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Abstract

In the last few years, a growing attention on physical Human-Robot Interaction (pHRI)
and collaborative robotics has allowed to leave behind the old paradigm of industrial
robotics, where the robots worked inside safety cages, well separated from human op-
erators. Nowadays, robots are becoming collaborators, that work side by side with
humans. Di�erent tasks can be accomplished with robots, like assisted industrial ma-
nipulation, collaborative assembly, domestic work (service robots), entertainment, re-
habilitation or medical applications.

This close interaction allows to create a human-robot synergy that merges comple-
mentary strengths of both agents: the high precision and repetitiveness of machines
and human high-level skills. However, a safe and e�cient co-working environment is
not straightforward implementable, without addressing several challenges �rst.

For example, new methods for robot programming can be exploited to simplify
the way the trajectory is taught to the robot. In particular, the so-called "walk-
through" technique allows to manually guide the robot through the desired trajectory.
Since industrial robots are characterized by a sti� and non-backdrivable structure,
the admittance control can be implemented to make them compliant. A force-torque
sensor is mounted on the robot wrist and human forces can be translated into robot
movements.

However, the main limitation of admittance control is represented by rising instabil-
ities when the robot interacts with a sti� environment. This can happen, for example,
when the user grasps the robot wrist sti�ening his/her arm. Instability induces high
amplitude oscillations, threatening human operator's safety. To restore stability, a
method for detecting rising oscillations and for modifying admittance control parame-
ters have been presented.

Once a desired trajectory has been taught to the robot, it can happen that the user
needs to change the trajectory in a precise way and with a speci�c shape, for example if
a portion of the working environment changes. A passivity-based framework to modify
the trajectory online has been proposed, to manually drive the robot throughout the
desired correction.

To properly guarantee human safety and to obtain e�ective human-robot collabo-
ration, the human prediction has been added to the system. Hence, when the human
is working closely to the robot, the prediction algorithm determines whether the hu-
man operator is going to approach to the robot, in order to physically interact with it.
Otherwise, the system has to properly react to the human movement, by avoiding the
collision. For this reason, safety barriers have been built around each robot link and
an optimization algorithm minimizes the di�erence between the nominal acceleration
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input and the commanded one.
Finally, ROSSINI European project represents a concrete example of industrial

scenarios where humans and robots work together. This project aims at developing an
inherently safe hardware-software platform for the design and deployment of human-
robot collaboration applications in manufacturing. Three industrial use-cases have
been proposed and they regard assembly, handling and active cooperation. A two-layer
scheduler manages task assignment and robot task scheduling. The optimization-based
�rst layer assigns tasks to the human or to the robot, based on durations and costs.
Job quality, agent capability, economic e�ort are some of the metrics used. The second
layer, instead, manages robot parallel tasks, depending on the remaining time for the
human to complete his/her task.



Sommario

L'introduzione dei robot collaborativi, avvenuta negli ultimi anni, ha permesso di su-
perare la vecchia concezione di robot industriale racchiuso in una gabbia. Per questo
motivo è stata dedicata molta attenzione all'interazione �sica tra uomo e robot: i
robot stanno diventando dei veri e propri collaboratori a �anco degli operatori. Grazie
all'introduzione dei robot collaborativi possono essere implementate diverse operazioni
in vari ambiti, come quello industriale, domestico, dell'intrattenimento, della riabili-
tazione o delle applicazioni mediche.

Questa nuova interazione permette di ottenere una sinergia tra uomo e robot che
unisce i punti di forza di entrambi gli agenti: l'alta precisione e ripetibilità delle mac-
chine con le capacità intellettive dell'uomo. Un ambiente sicuro ed e�ciente non è però
direttamente implementabile se prima non vengono considerate alcune criticità nate da
questa coesistenza.

Ad esempio sono stati introdotti nuovi metodi per la programmazione dei robot,
che permettono di sempli�care il modo in cui viene insegnata una nuova traiettoria al
robot. In particolare, attraverso quella che viene chiamata "guida manuale", l'operatore
può �sicamente trascinare il robot lungo la traiettoria da imparare. Poichè i robot
industriali sono caratterizzati da motori non reversibili, è necessario implementare il
controllo di ammettenza per rendere il robot cedevole. Un sensore di forza/coppia viene
montato sulla terminazione del robot e le forze applicate dall'uomo vengono tradotte
in movimenti del robot.

La principale limitazione di questo tipo di controllo è rappresentata dall'insorgere
di instabilità quando il robot interagisce con un ambiente rigido. Questo accade,
ad esempio, quando l'operatore a�erra il robot irrigidendo il braccio. L'instabilità
genera dunque delle oscillazioni, che compromettono la sicurezza dell'operatore. Per
ripristinare la stabilità è stato proposto un sistema per individuare le oscillazioni e
modi�care i parametri del controllo di ammettenza, garantendo la sicurezza del sis-
tema.

Una volta che è stata insegnata una traiettoria al robot, può capitare che l'operatore
voglia modi�carne soltanto una parte. Viene presentato un metodo per modi�care on-
line una porzione della traiettoria nella maniera desiderata, applicando manualmente
la correzione. Al �ne di garantire la sicurezza per l'operatore e rendere la collabo-
razione più e�ciente, è stata aggiunta una parte relativa alla predizione del movimento
dell'operatore. In questo modo l'algoritmo di predizione è in grado di determinare se
l'operatore si sta muovendo verso il robot o verso un altro oggetto. Nel caso in cui
l'operatore non voglia interagire �sicamente con il robot, è necessario evitare la col-
lisione. Delle barriere di sicurezza virtuali sono state costruite attorno ad ogni link
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del robot. Un algoritmo di ottimizzazione calcola la minima deviazione dal percorso
nominale in grado di evitare la collisione.

In�ne, il progetto europeo ROSSINI rappresenta un esempio concreto di come la
collaborazione tra uomo e robot possa essere integrata in ambito industriale. I tre
casi d'uso proposti riguardano l'assemblaggio e la movimentazione collaborativa. Uno
scheduler a due livelli permette di gestire l'allocazione dei task e l'esecuzione dei task
stessi da parte del robot. Il livello più alto utilizza un'ottimizzazione basata su tempi
e costi per allocare ogni task all'uomo piuttosto che al robot. Il livello sottostante
gestisce invece l'esecuzione dei task paralleli del robot, a seconda del tempo che rimane
all'uomo per completare il task in esecuzione.
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1 | Introduction to Human-Robot Col-

laboration

In the last few years, a growing attention on physical Human-Robot Interaction (pHRI)
and collaborative robotics has allowed to leave behind the old paradigm of industrial
robotics, where the robots worked inside safety cages, well separated from human op-
erators. Nowadays, robots are becoming collaborators, that work side by side with
humans. Di�erent tasks can be accomplished with robots, like assisted industrial ma-
nipulation, collaborative assembly, domestic work (service robots), entertainment, re-
habilitation or medical applications.

This close interaction allows to create a human-robot synergy that merges comple-
mentary strengths of both agents: the high precision and repetitiveness of machines
and human high-level skills. In fact, collaborative robotics does not aim to substitute
either manual work or full automation in industrial processes, but has to be placed in
the middle. For industrial products characterized by low variability and high produc-
tivity, full-automation with standard industrial robots is preferable. In this case, the
robots are separated from human workers and are enclosed inside safety cages. Humans
still perform a few tasks like quality check and supervision. This separation allows to
obtain fast, reliable and precise robotic systems with high endurance.

However, most of the times, a fully automated system is in�exible, fragile and rigid.
Moreover, automation becomes very expensive since it introduces several redundant
steps, robots and sensors, even to accomplish relative simple tasks.

This opinion was also shared by Alberto Moel, Vice president of VEO Robotics
[2], in a recent interview [7]. He made the example of Tesla production line and he
reported Elon Musk's words on the fully automated Tesla factory:

"We had these �berglass mats on the top of the battery pack. They're basically �u�.
So we tried to automate the placement and bonding of �u� to the top of the battery pack.
Which is ridiculous. So we had this weird �u�erbot. Which was really an incredibly
di�cult machine to make work. Machines are not good at picking up pieces of �u�.
Human hands are way better at doing that. So we had a super complicated machine.
Using a vision system to put a piece of �u� on a battery pack. The line kept breaking
down because Flu�erbot would frequentlyjust fail to pick up the �u�. Or put it in a
random location."

It is clear from Elon Musk's words that he regretted the decision to adopting a
fully automated line. Human dexterity, together with human judgment and creativity,
are hard to replace with robots. However, humans are usually slow and prone to make
errors due to long working shifts, tiredness and boring repetitive tasks.

1



2 Introduction to Human-Robot Collaboration

In this context, collaborative robotics plays a fundamental role in between these two
entities: adding humans to an automated process will improve productivity in terms
of �exibility and e�ciency. The strength and speed of robots can be combined with
human dexterity and judgment, creating a new collaborative scenario where humans
and robots work together, where the robot can support physical demanding operations
and the human contributes with intellectual capacities.

Types of Collaboration

When we talk about human-robot collaboration, we should �rst de�ne the meaning
of collaboration itself. There are di�erent types of collaboration, depending on the
workspace and the processing, resulting in three declinations [6]:

• Cooperation, when humans and robots share the same workspace and perform
sequential operations. For example, an assembly station when the human pre-
pares pre-assembled modules for the robot, while the robot picks these modules
and bring them to the �nal assembly station (Figure 1.1(a)).

• Coexistence, when humans and robots work in di�erent workspaces but on a
simultaneous operation. For example, inside a robotic cell for welding in the
automotive industry (Figure 1.1(b)).

• Collaboration, when humans and robots perform a simultaneous task, sharing
the same workspace. For example, the assembly of electric motors (Figure 1.1(c)).

(a) (b) (c)

Figure 1.1: Industrial examples of cooperation (a), coexistence (b) and collaboration (c) between
humans and robots. Pictures' property of Sick [6]

Collaboration methods

Collaborative operations are de�ned in the ISO/TS 15066 [55] guidelines of safety,
which described four possible methods:

• Safety-rated monitored stop, the robot stops if a human enters its workspace.
It is usually obtained by adding sensors to detect the human presence. Only when
there is no human operator, the robot can move again at high speed.
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• Speed and Separation Monitoring, the robot can move concurrently with
the human operator if they maintain a pre-de�ned safety distance. Usually laser
scanners are used to monitor the area, detecting when the human is approaching
and the robot has to slow down (yellow zone) or stop (red zone). When the
human is far enough, the robot can move at high speed (green zone).

• Power and Force Limitation, the impact with the human body is allowed if
robots have power or force feedback built in, such that they are able to perceive
the contact and safely stop. The human operator can work closely to the robot,
but the robot speed has to be limited, according to the ISO/TS 15066.

• Hand Guiding, that allows a robot to be moved through direct input of a human
operator. The robot is in safe-monitored stop until the human operator activate
this modality through an enabling switch. The robot is still powered but it moves
under human control.

Independently from the adopted method, an extensive risk assessment and risk
reduction have to be conducted, in order to guarantee human safety and obtain a
safety certi�cation.

Applications of Collaborative Robotics in Industrial Environ-

ments

Thanks to human-robot collaboration growing attention, the industrial environment
is challenging this new kind of collaboration in several applications. Forbes [4] has
recently proposed �ve applications were robot can bring a signi�cant bene�t in manu-
facturing companies.

• Picking, packing and palletizing: manually performing these tasks can be mind-
numbing and time-consuming. When doing such kind of physical e�ort, humans
can be tired and prone to make errors, since they cannot work with endless
energy. On the other hand, the speed, precision and repeatability of robots can
be exploited in these operations. Robots can pick di�erent items, pack them into
di�erent boxes and palletize them, without errors. As a result, the time taken to
complete these operations is drastically reduced.

• Welding: this operation is usually tiring and dangerous for human operators. By
introducing collaborative robots, sensors and computer vision, robots can work
alongside with humans, preventing accidents and working all day long.

• Assembling items: the assembly process is usually boring and time consuming
for human operators. Thanks to vision-enabled sensors and image-processing
capabilities, the robots can help humans during some tasks, dividing the overall
workload. Robots can also slow down when a human is approaching and continue
operating when the human leaves.

• Handling materials: moving materials inside a warehouse is a tedious process for
humans. Such kind of repetitive tasks can be automated, for example, by bringing
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a collaborative robot to the factory aisle. Collaborative robots can easily move
materials to the desired location at high speed and they can take care of harmful
raw materials autonomously.

• Inspecting products for quality: to ensure high-level customer satisfaction, the
manufactured products should guarantee high quality. Human workers are sup-
posed to carry out quality check on a huge number of products, never loosing
focus. However, fatigued humans can make errors and human eyes cannot always
capture small blemishes or cracks on product surfaces. For this reason, collab-
orative robots, endowed with a sophisticate vision system, can help humans in
during quality controls.

In general, a close working interaction between humans and robots can allow to
perform dull, cumbersome and complex tasks merging the rapidity and precision of
robots with human mind. Thus, signi�cant returns on investments can be achieved by
introducing collaborative robots and it represents the only solution for companies that
want to thrive in an increasingly competitive market [4].

1.1 Collaborative Robotics Challenges in the Indus-

trial Environment

Due to this tight cooperation and coexistence of humans and robots in the same
workspace, several challenges are rising in this new industrial scenario.

First of all, collaborative robotics would not be achievable without the preserva-
tion of human safety: either in speed and separation monitoring, or power and force
limitation, the robot itself is not su�cient. An additional and reliable system of safety
sensors should monitor the work space and track human movements. Moreover, hu-
man prediction can be integrated in the system, to guarantee in advance of time, that
human and robots will not collide and will safely collaborate to the task.

When humans approach for the �rst time to a collaborative robot, the interaction
should be as easy and intuitive as possible. O�-line robot programming is usually time-
consuming and requires software knowledge and high computer skills. If robots have to
become human assistants, the programming phase should allow them to approach and
teach a desired behavior in a simpli�ed way. At the same time, the physical stability
during the interaction has to be guaranteed, either for safety reasons and to make
operators more con�dent. They should not feel overwhelmed by the robot and they
should behave in a natural way.

Another important challenge is to manage dynamic environments during human-
robot cooperation. The most common application for collaborative robotics is assem-
bling: the human and the robot should work on the same workpiece in a natural and
e�ective manner. If something changes in the scene that was not foreseen, the robot
should dynamically change the order of performing tasks or should react consequently.

The before mentioned challenges are only a few examples of technological gaps to
obtain a reliable and e�cient human robot collaboration. The goal of this thesis is to
address them and �nd a possible solution to successfully overcome these limitations.
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It is worth noting that another more general challenge is to render industrial robots
"collaborative". Especially in the existing industrial scenario, it is desirable to convert
the already placed robots into collaborative ones, without the need to buy new robots.
Hence, all the proposed solutions in this thesis have been tested and can be applied
either on industrial robots made collaborative or already collaborative ones.

1.2 Thesis Main Contributions and Outline

The rest of the thesis is divided into six chapters, following the �l rouge of collaborative
robotics for industrial applications, from the �rst phases like robot teaching to an
overall collaborative system deployment.

Each chapter represents one of the challenges in human-robot collaboration that I
encountered during my PhD and a possible new solution to solve it. A lot of di�erent
methods have been presented in literature to solve similar challenges in other e�ective
ways. Hence, at the beginning of each chapter, a section of RelatedWorks will introduce
these works, pointing out the limitations with respect to the proposed methods.

Chapter 2 arises the basic problem of how to easily teach a desired trajectory to
an industrial robot, made compliant through the use of admittance control [104], with
a real payload attached to the end-e�ector. Manual guidance is not straightforward
implementable on industrial robots, especially when the robot moves at high speed
and the robot low-level control is not easily accessible. Hence this chapter proposes
a solution that takes into account these limitations and successfully realize manual
guidance for painting tasks with an industrial robot.

During the teaching phase, instabilities can arise when an admittance-controlled
robot is coupled with a sti� human operator's grasping. We have to guarantee that
the system behaves safely, independently from the particular operator that is using it,
without any prior knowledge of his/her sti�ness.
Chapter 3 tackles this problem and proposes a method to detect rising oscillations and
e�ectively reduce them in a short amount of time, restoring system stability. Moreover,
an automatic way to �nd a detection threshold is presented and an extensive exper-
imental session, with 50 users, two robotic setups and two di�erent tasks proves the
e�ectiveness of the method.

Once a desired trajectory is taught, the human operator may need to change a
portion of it, without re-doing the teaching from scratch.
Chapter 4 deals with "robot coaching", i.e. the possibility to apply a modi�cation to
the robot trajectory if the environment surrounding the robot changes. In the proposed
approach, the human can manually apply the desired modi�cation while the robot is
moving, keeping the system stable. If the initial or �nal points of the trajectory are
changed, the applied modi�cation remains spatially �xed.

However, the human can either approach to the robot to physically interact with
it, or to perform some other tasks near the robot workspace. It becomes important to
predict human intention to plan the robot behavior consequently.
Chapter 5 presents a method for human intention prediction. In this scenario, the
system is able to discretize in advance of time if the human arm is approaching to
the robot end-e�ector or to another object in the scene, changing the robot behavior
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accordingly to guarantee human safety and an a�ective collaboration. The method
combines a long-term model-based prediction together with a short-term data-based
prediction, obtaining a reliable way to infer human intention.

In this context, when the human operator approaches the robot without the in-
tention of interacting with it, we must avoid the collision. Typical solutions imply a
velocity reduction, that can be time-wasting and not e�cient.
Chapter 6 presents a method to reduce robot stopping time when a human is approach-
ing, by keeping high speed trajectories while avoiding the obstacle. This approach
would lead to safe and e�cient robotic systems, meeting the two main requirements
in the industrial scenario. Moreover, by using an optimization-based algorithm, the
computed deviation is the minimum one from the nominal path. By applying safety
barriers around the whole robot body, we also guarantee that the overall robot move-
ment is collision free, not only the end-e�ector one.

Chapter 7, �nally, encloses all the challenges of a collaborative human-robot work-
ing environment and proposes a comprehensive architecture for the industry of the
future. ROSSINI European project [1], indeed, aims to design, develop and demon-
strate a modular and scalable platform for the integration of human-centered robotic
technologies in industrial production environments. In this chapter the scheduler for
optimal task assignment and dynamic tasks scheduling will be deployed.
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�Admittance Control Parameter Adaptation for Physical Human-Robot Interaction�
C. T. Landi, F. Ferraguti, L. Sabattini, C. Secchi and C. Fantuzzi
IEEE International Conference of Robotics and Automation (ICRA), May 2017

�Variable Admittance Control Preventing Undesired Oscillating Behaviors in Physi-
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C. T. Landi, F. Ferraguti, L. Sabattini, C. Secchi, M. Bonfè and C. Fantuzzi
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2 | Walk-through programming for In-

dustrial Robots

The �rst step towards an e�ective introduction of robots in a collaborative environment
is to simplify the teaching phase, making it more immediate and intuitive.

Traditional methods for robot programming involve the simulation/o�ine program-
ming and the teach pendant use. In the �rst case, the knowledge of the robot language
or of a 3D CAD program is needed and the programming phase can be long and time
wasting, although di�erent approaches to the same problem can be tested in a more
e�cient way. In the second case, a training for the use of the teach pendant is needed
and its point-to-point programming becomes e�cient only for simple movements.

New methods for robot programming can be exploited to ease the way the trajectory
is taught to the robot. In particular, teaching techniques involving manual guidance of
the robot [36] maximize the possibilities of reprogramming the robot in an intuitive and
easy way, because they don't need the knowledge of the robot programming language.

Compliant motion strategies (i.e. admittance/impedance control) [104] can be im-
plemented to supervise the physical human-robot interaction (pHRI) and to allow
manual guidance of the robotic manipulator. Thanks to this kind of controllers, the
�walk-through programming� can be exploited: the operator becomes like a teacher
that physically guides the end-e�ector of the robot through the desired positions. Dur-
ing the teaching, the robot controller records the trajectory followed by the human and
it will be able to play it back thereafter. In order to create an industrial setup, the
tool attached at the robot end-e�ector has to be considered and its dynamics has to
be compensated.

In order to support the increasing request of pHRI introduction in the production
industry, a new generation of industry-oriented robots has been launched on the mar-
ket. Such robots embed advanced control functionalities, not available on standard
industrial robots, including compliant control modes (from simple gravity compensa-
tion to Cartesian impedance control) and contact forces/torques estimation, possibly
exploiting direct joint torque sensing. However, small and medium size enterprises may
not have access to these technologies mainly due to the high costs of buying new robots
dedicated to pHRI. Thus, a challenging issue would be to adapt the standard indus-
trial manipulators with their non-backdrivable structures and sti� position controllers
installed, to behave as collaborative robots, in order to extend pHRI to a larger part
of industrial applications.

In this chapter we exploit the results obtained in [33] and [70] to implement a control
architecture that allows human-robot cooperation during the programming phase of a

9
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robotic task, with the payload directly mounted on the robot end-e�ector. The system
architecture has been implemented in a real industrial setup, including an existing
industrial robot (Gaiotto GA-2000 robot) that has to perform a painting task [16].

Related Works

Several studies based on pHRI have been proposed in literature. In [10], [11] and [9] the
weight of the payload mounted on the end-e�ector is considered and shared between the
arm-manipulator and the human operator, implementing a compliant control. How-
ever, this work disregards the dynamics forces/torques generated by the motion of the
tool. In [64] and [63] the idea of virtual tool to emulate the real one has been intro-
duced and impedance is used to control the system. The walk-through technique for
a welding process is addressed in [13] and [12], exploiting the impedance control with
zero sti�ness but without taking into account the tool emulation or compensation. In
[14] an admittance control is implemented, considering a nonlinear model of the virtual
tool's dynamics, with the same weight and inertial properties of the real tool.
However, in some industrial applications, the teaching phase has to be performed di-
rectly using the real tool, in order to see the �nal result of the operation. In this case
the end-e�ector of the robot may have to carry a not negligible payload. This condi-
tion requires to consider the dynamic model of the tool and to compensate its e�ects
from the measurements of the F/T sensor. A solution to this problem was proposed
in [8], where impedance control schemes are adopted and directly modi�ed to embed
the dynamic of the load. However, impedance control requires the knowledge of the
robot dynamics and thus it is not suitable for industrial applications, where typically
the dynamic model of the robot is unknown.

2.1 Problem Statement and Contribution

The implementation of manual guidance allows to easily teach a desired trajectory to a
robot. Since industrial robots are usually sti� and have a non-backdrivable mechanical
structure, admittance control is typically used to make the robots compliant.

In the admittance control, the desired position and orientation, together with the
measured contact wrench, are input to an admittance equation which, via a suitable
integration, generates the position and orientation to be used as a reference for a low-
level motion controller. We assume that the motion is designed and tuned to minimize
the tracking error and optimize the dynamic response. Thus we can assume that the
actual pose x ∈ Rn, n ≤ 6, of the robot end-e�ector is the same as the reference
position xref and in the following we will consider x = xref .

Formally, consider the Euler-Lagrange dynamic model of a n-DOF robotic manip-
ulator, in the task space:

Λ(x)ẍ+ µ(x, ẋ)ẋ+ Fg(x) = Fτ + Fext (2.1)

where x = f(q) is the end-e�ector pose, obtained from the joint values q ∈ Rm,m ≥ n,
through the direct kinematics f(·). Fext ∈ Rn is the external wrench applied to the
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robot end-e�ector, while Fτ ∈ Rn is the torque due to the controlled joint torques
τ ∈ Rm. Λ(x) ∈ Rn×n is the positive de�nite inertial matrix, µ(x, ẋ) ∈ Rn×n is the
matrix describing the centrifugal-Coriolis terms and Fg(x) ∈ Rn is the gravity vector.
The goal of the admittance control is to establish a desired dynamical relationship
between the motion of the robot and the force applied by the environment. Thus, it is
possible to force the robot to behave compliantly with the environment, according to
a given mass-spring-damper system.

The elastic part of the mass-spring-damper system is used to attract the robot
end-e�ector towards the desired pose. In this paper we want to address the case of an
industrial robotic manipulator manually driven by the human operator. In this case,
the user guides the robot by means of the force applied at its end-e�ector, without
directly specifying a desired pose. Thus, the admittance control law of a mass-damper
system can be written as:

Λdẍ+Ddẋ = Fext (2.2)

where ẋ(t) and ẍ(t) are the velocity and acceleration, while Dd and Λd are, respec-
tively, the desired damping and inertia n-dimensional symmetric and positive de�nite
matrices.

