wearable interface with haptic feedback
(hereafter “H”)

We employed the Kruskal-Wallis test to assess the significance of our results (T-test)
and the Levene test to assess the variances equality (F-test) [134, 158]. Statistical
significance was tested only on the simulation results due to the limited number of
participants who took part in the hardware experiment. First, we tested the users’
perception of the haptics component of the interface. In a second step, we evaluated
the subject’s learning capabilities of the motion-based interface. Later, we proposed a
practical case to appreciate the effectiveness of the haptic interface. It is important to
remark that many participants had prior experience using remote controllers (7.28/10±
2.24), while all of them tested our wearable system for the first time.

§The experiments were approved by the École Polytechnique Fédérale de Lausanne Human Research
Ethics Committee.
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6.1.2.1 Validation of the Wearable System

Validation of the haptic glove: The validation for the design of the haptic glove
consisted of two different experiments. The first experiment was performed to deter-
mine the mean response time of different subjects to a vibration stimulus. 5 subjects
took part in the experiment. As they were wearing the tactile glove, a vibrating pulse
was randomly sent to one of the 6 different motors. The subjects were asked to press
the spacebar key on a computer whenever they felt the pulse. The response time was
recorded, and this entire process was repeated 20 times per subject, recording their re-
sponse time. After each pulse, the system randomly waited between 6 and 12 seconds
to send the next one.

In a second step, we validated the tactors placement. First, a sample of all the 6
directional pulses was applied sequentially for 1 second to introduce the subjects to
all the different options. During this part, the subjects were informed about the pulse
direction. After, a pulse was randomly sent to one of the six motors for a given amount
of time, corresponding to the observed average response time. After each impulse, the
subjects were asked to say which direction they thought the pulse was coming from. 5
subjects experimented 20 pseudo-random pulses.

Haptic cues are easy to decode for operators: In the first phase of this experiment,
we identified an average response time of 0.45 ± 0.086s. The accuracy of the subjects’
perception is summarized in the confusion matrix in 6.1. Overall, 98% of the tactile
cues were correctly decoded.

back front left right up down
back 100 0 0 0 0 0
front 0 100 0 0 0 0
left 0 0 100 0 0 0
right 0 0 0 100 0 0
up 0 4.76 0 4.76 90.48 0
down 0 0 0 0 0 100

Table 6.1 Confusion matrix for the recognition of the haptic cues. Participants were able to
distinguish different directions with an overall success rate of 98%.

Learning the motion-based interface (simulation): 9 participants were recruited
to perform the learning experiment. We tested condition R vs W. The experiment con-
sisted of the repetition of a navigation task where the participants controlled a simu-
lated drone through a path composed of six gates, shown in 6.4. The subjects were
asked to navigate the quadrotor in simulation through the path five times for two runs,
for a total of ten repetitions. Four subjects started with the remote and the remain-
ing ones with the wearable device in a pseudo-random fashion, in order to balance
out possible biasing effects. After five runs, we let them use the second interface. All
subjects wore a Head-Mounted Display (HMD) and performed the task in a 3D virtual
environment to make the experiment more similar to a real teleoperation experience.
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We collected subjective feedback to estimate the perceived workload during the ex-
periment, through the NASA-TLX test [174], after the first and last run of each trial.
Moreover, participants were asked to fill a subjective feedback questionnaire, as in 6.2.
We considered three metrics to evaluate the teleoperation success: time of completion,
travelled distance, and number of collisions.

Figure 6.4 Simulation environment for the learning task. In the figure the user’s hand position,
the drone and the path composed of 6 obstacles are shown.

6.1.2.2 Validation of the Motion-Based Paradigm

Learning the motion-based interface (hardware): 4 subjects controlled the flight
of a quadrotor through six gates in the MoCap room, in a setup similar to 6.4, in order
to qualitatively validate the results obtained in simulation. The quadrotor commands
were set to reproduce the hand motion with a scaling factor of 6 to prevent instabilities.
We run our experiments on a Bitcraze Crazyflie 2.1 quadrotor. During the experiments,
we approximated the quadrotor dynamics with the ones of a point-mass (as often done
in the literature [175]).
Wearable interface shows promising results compared to a remote controller: 6.5
shows experimental results. In simulation, during the first run, Group W presented
a smaller time variance (p < 0.01) than Group R. During the last run, performance
is comparable between the two interfaces, but while Group W shows no significant
improvements, Group R performed significantly better (p = 0.047) from the first run.
We can see a substantial difference in remote users with training, while wearable users
can perform in less time from the start. Also, the traveled distance shows substantial
differences: in the first attempt, Group W traveled over shorter paths (p < 0.01) than
Group R, saving on average 33% of travelling distance. Similarly, remote users had to
get used to the interface to improve their performance from the first to the last attempt
(p < 0.01). Finally, Group W incurred in fewer environment collisions (52 vs 35). This
can be due to the more natural control interface, similar to a common manipulation
task. Time and distance metrics do not show a significant difference in the hardware
scenario. Nonetheless, wearable interface users collided with the obstacles fewer times,
showing improved control over the drone trajectory.
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In 6.6, we show the responses to the feedback questionnaire. After the first run, the
population’s opinion on the ease of use was equally spread between remote and motion-
based interface. At the end of the experiment, instead, 78% of the participants (7 out
of 9) declared to find the motion-based interface easier. Moreover, 8 of them declared
to prefer the proposed interface over a standard remote. The NASA-TLX test shows
significant differences results for questions 1 and 2, respectively, relative to mental
and physical workload. Participants found significantly more mentally demanding the
use of a remote both for the first (p = 0.033) and the last (p = 0.019) run, and the
wearable system more tiring (p = 0.040) only in the first run. In hardware, the feedback
responses are coherent, even if obtained from a smaller subject pool. To the individual
feedback question QL 4, six participants declared to prefer the wearable system due to
its intuitiveness, in terms of faster operation confidence and less time spent thinking
about “how to use it”. Also, three subjects defined it as a more engaging solution.
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Figure 6.5 Time, distance, and collisions for Experiments II-III, for remote users (R) and wearable
interface users (W), runs 1 (R1,W1) and 5 (R5,W5). In simulation, results show a significant
improvement in time for Group R, which is not present for Group W, demonstrating the faster
performance of Group W from the first run. Group W also showed a significantly reduced traveling
distance in the first run and fewer overall collisions. In hardware, results are less evident for the
first two metrics, while the collision number is consistent. (*p < 0.05, **p < 0.01,++ p < 0.01 for
F-Test)

QL 1 Which interface was easier to use in the FIRST run?
QL 2 Which interface was easier to use in the LAST run?
QL 3 Which interface did you prefer?
QL 4 Why?

Table 6.2 Subjective feedback form for Experiments II-III
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Figure 6.6 Subjective survey (QL 1-2-3) and NASA-TLX (QN) test response for Experiments II-III.
Most participants found the proposed solution easier to use after training and preferred it over the
remote in both cases. Moreover, they found the use of a remote controller more mentally demanding
during the whole test and the wearable interface more tiring only in the first run in simulation.
(*p < 0.05)

6.1.2.3 Validation of the Haptic Function

Haptic navigation test (simulation): 9 participants were recruited to test the effec-
tiveness of the haptics in augmenting the user’s perception of the environment. We
specifically wanted to address and correct depth perception errors [176], commonly
affecting teleoperation [177]. We consider condition R vs W vs H. Instead of operating
the drone through a path, the participant was asked to perform three specific tasks
depicted in 6.7. Task 1 consists of approaching a flat object, placed in front of the
user, as much as possible without colliding with it. We chose this scenario because it is
particularly hard for an observer to accurately estimate the distance from a featureless
object in front of them. Nonetheless, ordinary tasks such as inspection and navigation
in confined environments require to approach walls to examine them while prevent-
ing collisions [167]. Task 2 and 3 consist, respectively, of going through a lateral or
vertical opening, placed perpendicularly to the user’s sight. Shadows rendering was de-
activated in the simulator for this stage, as they can improve a user’s perception skills
[178]. This is a plausible assumption: during teleoperation, illumination conditions
and altitude can affect or cancel shadows from the sight. The choice of this task is also
related to the common case in which an operator is required to steer a drone through
an opening, which is in LoS (e.g., passage through a window or a door). The first
device to be used was chosen in a pseudo-random fashion. Each subject was allowed
to train for one minute for each task. After training, they performed each task five
times consecutively. At the end of each task, each participant filled the NASA-TLX test.
Moreover, participants were asked to fill a subjective feedback questionnaire consisting

97



Chapter 6. Line of Sight Teleoperation

of 4 questions, as in 6.3.

Figure 6.7 Simulation environment for the haptics task. In the figure the three different experi-
mental conditions are shown (Task 1: approach a wall in front of the user, Task 2: go through a
lateral passage and Task 3: go through a vertical passage).

V - Haptic navigation test (hardware): Similarly to experiment III, 4 new subjects
were asked to control the drone in a real-world implementation of the three scenarios
depicted in 6.7. Here, only conditions R and H were tested.
Haptic feedback improves performance in the given tasks: 6.8 illustrates the num-
ber of collisions that occurred with the environment during the three phases of the
experiment. In each task, participants using the proposed interface had less than half
the accidents of remote users (p = 0.036 in Task 1, p < 0.01 in Tasks 2,3). In the
real-world test, results are coherent with what seen in simulation. In 6.10, we show
the approach distance to the front obstacle and crossing point during the tests. 6.10
(left) summarizes the average wall distance for the three cases. Here, Group H outper-
formed Groups R and W and could reach a closer position to the wall while preventing
collisions (pRH = 0.035). 6.10 (center, right) illustrates the distribution of the drone
position while crossing the lateral and vertical gates, respectively. Independently from
the success rate, the use of the glove (Groups W and H) provided a smaller variance
both in simulation (pRW , pRH < 0.01) and hardware on the X-axis, corresponding to
the frontal facing orientation of the participant. In 6.11, we show the responses to the
final feedback questionnaire. Most of the participants agreed on the superiority of the
haptic interface for the three tasks, and all participants preferred this solution over the
remote. The effectiveness of the haptic feedback was given a score of 8.7/10 in simu-
lation and 9.7/10 in hardware. Here, the NASA-TLX test showed significant differences
results for questions 1, 4, and 5, respectively relative to mental workload, perceived
success in the task, and feeling of insecurity and stress. Participants found the test less
mentally demanding, perceived to have achieved better results on average, and felt
less stressed and insecure (pRW , pRH < 0.01). During the hardware test, the responses
to our feedback survey were coherent with the ones obtained in simulation. The fi-
nal individual feedback question QH 4 showed results similar to QL 4. Four subjects
mentioned the intuitiveness and engaging appeal of the haptic device. Nearly everyone
(11/13 subjects) felt that the proposed device strongly aided their depth perception.
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Figure 6.8 Collisions per subject during the haptics test (Experiment IV-V), for Groups R,W and
H. Results show a clear advantage in the adoption of vibrotactile feedback (Group H) for obstacle
avoidance, reducing the number of collisions by more than 50% overall. These results are consistent
in the hardware experiment. (*p < 0.05, **p < 0.01)

QH 1 Which interface was easier to use for the task?
QH 2 Which interface did you prefer?
QH 3 How useful was the haptic inteface?
QH 4 Why?

Table 6.3 Subjective feedback form for Experiments IV-V

6.1.3 Conclusions

This work presents a systematic approach used to investigate the viability of controlling
a drone with a haptic-enabled data glove with respect to a canonical user interface, such
as remote controllers. The motion-based interface allows a natural control over the
robot’s trajectory, and the tactile feedback conveys information about the environment
surrounding the drone. This choice is finalized to provide an augmented sensory stream
to the operator and allow them to efficiently avoid obstacles during flight, preventing
the need for an automatic collision avoidance system. The haptic glove was designed,
implemented, and evaluated in three subsequent steps. First, the haptic feedback was
tested. It was shown that users can accurately (98% of the times) identify the cue di-
rection on their hand thanks to the placement of six tactors in strategical positions of
the glove. Subsequently, we investigated the learning ability of users approaching for
the first time this system. We realized that, in a simulated environment, this interface
can outperform a standard remote, providing a shorter time for completing a mission,
a lower traveled distance, and fewer occurred collisions. This, despite the fact that
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Figure 6.9 Distances from the front obstacle for Task 1 and crossing position for Tasks 2 and 3.
Group H was able to approach the wall more closely on average. The distribution of the crossing
location shows a significantly lower variance on the axis of visual restriction. Results are consistent
in both simulation and hardware tests.
(*p < 0.05,++ p < 0.01 for F-Test)

most users had prior experience in the use of remote controller, and no training with
the proposed one. Finally, we let participants test the haptic feedback function in three
different simulated tasks, where the drone was set to fly close to obstacles and in con-
fined spaces. The experiment demonstrated that adding haptic information to simple
visual feedback in LoS significantly improves the success of such missions, making the
user able to fly in closer proximity with obstacles without colliding with them.

Once the design of the glove was validated and tested in simulation, it could be
tested in a real environment. We reproduced our experiments in a MoCap room with
an additional set of participants and observed that the wearable interface can be a
viable substitution to a remote for the teleoperation of a real drone. In this case,
the augmented feedback from the haptic device showed convincing improvements also
when working on the real quadrotor. Participants stated in a subjective feedback survey
that they found the proposed interface more intuitive and easy to learn, more engaging,
and that it improved their perception of depth through haptics.

This work is a first step towards the design and implementation of motion-based,
haptic-enabled HRIs, and it opens to important questions towards exciting future di-
rections. First, validating our system on a larger pool of subjects would surely be
beneficial to provide greater insight of its effectiveness. We are currently working to
integrate our system and making it smaller to be easily worn by users. Also, our clutch
mechanism was perceived as nonintuitive by some participants in the initial stage. One
way to free the users from using a clutch system would be to switch from mapping the
hand pose from position to velocity drone commands. The human-robot mapping, as
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Figure 6.10 Distances from the front obstacle for Task 1 and crossing position for Tasks 2 and 3.
Group H was able to approach the wall more closely on average. The distribution of the crossing
location shows a significantly lower variance on the axis of visual restriction. Results are consistent
in both simulation and hardware tests.
(*p < 0.05,++ p < 0.01 for F-Test)

it is implemented at the moment, is a simple scaling of the hand position. It could be
improved to data-driven mappings, as in [44] to help the users to learn it faster. More-
over, to allow the deployment of our system in environments in which a MoCap is not
available, the use of wearable sensors to track hand motion should be investigated.
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Figure 6.11 Subjective survey (QH 1-2) and NASA-TLX (QN) responses for Experiments IV-V.
Participants consistently preferred the haptic interface, and found it less mentally demanding, per-
ceived to have achieved better results and felt less stressed and insecure with respect to an interface
not providing tactile cues. (*p < 0.05, **p < 0.01)

6.2 Control of Robotic Swarms

Recent advancements in robotic swarms and collective behavior are opening to new
perspectives in many fields, such as collective transportation, surveillance, and map-
ping [179, 180]. However, despite the concrete advantages of human capabilities with
respect to autonomous navigation algorithms, no standard interfaces exist to date for
such systems, and letting humans intervene on their behavior is still a challenge. In
this work, we study the spontaneous motion patterns arising for naive users for human-
swarm interaction, and leverage this knowledge to design and validate a machine learn-
ing algorithm capable of generating personalized human-swarm interfaces based on a
user’s preferred motion strategy.