The external force Fext in (2.2) is assumed to be measured by a 6-DOF F/T sensor
attached to the robot wrist �ange. Moreover, we are considering case studies in which
the end-e�ector is manually guided by the human to teach the robot a speci�c task,
e.g. painting of an object. The example in Figure 2.1 shows a spray gun attached to
the robot end-e�ector, and a handle of non-negligible weight attached to the same end-
e�ector, after the F/T sensor. In this case, the tool exerts a non-contact e�ect on the
sensor, with both static (i.e. gravity) and dynamics (i.e. inertial, centrifugal/Coriolis)
terms. Thus, the external force measured by the F/T sensor contains the sum of two
terms: the non-contact wrench Fnc due to the load dynamics, and the contact wrench
Fc, arising from the interaction between the robot and the human operator or the
environment.

Figure 2.1: Example of a tool that can be attached to the robot end-e�ector to perform an industrial
task. (1) Spray gun (2) F/T sensor (3) Handle
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Typically when the robot is programmed by using the walk-through technique, the
teaching phase is performed without considering the real tool, but exploiting a virtual
tool that exhibits the same mechanical properties of the real tool [14] or compensating
only the static part of the non-contact wrench [11]. Indeed, while the static terms of Fnc
could be easily computed and eliminated from F/T measurements with a knowledge
of the load mass, center-of-mass and orientation, compensating the dynamic e�ects of
the load is much more complex, since the load inertia tensor and an estimate of linear
acceleration/velocity must be available.

However, in some industrial applications the teaching phase has to be performed
directly using the real tool, in order to see the �nal result of the operation, e.g. in a
painting task the amount of paint has to be directly monitored in order to verify the
coverage of the whole surface. In these situations, where the real tool is involved and
it is attached at the robot wrist �ange, the e�ect of the non-contact wrench Fnc has to
be computed and eliminated. Indeed, in the admittance model (2.2) the term Fext is
the force that has to be tracked and thus should embody only the force applied by the
human when moving the robot end-e�ector to walk through the trajectory.

The goal of this work is to present a software control architecture to obtain human-
robot cooperation during the programming phase of a robotic task. The proposed
control scheme allows the so-called walk-through programming or hand guidance, where
the operator guides the end-e�ector of the robot through the desired positions to teach
him the trajectory that will be played back thereafter. The walk-through programming
has been implemented on industrial robots by other authors [14] and by companies like
FANUC (i.e. by adding the �hand guidance� option to its collaborative robot CR-35iA)
or ABB (i.e. by means of its FC Programming Handle add-on).

However, these examples require the user to interact with the robot by means of
speci�c handles embedding a F/T sensor, but the latter is not sensitive to the robot
payload. In our case, instead, the setup including the real tool could also be used since
the static and dynamic e�ects of the tool are compensated. In this way, the control
architecture is suitable to execute industrial tasks requiring a controlled interaction
between payload and environment (e.g. polishing, assembling, etc.) or to perform
tasks that require to constantly check the �nal result of the operation (e.g. painting).
I

n order to validate the presented strategy, the integration steps between the theoret-
ical system and the real robot are presented, and customized for the GA-2000 Gaiotto
Robot.

2.2 Background on Tool Compensation

In order to compensate the static and dynamic e�ects of the tool mounted on the robot
end-e�ector, it is required to relate the dynamic of the tool and its inertial parameters,
i.e. mass, center of mass and inertia tensor, with the forces/torques measured by the
F/T sensor. Even if the dynamic parameters may be calibrated online, as described
in [67], we consider that in a typical industrial application the characteristics of the
tool are known in advance, whether it is a tool designed by the system integrator
of the robotic cell or an o�-the-shelf object produced on a massive scale. The non-
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contact forces/torques Fnc = [fnc, τnc] can be computed, according to the Newton-Euler
formulation and to the motion of a rigid body due to external forces and torques, as
follows [66]:

fnc = ma−mg + α×mc+ ω × (ω ×mc)

τnc = Iα + ω × Iω +mc× a−mc× g (2.3)

where m is the mass of the tool, c = [cx, cy, cz] is the center of mass, I is the 3× 3
inertia tensor, g is the gravity vector, a is the linear acceleration, ω and α are the
angular velocity and acceleration, respectively.[

fnc
τnc

]
= V (a, α, ω, g)ϕ (2.4)

in order to highlight the linear dependency of the non-contact forces/torques from the
load inertial vector ϕ, which is de�ned as:

ϕ = [m,mcx,mcy,mcz, Ixx, Ixy, Ixz, Iyy, Iyz, Izz] (2.5)

The matrix V (a, α, ω, g) is a 6 × 10 matrix including velocities, accelerations and
elements of the gravity vector and it is de�ned in (2.6). For sake of clarity, in the rest
of the paper the dependency of V from (a, α, ω, g) will be omitted.

V =


ax − gx −ω2

y − ω2
z ωxωy − αz ωxωz + αy 0 0 0 0 0 0

ay − gy ωxωy + αz −ω2
x − ω2

z ωyωz − αx 0 0 0 0 0 0
az − gz ωxωz − αy ωyωz + αx −ω2

y − ω2
x 0 0 0 0 0 0

0 0 az − gz gy − ay αx αy − ωxωz αz + ωxωy −ωyωz ω2
y − ω2

z ωyωz
0 gz − az 0 ax − gz ωxωz αx + ωyωz ω2

z − ω2
x αy αz − ωxωy −ωxωz

0 ay − gy gx − ax 0 −ωxωy ω2
x − ω2

y αx − ωyωz ωxωy αy + ωxωz αz


(2.6)

The matrix V does not consider the force drift typical of strain gage-based devices
[106], which is a slowly time-varying and typically temperature-dependent contribution
that may deteriorate the compensation results. To handle the force o�set that could
arise, the device can be periodically zeroed using a tare function embedded in the
F/T sensor. To perform the tare operation, the tool should be detached from the
end-e�ector.

Since this operation has to be performed several times and not always the tool can
be easily detached from the end-e�ector, it can be useful to include the compensation
of the thermal drift into the compensation algorithm. To this aim, the F/T sensor
is zeroed when the tool is attached and in an initial static condition with a known
orientation. Then, a pseudo-gravitational term (2.7) is added to subsequent readings
in order to eliminate the gravitational forces and the associated torques.

Fginit
= V (0, 0, 0, ginit)ϕ (2.7)

This o�set zeroing operation should also be repeated periodically, during a pause
of the robotic task, to cope with temperature variations and slow drifts. Since perfect
knowledge of the inertial parameters cannot be achieved and there could be estimation



14 Walk-through programming for Industrial Robots

errors of the Kalman �lter, the computation of contact F/T is based on uncertain
quantities. These uncertainties can be compensated by applying threshold-based logics
as, e.g., the one provided in [104]. Therefore, the expression of contact F/T can be
written as follows:

F̂c = Fext − F̂nc + F̂ginit
(2.8)

where F̂c, F̂nc and F̂ginit
are estimated quantities.

2.3 Proposed Control Architecture

The overall control scheme is shown in Figure 2.2. The algorithm of tool compensation
requires the knowledge of the robot linear acceleration â, angular acceleration α̂ and
angular velocity ω̂. These data can be estimated by using Kalman �lters starting from
the current pose of the robot end-e�ector x, as suggested in [104]. Then, the algorithm
estimates the contact forces and torques Fc starting from the raw measurements Fext of
the F/T sensor and [â, α̂, ω̂] estimated by the Kalman �lter. The admittance control,
with input Fc, provides the reference position xref which the position-controlled robot
must follow. If the industrial controller (low-level position control in Figure 2.2) does
not allow to directly feed the Cartesian position/orientation set-points, a kinematic
inversion has to be performed in order to convert the outputs of the admittance control
into the joint position set-points qref . During the teaching phase of the walk-through
programming, the robot controller records all the signi�cant poses of the trajectory
followed by the human operator, and thus it will be able to interpolate them and play
the trajectory back.

Figure 2.2: Overall control architecture: walk-through programming technique based on admittance
control and compensation of the tool dynamics

2.3.1 Software Implementation

From a practical point of view, the implementation of the described software architec-
ture is not as immediate as it can be for a collaborative robot, whose interface with
the low level controller is meant to be easily programmable and accessible.
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A few steps have to be integrated in the system described in Figure 2.2, and they
strictly depend on the robot model and kinematics. In our case study, all the param-
eters were tuned to integrate the control architecture on the GA-2000 Gaiotto robot.
To reduce the computational e�ort required to the robot controller, we implemented
the overall control architecture on an external pc provided with Ubuntu 14.04. We
exploited Orocos Real-Time Toolkit (RTT) and Kinematics/Dynamics Library (KDL)
to create software components, whose update frequency was limited to 250 Hz, due
to robot hardware limitations. We chose Orocos since it is an open source project,
modular and �exible, whose advantage consists of creating a component-based archi-
tecture, where the software components are independent and they can be arbitrarily
linked through data ports.

Figure 2.3: Software control architecture: walk-through programming technique implemented on
Gaiotto GA-2000 robot

As depicted in Figure 2.3, the robot sends its current joint position to a Joints
Transformation component through the Ethernet socket communication. The robot
sends its data in a binary form, which correspond to the encoder steps per revolution
of each motor. Hence each value has to be divided by a factor of (4096 × 61)/360 for
the �rst three joints, and by a factor of (4096 × 31)/360 for the other three, in order
to obtain joint angles, expressed in degrees and then converted to radians to execute
the following steps.

Here, preprocessing operations on the six joints array are performed: the robot
o�sets have to be subtracted from the resulting angles and the values referred to the
second/third and four/�fth joint have to be decoupled. From a mechanical point of
view, the coupling/decoupling operation is necessary since the second and third axis
are mechanically bounded together, as well as the fourth and �fth ones. This means
that a movement on the fourth joint re�ects in a movement on the �fth one and, to
avoid that, the motor on the �fth joint has to be moved about the opposite quantity
to keep it �xed. The same procedure has to be applied to the second and third axis.

The Direct Kinematics has to be performed to obtain the corresponding Cartesian
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pose. Since Gaiotto kinematics returns a value referred to the �fth axis, a translation
matrix has to be added as a �nal step to obtain the Cartesian pose with respect to the
end-e�ector, making it coherent with the rest of the system.

This pose is then used by the Force Sensor component to execute the rotation
of the contact wrench from the sensor reference frame to the world one, and by the
admittance control to set the reference initial position. Furthermore, the Kalman Filter
[33] uses the Cartesian position to compute the linear acceleration, angular acceleration
and angular velocity. Then, the Sensor component, the Tool Compensation and the
Admittance Control perform as described in Section 2.1.

The Cartesian pose computed by the Admittance Control has to be transformed
in a joint position by the Inverse Kinematics of the robot GA-2000 and, through the
Joint Transformation, robot o�sets and joint coupling are performed, and a �nal binary
transformation on each joint value is done. Finally, these set points are transmitted to
the robot through the socket communication. The robot controller itself handles the
recording of the trajectory and the painting data (i.e. control of the spray gun, the fan
and the �ow of the paint), which are directly managed by the human operator through
the buttons placed on the handle.

Since the focus of the system resides in the force/torque sensor and the robot is
primarily used for spray painting, we chose the ATI Mini45 with a 68 International
Protection, rated for submersion in fresh water to a depth of 4 m. To obtain a better
monitoring of the device, the robot and the external pc exchange some useful infor-
mation about the sensor state, the maximum force that can be applied and if there is
coherence between the force and the movement (i.e. if the force perceived is zero, the
movement has to be null as well, and vice versa).

Since safety is of paramount importance when dealing with physical Human-Robot
Interaction, a dedicated PLC system and the �dead man� on the handle are integrated,
with respect to the ISO EN 10218 regulations [53] [53]. These regulation specify require-
ments and guidelines for the inherent safe design, protective measures and information
for use of industrial robots. They describe basic hazards associated with robots and
provide requirements to eliminate, or adequately reduce, the risks associated with these
hazards.

2.4 Conclusions

In this chapter we presented a way to adapt and integrate the control architecture
of a walk-through programming technique on an industrial robot. First, the overall
control scheme is presented in combination with the payload compensation, to allow
the human operator to directly use the real tool attached to the robot end-e�ector
during the teaching phase. To integrate the system on an industrial robot, several
considerations have to be taken into account: �rst of all the robot controller must
communicate with the external system with a minimum frequency of 250 Hz, in order
to guarantee a stable behavior of the admittance control. To reduce the computational
e�ort required to the robot, we developed the overall architecture on an external pc:
the inverse kinematics has been moved from the robot to the external system, along
with the joints coupling, coherently with the mechanical bounds of the axis, and the
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binary conversion for the electric motors. Hence, the binary values are directly sent to
the robot through the Ethernet socket, reducing its elaboration time and guaranteeing
a real-time application.

A crucial aspect of the industrial painting is to perform the task with high velocities
(2 m/s): the main challenge of our walk-through system will be to create a stable and
reliable set-up that can satisfy this requirement.

The content of this chapter has contributed to the publication of a patent [16] that
describes the manual walk-through programming for an industrial robot that executes
painting tasks at high speed.
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3 | Preventing Undesired Oscillations

in Physical HRI

As previously said in Chapter 2, the walk-through programming is a technique that
allows experienced and unexperienced operators to easily and intuitively teach a tra-
jectory to the robot. However, di�erent operators approach di�erently to the robot.
More experienced ones, for example, can feel comfortable during the interaction, by
moving the robot gently. Less experienced ones, conversely, can be more sti� during
the leading through operation. In both cases, the robotic system must behave com-
pliantly and safely for the human operator. However it is well know in literature that
admittance-controlled robots, coupled with sti� human operators' grasping, can cause
rising instabilities. These instabilities translate into high frequencies oscillations that
can be dangerous for the operator.

One possible solution would be to estimate (a priori or online) the human sti�ness
and compensate the system accordingly. However, the system should adapt to the
human behavior independently from the characteristics of each one, without implying
additional body sensors or training phases. Hence in this chapter a method to promptly
detect and reduce undesired oscillations is presented. This method holds for di�erent
operators, tasks and robot, without the need of a priori tuning.

Related Works

Di�erent approaches are available in the literature to overcome rising instabilities dur-
ing the pHRI in response to a high human arm sti�ness. A �rst method consists in
estimating the arm sti�ness and adapting the controller parameters consequently. In
[102] the authors propose to increase the damping coe�cient proportionally to the
estimated sti�ness of the human arm, in order to stabilize the system. However, the
user physical e�ort is increased and a dynamic model of the arm is needed. In [28],
authors �rst estimate the human arm sti�ness with recursive experiments, then they
�nd the Lyapunov function for the closed loop system that allows to de�ne the sta-
bility frontiers and the critical value of each impedance parameter. In this case, the
impedance parameters are �xed and cannot be changed during the task execution, and
the sti�ness estimation has to be done each time the user changes.

Another approach exploits electromyography (EMG) sensors to evaluate when the
user is sti�ening his/her arm. For example, in [40], the information provided by the
EMG sensor is used to estimate the muscle activity and, consequently, the user sti�ness,
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adjusting the impedance controller parameters. The work in [45] presents a variable
admittance control where the damping parameter is adjusted between two prede�ned
values when the EMG sensors detect a co-contraction in the operator's arm muscles.
In both cases only the damping increased, which requires larger human physical e�ort
and additional sensors.

Other approaches, not requiring external devices or additional sensors, are based
only on interaction force and end-e�ector position measurements. For example, in
[31], a method is presented that computes the variance of the measured tool positions
during the performance phase of a welding task. This criterion takes into account
the oscillations of the torch: the smaller is the variance, the more successful is the
welding. They proved that this method helps untrained users, but they only switch
between two damping values that are set a priori for all of the operators, excluding the
possibility of tuning the parameters according to di�erent users. In [29], a method is
proposed to estimate the interaction sti�ness exploiting the force/torque sensor used for
the admittance control. As a consequence, a stability observer is de�ned that detects
oscillations and adapts the damping matrix in real time.

Approaches based on the frequency analysis of a signal (i.e. force, velocity or posi-
tion) are presented in [26], [94], and [87]. In [26], a stability observer is proposed, based
on the frequency analysis of the force signal generated from the interaction between the
operator and the robot. Consequently, an instability index is built and the admittance
parameters (i.e. inertia and damping) are proportionally increased. In [94], a haptic
stability observer examines the motion in the frequency domain and quanti�es the de-
gree of instability. Hence a damping force is generated by the controller to counteract
the oscillations. A frequency analysis is done also in [87], where the fast Fourier trans-
form (FFT) of the measured forces at the end-e�ector, in combination with boosted
classi�ers, allows to detect instability oscillations and modify the admittance control
parameters consequently. The carried out simulations show that the primary method
to avoid oscillations consists in increasing the inertia. Nevertheless, the frequency
analysis introduces a delay in the compensation that can reduce its e�ectiveness.

The time-domain vibration observer presented in [18] addresses the interaction sta-
bility issue by means of an adaptive control strategy. A vibration index is computed
and then used to adjust the control gains in order to reduce the vibrations that appear
when the operator grasps the end-e�ector in a sti� manner. Di�erent control strate-
gies are possible: the admittance control parameters (i.e. inertia and damping) can
be linearly varied between two values, a damping can be added, or the low-level con-
troller gains can be reduced. A common strategy, based on energy �ow, is the passivity
observer (PO) and passivity controller (PC) implementation ([49]). Nevertheless, as
highlighted in [18], the use of PO-PC during the interaction with a sti� user does not
detect any instability oscillation. Indeed, in the PO output the energy does not become
negative: the passivity controller would apply corrections only when extra energy is
injected into the system in response to an active behavior, but it would not apply any
correction when the vibrations are due to a sti� but passive environment.
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3.1 Problem Statement and Contribution

As mentioned in Chapter 2, admittance control can be applied on industrial manip-
ulators to make the robot compliant. However, the main limitation is represented by
rising instabilities when the robot interacts with a sti� environment. This can be due
to several factors as the robot structural dynamics, the actuators limitations and the
low-level controllers implementations ([30]). All these destabilizing e�ects are due to
the violation of the co-location principle, as shown in [24].

Since humans are dynamic systems characterized by a time-varying impedance, they
can behave in a sti� way and, consequently, give rise to instability when interacting
with admittance-controlled robot. As shown in [89], instability is related to the human
arm impedance, especially when the user grasps the tool placed on the end-e�ector in
a very sti� way. It is always possible to choose an admittance dynamics that makes
the human-robot system unstable.

Instability induces a deviation of the robot from the desired admittance behav-
ior. It produces high amplitude oscillations of the end-e�ector, undermining the user
safety during the interaction. Thus, it is very important to promptly detect the rise of
oscillations and then act for restoring a stable and safe behavior.

An e�ective method for recovering stability consists in modifying the admittance
control parameters. The most common strategy consists in increasing the desired
damping, to dissipate energy and restore passivity. However, a bigger damping factor
requires a larger e�ort for the human when interacting with the robot. Moreover,
changing only one of the parameters unbalances the admittance dynamics, a�ecting
the usability of the robot ([71]).

In this chapter we propose a novel methodology for detecting the rise of oscillations
during the interaction between a human and an admittance-controlled robot and a
passivity based approach for restoring a stable behavior. The proposed adaptation
allows to change the desired inertia and damping of the system, keeping a similar
dynamics to the nominal one still reducing instability.

Summarizing, the main contributions of this chapter are:

• a novel methodology to easily detect online the rising instability (i.e. oscillations),
that is independent from robot velocity and acceleration;

• a passivity-based strategy to adapt the admittance parameters, gradually restor-
ing the admittance dynamics to the desired one when destabilizing factors are no
longer active;

• an automatic setting of the detection threshold using a thorough statistical anal-
ysis;

• a weighted energy allocation strategy in order to consider separately translations
and rotations, during the adaptation of admittance parameters;

• an extended experimental validation, with a larger number of users and two
robots, to demonstrate that the presented algorithm is hardware independent
and user adaptive;
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• an experimental comparison with state-of-the-art methods that address the de-
tection and handling of instability with admittance controlled robots.

3.2 Admittance control and issues in physical HRI

Consider a n-degree of freedom (n-DOF) manipulator controlled by using the admit-
tance control scheme shown in Fig. 3.1. Given a desired interaction model, namely a
dynamic relation between the motion of the robot and the force applied by the envi-
ronment, and given the external force, the admittance equation generates the position
and orientation to be used as a reference for a low-level position controller.

Figure 3.1: Control scheme of the admittance control with underlying motion controller. The
solution of the interaction model with the input F (t) provides the value x̄ which the position-controlled
robot must follow, by computing the desired joint positions q̄ from inverse kinematics and regulating
the joint torque τ to let the actual joint positions q track q̄.

The goal of the admittance control is to force the robot to behave compliantly
with the environment, according to a given mass-spring-damper system. The elastic
part of this system is used to attract the robot end-e�ector towards a desired pose.
However, since we want to address the case of a robotic manipulator manually driven
by the human operator, we do not consider the elastic part of the general admittance
control model ([104]). Let x̄(t) ∈ R6 be the set-point computed by the admittance
controller and x(t) ∈ R6 be the pose of the end-e�ector, obtained from the joint posi-
tions q(t) ∈ Rm, m ≥ 6, through the forward kinematics. For ease of notation we will
hereafter omit the dependency of q(t) from t.

We expect that the low-level position controller is designed and tuned to minimize
the tracking error and optimize the dynamic response so that the robot can track a
feasible set-point. Thus, we will make the following assumption:

Assumption 1. The low-level position controller is designed and tuned in such a way
that x(t) ' x̄(t) as long as

−Ẋ (q) ≤ ˙̄x(t) ≤ Ẋ (q)

−Ẍ (q) ≤ ¨̄x(t) ≤ Ẍ (q)
(3.1)

where

Ẋ (q) =
[
Ẋ1, . . . , Ẋ6

]T
∈ R6

Ẍ (q) =
[
Ẍ1, . . . , Ẍ6

]T
∈ R6

(3.2)
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are con�guration-dependent velocity and acceleration bounds due to the robot dynamics
and the inequalities are component-wise.

We want to force the robot to interact with the environment according to the
following desired behavior:

Mdẍ(t) +Ddẋ(t) = F (t) (3.3)

where Md ∈ R6×6 and Dd ∈ R6×6 are the desired inertia and damping symmetric
and positive de�nite matrices. The external force F (t) ∈ R6 in (3.3) is assumed
to be measured by a 6-DOF force/torque (F/T) sensor attached at the robot wrist
�ange. The controlled robot behaves as (3.3) and it is passive with respect to the pair
(F (t), ẋ(t)), as proved in [35].

During the execution of the cooperative task, the robot is coupled with a human
operator, whose dynamics (e.g. change of compliance of the arm) can cause deviations
from the desired behavior that may produce robot oscillating motions of high amplitude
and frequency, making the interaction unsafe for the user ([26]). Thus, the oscillations
have to be detected and then the desired behavior has to be recovered.

A common strategy for restoring the desired behavior of the controlled robot in
the presence of deviation is to adapt the parameters of the admittance control. As
shown in [26], three di�erent adaptation laws can be used to stabilize the system: in-
crease the damping, increase the inertia or increase both the damping and the inertia
while keeping a constant ratio. Thus, in order to be able to compensate the destabi-
lizing e�ects by adapting the parameters, we implement the following, time-varying,
interaction model:

M(t)ẍ(t) +D(t)ẋ(t) = F (t) (3.4)

where M(t) ∈ R6×6 and D(t) ∈ R6×6 are inertia and damping symmetric and positive
de�nite matrices such that M(0) = Md and D(0) = Dd. While increasing the damping
is an intuitive and passivity preserving approach since it increases the energy dissi-
pated, changing the inertia is, in general, a non passive operation ([35]). Thus, it may
happen that the procedure for stabilizing the interaction makes the admittance dynam-
ics non passive and possibly unstable. Nevertheless, using the method explained in the
following sections, it is possible to adapt both the damping and inertia parameters in
(3.4) while preserving the passivity of the initial dynamics.

3.3 Online Detection of Rising Oscillations

3.3.1 De�nition of the Heuristic

Let us de�ne the vectors ˙̂x(t) ∈ R6 and ¨̂x(t) ∈ R6 as the tracking error derivatives
scaled with respect to the bounds Ẋ and Ẍ . In particular, the j-th components of the
scaled vectors are de�ned as follows:

˙̂xj(t) =
˙̃xj(t)

Ẋj(q)
¨̂xj(t) =

¨̃xj(t)

Ẍj(q)
j = 1, . . . , 6 (3.5)
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where
˙̃x(t) = ˙̄x(t)− ẋ(t) =

[
˙̃x1(t) . . . ˙̃x6(t)

]T ∈ R6

¨̃x(t) = ¨̄x(t)− ẍ(t) =
[
¨̃x1(t) . . . ¨̃x6(t)

]T ∈ R6
(3.6)

are the �rst and second order derivatives of the tracking error. Robot velocities and
accelerations can be measured using speci�c hardware (e.g. gyroscopes and accelerom-
eters) or estimated using, for example, the quaternion-based Kalman �lter introduced
in [33].