For few decades, drones have attracted much attention both from researchers and
industrial players [181]. These robots achieved stunning levels of autonomy [182,
183] and we are now witnessing an effort in scaling the autonomy of single-drone
systems to the so-called aerial swarms [184, 185, 186]. Indeed, groups of drones
could unlock applications that are too complex, time-consuming, or even impossible
for a single drone (e.g., collective transportation [187]). However, a drone swarm, like
other robotic entities, can still benefit from the high-level teleoperation and decision-
making of a human operator. Different solutions allowed the user to control a single
robot through hands, torso, or full-body motion [125, 157, 37]. Recent work is dealing
with the implementation of novel paradigms for swarm control [188, 189, 190]. In
particular, we believe that the use of BoMIs for the operation of drone swarms is only
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at its dawn.

In this study, we propose a motion-based HRI to control of a drone swarm, which
allows the user to both define their preferred strategy and choose between position
and velocity control based on a calibration procedure. The calibration consists of a
physical demonstration of the preferred motion patterns used to control each Degree
of Freedom (DoF) of the swarm (Fig. 6.12). Briefly, we first observed the spontaneous
motion patterns of participants when interacting with the swarm. After reducing the
sensor coverage to the user’s hands, since we found it to be the most relevant body
segment for the task, we run a second experiment to assess their motion variability. As
hand movements varied from subject to subject and correlated partly with the robots’
positions and partly with their velocity, we decided to let this option free. Therefore, we
extended our framework to define the control methodology (i.e., position or velocity)
from the subject’s motion demonstration [116]. Finally, we evaluated our system in a
teleoperation task in a simulation with a swarm with 4 drones.

6.2.1 Experimental Setup and Method Validation

For the preliminary experimental stage, N=20 human subjects were recruited to par-
ticipate in 2 experimental sessions. Informed consent was obtained from everyone
before the experiment and the study was conducted while adhering to standard ethical
principles¶. The results of our studies consist of statistical analysis and observations
of human factors in human-robot interaction activities, mainly the participant’s body
motion. Due to the limited number of subjects per condition, we chose non-parametric
methods to assess the significance of our results: we used the Kruskal-Wallis test to
assess the equality of the medians of different groups [134].

6.2.1.1 Identification of Spontaneous Interaction Patterns

We implemented a swarm simulator, based on an existing quadrotor model||. We con-
figured the swarm to move according to a list of predefined maneuvers. A master drone
is controlled by the algorithm (or the operator), while the collective behavior of the
slave agents is based on the Reynolds’ algorithm [191, 192]. This potential-field based
control algorithm consists of three rules: 1) a repulsive separation term to steer nearby
drones away from each other, 2) a cohesion term to keep the drones close to each other,
and 3) an alignment term that aligns the velocity vector of the agents. The respective

¶The experiments were approved by the Human Research Ethics Committee of the École Polytechnique
Fédérale de Lausanne.

||https://github.com/UAVs-at-Berkeley/UnityDroneSim
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Figure 6.12 Experimental scenario for the identification of spontaneous motion patterns for aerial
swarm teleoperation. The user sees a set of predefined actions performed autonomously by the
robotic swarm in a simulated environment (in the figure: left motion, the blue dot is used as
reference). The user moves as if they were controlling the motion of the drones and their body
movements are tracked.

acceleration terms for cohesion, separation, and alignment can be formalized as:

ai = acohi + asepi + aalii

acohi = kcoh
1
|Ai|

∑
j∈Ai

rij

asepi = ksep
1
|Ai|

∑
j∈Ai

−rij
||rij ||

aalii = kali
1
|Ai|

∑
j∈Ai

vi − vj

where Ai represents the set of neighbors of the i-th agent, rij denotes the relative
distance between of the j-th and the i-th agent, and vi and vj are the velocities of the
i-th and the j-th agents, respectively.

The swarm was visualized in third-person view through a Head-Mounted Display
(HMD) and performed 8 distinct maneuvers: right-left motion, up-down motion, front-
back motion, and expansion-contraction, for a total of 4 DoF. We showed the simulation
to N=10 subjects and asked them to move as they were controlling the drone swarm
with their body motion. We used a motion capture system** to track the kinematics of
the user’s upper body during the experiment (Fig.6.12). The human upper body was
modeled as a kinematic chain consisting of 9 rigid bodies interconnected by spherical
joints.

**https://optitrack.com
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Figure 6.13 Results of the spontaneous motion acquisition experiment. The total motion of the
center of mass of the different body segments shows a preponderant use of hands and forearms.
The color code represents the statistical significance of equality of medians in the distributions.

6.2.1.2 Relevance of Hand Motion in Human-Swarm Interaction

We studied the participants’ motion to identify the body segments which are most rel-
evant for the task. To do so, we analyzed the total displacement of the different body
segments. We found that higher displacement was associated with forearms and hands
positions than with the rest of the upper body segments, demonstrating that users
spontaneously prefer to use their hand motion to control the swarm (Fig.6.13). Specif-
ically, most of the participants mimicked the motion of the drone using one or both
hands, resulting in high displacement values for the right (2.34± 1.47m) and left hand
(1.31± 1.10m). Consequently, we observed that the forearms moved on average more
than the rest of the body: both the right (1.67±1.03m) and the left one (0.68±0.41m).
The unbalance between right and left body segments is due to most of the participants
being right-handed. We discovered that the displacement of these 4 body segments
was significantly higher than the motion of the torso and shoulders (all below 0.3m on
average, p < 0.01). Also, hand motion was higher than upper arms motion, at a less
significant level (0.05 > p > 0.01).

Acquisition of hand motion: according to this result, we decided to track only the
hands of the users and we used as an acquisition system the LEAP Motion controller††.
With this choice we moved to a more portable solution and added finger tracking. The
LEAP Motion controller models the human hand as a kinematic chain composed of 21

††https://www.ultraleap.com/product/leap-motion-controller/
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rigid bodies, 1 for the palm and 4 for each finger, and provides their poses (positions
and rotations). As we observed the participants mainly used hand motion, (Fig.6.13),
we decided to retain the positions of palms and fingertips relative to the palm, for a
total of 6 rigid bodies per hand. We computed the relative positions of the fingers as
follows:

p′F = qP (pF − pP )

Where qP is the quaternion describing the rotation of the palm, pP the position of the
palm, and pF the position of the finger’s bone in the LEAP Motion’s frame. The original
position pF is replaced by the new position p′F . Additionally, we included a grasp factor
to account for this common motion synergy. It was represented as:

g =
∑5
i=1

∑5
j=i+1 rFij

10
where rFij is the distance between the tip of the i-th and the j-th finger of the hand. In
total, we acquire 22 kinematic variables for each hand consisting of the 3D coordinates
of palm and fingertips, the 3D rotation of the palm, and the grasp factor. Fingertip
rotations were removed from our variable set as they highly correlate to their positions.

6.2.1.3 Variability of Hand Motion in Human-Swarm Interaction

in presence of high agreement between the spontaneous motion of a population, it is
possible to derive general interfaces that would fit all users. We assessed the similarity
of spontaneous hand motion among a set of users, to quantify the need for a person-
alized interface. We asked 10 subjects to perform the same task as in the previous
experiment, this time acquiring hand motion data from the LEAP Motion Controller.

We computed for each kinematic variable the Pearson’s correlation coefficient α with
respect to the swarm command, separately for each maneuver:

αij = cov(Xi, Yj)
σXiσYj

where cov is the covariance of the i-th kinematic variable with the j-th robot maneuver,
and σ their standard deviation. We normalized the correlation values on the features so
that

∑i αij = 1. In the case of velocity control, however, the participant’s motion does
not correlate with the swarm position (which we acquire as swarm action) but with its
velocity. For this reason, the Pearson’s α coefficient was computed also between the
swarm actions and the integral of the kinematic variables.

We found that, for each maneuver, the body segment mostly correlated with the
robot motion was different for most subjects (Fig.6.14). We retained body segments for
which the correlation was at least 90% of the maximally correlated one, showing a high
variability. Our data show that while some subjects spontaneously moved according to
the position of the swarm, others tended to move their hands according to its velocity.

We identified 4 common motion patterns: right hand position control for the control
of the 3D position of the drone, and right hand grasp for contraction/expansion. In
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P - Position
R - Rotation
Fn - n-th finger
G - Grasp
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C 

Figure 6.14 Variability of the observed motion strategies across experimental subjects. (A) Kine-
matic variables with the highest correlation between human and robot motion. Additional ones
are added for a subject if their correlation score is at least 90% of the first. Most subjects display
individual motion traits, while only three of them (subj 3,4,5) show a full agreement. (B) Example
of motion strategies for the different DoF of the swarm, front motion. From left to right, double-
handed velocity control through palm rotation, double-handed position control through palm po-
sition, single-handed position control through palm position. (C) Example of motion strategies for
the different DoF of the swarm, expansion of the swarm. From left to right, double-handed velocity
control through palm proximity, single-handed position control through grasp synergy, asymmetric
double-handed position control through palm proximity - asymmetric.

total, only 30% of the participants agreed in using these patterns, while the others pre-
sented individual variants. Specifically, for front/back motion, 70% of the participants
implemented a position control, 60% using the position of the right hand and one using
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both hands, and 30% a velocity control, 10% using the position of the right hand and
the others using the rotation of right or left hand. We refer the reader to Fig.6.14A for
more details on the remaining DoFs.

Based on these results, we decided to implement personalized HRIs for each user
and to allow them to choose with their motion between position and velocity control
for each degree of freedom of the robot.

6.2.2 Framework Adaptation

The framework used to create the personalized HRIs is based on our previous work
[116]. The framework has been extended to accept inputs from the LEAP Motion con-
troller and modified to allow both position and velocity control. Here, we summarize
the main algorithmic steps, pointing out the novelties introduced for this study.

Data acquisition and preprocessing: a first extension of our previous implemen-
tation is the acquisition of data from a new device and the definition of a new list of
kinematic variables based on human hand biomechanics. The simulation environment
and the data acquired during the imitation phase are described in Sec. 6.2.1. Data
are collected while the subject imitates the swarm motion with their hand movements
and preprocessed to obtain the relative fingertip position and the grasp coefficient. We
compute the integral throughout the imitation phase and add it to the hand motion
dataset. The integral values are reset at the beginning of each new maneuver to pre-
vent minor displacements from being accumulated over time and affect the dataset.
Since we consider a miscellaneous set of 3D coordinates and angular data, for which
normalization is essential, all the motion variables were normalized to zero mean and
unit variance.

Feature selection: in order to regularize the regression step, we reduce the dimen-
sionality of the dataset by extracting the most informative kinematic variables. We rank
the variables based on a quality factor and select the most informative ones based on
a threshold. Let Xi be the i − th kinematic variable, and Yj be the j − th degree of
freedom of the robot. The quality factor of Xi with respect to Yj is given by:

λij = αij × SNRki

Where αij is the Pearson’ correlation coefficient computed between Xi and Yj , and
SNRi the signal-to-noise ratio of the kinematic variable Xi. k is a coefficient used to
compensate the lower SNR associated with the integral terms, which are inherently
low-passed. We set k = 2.

We noticed that the number of variables selected changed substantially depending
on the user’s motion strategy. As this aspect made selecting an optimal threshold more
challenging, we modified the algorithm pipeline to select a reduced set of variables for
each of the robot’s DoF (motion on the x, y, and z axes, expansion/contraction). We
normalized the λ values to have

∑
i λij = 1, and ranked the variables based on the asso-

ciated λij . Subsequently, we choose the M first variables, so that
∑

1<i<M λij ≥ τ , and
set the threshold τ = 0.7. This modification makes the feature selection process more
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Figure 6.15 Experimental protocol for the qualification of the personalized HRI definition method.
(A) Imitation task: the user’s spontaneous interaction strategy is recorded and processed to imple-
ment a personalized interface. (B) Teleoperation task: the user controls the drone swarm through
their personalized interface.

interpretable and meaningful for human supervision and provides a lower-dimensional
set of variables for each DOF, simplifying the regression step.

Regression: we finally train a linear model to define the mapping function between
the user’s motion and the robot’s actions. We use ridge regression with BIC-optimized
ridge parameter to maximize the model’s fit to the data while preventing overfitting
[193, 194]. This improvement, together with the previously described separation of
the feature selection for each DOF, allowed us to remove the regularization step in the
original algorithm based on CCA and simplify our pipeline.

6.2.3 Experimental Results

We recruited 10 participants to validate the effectiveness of the proposed method aimed
at creating personalized HRIs for hand motion based swarm teleoperation. The experi-
ments consisted of 2 phases. The first one was an imitation task, necessary for the user
to show their preferred body motion to control the robot, and the second was the real
teleoperation task (Fig. 6.15). In the first phase, we showed the same maneuvers de-
scribed in Sec. 6.2.1 to the user through an HMD and asked them to move their hands
accordingly (Fig. 6.15A). The teleoperation scenario consisted of a path composed of
4 gates (Fig. 6.15B). We instructed the participant to cross them in order from 1 to 4,
performing the task as fast as possible while trying to avoid collisions. The task was
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A
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Figure 6.16 Performance evaluation of groups using the remote controller (R) and the hand in-
terface (H). (A) Total time needed to navigate along the path. While group R performed better
before training, group H showed a higher learning rate. (B) Time needed to cross individual gates.
Subjects showed significant task-dependent performance differences. (C) Number of occurred colli-
sions during the navigation. Similarly to time performance, remote users performed better in the
beginning, while hand interface users improved with training to reach comparable accuracy.

designed to require the robot swarm to be controlled in all its 4 DoF, as the gates are
arranged in 3D on different altitudes and depth levels, and the spheric object inside
gate 2 can be avoided only by expanding the swarm. The participants were asked to
steer the drone swarm across the path for a total of 10 times: 5 times through hand
motion and 5 times using a standard remote controller (hereafter, conditions ’H’ and
’R’) to evaluate their performance prior and after training. We pseudo-randomized the
order of the interfaces to be used in order to compensate for the learning effects due to
the user’s increasing experience.

6.2.3.1 Teleoperation Performance

Remote controller users perform better initially, but hand interface users learn
faster: our results show that the teleoperation performance varies with both the used
interface and the training for this task (Fig. 6.16). Group R outperformed group H in
terms of time needed to navigate the whole path (Fig. 6.16A). Similar results hold both
in the first (tR1 = 86.6± 30.1s, tH1 = 120.1± 44.5s) and the last runs (tR5 = 80.6± 23.1s,
tH5 = 105.1 ± 30.1s). However, group H showed a higher learning capability, reducing
their time by 13.1%, in average, compared to the 7.0% of group R. Breaking down the
path into the 4 inter-gate segments, however, we realized that the different maneuvers
needed to steer the swarm through the gates were associated with different perfor-
mance in our participants (Fig. 6.16B). Particularly, the time needed to cross gates 2
and 4 were similar for both groups, with a non-significant advantage for remote con-
troller users. Contrarily, group R performed significantly better in gate 3 before training
(tR1 = 22.4±6.1s, tH1 = 45.1±19.1s, p < 0.01). The initial 100.1% performance gap was
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reduced, with training, to 41.2%, non significant at a statistical level. Finally, in cross-
ing gate 1, group R performed closed to twice as fast both before (tR1 = 5.46 ± 2.71s,
tH1 = 11.5 ± 5.0s, p = 0.012) and after training (tR5 = 6.6 ± 3.5s, tH5 = 13.1 ± 5.3s,
p = 0.011).

We found that the use of different interfaces can affect the number of collisions
during teleoperation (Fig. 6.16C). Group R started with a lower number of collisions
per run (CollR1 = 7) than group H (CollH1 = 19). However, while Group R improved
only marginally their performance (CollR5 = 5), the hand interface users managed to
reduce their collisions significantly with training (CollH5 = 8).