Moreover, we introduce the following damping to inertia ratio matrix:

Rd(t) = M−1(t)D(t) (3.7)

We can now de�ne the improved heuristic in terms of (3.5) and (3.7), as follows:

ψ
(

˙̂x(t), ¨̂x(t)
)

= ‖¨̂x(t) +Rd(t) ˙̂x(t)‖ ≤ ε (3.8)

With a slight abuse of notation, we will hereafter use ψ(t) to indicate the value of

ψ
(

˙̂x(t), ¨̂x(t)
)
at time t.

We propose to use (3.8) as the heuristic for detecting online when oscillations occur.
Namely, when (3.8) is not satis�ed, we claim that oscillations are rising. This formula-
tion of the detection index is intrinsically insensitive to the physical characteristics of
the robot in use, thanks to the scaling with respect to velocity and acceleration bounds
(3.5), and its sensitivity against the current values of inertia and damping matrices is
mitigated. Indeed, (3.8) contains the damping to inertia ratio (3.7) that multiplies only
the scaled velocity error, which is generally much smaller than the scaled acceleration
error, in case of high-frequency oscillations.

3.3.2 Experimental statistical characterization of the detection

index

The characterization of the detection index ψ(t) is based on statistical methods and
on the following assumptions:

Assumption 2. Given a proper initial choice of the admittance parameters Md and
Dd (i.e. feasible for the robot's characteristics and for the desired interaction task), an
experienced human operator is able to properly interact with the robot, without causing
oscillations, by applying a gentle grasp and softening his/her arm.

Assumption 2 is not restrictive in practice, provided that the chosen admittance
parameters Md and Dd are not excessively small ([71]).

Assumption 3. The detection index ψ(t) is a random variable, whose Probability Den-
sity Function (PDF) and its Cumulative Distribution Function (CDF) can be estimated
from experimental data.

Assumption 3 derives from the consideration that the detection index ψ(t) is a
function of the tracking error. Since a robotic manipulator is a complex nonlinear
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system subjected to di�erent sources of uncertainty (e.g. measurement and modeling
errors, external disturbances, etc.), its tracking error is generally described by means
of non-Gaussian stochastic models ([22]).

Assumption 4. The admittance control adaptation law (see Section 3.4.2) is designed
to preserve a constant damping to inertia ratio.

Assumption 4 represents a recommended practice in physical human-robot interac-
tion (see [71]). Indeed, this choice allows to maintain a similar dynamics of the system
after the adaptation, which is more intuitive for the operator rather than increasing
only the inertia or the damping. Assumption 4 implies that the threshold ε is tuned
for a given initial value of the damping to inertia ratio Rd(0) and has to be re-tuned
only if the parameters setting is changed.

We performed several experiments in order to obtain the statistical characterization
of the detection index ψ(t). In particular, under Assumption 2, an experienced operator
applied persistent inputs to F (t) and forced the robot to move within a large part of its
workspace, while avoiding joint limits and singular con�gurations and without causing
oscillations. In the meanwhile, the value of ψ(t) is calculated and discrete-time samples
are recorded. The collected time series of ψ(t) were analyzed, searching for a probability
distribution, to estimate the PDF and the related CDF.

In order to fully characterize the probability distribution of ψ(t), the experiments
were performed on two di�erent robotic system (a KUKA LWR 4+ and a Puma 260)
with di�erent experienced users and with di�erent values of the admittance model
parameters. We chose diagonal inertia and damping matrices, resulting in diagonal
damping to inertia ratio matrices1. We performed the experiment with the following
damping to inertia ratio on each robotic setup:

• Test 1 : 12.5 kgNs/m on translational DOFs and 25 kgNs/mrad on rotational DOFs

• Test 2 : 1.25 kgNs/m on translational DOFs and 2.5 kgNs/mrad on rotational DOFs

• Test 3 : 5 kgNs/m on translational DOFs and 10 kgNs/mrad on rotational DOFs

In order to de�ne the PDF that best characterizes ψ(t), we considered only distributions
supported on the semi-in�nite interval [0,∞) (e.g. Birnbaum-Saunders, Gamma, log-
logistic, log-normal, Weibull, etc.) ([57]), since the values of ψ(t) are strictly positive
by de�nition.

As a result of this study, the log-normal distribution was selected as the best �t
for all of the experiments. In addition, its parameters can be estimated with simple
formulas, by applying the Maximum Likelihood Estimation (MLE) method.

The plots in Figures 3.2 and 3.3 show the histogram distributions of the data
acquired during the three tests with, respectively, the KUKA LWR 4+ and the Puma
260. The log-normal PDFs, whose parameters are calculated with MLE, are also shown.
The two robotic systems provide similar experimental results, since the distributions
are centered on higher values of ψ(t) for higher damping to inertia ratios. Slight

1The choice of diagonal matrices is aimed at simplifying the notation for the comparison. Indeed,
the desired inertia and damping matrices can be freely chosen, provided that they are symmetric and
positive de�nite.
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Figure 3.2: Histogram distributions and �tted log-normal PDFs for the experiments with the KUKA
LWR 4+ robot.
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Figure 3.3: Histogram distributions and �tted log-normal PDFs for the experiments with the Puma
260 robot.

di�erences in the quantitative evaluations could be due to the di�erences in the tracking
performances of the robots low-level position controllers.

The di�erent damping to inertia ratios result in similar robot behaviors, hence we
chose Test 1 ratio and we performed other experiments in the following conditions:

• three di�erent periods (30, 60, 120 seconds);

• three experienced users;

• two di�erent values of inertia and damping (keeping the ratio constant according
to Test 1).

In all of these cases, the estimated parameters of the log-normal distribution did not
change signi�cantly, leading to similar results in terms of PDF distribution �tting.

The results of these experiments have shown that the log-normal represents a good
choice for the characterization of the detection index ψ(t). This result will be used in
the following section to de�ne a procedure for the automatic tuning of the threshold ε.
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3.3.3 Procedure for tuning the detection threshold

According to the experimental results of Section 3.3.2 and to the characterization of the
distribution of ψ(t) as a log-normal, we can de�ne a procedure for tuning the detection
threshold ε as follows:

1. Given initial values of inertia and damping matrices and, therefore, their ratio, the
experienced operator applies persistent forces to the admittance-controlled robot.
In the meantime, the control system logs the values of ψ(t) for at least 60 seconds.

2. The potential presence of a signi�cant number of outliers in the recorded series
of ψ(t) is detected. Indeed, outlying samples are potentially related to undesired
oscillations that even the experienced user may have not perceived. Being the log-
normal a skewed distribution, the outliers detection is based on the adjusted boxplot
described in [50]. Following this approach, a sample is considered to be an outlier
if it falls outside of the interval:[

Q1 − 1.5e−4MCIQR, Q3 + 1.5e3MCIQR
]

(3.9)

where Q1 and Q3 are respectively the �rst and third quartile of the sampled data,
IQR = Q3−Q1 is the interquartile range andMC is themedcouple, a robust measure
of skewness ([15]). Note that the proposed boxplot formula assumes MC > 0, since
a log-normal distribution is right skewed. If the total number of outliers does not
exceed 5% of the sampled data and consecutive outlying samples represent short
time intervals (e.g. smaller than 200 ms), it can be concluded that experimental
data do not include oscillating behaviors and can be used for the subsequent steps
of the tuning procedure.

3. If outliers are negligible and the user acknowledges that the experimental run is
valid for the tuning of the threshold, the PDF of ψ(t) is estimated from sampled
data. In particular, the parameters of a log-normal distribution are estimated using
the following MLE formulas (see [44]):

µ̂ =

N−1∑
i=0

lnψ(i · T )

N
; σ̂ =

√√√√√N−1∑
i=0

(lnψ(i · T )− µ̂)2

N
(3.10)

where T is the sampling period, N is the number of discrete-time samples of ψ(t)
collected during the test, µ̂ and σ̂ are the estimated location and the estimated scale
of the log-normal distribution ([57]), respectively.

4. The threshold ε is �xed as the upper bound of the prediction interval calculated
as the value at which the log-normal CDF reaches the con�dence level α = 0.9999
(chosen with the aim to mostly avoid false positive detections).

In order to validate the proposed method, we applied the described procedure on the
data of the experiments reported in Figures 3.2 and 3.3. Table 3.1 shows the threshold
ε that resulted from tests 1, 2 and 3 being performed on each robotic setup by a speci�c
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user. The value of the threshold changes depending on the damping to inertia ratio
and on the robot being used. However, repeating each test with di�erent (experienced)
users and with di�erent admittance parameters values (keeping a constant damping to
inertia ratio) led to threshold values changing only within a ±5 % interval with respect
to those reported in Table 3.1. Therefore, we can conclude that, under Assumption 4,
the threshold, automatically computed from a test run by an experienced user, can be
used for online detection of rising oscillations.

Table 3.1: Resulting detection threshold ε in di�erent tests.

test 1 test 2 test 3
KUKA LWR 4+ 1.015 0.1698 0.4379

PUMA 260 0.5544 0.2410 0.4871

3.4 Parameter Adaptation with Weighted Energy Al-

location

3.4.1 Passivity-based Approach for Restoring the Desired Be-

havior

In this section we will show how to adapt the parameters of the admittance control to
restore the desired behavior of the controlled robot in the presence of high-frequency
oscillations, identi�ed according to the technique described in Section 3.3. If the pa-
rameters have to be adapted, then the desired interaction model becomes the variable
admittance model (3.4). The main drawback due to the introduction of variable terms
in an admittance control scheme is the loss of passivity of the controlled robot.

This can be easily seen by considering the non negative total energy as a storage
function:

H(ẋ(t)) =
1

2
ẋ(t)TM(t)ẋ(t) (3.11)

The variation of the energy function is given by:

Ḣ(ẋ(t)) = ẋ(t)TM(t)ẍ(t) +
1

2
ẋ(t)TṀ(t)ẋ(t) (3.12)

Using (3.4) in (3.12) we obtain:

Ḣ(ẋ(t)) = ẋ(t)TF (t) +
1

2
ẋ(t)T

(
Ṁ(t)− 2D(t)

)
ẋ(t) (3.13)

Due to the variability of the inertia matrix, the term between brackets can be positive
and, therefore, some extra energy can be injected into the system by the controller. This
e�ect would destroy passivity and lead to a potentially unstable and unsafe behavior
of the robot.
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In order to guarantee the passivity, we exploit the concept of energy tanks that
allows to use the (virtual) energy circulating in the controlled system in a �exible and
passivity preserving way. Indeed, the energy dissipated by the system is stored in
a virtual energy tank and it can be reused for implementing a active behavior in a
passivity preserving way. For this purpose, we augment the dynamics (3.4) as follows: M(t)ẍ(t) +D(t)ẋ(t) = F (t)

ż(t) =
ϕ(t)

z(t)
PD(t)− γ(t)

z(t)
PM(t)

(3.14)

where
PD(t) = ẋ(t)TD(t)ẋ(t) PM(t) = 1

2
ẋ(t)TṀ(t)ẋ(t) (3.15)

are the dissipated power due to the damping, and the dissipated/injected power due to
the inertia variation, respectively, and z(t) ∈ R is the state of the tank. Furthermore,
let

T (z(t)) =
1

2
z(t)2 (3.16)

be the energy stored in the tank. We will hereafter assume that ∃δ, T̄ , with 0 < δ < T̄ ,
such that δ ≤ T (z(t)) ≤ T̄ , ∀t. The upper bound is guaranteed by the parameters
ϕ(t) ∈ {0, 1} and γ(t) ∈ {0, 1} that disable the energy storage in case a maximum,
application dependent, limit T̄ ∈ R+ is reached. It is necessary to bound the avail-
able energy because, if there were no bounds, the energy could become very big as
time increases and, even if the system keeps on being passive, it would be possible to
implement practically unstable behaviors ([? ]). In particular,

ϕ(t) =

{
1 if T (z(t)) ≤ T̄
0 otherwise

(3.17)

enables/disables the storage of dissipated energy, while

γ(t) =

{
ϕ if Ṁ(t) ≤ 0
1 otherwise

(3.18)

enables/disables the injection
(
Ṁ(t) ≤ 0

)
of energy in the tank due to the inertia

variation but it always allows to extract
(
Ṁ(t) > 0

)
energy from the tank. The lower

bound, required for avoiding singularities in (3.14), is guaranteed by carefully plan-
ning/forbidding the extraction of energy when T (z(t)) = δ is reached. Notice that the
extraction of energy is due only to PM(t). The tank initial state is set to z(0) such
that T (z(0)) > δ.

The evolution of the energy in the tank can be written as:

Ṫ (z(t)) = z(t)ż(t) = ϕ(t)PD(t)− γ(t)PM(t) (3.19)

Using the augmented dynamics it is possible to prove the following result:

Proposition 1. If T (z(t)) ≥ δ for all t ≥ 0, the system (3.14) is passive with respect
to the pair (F (t), ẋ(t)).
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Proof. Consider the following positive storage function:

W (ẋ(t), z(t)) = H (ẋ(t)) + T (z(t)) (3.20)

where H(ẋ(t)) is de�ned in (3.11) and T (z(t)) in (3.16). With a slight abuse of nota-
tion we will hereafter use W (t), H(t) and T (t) to indicate, respectively, the value of
W (ẋ(t), z(t)), H (ẋ(t)) and T (z(t)) at time t. We have that:

Ẇ (t) = Ḣ(t) + Ṫ (t) =
ẋ(t)TF (t)− (1− ϕ(t))PD(t) + (1− γ(t))PM(t)

(3.21)

Since ϕ(t) ∈ {0, 1} and PD(t) ≥ 0, we have that

ẋ(t)TF (t) ≥ Ḣ(t) + Ṫ (t)− (1− γ(t))PM(t) (3.22)

If Ṁ(t) ≤ 0, then, from (3.15) and from (3.18) it follows that− (1− γ(t))PM(t) ≤ 0. In
case Ṁ(t) > 0, from (3.18), it follows that γ(t) = 1 and, consequently, (1− γ(t))PM(t) =
0. Thus, from (3.21) we can obtain:

ẋ(t)TF (t) ≥ Ḣ(t) + Ṫ (t) (3.23)

which implies∫ t

0

ẋ(τ)TF (τ) dτ ≥ H(t)−H(0) + T (t)− T (0) ≥ −H(0)− T (0) (3.24)

which proves passivity.

Thus, as long as there is energy available in the tank, it is possible to implement any
kind of inertia variation. Nevertheless, it is important to guarantee that the variation
of the inertia does not deplete the tank. Indeed, if this happens, all the active behaviors
(e.g. increasing of inertia) would be stopped and this would lead to unwanted behaviors
(e.g. oscillations) in the cooperative system. In the following we propose a condition
on the variation of the inertia that guarantees that the tank never depletes and, as a
consequence, that the system remains passive.

We assume that the inertia variations take place in prede�ned �nite intervals (e.g.
when the user sti�ens his/her arm). As clearly shown in (3.14) and in (3.15), energy
can be extracted by the tank only if Ṁ(t) > 0. Thus, it is necessary to bound the
increase of inertia depending on the energy stored in the tank. Consider a generic time
interval [a, b] where Ṁ(t) > 0. From (3.18), γ(t) = 1 for all t ∈ [a, b]. From (3.19), the
energy of the tank at t = b is given by:

T (b) = T (a) +

∫ b

a

PD(τ)dτ −
∫ b

a

PM(τ)dτ ≥ T (a)−
∫ b

a

PM(τ)dτ (3.25)

In order to avoid to deplete the tank during the variation interval, since Ṁ(t) > 0 for
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all t ∈ [a, b], it is su�cient that T (b) ≥ δ, namely, using (3.25):

T (a)−
∫ b

a

PM(τ)dτ ≥ δ (3.26)

which can be reformulated as: ∫ b

a

PM(τ)dτ ≤ T (a)− δ (3.27)

namely that the energy extracted in the interval is at most equal to the energy initially
available beyond the lower bound δ.

Since the desired inertia and damping are parameters that can be freely chosen,
provided that they are symmetric and positive de�nite matrices, we will consider the
following assumption.

Assumption 5. The desired inertia and damping in (3.4) are diagonal matrices and
they are de�ned as

M(t) = diag {m1(t), . . . ,m6(t)}
D(t) = diag {d1(t), . . . , d6(t)} (3.28)

Since M(t) is diagonal, Ṁ(t) is diagonal too and its eigenvalues are the elements on
the diagonal.

With this assumption, we can decouple the di�erent components (e.g. the trans-
lational components from the rotational ones). Indeed, the following inequality holds:∫ b

a

PM(τ)dτ ≤
6∑
j=1

1

2
¯̇mj

¯̇X 2
j (b− a) (3.29)

where ¯̇mj (j = 1, . . . , 6) are bounds on ṁj(t) for all t ∈ [a, b] and ¯̇Xj = max
q
Ẋj(q) (j = 1, . . . , 6)

are component-wise upper bounds on the robot velocity limits de�ned in Assumption 1.
On the other hand, if we de�ne a vector of weights A = {α1, . . . , α6}, such that:

6∑
j=1

αj = 1 (3.30)

and we use these weights to distribute the energy available in the tank at the beginning
of the adaptation period on the 6 DOFs of robot motion:

T (a)− δ =
6∑
j=1

αj(T (a)− δ) (3.31)

then it is possible to write the following inequalities:

1

2
¯̇mj

¯̇X 2
j (b− a) ≤ αj(T (a)− δ) ∀j = 1, . . . , 6 (3.32)

Consequently, the condition on the inertia variations that allows to preserve passiv-
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ity, with a weighted distribution of the energy extracted from the tank within the
adaptation interval, can be stated as follows:

ṁj(t) ≤ ¯̇mj ≤
2αj(T (a)− δ)

¯̇X 2
j (b− a)

∀j = 1, . . . , 6 (3.33)

This formulation of the passivity-preserving adaptation law allows to take into account
that the velocity bounds of the robot may be quite di�erent on the di�erent DOFs,
especially comparing translational and rotational ones. Thanks to the component-wise
de�nition of the inertia variation bound and to a proper choice of the weights vector A,
the adaptation of the admittance parameters related to each DOF can be tuned more
precisely, according to the features of the robot and to the desired task. Intuitively,
lower weights should be speci�ed for the components related to rotational DOFs, whose
corresponding elements on the diagonal of M(t) tends to be smaller than those related
to translational DOFs (i.e. the values in the inertia tensor of a rigid body are, in general,
quantitatively smaller than its mass). On the other hand, the oscillating behavior of
the human-robot interaction can be counteracted with smaller inertia variations on
those DOFs for which higher velocities are admissible. More details on the tuning of
the weights vector will be given in Section 3.5.

3.4.2 Algorithm for Parameter Adaptation in Admittance Con-

trol

Section 3.4.1 provides a possible way for using (3.33) to adapt the parameters of the
admittance control, recovering a stable behavior of the human-robot interaction when
oscillations are detected. In the following we will provide a procedure for parameter
adaptation, that allows to increase the parameters only when it is required due to the
detection of rising oscillations, but then restores the desired interaction model when
such oscillations disappear (e.g. due to a relaxation of the operator's arm). The pa-
rameters will be adapted according to the component-wise passivity-preserving bound
de�ned by (3.33). The algorithm will be provided in the discrete-time domain in order
to be implementable on a real robotic system. The conditions on the time derivatives
stated so far can be approximated using the corresponding di�erence quotient for a suf-
�ciently small sampling period. We will then consider a set of time intervals [ti, ti+1],
with i = 1, 2, . . . and such that ti+1 − ti = ∆t, within which the parameter adapta-
tion takes place. In particular, Algorithm 1 shows how the admittance parameters are
updated.

Once rising oscillations have been detected, the algorithm allows to compute the
variation of the inertia that satis�es the passivity constraints and the stability of the
system is recovered. The variation of the damping is performed according to a constant
damping to inertia ratio (Rd(t) = Rd(0),∀t ≥ 0). Thus, the �rst step of the algorithm
is the computation of the damping to inertia ratio according to (3.7) and based on the
desired inertia matrix M(0) and damping matrix D(0) (Line 2). Then, at each time
instant ti, the detection index de�ned in (3.8) is computed (Line 4). If oscillations are
rising, (3.8) is not satis�ed and the oscillatory behavior is detected in Line 5, where
ε > 0 is a threshold previously de�ned using the procedure proposed in Section 3.3.
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Algorithm 1: Parameter Adaptation
Data: M(0), D(0), β, ε,∆t,∆M,A

1 initialize k = 0, ζ0 = 0, ζ = {ζ0}, S0 = 06

2 compute damping to inertia ratio: Rd(0) = M−1(0)D(0)
3 for i = 0 to ∞ do

4 compute the detection index ψ(ti) = ‖¨̂x(ti) +Rd(0) ˙̂x(ti)‖
5 if ψ(ti) > ε then
6 k = k + 1
7 update vector of oscillations occurrences ζk = ti
8 for j = 1 to 6 do

9 compute amount of inertia variation sj = min

{
2αj (T (ti)− δ)

¯̇X 2
j

, m̄j

}
10 end
11 Si = diag {s1, . . . , s6}
12 end

13 update inertia M(ti+1) = M(0) +
k∑
p=0

Spβ
(ti+1−(ζp+∆t))

14 update damping D(ti+1) = Rd(0)M(ti+1)

15 end

The vector ζ stores all the instants in which oscillations are detected. Thus, at Line 7 a
new element ζk is inserted in ζ and it is associated to the current instant of time ti which
corresponds to the instant of detection. In this case, the admittance parameters have
to be adapted for restoring the stability of the system. In particular, under condition
(3.32) and Assumption 5, integrating (3.33), we obtain that each component of the
inertia matrix can be passively increased as follows

mj(ti+1)−mj(ti) =
2αj(T (ti)− δ)

¯̇X 2
j

∀j = 1, . . . , 6 (3.34)

It is worth noting that (3.34) represents the maximum allowed inertia variation, based
on the energy contained in the tank at time t = ti. In practical cases, this value can be
very large: thus, direct application of (3.34) would lead to an excessively large inertia
variation. For this reason, we de�ne an upper-bound ∆M = diag{m̄1, · · · , m̄6} on the
allowed inertia variation as follows:

mj(ti+1)−mj(ti) ≤ m̄j ∀j = 1, . . . , 6 (3.35)

Under such a condition, the amount of variation of the inertia can be computed
component-wise as the minimum between the allowed inertia variation (3.34) and the
upper-bound (3.35) (Line 9):

sj = min

{
2αj(T (ti)− δ)

¯̇X 2
j

, m̄j

}
∀j = 1, . . . , 6 (3.36)

The weighted distribution of the tank energy allows to precisely modulate the inertia
variations, thanks to the choice of the weights vector and the component-wise scaling
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by the velocity bounds ¯̇Xj. Indeed, in the experiments reported in Section 3.5, the
conservative bounds m̄j were rarely enforced.

The single components computed in (3.36) are then used in Line 11 to �ll the matrix
of inertia variation as follows:

Si = diag {s1, . . . , s6} ∀i = 1, 2, . . . (3.37)

The �nal part of the algorithm is the actual variation of the admittance parameters.
The inertia variation is computed in Line 13 as follows:

M(ti+1) = M(0) +
k∑
p=0

Spβ
(ti+1−(τp+∆t)) (3.38)

where β (0 < β ≤ 1) is a forgetting factor that allows to gradually restore the desired
interaction model (3.3). Indeed, the presence of the forgetting factor β in the second
term in the right-hand side of (3.38) makes the e�ect of each inertia increase negligible
after a certain amount of time. In particular, this time is larger for higher values of β.
Note that the inertia increases only at each time instant when a deviation is detected,
as a consequence of (3.38). In all the other instants, the inertia only decreases and this
is a passivity-preserving operation.

Finally, the damping is updated preserving the constant damping to inertia ratio
as follows:

D(ti+1) = Rd(0)M(ti+1) (3.39)

3.5 Experimental Validation

The proposed adaptation strategy has been validated through experiments performed
on two di�erent robotic systems and involving a total of 50 users (13 female, 37 male,
from 22 to 44 years old), divided into four groups: two of 12, one of 15 and one of 18
users. Since industrial tasks typically require a combination of precision and execution
speed, we implemented two tasks focused on the two separate aspects. Each group
of users was asked to interact with one of the robots to perform one of the tasks.
Therefore, the four groups experienced two di�erent tasks on two di�erent robots, with
a minimal overlap of people in the four experiences. The two robotic setups consisted
of:

• a Puma 260 6-DOF robot with a retro�tted control hardware, embedding six
Gold Solo Whistle servo drives from Elmo Motion Control, embedded with IIT
6-axis F/T sensor;

• a KUKA LWR 4+ 7-DOF robot, equipped with a ATI Mini 45 6-axis F/T sensor
and con�gured in its (non-compliant) joint position control mode.