6.2.3.2 User Feedback

User preference is equally split between interfaces: after the teleoperation task, we
asked our participants to fill a subjective feedback survey (Tab. 6.4). The questionnaire
consisted of 4 multiple choice questions and 1 final feedback open question. We asked
two different questions about the control of the position and the expansion, as the
second is a peculiar DoF of swarms and cannot be controlled with a single agent. The
responses to the survey show that the users did not find any of the two interfaces clearly
superior (Fig. 6.17). In particular, the results were identical for the expansion/contrac-
tion DoF: 5 participants preferred the remote and 5 preferred the hand interface. We
obtained similar results for the general preference: 3 participants preferred the remote,
3 preferred the hand interface, and 4 did not have a preference. Finally, 3 participants
preferred the hand interface to control the position of the swarm, and only 1 preferred
the remote. 7 participants declared that the interface reflected perfectly their expected
motion, 2 that it was adequately accurate, and only 1 that his motion was somehow
reflected in the interface.

In the final open question, 5 subjects mentioned that they felt a faster improvement
when using the hand interface with respect to the remote. 4 subjects remarked that
their prior experience in using a remote controller might be the reason for their higher
performance in the initial trial. 4 participants stated that they found the motion-based
interface more engaging than the standard solution (specifically: "funny", "attractive",
"impressive"). Finally, 3 participants responded that the limited field of view of the
sensor affected their performance during the task when using the hand interface.

6.2.4 Conclusions

This study investigates the motion strategies arising from the spontaneous interaction
between a human and an aerial drone swarm and propose a solution to automatically
derive a human-swarm interface from a user’s spontaneous motion data. We ran two
pilot studies (N=20) to identify the most relevant body segments for this interaction
and their motion characteristics. Based on the results from this phase, we designed a
machine learning-based algorithm to map a user’s spontaneous motion into commands
for the swarm and characterized it in a final user study (N=10). Here, we discuss our
main findings.
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Table 6.4 Personal feedback questionnaire

ID Question
Q1 Which interface did you prefer to control

the position?
Q2 Which interface did you prefer to control

the expansion?
Q3 Which interface did you prefer in general?
Q4 Did the interface match the one you imag-

ined during the calibration phase?
Q5 Please give your personal feedback on the

teleoperation experience

Figure 6.17 Survey results for questions 1-4. Despite the performance differences, users’ preferences
were split equally between the two interfaces, with a slight preference towards the hand interface to
control the swarm position. 7/10 participants reported that the HRI was perfectly reflecting their
desired behavior.

Our pilot studies produced two major results. First, by observing the full-body mo-
tion of a set of participants imitating the swarm behavior, we realized that the most
engaged body segment was the users’ hands. On average, our participants moved their
right hand 920% and their left hand 515% more than the torso, reflecting the statistical
predominance of right-handedness in the population (Fig. 6.13). This result is par-
ticularly relevant in the field of motion-based HRIs, as it contrasts with findings that
emerged in prior studies on different robots. When asked to mimic the flight of a fixed-
wing drone, subjects tend to imitate its roll and pitch angles using their torso, with a
minor engagement of their hands [116]. In our case of teleoperation of a drone swarm,
we observed the opposite. We suggest two possible explanations for this fact. First, the
interaction with a different robot might affect a user’s spontaneous motion patterns.
Also, the higher complexity of a drone swarm in terms of controllable DoFs might in-
duce the necessity to use more articulated body segments, such as the arms. Second,
switching the viewpoint impact on a user’s spontaneous motion in VR imitation tasks
[117]. Ground-view viewpoints, particularly, are associated with a higher inter-subject
motion variability. However, we chose this viewpoint since it is the easiest to adopt in
a drone swarm teleoperation scenario. The alternatives would be to either switch from
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an onboard camera to another single robot or try to give the operator a first-person
view from multiple cameras, which might overload the operator’s senses.

The second finding related to our pilot study concerns the variability of the users’
hand motion. By observing the human-robot motion correlation, we found that only
30% of our participants exhibited the same motion patterns to control all the 4 DoF of
the swarm (Fig. 6.14). This poor agreement is related to the hand segments interested
in the motion patterns and the type of controller that the participants imagined for
the drone swarm. While some users moved their hand as if they were controlling the
position of the swarm (for instance, placing their hand in the same position as the
center of the virtual agents), others moved as if they were controlling its velocity. We
proved this by correlating the hands’ kinematic variables and their integrals with the
swarm actions.

Based on these results, we decided to define personalized mapping functions for each
subject. We implemented a set of modifications to an existing algorithm to allow the
use of the new sensor (the LEAP Motion controller), and to allow the user to choose
the control mode (position/velocity) through their motion. The results relative to the
teleoperation user study provide new insights in motion-based teleoperation of robotics
swarms. First, we found that the use of remote controllers leads to a shorter time
needed to complete the task prior to training (Fig. 6.16A). Due to the widespread
popularity of remote controllers for several applications, from gaming to teleoperation,
it is today nearly impossible to recruit participants who are naive to their use. However,
group H improved their performance almost twice as fast as group R. This result might
be due to the lower initial performance, and was perceived by our participants and
reported as subjective feedback in our survey. We observed similar results regarding
the number of collisions that occurred during the task (Fig. 6.16B). While group R
never had more than 7 accidents during the 5 repetitions of the task, group H managed
to improve from 19 collisions in the first run to 8, after training (−58%). We also found
that this effect was only true for some sections of the proposed path: user’s time need
to cross 2 out of 4 gates were similar with both interfaces, while significantly changed
for the remaining two gates (Fig. 6.16B) This result suggests that some maneuvers
(like, in this case, crossing a horizontal and vertical gate) can be more challenging
using body motion, while others are equally hard to perform with different interfaces.
Possible explanations of such effect could be related to the human’s perturbed depth
perception, and proprioceptive capabilities in virtual environments [?, 177]. Finally,
the subjective feedback survey demonstrated that users did not prefer one of the two
interfaces and that the personalization was accurate.

Despite the lower performance for untrained users, our study provides encouraging
results: all the participants were able to navigate the drone swarm through the path,
using a partly position-based, partly velocity-based control paradigm adapted to their
preferences. To our knowledge, this work provides the first algorithm capable of such a
level of personalization. Moreover, the simplicity of the calibration procedure allows a
user to change their strategy in a matter of minutes, without redesigning the interface.
As one of our subjects observed, it is known that humans are not able to determine
the easiest way to control robots based on their spontaneous motion [119], and so a
different control strategy might seem more effective in hindsight. With our method, it
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is possible to generate a new interface in less than two minutes.

This work opens to new intriguing options for future research. First, it would be a
valuable addition to test the transferability of the proposed approach on a real drone
swarm and to study if our results hold in the real world. Moreover, the conception of a
method to perform first-person view control of robotics swarms could extend this work
to this common viewpoint for teleoperation. Also, as we observed that a maneuver-
related effect on the interface performance, it would be interesting to verify the con-
sistency of performance with a set of different paths. Finally, given the high variability
we observed in the motion of our subjects, increasing the participants pool to include
a more varied population would undoubtedly add value to our work.

In this paper, we applied a methodology to identify the relevant motion patterns for
human-swarm interactions through body motion and assessed their variability among
different individuals. Our results showed that the hand body segment was the most
commonly adopted one and that most people tend to use their hands in significantly
different ways. We extended an HRI learning framework to allow users to control a
drone swarm through their preferred hand strategy. The proposed interfaces showed
promising performance and provided a convincing user experience. The possibility to
develop quickly new interfaces through an imitation task is a significant contribution,
which could impact the future design of human-swarm interaction systems.
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7Conclusions

"L’importante è finire."

Mina, L’importante è finire, 1975

While mobile robots are becoming pervasive in more and more applications, research
in the field of HRIs has the potential to enable a larger set of users to efficiently control
them, thus accelerating their diffusion. In this thesis, we investigated different meth-
ods to improve human-robot interaction through the improvement and qualification of
body-machine interfaces.

The work was conducted though 3 main research focuses. The core contribution
(Ch. 2, 3, 4) was the development and validation of a framework for the personal-
ization of BoMIs though machine learning techniques. Later, we explored the impact
of different conditions, namely the type of visual feedback and the fitness of different
body segments (Ch. 5) on such interfaces. Finally, we considered different control
paradigms for the third-person view control of drones in line of sight (Ch. 6), inves-
tigating first the inclusion of a vibrotactile haptic function for obstacle avoidance, and
later the extension of our framework to interface with collective systems.

The work contained in this thesis provides novel methods for BoMI design, and un-
veils new insights on human factors to be taken into account for the development of
telerobotic systems based on body motion.

7.1 Summary

The automatic mapping generation framework we designed in Ch. 2 is based on 4
main algorithmic steps: data preprocessing, feature selection, feature compression and
regression. The feature selection was performed through a threshold selection of the
kinematic variables, sorted by quality based on their variance and correlation with the
robot’s actions. For the regression step, we considered both linear and nonlinear meth-
ods to investigate their effectiveness in correcting subtle motion nonlinearities which
are intrinsic in human motor behaviors. We developed the nonlinear approach based on
Support Vector Regression. We run a user study on 32 participants for the validation of
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the method, and divided them in 4 groups equipped with a remote, a non-personalized
BoMI, and the linear and nonlinear version of our proposed personalized interface. All
of them could reach a final low-error plateau at the end of two teleoperation runs,
corresponding to about 3 minutes of practice. However, subjects using a state-of-art in-
terface started the teleoperation task with significantly lower performance. During the
first minute of the navigation task, both the proposed methods could outperform re-
mote users by 57% and non-personalized BoMI users by 65%, on average. Despite the
higher decoding capabilites of the nonlinear method, confirmed by the pilot study, no
significant differences were observed between the two proposed approaches, suggest-
ing that humans can correct for small motion nonlinearities by visual feedback during
robot operation.

The main drawback of the framework descripted in Ch. 2 is its limited potential to
extension to different robots due to the implemented feature selection step. Indeed, the
method generates a subset of kinematic features that are used for regression without
considering that different variables could be used in independently to control differ-
ent DoFs of the robot. This aspect became a problem when considering robots with
different morphologies from the previous example of a 2-DoF fixed-wing drone. We
demonstrated on a new pool of morphologically different robots (a fixed-wing with
controlled speed, a quadrotor and a manipulator) that humans tend to use more body
segments and in a more variable way when interfacing with robots with a higher num-
ber of DoFs. As human motion is organized into functional synergies, we leveraged this
concept to extend our framework to recognize and extract them through PCA instead
of only reducing the feature set. The first principal component of the participants’ mo-
tion could explain more than 80% of the total variance and strongly correlated with
the robots’ actions. We defined a novel synergy-aware regression method based on this
principle. We validated our method both indirectly on pilot data and directly through
a teleoperation test with 30 subjects. The regression analysis confirmed that synergy
extraction can simultaneously provide an interpretable dataset and prevent overfitting.
All the participants could control the different robots, confirming the higher generality
of the new method and suggisting its possible application to other machines. More-
over, they could outperform remote users by up to 50% in the first teleoperation stage,
thus confirming the previous results. Finally, the performance data and the user feed-
back showed that a further feature selection step that retains only the most significant
contributors to the first principal component is not only beneficial but sometimes nec-
essary to generate a usable BoMI, suggesting that humans are not capable of correctly
reproducing motor synergies fully but consider a simplified version of them that can be
explained by a subset of kinematic variables.

Fixed interfaces like the ones described above can result tiring or uncomfortable
during long operations. In Ch. 4, we further extended our framework to allow users
to switch between different control modes at operation time. We found through a user
study (n = 14) that users tend to consistently implement 4 main interaction modes with
fixed-wing drones consisting of the motion of torso, their dominant hand or the two
arms at once. Based on this observation, we developed an online adaptive interface that
can first detect the user’s intended interaction mode and then let them control the robot
with it. The novel framework integration consisted in a preliminary clustering and
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classification step based on the average angular velocity of the different body segments.
The validation of this new method was performed though 2 users studies, on a total
of 22 participants. Results showed that humans can learn this switching feature in
less than 2 minutes, and that an adaptive interface can provide higher performance
(up to 60%) compared with a fixed one, while reducing the user’s cognitive workload
significantly, both on the mental and on the physical side.

Human factors such as the type of visual feedback and the tracking of different body
segments can significantly affect the user’s perception and comfort during the use of
BoMIs. We focused Ch. 5 on the study of these conditions to provide new insights
about their quantitative impact on the operator. In the first work, we demonstrated
that the use of VR and the change of viewpoint can strongly affect a user’s perception
and behavior during a robot imitation task. While the literature provides a number of
insights about the effects of visual feedback on presence, no prior works focused on the
teleoperation of non-anthropomorphic machines, such as drones. 30 participants took
part in the experiments. We discovered that changing the two conditions resulted in
two decoupled effects on the participants’ sense of presence. While VR affected their
sense of spatial presence in the virtual environment, the change of viewpoint signifi-
cantly impacted their sense of embodiment. Moreover, external viewpoints for a fixed
position are the standard line-of-sight teleoperation paradigm for flying robots. Results
showed that such viewpoint can bring humans to move in a substantially different and
more variable fashion, which is a fundamental component of the design of robot imita-
tion tasks used in the design of data-driven BoMIs.
In the second work, we challenged the common practice of selecting body segments
for BoMIs based on the user’s spontaneous motion. Participants (n=18) were asked to
control the flight of a fixed-wing drone through hand, torso and arm motion. Despite
the statistically predominance of torso motion during imitation tasks for such robots,
confirmed in various previous research efforts, we observed that the hand segment
could provide better performance and resulted consistently preferred by our subjects.
We analyzed their motion patterns as well as their limbs mobility and provided two
possible biomechanical and behavioural explanations to this fact. The higher mobility
of the hand segment can be a discriminant factor for the results, however, the shoul-
der segment has a higher excursion on one DoF thus direct conclusions can not be
drown only on this observation. While the motion of hand and torso was users was
consistent within groups, arm users behaved very differently from each other. Despite
the personalization of the interface on each subject, this effect can partly explain the
results.

All the works presented here until Ch. 5 consider first-person view teleoperation.
However, the results in Sec. 5.1 suggest that switching the viewpoint can significantly
affect a user’s body motion and in turn result in new, unexplored families of BoMIs. In
the two articles described in Ch. 6 we focused on third-person view drone teleopera-
tion, which is currently the most popular approach. In the first part, we developed a
haptic glove for drone teleoperation that can render the proximity of obstacles through
vibrotactile feedback. The trajectory of the drone follows the user’s hand motion with a
scaling factor, thus representing the only example of heuristic, non personalized map-
ping in this thesis, as we based it on a functional correspondence. A first validation on
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10 participants showed that this motion-based interface can outperform remotes both
in term of the time needed to navigate through a path and result in fewer collisions
with the environment. A second validation of the haptic function on 10 participants
showed that users could perform complex tasks such as navigating though holes with
limited visibility with lower effort by leveraging the haptic feedback.
In the second part, we considered the problem of operating a collective system instead
of a single robot. For this work, we considered the problem of navigating a swarm of
quadrotors from a fixed observation point. Robot swarms can be challenging to tele-
operate in first-person view, as the camera location needs to be chosen among a set of
options, and the optimal selection of this factor is still an open issue. A first pilot study
(n = 10) showed that users consistently employed hand gestures to imitate the motion
of the robot swarm. This result, while in contrast with what observed for fixed-wing im-
itation, confirms the result from Ch. 3 and Ch. 5 on the effects of using different robots
and different viewpoints. For this reason, we turned to the LEAP Motion controller to
track their hands, improving the efficiency of finger tracking and and the portability
of our system. A second pilot study (n = 10) showed that users not only moved their
hands in a significantly different way from each other, but some of them imitated the
swarm position, while others the swarm speed. Based on these results, we extended
the framework described in Ch. 2 to learn the position vs velocity control paradigm
from the user’s motion. As a result, all the 10 subjects from the final user study could
steer the swarm drone through a path showing a good learning capability over trials
and most of them preferred this persoanlized BoMI interaction method over the use of
a remote controller. Besides proposing the first personalized body motion-based swarm
controller, this work provides the first example in the literature of an interface that lets
the user free to decide between position and velocity control through demonstration.