The control software has been implemented using the Orocos Real-Time Toolkit (RTT)
and Kinematics/Dynamics Library (KDL)2 and is the same on the two robots, exclud-
ing only hardware interface components (i.e. using the Fast Research Interface on the

2http://www.orocos.org
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KUKA robot and the EtherCAT �eldbus on the Puma 260). Even the sampling times
of the admittance controller and of the parameter adaptation algorithm, respectively
set to 2 ms and 4.5 ms, are the same on the two systems.

Velocity and acceleration limits of the two robots are imposed, at joint level, by
the servo drives on the Puma 260 and by a bank of nonlinear �lters ([43]) smooth-
ing the joint position commands on the KUKA LWR 4+. In this way, such limits
can be arbitrarily con�gured on both systems. Cartesian velocity and acceleration
limits (i.e. Ẋ (q) and Ẍ (q)) are then computed online via the Jacobian and Jaco-
bian derivative matrices depending on the current joints con�guration. In this way
the detection index ψ(t) is precisely computed according to (3.8) on the basis of the
dynamic bounds corresponding to the current robot pose. A constant upper bound

for the velocity limits (i.e. ¯̇X ) to be used for the admittance control adaptation law
(3.34), was then de�ned after experimental observations performed in the reduced part
of the workspace interested by the two tasks. In particular, the velocity bounds to

be used in (3.34) are �xed as ¯̇X = {2.50, 2.50, 2.50, 24, 24, 24} for the Puma 260 and
¯̇X = {2.30, 2.30, 2.30, 6, 6, 6} for the KUKA LWR 4+. The vectors of weights, whose
components are used in (3.34) to distribute the energy available in the tank during
the adaptation, are set to A = {0.25, 0.25, 0.25, 0.1, 0.1, 0.05} for the Puma 260 and
A = {0.3, 0.3, 0.3, 0.04, 0.04, 0.02} for the KUKA LWR 4+. This choice of the velocity
bounds and of the weights vectors in (3.34) allows to achieve similar adaptive behaviors
on the two robots.

According to the theory developed in Sections 3.2 and 3.4, some design choices
were made. In particular, the energy thresholds, required by the passivity-preserving
mechanism of Section 3.4, have been selected as δ = 0.1 J and T̄ = 5 J . The initial
value for the state of the tank is set to z(0) = 2, so that the initial energy contained
in the tank, computed according to (3.16) results in T (0) = 2 J > δ.

The objective of the proposed experiments is to validate usability and portability
across di�erent robotic systems of the proposed method, even in absence of an accurate
and task-dependent or robot-dependent tuning of the admittance parameters. For this
reason, we used the same initial values of admittance control parameters on both robots
and for both interaction tasks. In particular, such values of the inertia and damping
matrices were set as:

M(0) = diag{M1,M2} D(0) = diag{D1, D2} (3.40)

with

M1 = diag{1, 1, 1} kg M2 = diag{0.1, 0.1, 0.1} kg/m2

D1 = diag{4, 4, 4} Ns/m D2 = diag{0.4, 0.4, 0.4} Nms/rad

Finally, same values were used on both robots for the time interval of the adaptation,
set to ∆t = 4.5 ms, the forgetting factor, chosen as β = 0.98, and the upper bounds
on inertia variation, i.e. ∆M = diag{0.5, 0.5, 0.5, 0.005, 0.005, 0.005}.

In the following we will present the two tasks that emulate industrial applications
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Figure 3.4: Setup of the laser tracking task on the Kuka LWR 4+ (left) and on the Puma 260 (right).

involving manual guidance of the manipulators, and the results collected during the
interaction of the 50 users with the robots. Moreover, the users were asked to �ll the
questionnaire proposed in [98] in order to obtain a qualitative evaluation of the human-
robot interaction from the user's perspective. The two tasks have been implemented
on both robotic setups.

3.5.1 Precision Task: Tracking a Line on a Spherical Surface

In the �rst task, the users were asked to manually drive the end-e�ector of the robot,
equipped with a handle embedding a laser pointer. The goal was to track, with the
light dot, a path drawn on the surface of a sphere. This kind of task emulates industrial
applications where the robotic tool has to precisely follow a contour (e.g. welding).
All the DOFs of the manipulator are involved. Figure 3.4 shows the setup of the two
robotic systems for the laser tracking task.

More precisely, the task involves the following steps:

• The user grabs the handle, which is initially far from the spherical target, and
brings it as fast as possible towards the drawn path.

• When the handle is at 10 cm from the sphere, the laser pointer is switched on
automatically and a timer measuring the task completion time is started.

• The user has to lead the light dot through the drawn path, from a given initial
point to a given ending point and back, as quickly as possible and keeping the
light dot as close as possible to the path.

The data collected during the experiment are used to extract a quantitative evaluation
of the task execution, in terms of: task completion time; number of zero-crossings in
the Cartesian velocities of the robot end-e�ector (i.e. quantifying the smoothness of
the task execution); root mean square (RMS) of the tracking error, measured as the
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distance from the projection of the light dot on the sphere to the closest point on the
path; RMS of the force/torque vector measured by the F/T sensor on the handle.

A group of 12 users interacted with the KUKA LWR 4+ and a group of 18 users
interacted with the Puma 260. In both cases, each user performed the task three times,
with a di�erent setting of the adaptation strategy, namely:

• Control Mode 1: The adaptation mechanism is triggered according to the detection
threshold properly tuned with the procedure de�ned in Section 3.3, that resulted as
ε = 0.16 on the Puma robot and ε = 0.2 on the KUKA robot. The damping to
inertia ratio is computed from the parameters (3.40).

• Control Mode 2: The adaptation mechanism is triggered according to a detection
threshold either under-estimated (on the KUKA setup, i.e. modifying ε = 0.1) or
over-estimated (on the Puma setup, i.e. modifying ε = 0.32), to evaluate the e�ects
of, respectively, an unnecessarily frequent or an untimely adaptation. The damping
to inertia ratio is the same as the previous control mode.

• Control Mode 3: The adaptation mechanism is disabled and the admittance con-
troller has the following constant parameters, much higher than the initial values of
the adaptive model:

Md = diag{Md1,Md2} Dd = diag{Dd1, Dd2}

with

Md1 = diag{8, 8, 8} kg Md2 = diag{0.25, 0.25, 0.25} kg/m2

Dd1 = diag{32, 32, 32} Ns/m Dd2 = diag{1.0, 1.0, 1.0} Nms/rad

Since users were not allowed to test the system before the three experiments, the
control modes were applied in a random order for each user, to avoid that numerical
results could be a�ected more by the self-training induced by previous execution of the
task, rather than by the control mode itself.

The �rst result that we could observe is related to the in�uence of the detection
threshold on the adaptive admittance control behavior. Indeed, experiments on the
KUKA robot with an under-estimated threshold revealed a mean number of adapta-
tions per user of 16.75 (maximum 31, user #9), while in the experiments with the
properly tuned threshold the mean was 5.33 (maximum 15, user #10). Conversely,
the mean number of adaptations on the Puma robot with an over-estimated threshold
was 1.22 (maximum 9, user #18), smaller than the mean of 2.94 (maximum 11, user
#4) of the experiments with the properly tuned threshold. It should also be remarked
that the number of adaptations is not as large as could be expected, considering that
the initial values of the admittance parameters are set purposefully low and, therefore,
prone to generating oscillations. However, the laser tracking task induced the users
to focus more on the tracking performance, rather than focusing on the completion
time, and this behavior led them to apply soft and smooth inputs to the handle. As
a consequence, the maximum values on the inertia matrix did not change much with
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respect to the initial setting. Figure 3.5 shows the maximum inertia values reached
during the task being performed on the KUKA robot. Similar results were obtained
on the Puma setup.

Figure 3.5: Laser tracking task on KUKA LWR 4+: maximum values of the inertia reached through
the parameter adaptation, on translational DOFs (red columns) and rotational DOFs (blue columns).
The number of detections triggering the adaptation is reported on top of the columns.

Another interesting aspect of the adaptation results is the fact that the inertia
increasing mechanism was most frequently triggered at the beginning of the experiment,
when the user had to grab the handle and to bring the robot near to the sphere. Indeed,
during this phase users were more focused on the rapidity of motion and, therefore, they
grabbed the handle more �rmly and applied sharper forces. As an example, Figure 3.6
shows the evolution over time of the inertia along the x-direction for the experiment
being performed by user #7 on the Puma 260.

The quantitative results collected during the task execution have been evaluated
applying a two-way analysis of variances (ANOVA), with the aim to compare the
e�ect of control mode and user-speci�c capabilities as the two factors in�uencing the
observations. Table 3.2 shows the p-values that resulted for the laser tracking task. A
p-value lower than a given signi�cance level (generally 0.05) suggests that there is a
relevant e�ect due to the related factor.

The results show that the only quantity that is signi�cantly in�uenced by the control
mode is the RMS value of the force input, while most of the other quantities are
only in�uenced by the capabilities of the user. In other words, there were faster and
slower users, but both fast and slow users obtained very similar performances with each
control mode. Instead, no signi�cant di�erences on the tracking errors are found. On
the other hand, the number of velocity zero-crossings is not signi�cantly in�uenced by
the control mode, revealing that the adaptation mechanism allows to promptly inhibit

Figure 3.6: Evolution over time of the inertia on a translational DOF for one user performing the
laser tracking task, with properly tuned detection threshold, on the Puma 260 setup.
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rising oscillations, so that human-robot interactions are as smooth as those governed
by �xed high values of admittance control inertia and damping. The high values of the
parameters imposed in control mode 3, however, play an important role on the physical
e�ort required to the human, measured by the force RMS. The increased e�ort is clearly
evident in Figure 3.7, where the three control modes are compared in terms of RMS of
the force applied by the user during the task execution. Indeed, control modes 1 and 2
required a reduced e�ort to the user, since the adaptation algorithm allows to set low
initial inertia and damping parameters that are automatically adapted if oscillations
arise.

Table 3.2: Results of two-way ANOVA on user tests for the laser tracking task.
p-values lower than 0.05 (yellow cells) suggests that there is a relevant e�ect due to the related factor.

Setup
Time Zero Crossings Force RMS Tracking Error RMS

mode users mode users mode users mode users

PUMA p-value 0.499 0 0.511 0 0.006 0 0.511 0.609

KUKA p-value 0.203 0 0.345 <0.001 0 0.097 0.297 0.2565

Figure 3.7: Boxplots that compare the RMS of the force applied by the user to drive the robot
during the laser tracking task on the KUKA setup and with the three control modes.

Finally, a subjective qualitative evaluation has been obtained asking users to �ll
the questionnaire for Physical Assistive Devices (QUEAD) proposed in [98], including
a total of sixteen statements, to be scored with a number from 1 (entirely disagree) to 7
(entirely agree), and related to �ve aspects of human-robot interaction: usefulness, ease
of use, emotions, attitude and comfort. Users were instructed to refer their evaluation
to the adaptive control mode with the properly tuned detection threshold (control
mode 1), but also to give their order of preference for the three control modes tested.
Table 3.3 shows that the mean values of the qualitative evaluation are high (always
higher than 4.75 out of maximum level of 7) on all the features. Moreover, the order
of preference was evaluated by giving 3 points to the preferred control mode, 2 points
to the second best and 1 point to the last preferred. Summing the results of the 30
users testing either the Puma or the KUKA, the adaptive control mode with properly
tuned threshold obtained 66 points, the non-adaptive control mode 63 and the adaptive
control mode with under-estimated or over-estimated threshold 51. It is important to
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remark that these results are actually in�uenced by the choice of the initial parameters
of inertia and damping. Indeed, high admittance parameters have been chosen when
the users tested the non-adaptive control mode, in order to avoid frequent instabilities
and oscillations. If lower parameters were chosen, users could have better appreciate
the advantages of the adaptive control mode, but it may have been more di�cult for
them to complete the task, due to frequent instabilities. Moreover, it can be noted
that the adaptive control mode with under-estimated or over-estimated threshold is
rated lower than the non-adaptive control mode. This result is not surprising, since
the detection threshold is a critical parameter in the proposed method. If the threshold
is not tuned correctly, the results of the adaptation can be even worse with respect to
the standard admittance control with high parameters. From this, one can assess the
importance of an automatic tuning procedure of the detection threshold, as the one
proposed in Section 3.3.3, eliminating the chance for wrong threshold estimation.

Table 3.3: Results of qualitative evaluations of the laser tracking task with QUEAD ([98]).

Setup Usefulness Ease of use Emotions Attitude Comfort

PUMA 4.75 5.15 5.03 5.05 4.94

KUKA 5.33 5.6 5.51 5.5 6.11

3.5.2 Rapidity Task: Brushing O� a Flat Surface

In the second task, a soft brush has been mounted on the end-e�ector of the robots,
as shown in Figure 3.8, and users were asked to clean a �at surface from a colored
dust, applying motions mimicking a painting task. In this case, precise movements are
not required and the task completion time becomes the most signi�cant quantitative
aspect. Since the role of the detection threshold has been already shown by the results
of the laser tracking task, the brushing task has been executed by the users only with
the properly tuned adaptive control mode (control mode 1) and with the non-adaptive
one (control mode 3).

Users were instructed to execute the operation as fast as possible. This objective
induced the users to grab strongly the brush and apply high and sharp forces, leading
to high levels of rising oscillations in the human-robot interactive behavior. As a result,
the parameter adaptation strategy was triggered much more frequently compared to the
laser tracking task. Figure 3.9 shows the inertia values of the 12 users that performed
the task with the KUKA robot. Similar results were obtained on the Puma setup.

The results of the two-way ANOVA, reported in Table 3.4, are related to the same
quantities recorded for the laser tracking task, excluding the tracking error RMS. The
table shows that the control mode has a strong in�uence on the number of zero-crossings
for the experiments performed on the Puma robot, but not for the experiments per-
formed on the KUKA setup. In our opinion, this result is motivated by the fact that
the Puma robot has a smaller workspace than the KUKA's one and thus the users
had to work on a smaller surface and were induced to perform shorter motion cycles,
repeated several times. This behavior resulted in purposefully oscillating behaviors in
control mode 1 (small initial inertia and damping) that produced a higher number of
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Figure 3.8: Setup of the brushing task on the Kuka LWR 4+ (left) and on the Puma 260 (right).

Figure 3.9: Brushing task on KUKA LWR 4+: maximum values of the inertia reached through
the parameter adaptation, on translational DOFs (red columns) and rotational DOFs (blue columns).
The number of detections triggering the adaptation is reported on top of the columns.

velocity zero-crossings, even though not all of these oscillations triggered the parameter
adaptation. On the KUKA setup, instead, users had to clean a bigger surface and they
generally applied motions cycles with a larger range, but repeated less frequently. This
behavior can also be related to a stronger grasp on the brush and a higher RMS value
of the applied force, both with the adaptive control mode and with the non-adaptive
one. Indeed, the ANOVA result about the e�ect of control mode on force RMS is not
signi�cant.

Table 3.4: Results of two-way ANOVA on user tests for the brushing task.
p-values lower than 0.05 (yellow cells) suggests that there is a relevant e�ect due to the related factor.

Setup
Time Zero-crossings Force RMS

mode users mode users mode users

PUMA p-value 0.091 0.001 <0.001 0.002 <0.001 <0.001

KUKA p-value 0.009 0.043 0.232 0.314 0.361 <0.001

The results of the qualitative evaluation with the QUEAD, reported in Table 3.5,
are slightly higher than those collected for the tracking task. Moreover, when asked



42 Preventing Undesired Oscillations in Physical HRI

to indicated their preferred control mode, 21 of the 27 total users selected the adap-
tive admittance control, which is a more de�nite preference compared with the one
expressed on the laser tracking task.

Table 3.5: Results of qualitative evaluations of the brusing task with QUEAD ([98]).

Setup Usefulness Ease of use Emotions Attitude Comfort

PUMA 5.33 5.73 5.68 6.1 5.7

KUKA 5.5 5.85 5.61 5.83 6

3.5.3 Adaptation Strategy Assessment and Comparison

In order to demonstrate the e�ectiveness of the overall detection and adaptation strat-
egy, we performed experiments to show how the heuristic introduced in Section 3.3
detects the oscillatory behavior of the robots and the way stability is restored thanks
to the adaptation strategy presented in Section 3.4. Moreover, experiments to compare
the proposed approach with state-of-the art methods are presented. In particular, we
considered the methods proposed in [18] and [26].

First of all, speci�c experiments have been performed in order to test the heuristic
and how the adaptation is used to handle the oscillatory behavior. These speci�c
experiments have been performed restricting robot motion to only one translational
DOF, in order to obtain results that can be fairly compared with those presented in
the mentioned references. The inertia and damping initial parameters have been set
equal to m(0) = 0.5 kg and d(0) = 5 kg/m2, since these values have been found in [26]
to be the minimum stable admittance gains for a KUKA LWR 4+, which is also the
robot used in our experiments. In these conditions, the detection threshold has been
properly tuned with the procedure de�ned in Section 3.3.3 and it resulted ε = 0.22.
Whenever the user excessively sti�ens his/her arm, high-frequency oscillations appear
in the velocity of the robot (Figure 3.10(a)). Figure 3.10(b) shows, in magenta, the
evolution over time of the detection index ψ(t) as de�ned in (3.8). A boolean detection
�ag is depicted with a red line in Figure 3.10(b). As it can be seen, the rising oscillations
are rightly detected and the inertia (blue line) is adapted accordingly. As shown in
Figure 3.10(a), when an oscillating behavior arises (yellow regions), the adaptation
of the parameters allows to stabilize the system 0.48 s after the occurrence of the
�rst oscillation and 0.77 s after the occurrence of the second oscillation. Obviously,
the di�erence in the adaptation times is due to the di�erent attitude of the operator
during the interaction, the di�erent amplitude of the oscillations and, �nally, to the
starting values of the parameters when the adaptation is performed. However, thanks
to the users study provided in Sections 3.5.1 and 3.5.2, we could verify that, from the
user perspective, all the adaptation periods were su�ciently short amounts of time,
since the adaptation of the parameters was achieved before the user could actually feel
the rising oscillations.

Then, we performed similar experiments applying our implementation of the meth-
ods proposed in [18] and [26]. The same The results of the comparison are analyzed in
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(a) Velocity of the robot along the considered translational DOF
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(b) Evolution over time of the detection index ψ(t) (magenta line), and of the
subsequent inertia adaptation (blue line). A detection �ag (red line) is added to
show when the heuristic detects that oscillations are rising.

Figure 3.10: Detection and adaptation of the rising oscillations using the proposed method.
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the remaining part of this section. As said, the experiments consider only one trans-
lational DOF and initial inertia and damping parameters set equal to m(0) = 0.5 kg
and d(0) = 5 kg/m2 for all the compared methods. Moreover, the same experienced
user performed all the interaction tests for this comparison, aiming to minimize the
inherent variability on the conditions of the experiment due to the human behavior. An
alternative solution to avoid such a variability could be the use of a variable sti�ness
apparatus emulating the average sti�ness levels of a human arm, as suggested by [26].
Figure 3.11 shows the results of the implementation of the approach presented in [18],
based on the real-time computation of a vibration index, from minima and maxima de-
tected on the robot velocity estimation, and the adaptation of admittance parameters
by changing inertia and damping according to the vibration index. More precisely, if
the vibration index is lower than a threshold v.i.min, the admittance parameters are set
to their initial values m(0) and d(0); if the index exceeds an upper bound v.i.max, they
are set to higher values, expected to guarantee a stable interaction (in our experiments,
10 ·m(0) and 10 · d(0)), and the parameters are changed from lower to higher values
according to a linear function of the vibration index, during transient conditions. It
is also important to remark that [18] suggest the use of the vibration index to adapt
also the gains of the inner robot motion controller, which is however not feasible in our
setup. In particular, Figure 3.11(a) shows the velocity of the robot and the regions
where oscillations arise (yellow regions), while Figure 3.11(b) shows the evolution over
time of the variation index (red line) and of the inertia variation (blue line).

The paper [18] provides guidelines to render the approach robust against the noise
of the signal (i.e. by tuning a parameter called narrow time window). However, in
practical implementations, a signi�cant level of noise may require additional counter-
measures to reduce its impact. Indeed, as shown in Figure 3.12, without additional
signal �ltering and a threshold-based logic to discard minima and maxima due to noise,
the index becomes quite large even in absence of oscillations (e.g. in the time intervals
[7.8, 8.5] s and [9.2, 9.9] s). In these cases the index would be misleading in detecting
the rising oscillations.

Moreover, the method proposed in [18] requires the tuning of two di�erent time win-
dows and two thresholds, to be performed empirically. In the method presented in the
current paper the detection threshold is automatically found by applying the procedure
described in Section 3.3.3 and the detection index is not a�ected by noise, provided that
a very simple debouncing logic is applied to avoid false positives. Figure 3.13 shows the
results of the implementation of the approach presented in [26], suggesting a peculiar
formulation of a frequency-based instability index, which is then directly summed to
the initial values of the admittance parameters. In particular, Figure 3.13(a) shows
the velocity of the robot and the regions where oscillations arise (yellow regions), while
Figure 3.13(b) shows the evolution over time of the inertia variation, that is given by
the sum of the instability index and the initial inertia (0.5 kg).

The method presented in [26] is not explicitly presented for the multi-DOF case.
Indeed, the frequency-based instability index requires the calculation of the Fast Fourier
Transform (FFT) on a moving time window, which can be computationally onerous
if applied on multiple DOFs. Table 3.6 presents a comparison between the times
required for computing the detection index during the experiments performed applying
the three methods (i.e. the one proposed in this paper, the one presented in [18] and
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(a) Velocity of the robot along the considered translational DOF.
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(b) Evolution over time of the variation index (magenta line) and of the inertia
variation (blue line).

Figure 3.11: Detection and adaptation of the rising oscillations using the method proposed in [18].
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Figure 3.12: Evolution over time of the velocity of the robot (blue line) and of the variation index
(red line) in case that no additional �ltering or threshold-based noise mitigation solutions are included
in the method proposed in [18].

the one presented in [26]). The detection index proposed in this paper requires only
the instantaneous computation of the norm de�ned in (3.8), while both the other
approaches require to process time windows of several hundreds of samples. Moreover,
the analysis is performed on the implementation for only one DOF. The time required
by our proposed method is already calculated considering the multi-DOF case. On the

Table 3.6: Time required for computing the detection index [µs].

Method Mean value Standard deviation Min Max

Proposed in this paper 17.46 0.46 16.81 59.62

Proposed in [18] 458.03 10.25 426.76 571.37

Proposed in [26] 206.39 6.30 197.02 273.40

other hand, an interesting aspect of the methods proposed in [18] and [26] is the fact
that the admittance parameters are explicitly calculated according to the detection
index, considering that high values of inertia and damping related to high values of
the detection index inherently lead to reduce such a vibration/oscillation index. This
relationship could also be taken into account, together with the passivity-preserving
variation of the inertia, in the method proposed here.

3.6 Conclusions

In this Chapter we presented a strategy for detecting the rising oscillations and adapting
the parameters of the admittance control for restoring the stability.

To detect the rising oscillations, a heuristic has been de�ned. A procedure for
automatically tuning the detection threshold used in the heuristic has been proposed,
by exploiting statistical methods. We then provided an algorithm for adapting the
parameters of the admittance control when it is necessary, i.e. when a rising oscillation
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(a) Velocity of the robot along the considered translational DOF.
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(b) Evolution over time of the inertia variation, given by the sum of the instability
index and the initial inertia (0.5 kg).

Figure 3.13: Detection and adaptation of the rising oscillations using the method proposed in [26].
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is detected, while preserving the passivity of the system. The parameters are gradually
restored when the destabilizing factors are no longer active.

An extensive validation has been performed on two robotic setups, with several
users that performed two di�erent tasks. The analysis of quantitative and qualita-
tive results obtained during the experiments revealed that the proposed admittance
adaptation strategy is capable of addressing the issue of rising oscillations in human-
robot interactions with a minimal robot-dependent tuning, limited to those parameters
strictly a�ected by the dynamic bounds of the robot. Other settings of the adaptation
strategy are instead quite independent on the features of the robot.

With regard to the dependency on the task, instead, it should be remarked that
initial values of the inertia and damping matrices could be tuned according to the
requirements of the task itself and, possibly, according to a user-speci�c selection. For
example, allowing a user to practice the human-robot interaction for a longer time,
with the only purpose of training the walk-through functionality for a given task,
would probably allow to establish the admittance control parameter settings more
comfortable for that user (i.e. less prone to generate rising oscillations because of the
sti�ness of his/her arm and his/her grasp on the robot end-e�ector). The forgetting
factor for restoring the initial interaction model after an inertia augmentation is another
parameter that could be user- and/or task-dependent.
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Once a desired trajectory is taught to the robot, it can happen that the human operator
wants to change a portion of it, without teaching a new trajectory from scratch.

This trajectory modi�cation can be applied, for example, if the environment sur-
rounding the robot changes, to keep a desired relative pose between obstacles and the
robot, to adapt the robot motion to varying postures of di�erent operators, or to add
a temporary working point. This problem is referred to as �robot coaching�.

In this chapter we present a safe and easy-to-use strategy to manually apply modi�-
cations to a trajectory. The user directly grabs the end-e�ector and guides it through-
out the correction while the robot is executing the nominal trajectory. This online
modi�cation is more intuitive for the human operator than a software modi�cation: no
additional procedures or coding skills are required and external cameras or dedicated
sensors are not needed. Hence, this strategy can be applied in a cooperative industrial
scenario where robots work closely to di�erent users, that can be either experienced
operators with software programming skills, or inexperienced ones.

According to the proposed method, the trajectory is �rst taught to the robot and
then encoded using Dynamic Movement Primitives (DMPs), i.e. stable nonlinear at-
tractor systems that adapt to varying boundary conditions. For example, a change of
the execution speed or the �nal target can be done by re-parameterizing the time scale
or the goal, while preserving the qualitative behavior of the system.

Then, the robot is able to track the generalized trajectory by setting high gains in
the admittance control. When the user needs to change a portion of the trajectory,
he/she grabs the end-e�ector of the manipulator. The controller detects this operation
and it makes the robot easily drivable by the user. The operator moves the end-e�ector
through the desired correction and releases it when the critical part of the correction has
been done. Finally, the controller detects the release phase, the correction is optimally
joined to the trajectory generated by the DMPs, the admittance control is made sti�
and the modi�ed trajectory is tracked.

Once the correction has been made, it is important to preserve it despite a change
in the boundary conditions. This could help, for example, to avoid a �xed obstacle
in the space. Indeed, if the correction shifts, the previous correction becomes useless
and the user has to manually re-apply another correction, wasting time and risking a
collision with the obstacle.

To overcome this limit, we propose a strategy based on a trajectory segmentation.
The overall modi�ed trajectory is divided into three parts, where the central one embeds

49
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the correction that has to be kept �xed. Whereas the initial point of the �rst part and
the �nal point of the third one can be changed.

It is worth noting that the use of DMPs becomes crucial. Indeed we exploit the
capability of the DMPs to adapt the motion depending on the initial and �nal points.
Other learning methods might not have this property and the proposed method to
maintain the modi�cation unchanged cannot be applied.

Finally, we present a comparison between the proposed method and the repulsive
potential method presented in [51]. This decision was made to show the e�ectiveness
of our method with respect to a common approach, applied since the beginning of the
DMP development.

Related Works

Di�erent approaches are available in the literature to modify a taught robot behavior
in the context of Human-Robot Interaction. Several approaches are based on voice
or gestures, that are given as a feedback by the human coach to the robot. For ex-
ample, [86] address the problem of teaching a task to a mobile robot by means of
multiple demonstrations and instructions. If a portion of the task needs to be re�ned
or changed, a voice feedback is given by the human coach. Nevertheless, [17] imple-
ment an active learning method for Human-Robot Interaction (HRI), to autonomously
modify a trajectory after robot's voice questions. [46] exploit the positive and negative
human feedback to modify the robot behavior. This feedback is obtained from facial
expressions of the human trainer during the interaction with the robot. A wearable
device that captures EMG signals allows to interact with the robot in a natural man-
ner, expressing feeling and emotions, as if it was another human. However, external
sensors or vision systems are required to give the robot the correct feedback, that may
be expensive and not trivial to handle for an inexperienced user.

Gestures and voice commands are often combined with a physical HRI to manually
drive the robot through the correction. In the scenario described by [93] a person,
acting as a coach, interactively directs the humanoid behavior to a desired outcome.
Human-robot communication is realized through vocabulary and physical interaction.
Nevertheless, [41, 42] implement robot coaching by using visual and force feedback to
change the imitation-related error signal. If the user is not satis�ed with the periodic
pattern, he/she can change parts of the motion through prede�ned gestures or physical
contact. This type of approach is not very intuitive for users that do not have a
strong experience. Moreover, the visual information is not always available in industrial
scenarios or occlusions can arise.

To avoid the use of vision systems or external devices, kinesthetic teaching is of-
ten used to manually apply the desired correction to the robot behavior. [75] propose
a method for role adaptation when the robot performance is unsatisfactory. When
the human persistently exerts strong forces that unambiguously show the human in-
tent to lead, the robot yields and becomes the follower. The resulting controller is
a variable impedance controller where the damping and sti�ness parameters are con-
currently adapted. However, the authors do not address an accurate discussion about
stability. [73] propose an approach for motions teaching that combines observational
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demonstrations and kinesthetic demonstrations. If a portion of the motion needs to
be changed, the human teacher applies the correction by physically guiding the robot
joints. The already learned motion primitive is incrementally updated and the old data
are slowly forgotten. However, the method cannot be implemented on common indus-
trial robots since it requires a compliant robot. [60] proposed a method for changing
the faulty last part of a taught trajectory. The operator can grab the end-e�ector
and demonstrate the correct motion, pressing and external button to switch from the
trajectory tracking to a compliant mode. The main drawback is that only the last part
of the motion can be changed and external buttons are required for swapping among
two types of controllers.

4.1 Problem Statement and Contribution

The focus of this work is to create a safe and easy-to-use strategy for online trajectory
modi�cations through manual corrections. In order to make the framework usable also
by an inexperienced operator, the proposed strategy has to be very intuitive and it
has to avoid external installations. We considered a position controlled robot that was
made cooperative using admittance control [104]: this make the proposed approach
easily implementable on many industrial robots.

A problem that needs to be tackled is that some energy is injected in the system
during the variation of the admittance control gains. Hence, the passivity is lost and
an unstable behavior can be generated [35]. This is unsafe for the human operator,
that is working in tight cooperation with the robot.

We propose a novel sti�ness variation strategy for admittance controlled robots that
allows to manage manual corrections applied by the human operator. This strategy
guarantees a higher �exibility with respect to [35] while preserving passivity. To �exibly
dealing with energy exchanges, we exploit the energy tanks [99] [39]. Energy tanks were
used in several applications for guaranteeing a non conservative yet passive behavior
in interactive systems (see e.g. [25, 65, 97]).

Once the manual correction has been safely made, we have to guarantee that the
correction remains spatially �xed, despite a change in the initial/�nal points of the
trajectory. For this reason, the overall modi�ed trajectory is divided into three parts,
where the central one embeds the correction that has to be kept �xed. Whereas the
initial point of the �rst part and the �nal point of the third one can be changed.

It is worth noting that the use of DMPs becomes crucial. Indeed we exploit the
capability of the DMPs to adapt the motion depending on the initial and �nal points.
Other learning methods might not have this property and the proposed method to
maintain the modi�cation unchanged cannot be applied.

Summarizing, the main contributions of this work are:

• a cooperative control architecture that allows to easily and intuitively modify
multiple parts of a trajectory in a safe way, with no stops or cumbersome switch-
ing operations;

• a novel strategy for passively changing the sti�ness in admittance controlled
robots is presented;
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• a trajectory segmentation strategy to spatially �x the applied manual correction;

• a comparison between the proposed method and the repulsive potential method
presented in [51].

4.2 Variable Admittance Control

In this section we formally discuss the problem of sti�ness variation in the admittance
control and we demonstrate what causes the loss of passivity.

If we equip an industrial manipulator with a 6 degrees of freedom (DOFs) F/T
sensor placed on the end e�ector, a compliant behavior can be obtained through the
admittance control [104]. The admittance control is a very well known strategy for
controlling the interactive behavior of a robot, by means of the force applied by the
user. This force is tracked by the F/T sensor and, together with the desired trajectory
set-point, represents the input of the admittance control. By properly tuning the
inertia, sti�ness and damping parameters, the computed output is the position that
has to be given to the low-level robot control. Formally, the dynamics of the admittance
control is represented by:

Md
¨̃x+Dd

˙̃x+Kdx̃ = Fext (4.1)

where Md, Dd, Kd ∈ R6×6 are the desired symmetric positive de�nite inertia, damping
and sti�ness matrices respectively. x(t) ∈ R6 and xd(t) ∈ R6 are respectively the
robot pose1 and the desired pose. x̃(t) is the pose error, with x̃(t) = x(t)− xd(t), and
Fext ∈ R6 is the external force measured by the 6-DOFs F/T sensor.

In the cooperative scenario we aim at developing, the user directly interacts with
the robot by manually applying the correction where needed. Hence, the robot has to
be very sti� while tracking the nominal trajectory, and compliant during the manual
correction.

As a consequence, the time-varying admittance model has to be considered:

Md(t)¨̃x+Dd(t) ˙̃x+Kd(t)x̃ = Fext (4.2)

In order to preserve their physical meaning, we assume that Md(t), Dd(t) and
Kd(t) are symmetric and positive-de�nite for all t ≥ 0. We consider a uniform in-
crease/decrease of the parameters. This means that Ṁd(t), Ḋd(t) and K̇d(t) are sym-
metric and de�nite (either positive semide�nite or negative semide�nite). However,
when considering time-varying parameters, the passivity of the admittance control is
lost. Considering the non negative total energy as a storage function:

H(x̃(t), ˙̃x(t)) =
1

2
˙̃x(t)TMd(t) ˙̃x(t) +

1

2
x̃(t)TKd(t)x̃(t) (4.3)

1The low-level position controller is designed and tuned in such a way that the tracking error is
negligible, namely x ' xref , where xref is the reference position computed by the admittance control.
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The variation of the energy function is given by:

Ḣ(t) = ˙̃x(t)TMd(t)¨̃x(t) +
1

2
˙̃x(t)TṀd(t) ˙̃x(t) + x̃(t)TKd(t) ˙̃x(t) +

1

2
x̃(t)T K̇d(t)x̃(t) (4.4)

Using (4.2) in (4.4) we obtain:

Ḣ(t) = ˙̃x(t)TFext(t) + [
1

2
˙̃x(t)T (Ṁd(t)− 2Dd(t)) ˙̃x(t) +

1

2
x̃(t)T K̇d(t)x̃(t)] (4.5)

Since the inertia and sti�ness matrices are time-varying, the term between the
brackets can be positive. Hence, some extra energy can be injected in the system by
the controller. This energy increasing would destroy passivity, leading to an unstable
and unsafe behavior of the robot.

In the proposed cooperative system, the objective is to change the sti�ness pa-
rameter between two values. During the trajectory tracking, Kd needs to be big to
guarantee that the elastic term keeps the robot close enough to the desired trajectory.
During the manual correction, Kd needs to be very small to make the robot compliant
and easily driveable by the user. Hence, we consider variable sti�ness but constant
inertia and damping parameters, i.e., Md(t) = Md and Dd(t) = Dd. Md and Dd are
properly selected, depending on the robot and the task.

Thus, (4.5) becomes:

Ḣ(t) = ˙̃x(t)TFext(t) +

[
− ˙̃x(t)TDd(t) ˙̃x(t) +

1

2
x̃(t)T K̇d(t)x̃(t)

]
(4.6)

Since Dd ≥ 0, the �rst term in the brackets is always negative and energy can be
introduced only by the second term, when the sti�ness increases.

4.3 Energy Tanks for Passive Sti�ness Variation

The loss of passivity described in Section 4.2 can be dangerous when the user is tightly
cooperating with the robot as he/she does during a manual correction. To avoid the
generation of unstable behaviors, we exploit energy tanks. The role of an energy
tank is to store the energy dissipated by the system and to make it available for the
implementation of active behaviors.

If we augment the admittance model in (4.2) with the tank state z(t) ∈ R, and
considering constant damping and inertia parameters, the overall system becomes: Md

¨̃x(t) +Dd
˙̃x(t) +Kd(t)x̃(t) = Fext(t)

ż(t) =
ϕ(t)

z(t)
PD(t)− γ(t)

z(t)
PK(t)

(4.7)

where
PD(t) = ˙̃x(t)TDd

˙̃x(t) PK(t) = 1
2
x̃(t)T K̇d(t)x̃(t) (4.8)

are, respectively, the dissipated power due to the damping and the dissipated/injected
power due to the sti�ness variation.
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The parameter γ ∈ {0, 1} enables/disables the injection (K̇d(t) ≤ 0) or the extrac-
tion (K̇d(t) ≥ 0) of energy from the tank. It is de�ned as:

γ =

{
ϕ if K̇d(t) ≤ 0
1 otherwise

(4.9)

The parameter ϕ ∈ {0, 1} enables/disables the storage of dissipated energy due to
the damping factor. It is de�ned as:

ϕ =

{
1 if T (z(t)) ≤ T̄
0 otherwise

(4.10)

where

T (z(t)) =
1

2
z(t)2 (4.11)

is the energy stored in the tank. In order to avoid the implementation of practically
unstable behaviors [72], the maximum amount of energy stored in the tank is limited
by the upper bound T̄ .

On the opposite side, it is important to avoid the extraction of energy when the tank
is nearly empty, avoiding singularities. This means that no more energy is available
for passively implementing active behaviors, i.e., augmenting the sti�ness in our case.
For this reason we de�ne an energy lower bound δ such that δ ≤ T (z(t)) ≤ T̄ .

Finally, the tank initial state is set to z(0) such that T (z(0)) > δ.

The evolution of the tank energy can be written as:

Ṫ (z(t)) = z(t)ż(t) = ϕ(t)PD(t)− γ(t)PK(t) (4.12)

Exploiting (4.7) it is possible to prove the following result:

Proposition 2. If T (z(0)) ≥ δ for all t ≥ 0 the (4.7) is passive with respect to the
pair (Fext(t), ˙̃x(t)).

Proof. Consider the following positive storage function:

W (x̃(t), ˙̃x(t), z(t)) = H(x̃(t), ˙̃x(t)) + T (z(t)) (4.13)

where H(ẋ(t)) is de�ned in (4.3) and T (z(t)) in (4.11).

We have that:

Ẇ (t) = Ḣ(t) + Ṫ (t) =
˙̃x(t)TFext(t)− (1− ϕ(t))PD(t) + (1− γ(t))PK(t)

(4.14)

Since ϕ(t) ∈ {0, 1} and PD(t) ≥ 0, we have that

˙̃x(t)TFext(t) ≥ Ḣ(t) + Ṫ (t)− (1− γ(t))PK(t) (4.15)

If K̇d(t) ≤ 0, then, from (4.8) and from (4.9) it follows that − (1− γ(t))PK(t) ≥ 0.
In case K̇d(t) ≥ 0, it follows that γ(t) = 1 and, consequently, (1− γ(t))PK(t) = 0. In
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both cases, from (4.15) we can obtain:

˙̃x(t)TFext(t) ≥ Ḣ(t) + Ṫ (t) (4.16)

which implies∫ t

0

˙̃x(τ)TFext(τ) dτ ≥ H(t)−H(0) + T (t)− T (0) ≥ −H(0)− T (0) (4.17)

which proves passivity.

In conclusion, Proposition 2 states that it is possible to implement an active behav-
ior, like the increment of sti�ness, as long as there is energy in the tank. Nevertheless,
it is important to guarantee that the variation of the sti�ness does not deplete the
tank, generating unwanted behaviors in the system.

In the following we propose a condition on the sti�ness variation that ensures the
tank never gets empty and the system remains passive.

As shown in (4.7) and in (4.8), when the sti�ness increases (i.e., K̇d > 0) energy
is extracted from the tank. The maximum value of energy extraction depends on the
actual energy stored in the tank. If we assume that the sti�ness variation occurs in a
prede�ned and �nite time interval, we can consider a generic time interval [ti, tf ] where
K̇d > 0.

From (4.9), γ(t) = 1 for all t ∈ [ti, tf ]. From (4.12) the energy of the tank at tf is
given by:

T (tf ) = T (ti) +

∫ tf

ti

PD(τ)dτ −
∫ tf

ti

PK(τ)dτ ≥ T (ti)−
∫ tf

ti

PK(τ)dτ (4.18)

In order to avoid depleting the tank during the variation interval, it is su�cient
that T (tf ) ≥ δ. Hence, using (4.18):

T (ti)−
∫ tf

ti

PK(τ)dτ ≥ δ (4.19)

which can be reformulated as: ∫ tf

ti

PK(τ)dτ ≤ T (ti)− δ (4.20)

This means that the energy extracted in the interval is at most equal to the energy
initially available beyond the lower bound δ.

Consider a matrix A positive semide�nite, the following property holds:

xTAx ≤ xTλMx = λM‖x‖2 (4.21)

Hence, since we are considering the case where K̇d is symmetric and positive
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semide�nite, we can write:∫ tf

ti

1

2
x̃(t)T K̇d(t)x̃(t) ≤ 1

2
λM‖x̃‖2

M(tf − ti) (4.22)

where
λM = max

t∈[ti,tf ]
max
j=1,...,6

λj

(
K̇d(t)

)
> 0 (4.23)

is the maximum value for the eigenvalues of K̇d(t) over the time interval in which the
parameter variation occurs, while

‖x̃‖M = max ‖x̃‖ (4.24)

is the maximum tracking error that the robot can experience in its workspace.
In the proposed scenario, when the robot is tracking the desired path, ‖x̃‖ is very

small. ‖x̃‖ can be bigger when the user is applying the correction. Nevertheless, the
correction is usually done in the proximity of the generated trajectory and, therefore,
‖x̃‖M can be small.

In order to satisfy (4.20) and exploiting (4.22), we obtain the condition that has to
be satis�ed when increasing the sti�ness on any interval:

1

2
λM‖x̃M‖2(tf − ti) ≤ T (ti)− δ (4.25)

The constraint (4.25) can be simpli�ed when considering the very common case
where Kd(t) = diag (k1(t), . . . , k6(t)). In this case:

λM = max
t∈[ti,tf ]

max
i=1,...,6

k̇i > 0 (4.26)

Consequently, k̇i ≤ λM and (4.25) can be rewritten as a condition on every element
of the diagonal, i.e.,:

k̇i(t) ≤
2 (T (ti)− δ)
‖x̃M‖2 (tf − ti)

∀i = 1, . . . , n (4.27)

Equation(4.27) shows that the more energy in the tank that is initially available,
the faster is the variation that can be passively implemented. The shorter the time
interval along which the variation is done, the faster the variation can be done.

It can happen that the energy stored in the tank is not su�cient to implement the
initial high sti�ness value. In this case it is necessary to apply the maximum increase
possible with the available energy and wait for some other energy to plan another
increment, to reach the desired value.

In conclusion, when the operator manually applies a correction, the sti�ness is de-
creased for making the robot easily driveable. This operation does not a�ect the pas-
sivity and the safety of the system. When the operator releases the robot end-e�ector
after the correction, the increase of the sti�ness allows going back to the trajectory
tracking phase. This active behavior can be implemented according to condition (4.27)
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in order to maintain the passivity of the overall system. The length of the interval is
a design parameter.

4.3.1 Braking Damper

When the robot tracks high-speed trajectories and the user grabs the end-e�ector to
apply a correction, usually making the robot compliant is not enough. A high velocity
corresponds to a high value of kinetic energy that the user has to compensate. Even if
passivity would still be guaranteed, to drive the robot along the desired path requires
a big e�ort from the user.

In order to help the user and to further simplify the task while preserving a passive
and safe behavior, we propose to add a temporary damping to the system during the
correction. Formally, the admittance dynamics becomes: Md

¨̃x+ (Dd +B(t)) ˙̃x+Kd(t)x̃ = Fext(t)

ż(t) =
ϕ(t)

z(t)
PD(t)− γ(t)

z(t)
PK(t)

(4.28)

where B(t) ∈ R6×6, B(t) ≥ 0 is an additional damping factor de�ned as:

B(t) =

{
B if ‖ẋ‖ > X > 0
0 otherwise

(4.29)

If the robot speed during the trajectory tracking is bigger than a prede�ned thresh-
old X ∈ R, X > 0, an extra damping B > 0 is activated when the user applies the
manual correction. This external damping would help the user to slow down the robot.
If the robot moves slowly enough, no extra damping is needed.

The term B(t) does not a�ect the passivity of the global system. Intuitively, B(t)
is a dissipative term and it will never bring a production of energy. Formally, it is
straightforward to show that using (4.28) instead of (4.7) in Proposition 2 would cause
the same results.

4.4 Path Optimization

After the manual correction has been done, the user releases the end-e�ector somewhere
near the nominal trajectory. The distance from the nominal trajectory depends on the
accuracy of the user and the size of the correction. Hence, a joining path connecting the
last point of the manual correction and the nominal trajectory needs to be generated.
The simplest solution is a linear interpolation between the release point and the closest
point on the nominal trajectory. However, this simple approach has some drawbacks:
�rst, a linear interpolation results in an abrupt motion and a sharp conjunction to
the old trajectory. If we consider as a target point the closest one on the nominal
trajectory, it could happen that some important parts are not executed, for example
some curvatures.

In order to smoothly embed the correction with the nominal trajectory generated
by the DMPs, we design an optimal trajectory. It starts from the end of the correction



58
Manual Corrections for

Robot Coaching

and includes the retaining trajectory, i.e., the portion of the trajectory generated by the
DMPs starting from the corresponding point and reaching the end. The corresponding
point is de�ned as the pose where the robot would be at the same time the end-e�ector
has been released if it had tracked the old trajectory.

As suggested in [60], the optimal trajectory containing the correction and the re-
taining path should satisfy the following objectives and constraints:

• It has to stay as close as possible to the retaining path;

• It has to start where the correction ends, with the same direction;

• The transition between the correction and the retaining path has to be smooth
and with a moderate curvature.

Thus, it is possible to �nd the optimal path by solving the following convex opti-
mization problem:

minimize
yopt

‖yrtn − yopt‖2 + ε‖T(∆2)yopt‖2

subject to y1
opt = yNcr

yN−1
cr − yNcr = y1

opt − y2
opt

(4.30)

where the generic trajectory y ∈ R6. The objective becomes to generate a new op-
timized trajectory yopt that minimizes a cost function, weighted by two factors. The
�rst one states the distance between the optimized trajectory and the part of the old
trajectory to retain yrtn. The second one models the trajectory curvature by means of
the second-order �nite di�erence operator T(∆2) = (yopt[i]− 2 ∗ yopt[i+ 1] + yopt[i+ 2])
(with yopt[i], i = 1, ..., N) and weighted by the parameter ε > 0.

The parameter ε represents the curvature of the trajectory that joins the releasing
point to the old trajectory. For small values of ε, yopt goes rapidly toward the old
trajectory. For high values, the curvature is wide and the old path will be reached
later. For values near to zero the optimization degenerates to a mere interpolation.
The two constraints ensure that the �rst point of the optimized trajectory corresponds
to the last point of the correction (denoted with N) and the two trajectories grow in
the same direction. For more details see [60].

4.5 Proposed Control Architecture

The control architecture of the proposed system is represented in Figure 4.1. First, the
initial trajectory is encoded through the DMPs and the DMP Trajectory component
generates the desired path to be tracked by the robot, sending the each desired position
xd to the Admittance Control. In the meantime, the force/torque sensor measures
the wrench Fext that is applied by the human operator when the manual correction
is applied. If objects are attached to the robot end-e�ector or if collisions with the
environment occur, a low pass �lter can be added ([33]) to avoid the detection of
undesired forces. The Admittance Control uses the wrench information coming from
the sensor, along with xd, to compute the reference position that has to be followed by
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the robot low-level position control. Industrial robots are typically position-controlled
in the joint space, hence the inverse kinematics is necessary to convert the Cartesian
admittance output into the joint pose qref .

Figure 4.1: Control architecture of the overall system.