7.2 Future Directions

In this manuscript we described a multidisciplinary set of methods and studies with
the common aim of improving body-machine interfaces for teleoperation. We will here
describe a list of possible future research directions to integrate and improve the work
presented in this thesis. First, we will focus on each chapter and point out the possible
future work on the specific topic, and finally we will give an overview on the broader
field of HRIs.

The framework described throughout the thesis undertook various improvements
during the course of this PhD work. Started as a human-drone mapping algorithm
based on a MoCap for data acquisition, it has been extended to accept motion data
from other sensors such as the LEAP Motion controller for hand tracking and IMUs
for portability. Further, it can now interface with a set of robots including two fixed-
wing models (with fixed or controllable speed), quadrotors, manipulators and drone
swarms. The first natural future direction to improve this work is to extend the use
of our framework to a larger set of robots and biosignals, in order to make it more
general and powerful. Examples could include vision-based MoCaps to control more
robots, EEG signals to control wheelchairs, or EMG signals to control prosthetic devices.
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A second important integration would consist of giving more versatility to the map-
ping generation. For example, it could be modified to create discrete maps, which is a
common approach to supervisory control. It could embed more options for the study of
nonlinear mapping functions, or different ways to make them time-adaptive. This kind
of development, although mainly technical, would provide a powerful tool to explore
several research directions in the field of HRI.

The work conducted on the control of different robots proved the generality of the
proposed method. However, we considered the control of high-level robot DoF (such
as the end-effector position, without considering the manipulator’s kinematic chain).
Some modern robots, like legged robots, prosthetic hand or other articulated machines
do not have a real end-effector to control, but rely on complex motion generation tech-
niques to move in space. In fact, those techniques mostly based on underactuation,
optimization of central pattern generators (CPG) are tightly linked to the concept of
motor synergies that we leveraged to develop our regression algorithm. For this rea-
son, exploring the operation of complex robots and create functional correspondences
between human synergies and robot synergies would be a fascinating research topic.

Our online adaptive BoMI described in Ch. 4 can adapt to the user in the sense of de-
tecting their preferred motion strategy in each moment of teleoperation. However, the
mappings associated with each strategy are fixed and do not change over time. An in-
teresting research direction would be to adapt the whole interface structure with time,
so to provide a full coadaptation between human and robot. This might be achieved by
tracking the user’s performance given a predefined task, but the real challenge would
be to estimate their desired control input without prior knowledge.

All our studies on human factors involved the control of a fixed-wing drone through
body motion. Despite representing an example of a mobile robot with a nonanthropo-
morphic morphology, the two studies described in Ch. 5 are somehow biased towards
this type of robot. Contrarily, the methods we used for the design of the experiments
and the motion data analysis are sufficiently general to be applied to different robotic
morphologies. I would undoubtedly add value to the work carried out in this chapter
to extend the two studies in the direction of a larger number of machines. Moreover,
the work on VR is limited to a passive imitation task. Extending it to a real teleop-
eration experience could unveil new results on the users’ sense of presence in virtual
environments.

The haptic glove presented in Sec. 6.1 has a main strong limitation linked to the
hand motion intrinsically limited workspace. To solve this problem, we implemented
a clutch functionality to let users move their hand back without affecting the drone’s
motion. However, some participants found this solution complicated or uncomfortable.
Limited motion workspace is a known problem belonging to position control which
particularly affects body motion-based interfaces. It would be interesting to study a
method to allow the operator to transition between position and velocity control, or to
design a mapping function including both paradigms at once. The latter option could
be implemented by both linearly mix velocity and position inputs (for example using
a kalma filter), or to transition using a nonlinear function between the two. Similarly,
in the work on swarm control we allowed users to choose their paradigm through
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demonstration, but did not allow to mix or switch between them during operation.
Also, the extension to different swarming algorithms could be an interesting addition
to the study of teleoperation methods for collective systems.

Finally, the path to intuitive and effective HRIs that apply to all robotics systems is
still long, and this thesis represents a small brick laid in the direction of accessible
robotics for future generations. The main missing pieces, in the writer’s view, can be
broken down in three main fields corresponding to the three main components of HRIs
(see the Introduction chapter for more details).

The first field is the acquisition of motion data and biomarkers more broadly. Mo-
Cap rooms are expensive and demand space, calibration, and a careful placement of
the markers. Vision-based systems still need many conditions such as illumination, dis-
tance, low motion speed to be satisfied, and have a limited field of view. IMUs present
drifting problems and require continuous calibration, especially in indoor environments
that partly shield the earth magnetic field. A fully portable, wireless, calibration-free
data acquisition system would be a disruptive tool for this research field. It should be
possibly wearable, comfortable and with a long battery life. Recent advancements in
wearable and implantable sensor systems might be of great help on this topic.
The second field is user feedback. On one side, VR has become widespread in en-
tertainment and industrial environments, bringing users to a new level of immersion.
However, the real limitation of these systems is the lack of the sense of touch that we
experience in real enviroments. Haptic systems are becoming more and more popular
in recents years, and will lead the techonological advancements of VR applications.
While wearable pressure-based and vibrotactile haptic devices show promising poten-
tial in augmenting a user’s sense of presence, force feedback still relies on desktop
haptic displays that are bulky and do not let the user free to move indepenendently.
The third and last field, and the closest to this work, is mapping human actions into
robot commands. Data-independent mapping functions can be effective for a subset
of simple or human-like robots, but do not easily extend to different machines. Gen-
eral data-driven methods can provide a viable solution for training, but they are not
immediate to master. Oppositely, personalized BoMIs have shown to be easy to learn
for novices, at the cost of a calibration procedure or prior data-driven studies. Devel-
opments in this field could bring new methods to let users interface with their devices
immediately, thus drastically reduce the training time and effort. Such results would
bring tremendous advancements in teleoperation but also in the biomedical and neu-
roprosthetics fields.

120



7.3. Vision

7.3 Vision

Robots will play a fundamental role in tomorrow’s society and as such need to be
accessible to most people for industrial, scientific and personal use. My work and this
manuscript laid a set of fundamental stepping stones towards the empowerment of the
mass to be able to interface with different machines in more intuitive ways. It is my
opinion that real progress consists not only of technical advancement in terms of power
and performance efficiency, but of giving most people real access to technology. Like the
dawn of computers in the 50s was limited to few applications in industrial and military
domains, and mostly invisible for the masses, the use of robots nowadays is restricted
to a subset of technically trained and experienced individuals. The development of the
first visual operating systems provided the true innovation of bringing computers down
to the technical level of novices, enabling for the first time normal people to leverage
their disruptive power. The vast enlargement of the user pool was achieved not through
faster processors or parallel computing, it was achieved through the idea of designing
more intuitive interfaces. As a legacy of that era, we now witness the widespread of
digital devices that have become as a matter of fact our digital extensions. Since the
advent of touchscreens, gesture-based interfaces and smartphones, users hardly need
to stop in front of a device and think "how do I do this"?

Technology needs to be for all, and this democratization in achieved through sim-
plicity. It is time to bring robotics at the same level of simplicity that digital devices
reached in recent years, and to let them be effectively our mechanical extensions. This
work is a step towards the goal of a future conception of interfaces based on familiar
and intuitive interaction methods that will let the coming generation of users con-
trol them without thinking "how do I make my robot do that?". Such revolution will
have the impact of making people perceive machines as a friendly, useful technology
in professional, recreational, and personal environments. The scope of these scientific
efforts is to move a step forward in the direction of robots that, through artificial in-
telligence and a deeper knowledge of human nature, are programmed to successfully
understand how humans want to control them and behave accordingly. The potential
of effective interfaces will be the real game-changer in the robotics world in most of its
fields of application. In industry, the ability to program production chains by gesture
demonstration or to correct them at runtime through human intervention will lead to a
simpler training session for operators and a more dynamic programming environment.
For service robotics, such as mobile robots and drones, users will get acquainted faster
with the use of the machine, and will be able to perform complex maneuvers, take
beautiful videos, explore new areas shortly after taking the device out of its box. Last,
and maybe most, they will contribute to the dream of unpaired individuals to have
the chance of improving or recovering their motor functions thanks to new intuitive
prosthetic devices that they will master through short or possibly no prior training and
calibration.