When the robot tracks the trajectory and no contact with the operator occurs,
the force measured by the sensor is zero. The high value of the sti�ness parameter
allows the robot to track xd precisely. If the operator wants to modify a portion of
the trajectory, he/she applies the manual correction by grasping the end-e�ector and
the force measured by the sensor is di�erent from zero. The State Machine recognizes
the interaction: the sti�ness is reduced to a very small value and the braking damper
B is activated if needed (as reported in Section 4.3.1). The robot is made compliant
exploiting the sti�ness reduction and it becomes easily maneuverable by the human.
The passivity of the system is preserved since a sti�ness reduction does not inject extra
energy in the system. Once the correction is �nished, the operator can release the end-
e�ector somewhere nearby the nominal trajectory. The DMP Trajectory component
�nds the corresponding point and identi�es the part of the old trajectory that has to
be retained, i.e., yrtn.

When the correction has been done, the operator can release the end-e�ector some-
where nearby the nominal trajectory. The DMP Trajectory component computes the
corresponding point and selects the part of the old trajectory to retain yrtn. Then the
Trajectory Optimization component computes the optimized trajectory toward the old
path yopt (as described in Section 4.4), that will be the new trajectory to be tracked.
In the meantime, the Trajectory Record component records all the positions followed
by the end-e�ector (xr), including the human corrections. Finally, the robot will be
able to recreate the overall modi�ed path.

To avoid instability problems described in Section 4.2, we exploit Energy Tanks:
during the execution of the nominal trajectory and the manual correction, this compo-
nent stores the virtual energy dissipated by the system, according to (4.11). Once the
correction is done, the tank computes the maximum value of the sti�ness Kd that can
be implemented, according to (4.27). The sti�ness augmentation allows to properly
restore the tracking of the optimized trajectory while guaranteeing the passivity of the
system.
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4.5.1 Trajectory Segmentation to Spatially Fix the Correction

If the correction was embedded inside a single trajectory, it would be spatially shifted
according to the change of the initial/�nal points, becoming useless. For example, if the
correction was made to avoid an obstacle and the path shifts, the collision avoidance
is not guaranteed anymore. Nevertheless, the user has to manually apply another
correction, wasting time.

To overcome this limit, we propose a strategy based on a trajectory segmentation.
The overall modi�ed trajectory is divided into three parts: γ1, γ2, γ3. The �rst trajec-
tory γ1 starts at the initial point of the overall trajectory and ends at the beginning of
the correction; γ2 coincides with the manual modi�cation; γ3 starts at the end of the
modi�cation and embeds the optimized trajectory.

Based on the force signal and a state machine, three sets of DMPs are created: γ2

represents the modi�cation, in which the parameters are constant (i.e., the trajectory
is constant). On the opposite, γ1 presents a variable initial point and a �xed goal, γ3

presents a �xed initial point and a variable goal. As a result, we obtain a variable
trajectory where the start and the goal positions can be changed, but the correction
remains �xed, as depicted in Figure 4.2. This operation of encoding the trajectory in

Figure 4.2: Proposed method to maintain the correction. i1 and f1 are the initial and �nal points
of the trajectory where the user applied the manual correction (green line). i2 and f2 are the initial
and �nal points of another trajectory that is encoded using the same sets of DMPs but keeping the
correction constant in the space.

di�erent DMPs sets does not a�ect the passivity of the system, since it does not require
energy exchanges. The sti�ness variation is performed as described previously and in
Section 4.3. A similar approach can be extended when considering multiple corrections
and p sets of DMPs: γ1, γ2, ..., γp.

4.6 Experimental Validation

We performed experimental tests on a KUKA LWR 4+ provided with an ATI Mini45 6
axis F/T sensor, in order to validate the theoretical �ndings presented in this chapter.
Figure 4.3 shows the two experimental setups used in the following sections. The
bowling pins and white boxes are used to simulate the obstacles in the environment,
while the robot moves in the space to avoid them.

Even though the KUKA LWR 4+ robot is provided with compliant control strate-
gies (i.e., Cartesian and joint impedance), the joint position control has been exploited
to emulate the common industrial set-up, where the low-level control is typically a posi-
tion one. The software components have been developed through the Orocos framework
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and they run with a 500 Hz frequency, except for the recording that updates every 0.3
s.

Figure 4.3: First setup (left) used for experiments in Sec. 4.6.1 and 4.6.2. Second setup (right) used
for experiments in Sec. 4.6.3 and 4.6.4.

For both of the experiments, the following admittance parameters values were used:

Md = diag{1, 1, 1, 0.5, 0.5, 0.5} [Kg]

Dd = diag{Dd1, Dd2}
B(t) = diag{B1, B2}

where
Dd1 = diag{7, 7, 7} [Ns/m] Dd2 = diag{0.7, 0.7, 0.7} [Nms/rad]

B1 = diag{10, 10, 10} [Ns/m] B2 = diag{0.1, 0.1, 0.1} [Nms/rad]

while the initial value of the sti�ness matrix is:

Kd = diag{Kd1, Kd2}

where

Kd1 = diag{200, 200, 200} [N/m] Kd2 = diag{20, 20, 20} [Nm/rad]

A suitable value of ε was chosen as a trade-o� between the execution of all the geometric
characteristics of the path and a smooth overall trajectory. In our experiments, ε = 2.

4.6.1 Single Correction to the Trajectory

As depicted in Fig. 4.4, when the operator grabs the end-e�ector of Kuka robot, the
interaction force is detected by the F/T sensor and the sti�ness of the admittance con-
trol is set to zero. Meanwhile, since the system velocity is greater than the established
threshold X = 0.2 m/s, the braking damper is activated, slowing down the system.
Figure 4.4 shows the x direction as a clarifying example, since either the directions
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y and z follow the same trend. We moved the robot along translational axis, while
keeping the orientations �xed.

Figure 4.4: Evolution over time of the external force, the desired sti�ness and the braking damper
along x direction.

When the human operator ends the manual correction (i.e. the interaction force is
equal to zero), the extraction of energy from the tank (see Fig. 4.5) allows to implement
a high value of sti�ness, according to the (4.27). During this experiment, the energy
stored in the tank is enough to implement the initial high value of sti�ness without
violating the passivity. If the energy hadn't been enough to restore the initial value,
the braking damper would have been kept until the required energy would have been
su�cient.

Figure 4.5: Evolution over time of the energy level of the tank.

Since the admittance parameters are kept constant until the correction is applied
(t = 64 s), the time interval in Figs. 4.4 and 4.5 is depicted from 40 s to 80 s, to
clearly show the variation of the described quantities.

At the end of the manual correction, the system carries out the optimization from
the leaving point to the old path. Since the system was keeping track of the original
trajectory, the corresponding point with respect to the leaving one on the old path is
denoted as "current point" in Fig. 4.6 and it becomes the initial point of the trajectory
to retain. Changing the value of the parameter ε re�ects in a di�erent curve of the
optimized path. In order to obtain a trade-o� between a smooth trajectory and the
execution of all the features, a value of ε = 2 has been chosen.
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Figure 4.6: Comparison between the optimized trajectory (solid purple line), starting from the
release point (i.e. where the user releases the end-e�ector) and the old trajectory to retain (dashed
light blue line), starting from the corresponding point on the old path.

4.6.2 Multiple Corrections to the Trajectory

In the second experiment multiple corrections to the original trajectory are applied,
to show the repeatability of the overall process. As depicted in Fig. 4.7, the modi�ed
path includes the two corrections applied by the human: the �rst one along the plane
xy and the second one along xz. In both cases the system can restore the initial value of
sti�ness, the system goes smoothly towards the initial path (dashed blue line) while the
modi�ed trajectory (solid red line) is recorded to generate a new corrected trajectory.

Figure 4.7: Comparison between the initial trajectory (dashed blue line) and the modi�ed trajectory
(solid red line) containing multiple corrections. Obstacles are depicted as grey spheres. Kuka LWR
4+ was used during the experiment.

4.6.3 Fixed Correction When Changing Initial and Final Points

As described in Section 4.5.1, when a change in the initial/�nal point of the trajectory
is applied, the desired modi�cation is shifted accordingly. Hence, the proposed method
allows to keep the correction spatially �xed, avoiding a further manual modi�cation.

Figure 4.8 shows a trajectory example along the yx plane. The dashed black line
represents the trajectory where the human operator has applied the manual correction
(highlighted in the yellow box). This correction can be performed, for example, to
avoid an obstacle (gray circle).
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Figure 4.8: Comparison between the trajectory generated with the proposed algorithm (solid blue
line) and without (dotted purple line), when changing the initial and �nal points. The trajectory with
the manual correction is represented by a dashed black line and the obstacle with a gray circle. The
manual correction that has to be constant is highlighted.

If the initial and �nal points are shifted, the DMPs allow to generate a new trajec-
tory with the same qualitative behavior, represented by a dotted purple line. However,
the correction itself has been shifted and the obstacle is not avoided anymore. With
the proposed algorithm, the correction does not spatially change despite the new initial
and �nal points and the resulting trajectory is represented by a solid blue line.

4.6.4 Comparison with Repulsive Potentials Method

To show the e�ectiveness of the proposed method, a comparison with the repulsive
potential method is presented. We made this decision since the repulsive potential is
one of the most common approaches in literature to avoid obstacles. In addition, it
is embedded in the theoretical de�nition of DMPs, where the force generated to avoid
the obstacle is added to the dynamical system as a coupling term [51].

Figure 4.9 shows a trajectory example along the yx plane. The obstacle is depicted
as a gray circle, the nominal trajectory as a dashed black line. To avoid the obstacle,
the human operator grabs the robot end-e�ector and applies the desired modi�cation,
resulting in the overall trajectory depicted with a solid blue line.

Conversely, once the obstacle position is de�ned, a coupling term can be added
to the dynamic system to incorporate obstacle avoidance. The resulting trajectory is
represented by a dotted red line. The main idea is to compute the angle between the
current robot velocity and the direction to the obstacle, and steer away from the it.
However, the obstacle position has to be known a priori and the trajectory deviation
is somehow unpredictable. As shown in the �gure, the user cannot control the shape
of the correction and a larger portion of the trajectory is modi�ed.

With our method, the correction is applied in a precise way according to the user
preference and only where it is strictly needed. In addition, no visual systems have
to be implemented to know in advance the obstacle position. Finally, if the trajectory
presents a faulty part or the user is not satis�ed with the taught behavior, local and
multiple corrections can be applied.
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Figure 4.9: Comparison between the trajectory generated with the proposed algorithm (solid blue
line) and the one generated with the repulsive potentials method (dotted red line). The nominal
trajectory is depicted with a dashed black line and the obstacle with a ray circle. Kuka LWR 4+ was
used during the experiment.

4.7 Conclusions

In this chapter we presented an online method to apply multiple corrections to a robot
trajectory. At the beginning, the initial trajectory is taught exploiting a walk-through
programming technique and then encoded through the Dynamical Movement Primi-
tives. During the trajectory tracking, the human operator can intervene by manually
applying a correction. When he/she grabs the end e�ector, the robot is made compliant
by means of a sti�ness variation. To avoid instability issues during the transition from
zero sti�ness to a high value, the energy tank is introduced to preserve the passivity of
the system. Furthermore, the proposed method keeps the applied correction spatially
�xed when the initial/�nal points of the trajectory are changed. The experiments show
the e�ectiveness of the proposed method and a comparison with the repulsive potential
method is presented.
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5 | Prediction of Human Arm Target

Humans approach to robots for di�erent reasons, either to directly interact (like in
Chapter 4 and 3) or to perform some other tasks nearby. As a consequence, to predict
future human movements and to infer his/her �nal intention becomes of paramount
importance.

For collision avoidance purposes, if the robot knows the human future behavior
in advance, it can replan the action more e�ciently, still preserving human safety.
Conversely, for collaborative or physical interactive tasks, the robot should behave co-
herently. In assembling scenarios, for example, if the human is approaching to grasp
the object carried by the robot, the robot should pause and wait for him/her. Other-
wise, if the human is approaching to manually apply a modi�cation to the robot path,
the robot should keep following the desired trajectory, waiting for the correction to be
made.

In this chapter we propose combination of a long-term model based approach
(i.e. Minimum Jerk) and a short-term but accurate data-driven approach (i.e. Semi-
Adaptable Neural Networks), to obtain the prediction of human intention. This de-
cision was made because the Minimum Jerk model requires to record the initial part
of the trajectory to �t the model parameters. By limiting the number of recorded
points of the initial part, we can anticipate the detection of the human �nal target. To
properly compensate for this points reduction, we added a short-term prediction that
starts on the last recorded point.

As a consequence, the robot can also anticipate the planning of a collision-free
trajectory if the human is not moving towards it, increasing the overall safety of the
system.

Related Works

Di�erent approaches to predict human hand trajectory and infer the �nal target have
been proposed, especially for collaborative tasks. A modelling approach for 3D hand
trajectories in reaching motions is presented by Faraway et al. [32]. They propose a
method for �tting the trajectory data to the control points of a Bézier curve. However,
the method is largely empirical. Tamura et al. [100] predict the target of the human
hand movement among the objects placed on the table. They de�ne the certainty of a
target based on how much the hand reduces the distance with respect to it. This is a
successful approach only if the objects are placed along a row in front of the human and
their positions are known a priori. Mainprice et al. [82] generate a prediction of human

67



68 Prediction of Human Arm Target

workspace occupancy exploiting the swept volume of learnt human trajectories. This
volume is computed by summing the likelihood for each class of human movements
using a Gaussian Mixture Model. The robot trajectory is then planned in such a way
to minimize the penetration cost, avoiding collisions. This method allows to plan robot
trajectories in a conservative and safe way, without inferring human target though. In
Kaeami et al. [59], the robot builds a belief over human intentions by observing human
actions. A Markov Decision Process is used to �nally predict human goals. However,
human actions are de�ned a priori.

Although there are several ways to approach to an object and users are generally
di�erent, human arm movements tend to be quite similar. Di�erent approaches in lit-
erature try to model and describe human arm behavior: the Minimum Torque Change
Model [103][84] and the Minimum Jerk Model [37] are commonly used. The Minimum
Torque Change Model is an intrinsic-dynamic-mechanical representation whose objec-
tive is to minimize the time derivative of joint torque. However, the dynamics equation
of the musculoskeletal system must �rst be speci�ed.

Conversely, the Minimum Jerk Model is independent of the arm dynamics, arm
posture, external forces and movement duration. A Minimum Jerk implementation for
collision avoidance and human safety is presented by Dihn et al. [27]. The end position
of the human movement is derived by �nding the closest object to the current hand
velocity vector. Objects are �xed in the space and their position is known a priori.
Bratt et al. applied Minimum Jerk in a catching ball task. Since the ball is thrown at
high speed, the human approaches to the expected point of impact and then he/she
makes a small correction. The main limitation of this approach is that half of the
motion has to be observed before a prediction can be made. Namiki et al. [85] propose
an assistive control system for a master-slave-type humanoid robot, to increase the
speed of a reaching-and-grasping motion. Minimum Jerk is used to predict human arm
trajectory towards di�erent objects, whose position is known a priori.

5.1 Problem Statement and Contribution

In novel industrial scenarios, it is likely that a robot executes its task while a human
operator is working nearby, either to collaborate at the same task or to perform a
di�erent operation. The focus of this work is to determine whether the human operator
is going to approach to the robot, in order to physically interact with it. This kind
of predictive approach on human intention allows to guarantee human safety and an
e�ective collaboration.

We propose a human prediction algorithm that allows to infer if the human operator
is moving towards the robot to intentionally interact with it, or he/she accidentally
passing nearby to grasp a di�erent object. The human hand position is tracked by an
RGB-D camera and the initial hand movement is recorded. We adopt the Minimum
Jerk model to infer the �nal target of the human arm movement, given the collected
initial points. To anticipate the target detection, we add the short-term prediction of
the human arm trajectory, based on a Neural Network, to the past collected points.
To accommodate time-varying behaviors and individual di�erences in human motion,
the parameters of the last layer of the Neural Network are adapted online, according
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to the Semi-Adaptable Neural Networks (S-ANN) presented in [23].

By combining the Minimum Jerk model with S-ANN we obtain a reliable prediction
of the human hand trajectory and �nal target in a short amount of time. If the
human is intentionally approaching to the robot to start a physical interaction (ex. a
manual modi�cation like in Chapter 4 or manual guidance like in Chapter 2), the robot
should not consider the human gesture as an unsafe incoming collision. Whereas if the
human operator is doing random movements towards other objects, the robot should
modify its trajectory consequently or pause to preserve human safety. The advantage
of this method is to combine the accuracy of the S-ANN prediction with the long-term
prediction of Minimum Jerk to obtain a reliable detection of human intention.

The main contributions of this work are:

• We only rely on the robot position to infer if the human is approaching to the
robot itself. Hence, only prior knowledge of the robot trajectory is required, while
an object detection system or prior knowledge of other objects positions are not
necessary.

• We combine a long-term Model-Based approach (i.e. Minimum Jerk) with an
accurate Data-Driven (i.e. S-ANNs) approach to obtain a reliable prediction of
human hand trajectory.

• With respect to [23], we found a suitable size of the prediction horizon for the S-
ANN output. This size is a trade-o� between the S-ANN adaptation convergence,
the accuracy of the �nal target detection and the time required to compute the
latter.

• We detect online all the point-to-point hand movements of an arbitrary sequence,
which represents a realistic working scenario.

5.2 Background on Robot Coaching

In a cooperative scenario, it can happen that the user needs to change a portion of
the robot trajectory in a desired way. This is due, for example, to the presence of an
obstacle placed along the robot's path or a change of the working area. This problem
is known as �robot coaching�, as previously described in Chapter 4, Sec. 4.2 and 4.3.

As previously mentioned, switch between a tracking mode and a compliant mode
(and vice versa) is achieved through a sti�ness variation in the admittance control.
However, this operation can generate unsafe robot behaviors, due to the loss of passiv-
ity. Energy tanks have been introduced to �exibly dealing with energy exchange: they
allow to store the system dissipated energy and use it to implement active behaviors,
while keeping the system passive and safe.

Formally, the dynamics of an admittance controlled robot with time varying pa-
rameters can be represented by:

Md(t)¨̃y +Dd(t) ˙̃y +Kd(t)ỹ = Fext (5.1)
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whereMd(t), Dd(t),Kd(t) ∈ R6×6 are desired symmetric positive de�nite inertia, damp-
ing and sti�ness matrices respectively. ỹ(t) is the pose error, with ỹ(t) = y(t)− yd(t),
y(t) and yd(t) ∈ R6 are the robot pose1 and the desired pose. Fext ∈ R6 is the external
force measured by a 6-DOFs Force/Torque (F/T) sensor mounted on the end-e�ector.

If we consider a variation of the sti�ness matrix, while keeping the inertia and
damping constant, the variation of the system energy can be expressed as:

Ḣ = ˙̃yTFext +

[
− ˙̃yTDd

˙̃y +
1

2
ỹT K̇d(t)ỹ

]
(5.2)

Since Dd ≥ 0, the �rst term in the brackets is always negative and energy can be
introduced only by the second term, when the sti�ness increases.

If we augment the admittance model by adding the energy tank, it is possible to use
the dissipated energy to implement a sti�ness increase and to track back the original
trajectory after the modi�cation is done.

The maximum value of sti�ness augmentation in a time interval [t0, tend], according
to the energy T stored in the tank, is:

k̇i(t) ≤
2 (T (t0)− δ)
‖ỹM‖2 (tend − t0)

∀i = 1, . . . , n (5.3)

where ki is each element on the sti�ness matrix diagonal. δ represents the minimum
energy value to avoid tank depletion and ‖ỹ‖M is the maximum tracking error that the
robot can experience in its workspace.

In conclusion, a sti�ness increase can be planned according to condition (5.3) in
order to maintain the passivity of the overall system and switch to the tracking mode.

5.3 Human Arm Motion Prediction

5.3.1 Minimum Jerk

Flash and Hogan [37] stated that, for unconstrained point-to-point movements, human
arms move along a smooth trajectory while minimizing the mean-square jerk. This
statement can be formalized, considering a spatial trajectory [38] moving from an initial
position to a �nal one in a given time interval, as model �tting problem requiring to
minimize the following cost function:

C =
1

2

∫ tf

ti

(
d3x

dt3

)T (
d3x

dt3

)
dt (5.4)

where x ∈ R3 is the time-varying hand position.
Given a start time ti, a �nal time tf and boundary conditions at xi = x(ti) and xf =

x(tf ) (i.e. position, velocity and acceleration), the unique solution of the optimization
problem is a �fth-order polynomial. If we assume that the movement starts and ends

1It is assumed that a low-level controller is designed and tuned in such a way that the pose tracking
error is negligible, namely y ' yd, where yd is the reference pose computed by the admittance control.
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with zero velocity and acceleration (i.e. point-to-point movement), the polynomial
solution results in:

x = xi + (xf − xi)
(
10τ 3 + 15τ 4 + 6τ 5

)
(5.5)

where τ = (t− ti)/(tf − ti).
In the following, we will consider the human grasping motion as a point-to-point

movement even if the robot moves in the workspace. Indeed, the robot speed is neces-
sarily limited during collaborative tasks, hence if the human approaches with the intent
to physically interact, his/her hand would reach the robot with negligible velocity and
acceleration. However, non zero velocity and acceleration at the initial and �nal points
could also be taken into account using the generalized solution described in [38].

The trajectory described by (5.5) is a straight line between the initial and �nal
positions, with a bell-shaped velocity pro�le. Given the parameters r = [xTi , x

T
f , ti, tf ],

the human arm trajectory can be computed for each instant of time.

However, the prediction of the human arm target must be setup as a di�erent
problem: given an observed partial arm movement, how can we �nd the parameters r
in such a way that a partial arm movement �ts the Minimum Jerk polynomial (5.5).

We assume that the human arm movement is observed by a tracking system with
a discrete-time output. Therefore, if the beginning of the trajectory is observed, the
vector of collected positions in the Cartesian space is χ̄k = [x̄1, . . . , x̄k], where x̄k is the
observed hand position at time tk. Since the beginning of the motion can be easily
detected (i.e. by monitoring the hand velocity), the parameters xi and ti are known.

Determining the �nal goal xf at the corresponding time tf is not trivial. In a shared
human-robot workspace, di�erent objects can surround the robot and their location is
unknown. Hence, we cannot consider di�erent �nal positions and evaluate the �tting
for each one. This procedure would require an object identi�cation system and it would
be computationally expensive to be implemented online. However, the current position
of the robot is usually known, together with its trajectory. If we assume that the human
wants to grab the end-e�ector, we can exploit this information by considering the end-
e�ector Cartesian position as the parameter xf . Hence, the only unknown parameter
that has to be computed is the �nal time tf .

Therefore, we �t the collected points with the Minimum Jerk trajectory that ends
in the end-e�ector position xf , by searching the value of tf that minimizes the following
cost function:

C(tf ) =
1

2

n∑
k=i

‖xk − x̄k‖2 (5.6)

where the values xk are computed from (5.5) at the sampling instants tk of the collected
points x̄k.

Then, we can evaluate the �tting quality by computing the Root Mean Square
(RMS) norm error between the collected points and those calculated by the �tted
model. The �tting is performed in a tridimensional space.

In conclusion, if the human is moving towards the robot, the quality of the �tting
is good and the RMS norm error is low. Otherwise, if the human is moving towards
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another object, the RMS norm error will be higher than a given threshold. The tuning
of such a threshold will be described in Sec. 5.5.

5.3.2 Semi-Adaptable Neural Networks

To anticipate the determination of human target, a prediction of the human hand
based on Neural Networks can be added. In this way, the predicted trajectory points
are added to the collected points to �t the Minimum Jerk model.

To accommodate both the time varying behavior of human and individual di�er-
ences among di�erent people, we adopted the Semi-Adaptable Neural Networks (S-
ANNs). In this model we only adapt the weights of the output layer online, leaving the
weights of the remaining layers as obtained from o�ine training. The reason behind
this choice is that the input of the last layer can be seen as human features, that are
linearly combine to output the prediction. For di�erent humans, these features can be
combined di�erently, but also for the same human these features can vary in time.

The transition model of human joint motion can be formulated as

χ(k + 1) = f ∗(χ∗(k)) + wk, (5.7)

where χ(k + 1) ∈ R3M denotes human's M -step future trajectory state of the hand
joint at time steps k + 1, k + 2, . . . , k + M in a Cartesian coordinate system. M ∈ N
is the prediction horizon. Denoting xk ∈ R3 the Cartesian position of the joint at time
step k, χ(k+1) is a stack ofM future joint positions xk+1, xk+2, ..., xk+M . χ∗(k) ∈ R3N

denotes human's past N -step trajectory of the joint at time steps k, k−1, . . . , k−N+1,
constructed by stacking the position vectors xk, xk−1, ..., xk−N+1. wk ∈ R3M is a zero-
mean white Gaussian noise. The function f ∗(χ∗(k)) : R3N → R3M represents the
transition of the human motion, which takes historical trajectory as inputs, and outputs
the future positions of the joint.

The human motion transition model f ∗ is approximated by an n-layer neural net-
work with ReLU (Recti�ed Linear Unit) activation function:

f ∗(χ∗(k), a) = W T max(0, g(U, χ∗(k))) + ε(sk), (5.8)

where sk = [χ∗(k)T , 1]T ∈ R3N+2 is the input vector, g denotes (n − 1) - layer neural
network, whose weights are packed in U . ε(sk) ∈ R3M is the function reconstruction
error, which goes to zero when the neural network is fully trained. W ∈ Rnh×3M is the
weights of the last layer, where nh ∈ N is the number of neurons in the hidden layer.

By stacking all the column vectors of W , we get a time varying vector θ ∈ R3Mnh

to represent the weights of last layer. θk denotes its value at time step k. To represent
the extracted features, we de�ne a new data matrix:

Φk = diag(max(0, g(U, sk))1, ...,max(0, g(U, sk))M), Φk ∈ R3M×3Mnh .
Using Φk and θk, (5.7) and (5.8) can be written as

χ(k + 1) = Φkθk + wk. (5.9)

Let θ̂k denotes the parameter estimate at time step k, and let θ̃k = θk − θ̂k be the
parameter estimation error. We de�ne the a priori estimate of the state and the
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estimation error as:

χ̂ (k + 1|k) =Φkθ̂k, (5.10)

χ̃ (k + 1|k) =Φkθ̃k + wk. (5.11)

In this work, Recursive Least Square Parameter Adaptation Algorithm (RLS-PAA)
with forgetting factor [23] is applied to asymptotically adapt the parameters in the
neural network. The core idea of RLS-PAA is to iteratively update the parameter
estimation θ̂k and predict χ(k + 1) when new measurements become available. The
parameter update rule of RLS-PAA can be summarized as:

θ̂k+1 = θ̂k + FkΦ
T
k χ̃ (k + 1|k) , (5.12)

where Fk is the adaptation gain updated by:

Fk+1 =
1

λ1(k)

[
Fk − λ2(k)

FkΦkΦ
T
kFk

λ1(k) + λ2(k)ΦT
kFkΦk

]
(5.13)

where 0 < λ1(k) ≤ 1 and 0 < λ2(k) ≤ 2.

Typical choices for λ1(k) and λ2(k) are:

1. λ1(k) = 1 and λ2(k) = 1 for standard least squares gain.
2. 0 < λ1(k) < 1 and λ2(k) = 1 for least squares gain with forgetting factor.
3. λ1(k) = 1 and λ2(k) = 0 for constant adaptation gain.

5.4 Proposed Prediction Algorithm

The proposed approach combines Minimum Jerk �tting with Semi-Adaptable Neural
Networks (S-ANNs) to obtain a long-term human arm prediction, inferring if the human
is moving towards the robot or not.

The procedure is described in Alg. 2. It is worth noting that, since in (Line 2) we
add the predicted points from the S-ANN, the robot position used as the Minimum
Jerk parameter xf has to be determined consequently, to obtain a coherent �tting.
Hence, if the last point of the S-ANN prediction is, for example, 0.5 s in the future,
the corresponding future position of the robot has to be considered. Since we assume
that the robot trajectory is known in advance, as is common in industrial scenarios,
this data can be easily obtained.

To distinguish whether the human is approaching to the robot or to a di�erent
object, a proper threshold on the prediction model �tting quality has to be de�ned a
priori. Its value depends on how wide the grasping area on the robot is. In our case we
consider that human operator always approach to the tool placed on the end-e�ector,
to grab it and apply the manual modi�cation. A discussion on the threshold value
is done in Section 5.5. If the human is moving towards a di�erent object, the robot
behaves to guarantee human safety (i.e. it stops, it pauses or it replans the trajectory
to avoid the collision).
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Algorithm 2: Proposed prediction algorithm

1 Collect the initial portion χ̄k of the observed human hand trajectory

2 Add the predicted points χ̂(k + 1|k) given by the S-ANN

3 Perform the Minimum Jerk trajectory �tting, considering xf in (5.5) as the future

robot position

4 Evaluate the RMS norm error between the points in χ̄k ∪ χ̂(k + 1|k) and the points

�tted by the Minimum Jerk

5 Output: If RMS norm error < threshold then the human is approaching the robot,

else the human is approaching a di�erent object.

5.4.1 Sub-movements detection

In a cooperative scenario, the human operator executes several sequential movements
inside the workspace: a few of them can be directed towards the robot for collaborating,
others can be directed somewhere else. To properly �t data with Minimum Jerk model,
it is important to detect the beginning and ending of each sub-movement.

For point-to-point movements the initial and �nal velocities and accelerations are
zero. Hence, a velocity-based threshold logic can detect when the human is starting
and stopping the movement. Since skeletal data coming from vision sensors are usually
noisy, a smoothing di�erentiation �lter, based on the Savitzky-Golay algorithm [80],
was used to compute the hand velocity while reducing the noise.

5.5 Experimental Validation

The experiments are performed on a FANUC LR Mate 200iD/7L as shown in Fig.5.1.
To track human right hand position, we used a Kinect V2 RGB-D camera and the
skeleton tracking software based on the Kinect for Windows SDK. The robot low-level
controller is deployed in Simulink Real-Time on a target PC with Intel i5-3340 Quad-
Core CPU. The Kinect sensor is connected to the Windows host PC, that executes the
algorithm of Sec. 5.4 and the �tting error as described in Sec. 5.3.1. Both the host
and the target PC communicate with an external PC through a UDP socket. On the
external PC the admittance control and the manual correction software components
are implemented using Orocos real-time framework. Both the low-level controller and
the Orocos components run at a 125 Hz frequency, whereas the Kinect frames are
updated every 0.033 s.

A three-layer neural network was trained with 100 movements going towards dif-
ferent objects in the workspace, either random ones or the robot end-e�ector. The
number of nodes in the input and output layers is respectively 9 and 30: 3 points (x,
y, z coordinates) are used as a past history and 10 points are predicted in the future.

5.5.1 Semi-Adaptable Neural Network prediction points

After several experimental trials, we found that 30 points are necessary to perform a
reliable Minimum Jerk �tting. Since the Kinect updates every 33 ms, the collection of
30 points would require almost 1 s. Point-to-point hand movements are usually within
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Figure 5.1: Experimental setup. The Kinect tracks the human right hand. The robot is a Fanuc LR
Mate 200iD/7L.

Table 5.1: Error computation for 20 collected points and 10 predicted points

time step
collected
point

past points
(input layer)

predicted points
(output layer)

error
computation

1 x̄1

2 x̄2

3 x̄3 [x̄1,x̄2,x̄3] [x̂4,...,x̂13]
4 x̄4 [x̄2,x̄3,x̄4] [x̂5,...,x̂14]
... ... ... ...
13 x̄13 [x̄11,x̄12,x̄13] [x̂14,...,x̂23] [x̄4 − x̂4,..., x̄13 − x̂13]
... ... ... ... ...
19 x̄19 [x̄17,x̄18,x̄19] [x̂20,...,x̂29] [x̄10 − x̂10,...,x̄19 − x̂19]
20 x̄20 [x̄18,x̄19,x̄20] [x̂21,...,x̂30] [x̄11 − x̂11,...,x̄20 − x̂20]

a similar time interval (i.e. one to few seconds), hence we would like to anticipate as
much as possible the detection of the human goal, to guarantee his/her safety. For
this reason we added the Adaptable Neural Network, in such a way that the number of
collected data from Kinect can be reduced and the decision making process can start
earlier. However, reducing the number of predicted data can cause a loss of accuracy
and the target identi�cation can be negatively a�ected. The �nal solution should be a
trade-o� between accuracy and time.

Neural Networks are usually not suitable for long-term predictions. Moreover, if we
want to adapt the last layer parameters, an error computation between the predicted
points and the collected ones (i.e. ground truth) should be performed. By choosing
3 points as a past history and 10 points as the number of predictions, we can exploit
the advantages of parameters adaptation still reducing the detection time to 0.66 s
(i.e. 20 points collected from Kinect and 10 point predicted). In Table 5.1 the error
computation sequence (i.e. (5.11)) is depicted. The table shows that, by considering
20 recorded points and 10 predicted, the Neural Network adaptation is performed 8
times (from point 13th to point 20th).

To show the reliability of choosing 10 predicted points, we compare the RMS error
in two cases. The human operator is tracked while is moving towards the robot end-
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e�ector for 10 times. In the �rst experiment, out of the 30 points needed for the
Minimum Jerk �tting, 25 are collected from Kinect and 5 points are predicted from
the Neural Network. In the second experiment, 20 points are collected from the Kinect
and 10 predicted.

Table 5.2: error comparison between 5 and 10 predicted points

Number of
predicted points

5 10

RMS Error [m]

0.061 0.074
0.037 0.050
0.069 0.046
0.055 0.048
0.041 0.088
0.059 0.057
0.063 0.072
0.060 0.039
0.065 0.069
0.062 0.037

Mean [m] 0.058 0.057
Standard Deviation [m] 0.009 0.016

As show in Table 5.2, the computed mean value of the RMS error is similar and the
movement towards the end-e�ector is always detected correctly. The small di�erence
in the Standard Deviation shows that, even in the case of 10 predicted points, the
intention of going towards the robot is correctly detected. In fact, since we chose an
error threshold of 0.10 m, in both cases the error values are under this threshold.

In conclusion, we chose to use 10 predicted point as a trade-o� to exploit the
advantages of the Adaptable Neural Network yet anticipating the detection of the
human intention.

5.5.2 Comparison between recorded data and Semi-Adaptable

Neural Network prediction

As mentioned previously, we experimentally found that 30 points are required to obtain
a suitable trajectory �tting using the Minimum Jerk. However, a total of almost 1 s
would be necessary to predict the �nal human target. In a human-robot collaborative
scenario, human safety is of paramount importance. In this context, anticipating hu-
man �nal intention gives more time to the system to behave accordingly, i.e. to replan
the trajectory or to temporarily stop. For this reason we chose to consider 20 recorded
points from the Kinect and then to add 10 predicted points from the Neural Network.
By adopting this strategy, the overall prediction time is reduced to 0.66 s.

To show the reliability of the Neural Network prediction, we compare the RMS error
obtained in two di�erent cases. In the �rst one, 30 recorded points from Kinect were
used to �t the Minimum Jerk trajectory. In the second one, only 20 points were used
and then we add 10 predicted points, referred to the last recorded point and derived
from the Adaptable Neural Network.

Figure 5.2 shows the trajectories along x and y directions (similar behavior along
z). The �rst 20 points are the same in both cases (dashed red line and blue dots). As
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(a) x-direction (b) y-direction

Figure 5.2: Comparison between recorded points (dashed red line) and recorded points (blue points)
with predicted ones (green points) from the Adaptable Neural Network.

can be clearly seen, the predicted points (green dots) follow the trend of the recorded
ones.

The di�erence between the two RMS errors is 6 mm, hence we can consider the
ANN prediction accurate enough to substitute the recorded points. For the sake of
completeness, all the recorded trajectory is depicted in Figure 5.2 (red dashed line),
but only 30 points were used to compute the RMS error.

5.5.3 Comparison between di�erent movements

The objective of the presented work is to infer if the human is approaching to the
robot or is going towards another object. To evaluate the performance of the proposed
method, two types of movement are compared.

In the �rst one, the human is approaching to the tool attached to the robot end-
e�ector, to grasp it and manually modify the trajectory. As depicted in Fig. 5.3,
the Minimum Jerk (red squares) �ts the reference data (blue dots). As described in
Sec. 5.5.2, the reference data are given by 20 recorded points of human right hand,
and then 10 predicted points from the Adaptable Neural Network are added. The
computed RMS error is 0.05 m.

Conversely, the example of a movement going towards another object is depicted in
Fig. 5.4. The object is located along the same y direction, but at a di�erent x location
and height z. In Figure 5.1, it is the left box position. As can be seen in Fig. 5.4, the
�tting is inaccurate and the �nal RMS error results in 0.15 m, which exceeds the error
threshold of 0.10 m. Hence, the human is moving the hand towards an object di�erent
from the robot.

It is worth noting that in this chapter we consider the hand position as the most
relevant human joint to be tracked. Conversely, in [23] the tracking is focused on the
human wrist. Our di�erent choice is motivated by the fact that the �tting accuracy
improves signi�cantly. The improvement re�ects the human movement to approach an
object with the hand, not the wrist. Therefore, the position mismatch between the
hand point and the wrist point causes an error in the detection of the �nal target. The
distance between these two points can't be compensated only along one direction, since
the arm and the wrist are rotated by an unknown angle.
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(a) x-direction (b) y-direction

(c) z-direction

Figure 5.3: Comparison between Minimum Jerk �tting (red squares) and the reference data (blue
dots) going towards the end-e�ector.

5.5.4 Sub-movements and error threshold

In a cooperative scenario, it is likely that the human operator works side by side with
the robot. In the setup of Fig. 5.1, the human is placing objects inside the two boxes.
We make the assumption that the human approaches to the robot to manually apply
a modi�cation to the trajectory. Hence, the robot must continue its path, following
the desired trajectory. Conversely, if the human is placing an object inside a box, the
robot pauses to avoid the collision.

A Savitzky-Golay di�erentation �lter [80] is used to estimated the hand velocity
from Kinect positions. The Savitzky-Golay �lter is non-causal and its output estima-
tion is inherently delayed by a number of time steps that are half of the size of its
input bu�er. Such a delay can be compensated by properly choosing data points for
the trajectory �tting. For example, if a new movement is detected at time ts but the
�lter introduced a delay of �ve time steps, the �rst point to be considered is the one
at ts−5.

The velocity thresholds to detect a sub-movement stopping and the starting are
empirically set to 0.15 m/s2 and 0.2 m/s2. The RMS norm error threshold to dis-
criminate the interaction intent is set equal to 0.10 m . However, When the human is
retracting the arm or is reaching an object far from the robot, the robot should not
pause. Hence, if the error is greater that 0.40 m (value experimentally found), the
robot does not modify its behavior and it keeps following its trajectory.
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(a) x-direction (b) y-direction

(c) z-direction

Figure 5.4: Comparison between Minimum Jerk �tting (red squares) and the reference data (blue
dots) going towards an object, that is di�erent from the robot end-e�ector.

5.6 Conclusions

In this chapter we proposed a prediction method to infer if the human is approaching
to the robot. The human right hand position is tracked by a Kinect and the beginning
of the arm movement is captured. The recorded points are used to �t a Minimum Jerk
model whose �nal position is the robot end-e�ector. Then, a �tting quality evaluation
is used to distinguish if the human is approaching to the robot or is moving towards
other objects in the workspace. To anticipate the detection and improve the human
operator safety, an Adaptable Neural Network is used, to predict future positions of
the human hand based on previous training.

Future works aim at implementing a safe and collision-free trajectory replanning,
to avoid robot pauses and to guarantee a higher e�ciency. In addition, a distinction
between general movements and movements directly pointed to an object [100] should
be added. General movements are usually limited to a restricted working area and
hands turn around frequently. This behavior means that the human is not reaching an
object. Hence these kind of movements do not �t the Minimum Jerk model and safety
countermeasures can be directly applied, to avoid collisions.
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6 | Safety Barriers for Human-Robot

Interaction

In the previous chapter, we propose a method to infer human intention from arm
movement. If the human is not approaching the robot, we must avoid the collision.

To prevent collisions from happening, exteroceptive sensors can be added to the
robotic system to enhance control algorithms. For example, 3D cameras (e.g. Microsoft
Kinect, Asus Xtion, Pilz SafetyEYE [5]), laser scanners or light projectors [105] detect
intrusions of people inside the robot working area. The de�nition of virtual safety
surfaces during robot operations (e.g. Fanuc Dual Check safety [3]) or during manual
guidance [14] allows to de�ne safe working regions that the robot cannot cross.

These exteroceptive sensors can be used in conjunction with control strategies to
implement collision avoidance. For this purpose, solutions based on simple robot speed
reduction or more complex motion adaptations (e.g. based on repulsive potential �elds
associated to obstacles) are often used. Optimization-based control algorithms, instead,
would allow to avoid to slow-down the robot or to get stuck in local minima of the
potential �elds.

In this chapter we propose a control strategy that allows to build barrier func-
tions along each robot link, to de�ne the safe space around the robot. The real-time
optimization, based on the distance between robot links and human links, allows to
compute the minimum deviation from the nominal trajectory to guarantee a collision
free movement.

Related works

Di�erent approaches were presented in the literature to deal with human safety and col-
lision avoidance in a human-robot shared workspace. A common solution is represented
by a velocity reduction when the robot approaches the human. Ragaglia et al. [91]
propose a real-time solution to evaluate human occupancy and safely scale the robot
velocity. A 3D camera and simple human kinematic model are used to predict the space
the human will occupy within the robot stopping time. The robot velocity is reduced,
in order to avoid task interruptions. Zanchettin et al. [109] present an optimization-
based and real-time algorithm where safety is regarded as a hard constraint to be
satis�ed. The objective is to guarantee safety while keeping high performance levels,
by means of a velocity reduction. Salmi et al. [96] propose a Dynamic Safety System
that reduces the velocity of an industrial robot exploiting a primary non-safe device

81
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and a secondary certi�ed device. These devices create di�erent allowed robot working
areas depending on human position.

A velocity reduction is not always the best choice, especially when the robot
workspace is wide enough to allow a modi�cation in the robot path. Polverini et
al. [90] apply the concept of kinetostatic safety �eld on a redundant robot manipula-
tor, avoiding both self-collisions and human-robot collisions. Levratti et al. [74] apply
the concept of Danger Field presented in [69] on a mobile robot, in order to avoid
human operators in a tire workshop. Haddadin et al. [47] propose a variable attractor
dynamics to obtain a reactive collision avoidance, dealing with external forces and able
to serve as an interpolator with arbitrary desired velocity pro�le. Using potentials can
e�ectively provide motion replanning and collision avoidance, but the system can be
stuck in local minima and the replanning is somehow unpredictable. All these works
use the distance between the robot and the obstacle as the key element to de�ne safety.

Di�erent approaches are based on the de�nition of a safey index. For example, in
[52] the authors propose the potential impact force as a safety evaluation factor. The
safety index is then computed exploiting the relative distance and velocity between
the human and the robot, robot inertia and sti�ness. Kuli¢ et al. [68] design a safe
planning and control strategy to evaluate danger in real-time along the entire robot
arm. The danger index is formulated as a non-linear impedance controller and it is
used to move the robot in a safe region when potential collisions are detected.

Finally, optimization-based algorithms can be used to obtain the best correction to
the nominal path, with respect to safety constraints. Lin et al. [76] propose a velocity-
based collision avoidance method in human guidance scenario. In [77] the authors
consider a more general scenario, where the motion input is chosen with respect to the
Safe Set, solving an optimization problem.

6.1 Problem Statement and Contribution

The focus of this chapter is to create a safety aware human-robot shared environment.
In the industrial scenario, it is likely that the robot executes its prede�ned task, while
the human operator is working nearby to collaborate at the same task or to perform a
di�erent operation. In this context, the safety standards ISO 10218-1/2 [53, 54] and the
technical speci�cation ISO/TS 15066 [55] describe four collaborative operating modes:
Safety-rated Monitored Stop (SMS), Hand Guiding (HG), Speed and Separation Mon-
itoring (SSM) and Power and Force Limiting (PFL).

In particular, if a standard industrial robot is involved, the Speed and Separation
Monitoring is typically used: in this modality, the speed and the trajectory of the
robot are monitored and adjusted depending on the speed and position of the human
operator into the shared workspace. The robot operates at full speed when the human
moves in a green zone, at reduced speed in a yellow zone and it stops when the operator
is in a red zone (Fig. 6.1). The areas are inspected using scanners or vision systems to
monitor the position of the human operator. However, the main disadvantage of this
modality is that the robot is continuously stopped if the human access frequently the
red zone, a�ecting the performance of the cooperative task.

We propose an initial step towards the preservation of the high performances typical
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Figure 6.1: Safety zones for human-robot collaboration with Speed and Separation Monitoring
technology.

of industrial robots, which are characterized by high speeds of execution. Indeed, we
aim at avoiding stopping the robot or scaling its speed in the presence of the human
operator in the shared workspace. Since the human operator can collide not only with
the robot end-e�ector, but also with the links, the safety requirements have to be
satis�ed along the whole robot body.

Our aim is to create a system where the robot continuously replans its trajectory
according to human movements. The trajectory replanning is performed in an optimal
way, minimizing the di�erence between the nominal velocity and the commanded one.

Wang et al. [107] adopted an optimization-based algorithm and introduce the role
of safety barriers certi�cates to ensure collision free movements in multirobot systems.
The basic idea is to modify the nominal controller by means of solving a quadratic
problem online, to satisfy the safety constraints.

The control barrier functions are used to guarantee the forward invariance of the
set of safe states: i.e. if a system starts in a collision-free con�guration, it remains
in collision free con�gurations. Control Barrier Functions around the end-e�ector are
used in [92] to avoid collisions with the environment.

The algorithm presented in this chapter is based on Control Barrier Functions
(CBFs). We extend the construction of barrier functions on each robot link, guaran-
teeing collision free movements along the whole robot body. We also consider that
to compute the optimization constraints, human joint velocities and accelerations are
needed. We describe how to estimate these values exploiting a bank of Kalman �lters,
that processes skeleton joint positions and orientations coming from a multi-camera
system.

Summarizing, the main contributions of this chapter are:

• we consider the whole robot body, not only the end-e�ector. Hence, optimization
constraints take into account coupled robot links;

• we obtain the optimal control action that best approximates the nominal one,
without any need of potentials or repulsive forces;

• we keep the system state inside a safe region without violating the safety con-
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straint;

• two cameras are used to track the human body, to avoid obstruction problems.
Indeed, a bank of Kalman �lters is used to merge data from two cameras, to
reduce measurements noise, to solve loss of data due to obstructions and to
estimate velocities and accelerations of human body parts;

• we consider the whole human body, by computing the closest point on the human
body part closest to the robot body at each instant of time;

• we propose an extended experimental session, by showing the parameters tuning
and performances of the bank of Kalman �lters, both when occlusions happen
and in static cases, to �lter measurement noises. Moreover we show the overall
performances of the two-cameras optimization-based algorithm when the robot
is in proximity of a human operator.

6.2 Background on Control Barrier Functions

The constraints on robot control have to guarantee collision-free trajectories. A suitable
mathematical tool to guarantee such a behavior is represented by the Control Barrier
Functions (CBF) [92] which are brie�y described in this section.

Assuming we consider a control a�ne, nonlinear system of the form:

χ̇ = f(χ) + g(χ)u (6.1)

where χ ∈ Rn is the system state and u ∈ U ⊂ Rm is the control input, with U being
the set of admissible control values. Functions f and g are locally Lipschitz continuous.

The control input should keep the system state inside a safe set to guarantee that the
system remains in a safe region. We can achieve this goal exploiting CBFs. Basically,
CBFs are non-negative functions that grow to in�nity for states approaching to safety
constraints, while they become smaller moving away from them.

In order to �nd an appropriate CBF, �rst we have to de�ne a smooth constraint
on the system state χ, encoded through a function h(χ) that bounds the safety region.
A value h(χ) > 0 indicates that the system state lies inside a safety region, whereas
h(χ) ≤ 0 indicates a violation of the constraint.

As a consequence, we can de�ne the set of admissible states C and its boundary
∂C as:

C = {χ ∈ Rn | h(χ) > 0}, h : Rn → R
∂C = {χ ∈ Rn | h(χ) = 0} (6.2)

The goal becomes to design a control law u that guarantees the forward invariance
of the set C for all future times, i.e. if χ(0) ∈ C then χ(t) ∈ C for all t ≥ 0. This
behavior can be implemented using CBFs, since they relate the system control law with
the constraint function h(χ).

More precisely, a function B(χ) quali�es as a CBF by ful�lling the following prop-
erties:
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CBF-p1 : A valid CBF is a non-negative function on C

inf
χ∈C

B(χ) ≥ 0

CBF-p2 : The barrier grows as the state χ approaches the constraint from inside the
admissible set

lim
χ→∂C+

B(χ) =∞

CBF-p3 : The CBF grows with the growth rate (with γ > 0)

Ḃ(χ) ≤ γ

B(χ)

These properties make B(χ) behave like the inverse of a K function 1 [61]. We
can obtain the following formal de�nition relating the previous properties with the
dynamics of a general system of the form (6.1).