My vision goes towards a world where computers, robots and technology in general
belong to the entirety of mankind on not only to a fortunate, trained or talented part
of it.
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AFast Hardware Prototyping
Platform

This appendix describes a lateral exploration carried out through 6 semester projects with
the goal of simplifying the prototyping phase of scientific projects. Most students spend a
considerable amount of time in the design and implementation of the electromechanical
devices needed for the experiments, and end up not having enough time left for the actual
scientific investigations. With the aim of reducing the complexity of the technical imple-
mentation, they designed and implemented under my supervision the prototyping platform
described here. The platform has been proposed and further for the INNOSUISSE Business
Concept course at EPFL as a StartUp idea attracting the attention of scientists and some
possible investors. For time reasons, the project has been kept on a side. Here, I will present
the problems we were trying to tackle and the business idea.

NOTE: The device presented here is core of technical development of the haptic glove in
Sec. 6.1 as well as of several other projects carried out by students and PhDs throughout
the last 3 years.

Motivation

Interfacing with hardware devices (data acquisition, control of devices, automation
systems)

Hardware projects continuously require the developer (a student, a researcher, an
engineer) to interface with different hardware modules. These modules are used to
collect information from the environment (sensors) and to take actions on it (actua-
tors). Sensors are used to monitor a broad spectrum of quantities (temperature, pres-
sure, humidity, light, motion, distance, presence and quantity of chemicals in the air,
and many more). Actuators are, on the other hand, used to modify these quantities in
the environment. Also, networks of sensors and actuators can be used to automate pro-
cesses.A very basic example of projects employing hardware devices could be to read
the temperature in a room and log it in a digital form, or to make an electric motor spin.
An example of an automatic system could be controlling the speed of a fan based on
the temperature in the room. Both professionals and inexperienced users are required
to interface with different hardware devices. Researchers in multiple fields need to col-
lect data to perform studies, or to control experimental conditions through actuators.
Designers need to be able to acquire from and control a to develop all sorts of electro-
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mechanical devices, from smartphones, to fridges, to cars. In a world where electronic
devices are becoming ubiquitous and in constant communication with each other (the
so-called Internet of Things), tools to easily interface with basic hardware components
represent a central need for industrial development and research activities.

Figure A.1 Problem definition: Implementing data acquisition or hardware control for a new
sensor or actuator is an expensive or time consuming activity often repeated several times from
different people.

Current solutions

Currently, there exist 3 main solution for hardware interfacing and data acquisition for
industry and research purposes:

• Ready-to-go (expensive)

• Hardware Prototyping Platforms (time consuming)

• LabVIEW and other high-level development systems (tradeoff)

As mentioned above, tools for hardware interfacing are of crucial importance for the
success of a project. Let’s consider the example of logging temperature data from a
digital thermometer. This simple example could fit the work of a researcher in civil
engineering, assessing the thermal properties of a new structure, or of an engineer de-
signing a new industrial furnace. It is a very basic task that inexperienced users would
expect to be trivial to accomplish. We are all accustomed to the concept of plug-and-
play hardware because computer peripherals work with USB devices, which abstract
the complexity in communicating with such devices from the user. We are used to plug
a new mouse and see it work in a matter of seconds. In the world of hardware sensors
and actuators, this is not true. Professionals in the field have three main options. The
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first one is to buy a ready-to-go acquisition system, likely quite expensive (in the order
of thousands of swiss francs for a single thermometer) and use it to store data and a
memory support or directly to a computer. The price of such a solution scales with the
complexity of the acquisition systems, i.e. the number and type of sensors to be read.
Moreover, being a ready-to-use device, the control over the system is limited. If the user
needs to switch the data logging from an SD card to a USB stick, for instance, the sup-
port for this new requirement might not be met by the manufacturer. A second solution
is to develop a custom system, based on a microcontroller or a single-board computer
embedding hardware peripherals. Products like Arduino and Raspberry PI, known as
hardware prototyping platforms, had a massive success in the last decade. In this case,
though, the user would need to develop the acquisition system themselves. They will
need to download (or develop) the drivers to communicate with the sensor, schedule
the acquisition on a certain frequency, send the data to the computer or the memory
support, store it into a file. Additionally, if advanced debugging is needed, whey might
want to plot the data, or analyse it on-line through some data processing software, such
as Matlab. While the development of custom acquisition systems represents a cheaper
and more versatile solution, its development might take a skilled engineer several days
of work to function flawlessly. The required time scales with the complexity of the
system and is inversely proportional to the level of expertise of the developer. The last
option is to build a custom solution based on a more advanced development platform,
such as LabVIEW. Although this option represents a powerful and versatile environ-
ment, LabVIEW license and National Instrument hardware might be very expensive for
small companies and research institutions, especially in the prototyping phase.

Figure A.2 Possible data acquisition solutions: in-house development can be time consuming, while
ready-to-go solutions are often very expensive. Advanced development systems (such as LabVIEW)
are licensed and still require substantial training.
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Appendix A. Fast Hardware Prototyping Platform

Proposed solution

The name DAQLink comes from data acquisition. Thus the logo we chose for the
product. What we propose is a hardware prototyping platform, based on a commercial
electronic board (BeagleBone Green Wireless), including the following features:

• A multi-platform user-friendly interface to monitor the state of the system. The
interface shows a list of connected devices, the basic I/O pins of the board, a live
plot of the data, the update frequency, details on the communication with the
computer, advanced communication and acquisition options. This application is
developed in Python and can be run on Windows, Mac and Linux. A demo can
be appreciated in this VIDEO.

• Extension to mobile devices (iOS + Android)

• Ready-to-use wireless communication to connect with the computer: no wires
are needed if powered by battery. Like this, the user can monitor the state of the
system and act on the environment remotely.

• Ready-to use drivers for a set of sensors and actuators including graphic APIs.
When a device is selected, a live plot displays data from the new peripheral and a
set of actions are available to the user. For instance, an inertial sensor can be set
to stream only quaternions or euler angles, a thermometer can be set to stream
data in Celsius or Fahrenheit. If an actuator is connected, sliders or buttons will
appear to control it.

• Plug and play hardware detection to easily interface with different sensors and
actuators. As soon as a new device is plugged, it is recognized and added to the
list of connected devices.

• Real-time interfacing thanks to the two embedded Programmable Real-Time
Units (PRUs).

• A cloud functionality allows data to be streamed directly to a remote server

• Advanced acquisition and communication features: acquired data can be stored
directly to a local file, a database or streamed to a local or remote port through
UDP for data manipulation on a different process (like Python, Matlab, C++, or
proprietary applications)

• Multi-language APIs allow to automate the system using any programming lan-
guage, including but not limited to Python, Matlab, C++, C, JavaScript... This
allows the board to be used independently from the user interface and indepen-
dently from a pc, making it ready for field applications.
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Figure A.3 Working scheme and main characteristics of the Fast Hardware Prototyping Solutions.

The device

The BeagleBone Green Wireless will be equipped with additional hardware to cope
with a larger variety of user needs:

• A custom case with standard connectorsfor each on-board communication pro-
tocol (SPI, I2C, UART), digital (GPIO) and analog (DAC, PWM) channels. In this
way, each device will always be connected to the correct port.

• The system is designed to be modular. Adapters, level shifters, analog condi-
tioning circuits (ampli/filters...) will be developed to support different protocols
Also, multiplexers can be used to interface with multiple devices on the same
port.
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Appendix A. Fast Hardware Prototyping Platform

Figure A.4 Conceptual design of the final product (front)

Figure A.5 Conceptual design of the final product (back)
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