De�nition 6.2.1. ([92], Def. 4 )
Let a continuously di�erentiable h : R → Rn de�ne C as in (6.2). A locally Lipschitz
function B(χ) : C → R is a Control Barrier Function, if its Lie derivatives LfB(χ)
and LgB(χ) are locally Lipschitz and if there exist class K functions α1, α2 and γ > 0
such that for all χ ∈ C

1

α1(h(χ))
≤ B(χ) ≤ 1

α2(h(χ))
(6.3)

inf
u∈U

[
LfB(χ) + LgB(χ)u− γ

B(χ)

]
≤ 0 (6.4)

Since B(χ)→∞ when h(χ)→ 0 and Ḃ(χ) ≤ γ
B(χ)

, equation (6.4) guarantees that
CBF stops growing when the state approaches to the constraint.

Once we de�ne an appropriate CBF, a relationship with the control value u is
derived (i.e. provided that LgB(χ) 6= 0 within the admissible set C ), yielding to the
set of admissible control values KB(χ):

KB(χ) = {u ∈ U | LfB(χ) + LgB(χ)u− γ

B(χ)
≤ 0} (6.5)

By applying a control input u ∈ KB(χ), we guarantee that the set C is forward
invariant. It is worth noting that CBFs are de�ned inside the set of admissible states
C . This means that they are not able to resolve constraint violations. If the system
goes outside the safety set,the controller is not able to bring the system back inside the
safe region.

In the following, we will de�ne the computation of the robot control input as an
optimization problem. The objective of the problem is to minimize the norm of the

1A continuous function α : [0, inf) → [0, inf) is said to belong to class K if it is strictly increasing
and α(0) = 0 is veri�ed.
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di�erence between a nominal (i.e. potentially unsafe) control and the optimal one, that
is constrained by CBFs (i.e. it must belong to a given KB(χ)).

6.3 Trajectory Optimization for Collision Avoidance

The control system has to solve online an optimization problem to generate a collision-
free trajectory that is the closest to the nominal one. To this aim, the previously
described CBFs will be exploited to build a set of virtual barriers. If all the robot links
remain in a safe set, then the whole robot body is collision-free. Thus, it is required to
compute all the possible collisions of each robot's link with each human's link.

To this aim, we need to de�ne a model for each agent of the system (i.e. one for
the human operator and one for the robot). These models allow to represent mathe-
matically any entity of the system, de�ne its behavior (both dynamic and kinematic),
its spatial shape and the relations between entities. We chose to model the robot links
and the human links using virtual capsules in order to enclose them inside the �ttest
and simplest shape, such that the distances can be easily computed. Given a couple
of Cartesian points, a capsule [77] is a virtual object composed by two semi-spheres,
centered in that points, and a cylinder, with longitudinal axis linking the two points.

6.3.1 Robot Model

Let us denote with x ∈ R3 the Cartesian position of the robot end-e�ector. We assume
that:

• robot trajectories are planned in terms of desired acceleration ẍdes, to avoid non-
smooth motions (i.e. discontinuous velocities).

• we de�ne the system state as χ = [χ1 χ2]T = [x ẋ]T . Therefore, the system
dynamics is given by (6.1) whose input u is the desired end-e�ector acceleration
ẍdes, and

f(χ) =

[
χ2

03×1

]
g(χ) =

[
03×3

I3×3

]
(6.6)

To compute the distance between each robot link and the human operator we choose
to decompose the robot body into subset of consecutive links. In this way we can
explicitly take into account the kinematic couplings among the links of the robot. In
particular, according to the serial chain of the manipulator, the �rst subset is obtained
considering the �rst link connected to the robot base, the second one considering the
�rst and the second link and so on.

Considering a serial manipulator with m degrees of freedom (DoF), de�ned by m
links and m joints, the joint position vector q = (q1, ..., qm) speci�es uniquely the robot
con�guration. As shown in Fig. 6.2, in the manipulator we can de�ne m subsets of
link, from the base to the end-e�ector, and each subset can be associated to a vector
Θi = (q1, ..., qi) ∈ Ri (i = 1, ...,m) and to a Jacobian matrix Jp,i(Θi). If we denote with
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xc,i ∈ R3 the midpoint on the last link of each subset, the corresponding Cartesian
acceleration can be de�ned as

ẍc,i = J̇p,iΘ̇i + Jp,iΘ̈i, i = 1...m (6.7)

where Jp,i ∈ R3×i is the linear velocity part of each Jacobian submodel. It is worth

noting that each submodel state χi = [xc,i ẋc,i]
T is subjected to a dynamics with the

same structure of equation (6.6).

Figure 6.2: Example of subset of consecutive links for a m-DoF robot manipulator

As previously introduced, the robot is modeled by using m capsules, as shown in
Fig. 6.3. Each capsule is composed by a cylindrical part that encloses the robot link,
while the joints at the extremities are enclosed in two semi-spheres.

Figure 6.3: Capsules model for the manipulator

6.3.2 Human operator Model

Regarding the model of the human operator, a �rst simple solution to be considered
could be to enclose the whole body into a single element (eg.a sphere or a cylinder).
However, this solution would be too conservative and simplistic for a correct human
body representation. A less conservative and accurate human body representation
consists in de�ning an obstacle around each body part.

We chose a 12 capsules model (as shown in Fig. 6.4) to embody human parts, where
each capsule is de�ned by the position of two human joints and a radius. The joints
positions are obtained from the localization system, while the radius is de�ned a priori
considering a generic human body.
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Figure 6.4: Capsules model for the human body

6.3.3 Obstacle Distance

Once we have de�ned the human body and the robot body as a composition of capsules,
we could evaluate the distance between them [95]. However, to perform this kind of
operation online for each pair of robot capsules and human body capsules would take
time, threatening human safety. To further simplify the computational load, we identify
the closest human capsule for each robot link, i.e. the one at minimum distance from
the link itself (Fig. 6.5).

Thus, we �rst compute all the distances between human capsules and robot links
middle-points:

dij =‖xc,i − xhj‖ − rc,i, i = 1, ...,m (6.8)

j = 1, ..., 12

where xc,i ∈ R3 is the i-th link middle-point and xhj ∈ R3 is the point on the human
capsule j which is closest to xc,i. rc,i is the radius of the robot capsule.

Then, in the optimization problem we only need to focus on a single capsule of the
human body for each link of the robot. For ease of notation, in the following we will
refer to the point xhj , corresponding to the closest human capsule, by directly using
the term xh.

6.3.4 Safety Barrier Functions

As introduced in Sec.6.2, the constraints in the optimization problem, guaranteeing
collision-free trajectories, are de�ned in terms of CBFs. We can consider the human
operator as a moving obstacle with no control input and its skeleton is bounded inside
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Figure 6.5: Example of human capsule closest to link 2 and link 6 of the robot

capsules. Once we identi�ed the closest capsule on the operator body, we can de�ne a
constraint function hi(χi) on the state χi = [xc,i ẋc,i]

T for each subset of robot links,
as:

hi(χi) = dij −Ds ≥ 0, i = 1, ...,m (6.9)

where Ds is a desired distance to guarantee a safety margin for the operator.

Now we have to de�ne an admissible CBF for the system. Consider the dynamic
model of the robot in (6.1) and (6.6), where ui is the control input, i.e. the desired
acceleration for the i-th link middle-point. A candidate for the role of a CBF must
satisfy the properties CBF-p1, CBF-p2, CBF-p3 (Sec. 6.2) and its time derivative must
depend explicitly on the input. In other words, the relative degree between the CBF
and the input must be one. This means that a function based only on the constraint
hi(χi), whose relative degree with respect to the input ui is two, is not a valid candidate.
However, the dependency of the control input ui appears in the time derivative of the
constraint function ḣi(χi). Therefore, an admissible CBF can be chosen as follow:

Bi(χi) = −ln
(

hi(χi)

1 + hi(χi)

)
+ aE

bEḣi(χi)
2

1 + bEḣi(χi)2
(6.10)

The proposed CBF includes a logarithmic term to shape the barrier and a tunable term
depending on ḣi(χi). By properly tuning the parameters aE and bE we can decide how
far the system will stop from the constraint.

Given an acceleration input, the set of admissible control values (6.5) for each i-th
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robot link is de�ned as:

aBiui ≤
γ

Bi(χi)
− bBi i = 1, ...,m (6.11)

where

aBi =
∂Bi

∂χi
g(χi) = 2aEbE

(xc,i − xh)T (ẋc,i − ẋh)
‖xc,i − xh‖[

1 + bE

(
(xc,i − xh)T (ẋc,i − ẋh)

‖xc,i − xh‖

)2
]2

(xc,i − xh)T

‖xc,i − xh‖
(6.12)

and

bBi =
∂Bi

∂χi
f(χi) =

= − (xc,i − xh)T (ẋc,i − ẋh)
(‖xc,i − xh‖)(‖xc,i − xh‖ −Ds)(1+‖xc,i − xh‖ −Ds)

+

+ 2aEbE
(xc,i − xh)T (ẋc,i − ẋh)

(‖xc,i − xh‖)
[
1 + bE

(
(xc,i−xh)T (ẋc,i−ẋh)

‖xc,i−xh‖

)2
]2 ·

(
− ẍh(xc,i − xh)

T

‖xc,i − xh‖
+
‖ẋc,i − ẋh‖2

‖xc,i − xh‖
−
[
(xc,i − xh)T (ẋc,i − ẋh)

]2
‖xc,i − xh‖3

)
(6.13)

In our work, di�erently from [92], we do not consider only the acceleration of the
end-e�ector, but the acceleration of each link middle-point. Hence, we obtain a barrier
function for each link, where the control input ui is the desired Cartesian acceleration
ẍc,i in (6.7). Consequently, we can rewrite each constraint for the i-th robot link (6.11)
as:

aBi(J̇piΘ̇i + JpiΘ̈i) ≤
γ

Bi(χ)
− bBi i = 1, ...,m (6.14)

Since it's not possible to arbitrarily set the value of both joint velocities and ac-
celerations, we choose the vector of joints accelerations q̈ as the optimal control input
compatible with the Safety Barriers constraints. The current joint velocities are given
as parameters to the control optimization.

6.3.5 Optimization Problem

The quadratic optimization problem with linear constraints allows to compute the
joints accelerations that will be used as control input. The objective of the optimization
problem is to minimize the di�erence between the commanded control input q̈ and the
desired end-e�ector Cartesian acceleration ẍdes. Meanwhile, it ensures safety by means
of the safety barrier functions.
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Assuming that the Jacobian matrices are incorporated in R and S, as follows:

Ri = aBiJ̇pi, Ri ∈ R1×i (6.15)

Si = aBiJpi, Si ∈ R1×i (6.16)

the optimization problem is de�ned as follows:

minimize
q̈

‖ẍdes − J̇robq̇ − Jrobq̈‖2

subject to S1Θ̈1 ≤
γ

B1(χ)
− bB1 −R1Θ̇1

S2Θ̈2 ≤
γ

B2(χ)
− bB2 −R2Θ̇2

...

SmΘ̈m ≤
γ

Bm(χ)
− bBm −RmΘ̇m

‖q̈‖∞ < α

‖q̇ + q̈ ·∆t‖∞ < β

(6.17)

where Jrob is the Jacobian matrix of the full kinematic chain of the serial robot, from
its base to the end-e�ector, and ∆t is the sampling period. To obtain a feasible motion,
joint acceleration and velocity bounds α and β are added to the constraints.

It is worth noting that the resulting controller is minimally invasive: it allows to
precisely follow the nominal control input when the system is far from safety violation,
while it modi�es the behavior when a collision between a link and the obstacle is
approaching.

6.4 Proposed Control Architecture

In this chapter we propose a multi-camera localization system to track human move-
ments and obtain information about its velocity. Then, the proposed optimization-
based collision avoidance algorithm replans the robot trajectory to minimize the di�er-
ence between the nominal acceleration and the commanded one, to guarantee human
safety.

The proposed control architecture is depicted in Fig. 6.6. To monitor the move-
ment of the human operator in the shared workspace we exploit two RGB-D sensors, to
obtain a reliable skeleton tracking. The data fusion is performed to merge the human
skeleton data coming from the two sensors. Data fusion process exploits a bank of
Kalman �lters, to reduce data noise and to estimate the velocities and accelerations
of the human operator joints. To avoid variability problems due to the variation of
links length during skeleton tracking, the Skeleton Bones component has been intro-
duced. It veri�es if all the human body parts respect the reference values and it adjusts
wrong measurements consequently. To guarantee human safety, we exploit the collision
avoidance algorithm presented in Sec. 6.3.5, based on the current distance between the
human body and the robot. The control strategy is minimally invasive, since it mod-
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Figure 6.6: Control Architecture

i�es the robot behavior (de�ned by the Trajectory Generator) only when the human
safety is threatened.

Figure 6.7: Environmental scene considered for the validation of the proposed system.

Before going into details on each system component, we make a few assumptions
about the environmental scene we are considering for the validation of the proposed
system, depicted in �gure 6.7:

• The robot is placed on a work table and the human operator can easily move
around it. Since the robot is placed on a table, we can neglect the lower part of
the human body during the evaluation of the safety distance for the optimization
problem.

• The human operator can interact with the robot and enter its workspace.
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• The shared workspace is monitored by two RGB-D sensors. They are placed at
a di�erent height with a di�erent orientation. They both have to shot the whole
scene (i.e. the entire shared workspace) to properly detect human and robot
bodies.

In the following we describe in details each component presented in Fig. 6.6.

6.4.1 Skeleton Tracker

The two Skeleton Tracker components allow to extract skeletal data from RGB-D
sensors, as depicted in �gure 6.8: red dots represent human joints, while blue segments
represent human links.

Figure 6.8: Skeleton human model extracted from RGB-D sensors [48].

From the skeleton data, the information about the pose (i.e. position and orien-
tation) of human joints is obtained, with respect to the camera reference frame. The
use of two di�erent cameras allows us to obtain more reliable data and alleviate the
occlusion problem that arises when we relay on a single camera information. However,
the use of two cameras implies to refer both image data to the same reference frame.

First, we de�ne which camera is considered the main one (KA in �gure 6.9). Then,
the raw data coming from the other camera (KB) will be transformed according to the
reference frame of the main one. The transformation matrix TAB , from the reference
system B to A, is de�ned as:

TAB =

[
R t
0 1

]
To determine R and t we exploit joints data to minimize the following energy

function:
JR =

∑
i

‖ R(si − cs) + t− (mi − cm) ‖2 (6.18)

where cm e cs are the average centers of mi and si, that are the set of joints positions
from the main camera and the secondary one, respectively. Further details can be
found in [108].
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Figure 6.9: Reference frames KA and KB of the two cameras, and corresponding transformation
matrix TAB

6.4.2 Data Fusion

Using multiple sensors allows us to obtain more reliable and consistent data, reducing
the occlusion problem that could arise when using a single camera. The component of
Data Fusion compares and blends together the data from both the cameras, as depicted
in �gure Fig. 6.10.

Since the human is allowed to move freely inside the workspace of the robot, the data
fusion process has to be performed online, to guarantee human safety. We use a bank
of the quaternion-based Kalman �lters described in [33] (i.e. for each tracked joint),
to remove the noise from skeleton tracker data and to blend the information received
from the two sensors. In addition, the Kalman �ltering module allows to estimate
the human joints velocities and accelerations (both linear and angular), starting from
the human joint poses. We denote with pJi the pose associated to the i-th joint, that
includes the position xJi of joint itself and the orientation of the human link starting
from that joint, expressed as a quaternion qJi. The bank of Kalman �lters provides an
estimate of the following vectors:

ξJi =

xJiẋJi
ẍJi

 ; ϑJi =

qJiωJi
αJi

 (6.19)

in which ẋJi, ẍJi, ωJi and αJi denote respectively the linear velocity and acceleration
of the joint and the angular velocity and acceleration of the link. The vector ξJi has
9 scalar components and is estimated by a Linear Kalman Filter (LKF), while ϑJi has
10 components and is estimated by an Extended Kalman Filter (EKF), based on the
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Figure 6.10: Example of data fusion: the data from the sensors are blended together to obtain more
reliable data

kinematic model of quaternion di�erentiation (see [33] for further details).

It is worth noting that data fusion is implemented by updating the same quaternion-
based kinematic model every time that new skeleton data are received from any of the
two cameras. The data are assumed to be captured asynchronously, similarly to the case
discussed in [34]. The LKF/EKF update mechanism is executed using a single process
noise covariance matrix and two di�erent measurement noise covariance matrices. The
latter are di�erently tuned to take into account the discrepancies in the two cameras,
mostly due to their di�erent placement inside the operating scenario.

6.4.3 Skeleton Bones

One problem that can arise when using a skeleton tracker is the variability of link
lengths, because the length of body segments may change during the tracking.

To overcome this problem we introduce the Skeleton Bones component. When a
human operator enters for the �rst time in the scene and stops in front of a camera, a
measurement on his/her body is performed. Then the reference values for each body
link are computed and stored in this component for that speci�c operator. During the
online tracking of the human body, each time the Skeleton Bones component receives
joints data, it computes the current links lengths. Then, exploiting the stored values,
it adjusts the position of the joints in order to respect the reference lengths. To avoid a
continuous adjustment, we set a threshold ε: when the di�erence between the current
and the reference values is grater than ε, the correction is made.

When we consider a human link, we call Ja the �rst joint we meet if we try to reach



96 Safety Barriers for Human-Robot Interaction

the link starting from the torso, while Ja+1 the following one. If a correction has to be
made, we decided to always move Ja+1.

To perform collision avoidance between the robot and the human operator, the
poses, velocities and acceleration of the human joints, coming from data fusion, have
to be referred to the robot frame. Therefore we have to de�ne a transformation matrix
from the main camera reference frame to the robot base frame.

Figure 6.11: Transformation matrices between the main camera and the marker (TAKA
), the marker

and the robot base (TRA ) and the main camera and the robot base (TRKA
).

To determine the transformation matrix, we use a marker, placed on the table near
the robot base. Using this marker it is possible to learn the camera pose with respect
to the marker, obtaining the transformation matrix TAKA

in �gure 6.11. We need a
further transformation from the marker to the robot base (TRA ), to obtain the �nal
transformation matrix from the main camera to the robot base frame:

TRKA
= TRA T

A
KA

(6.20)

6.4.4 Trajectory Generator and Robot Controller

To test the proposed system, we monitor the human movements when interacting with
a robot that is following a prede�ned path, with a �xed end-e�ector orientation. We
planned robot trajectory o�ine, computing the end-e�ector positions and velocities in
the Cartesian space. Then a PD controller we obtain the desired acceleration as:

ẍdes = KP (xref − x) +KD(ẋref − ẋ) (6.21)

where KP ∈ R3×3 and KD ∈ R3×3 are positive de�nite diagonal matrices and xref
and ẋref are the reference pose and velocity of the end-e�ector, while x and ẋ are
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the current position and velocity of the robot. This acceleration is fed to the Safety
Optimizer component as the desired acceleration for the optimization problem.

6.4.5 Safety Optimizer

Once the human body has been tracked correctly and its pose, velocity and acceleration
have been computed, the Safety Optimizer component exploits this information to avoid
collisions when the human operator interferes with the robot trajectory. According
to the algorithm presented in Sec. 6.3.5, this component determines the minimum
deviation from the nominal acceleration if a collision is approaching.

At the beginning of Sec. 6.4 we made the assumption that the robot is placed on
a work table. Hence, we can reduce computational load of the Safety Optimizer com-
ponent by reducing the number of human-robot capsules we consider for the collision
avoidance. Speci�cally, we consider only the upper part of the human body and we
neglect the �rst robot link because robot base can not move to avoid the obstacle.

Since collision avoidance relies on the solution of an optimization problem, cases of
not convergence can occur. This means that the system can not �nd a feasible solution
and human safety is threatened. To preserve safety in a conservative way, we command
the robot a scaled version of the last commanded velocity (in our tests we reduced the
velocity by 20%), until robot stops if no feasible solutions are found repeatedly.

In the optimization problem we also need the values of ẋh and ẍh (6.12)(6.13). As
previously described, the bank of Kalman �lters for data fusion estimates the linear
velocities and accelerations of each joint and the angular velocities and accelerations of
each link. Given this knowledge and considering that xh belongs to a rigid body repre-
sented by the human link, we can calculate ẋh and ẍh by means of well-known kinematic
equations. Such equations propagate the estimated velocities and accelerations of the
link up to xh, as follows:

ẋh = ẋJa + ωJa × (xh − xJa)
ẍh = ẍJa + ωJa × (ωJa × (xh − xJa)) + αJa × (xh − xJa)

(6.22)

where: xJa is the �rst joint of the considered link (i.e. the �rst joint we meet before
reaching xh starting from the torso joint); ẋJa , ẍJa , ωJa and αJa are the related ve-
locities and accelerations as estimated by the LKF/EKF processing module previosly
described.

6.5 Experimental Validation

Di�erent experiments were performed to show the e�ectiveness of the proposed algo-
rithm. The �rst experiment was used to validate the bank of Kalman �lters as esti-
mators of human acceleration and velocity. Then, the second experiment showed how
the system manages the occlusion of a camera to guarantee reliable data. Finally, the
optimization-based algorithm was tested in a human-robot shared environment, where
the robot had to follow a nominal trajectory while the human was working nearby. The
results show that the robot deviates from the nominal trajectory to avoid the collision
with the human operator, preserving his/her safety during the execution of a task.
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The proposed approach, based on CBFs for a serial manipulator, has been im-
plemented and tested on a Universal Robots UR5, a 6-DoF industrial manipulator
designed for collaborative applications. For the �rst experiment, regarding the val-
idation of the Kalman �lter banks, we used a 6-DoF Puma 260 robot. As RGB-D
cameras, we used both Intel Realsense D415 and Asus Xtion, to test the robustness
of the Kalman �lter on di�erent hardware. The software components were developed
using ROS and OROCOS frameworks. The optimization problem was solved online
exploiting C++ code generated by CVXGEN software.

6.5.1 Human Body Tracking

The �rst phase of the experimental validation was focused on human body tracking.
First, we tested the e�ectiveness of Kalman �lters banks for velocity and acceleration
estimation. To cope with camera occlusion issues, we then evaluated data fusion from
multiple RGB-D cameras.

Estimation of Velocities and Accelerations

The practical execution of Kalman �lters requires the tuning of covariance matrices
associated to the process noise and the measurement noise. Such matrices are generally
denoted respectively as Q and R.

The R matrix is related to the measurement technology and it should be evaluated
when the observed process is in a stationary condition. The Q should be instead
tuned to achieve a good compromise between smoothness and desired dynamics of the
estimation output. For this purpose, it would be important to compare the estimated
values of the Kalman �lter outputs with their true values or, at least, with values
estimated with an accurate technique.

For human body tracking, we developed a solution to obtain such reference values
from a robotic emulation of a human. In particular, we inserted a Puma 260 6-DOF
manipulator into the sleeve of a hooded sweatshirt and realized a �xed structure to
sustain the other sleeve and the hood of the sweatshirt. In the robot initial con�gu-
ration, the whole assembly mimics the upper body of a human in a T-shape posture,
as shown in Figure 6.12. When the robot is moving, instead, the structure mimics the
motion of the right arm of the human.

First, an experimental analysis of the noise a�ecting the skeleton tracker was exe-
cuted. The measurements used for the evaluation were obtained by detecting the upper
body skeleton of the robotic emulator with the Puma 260 at rest. It is worth noting
that this stationary condition cannot be achieved when tracking a real human, due
to little movements of the human body even when it is still. The covariance matrix
was calculated from measurement data. The covariance matrix may vary according to
the camera model and to the placement of the camera itself. In our case, with Intel
Realsense D415 camera placed at a distance of 3 meters from the robot, we obtained
the following setting for each one of the LKFs:

R = diag(3.2× 10−6, 8.4× 10−7, 1.91× 0−7)

and for the quaternion-based EKFs:
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Figure 6.12: Experimental setup for testing the skeleton tracking software

R = diag(1.238× 10−5, 4.756× 10−5, 2.957× 0−5, 4.99× 10−5)

To evaluate the process noise covariance matrix, we followed the rule of thumb
stating that in a Kalman �lter used for di�erentiation higher values should be associated
to the matrix entries related to higher order derivatives. In other words, the process
noise on accelerations is assumed to be much higher than that a�ecting the velocities.
After some trials, we obtained the following values for the LKFs:

Q = diag(10−5, 10−5, 10−5, 10−2, 10−2, 10−2, 10−1, 10−1, 10−1)

and for the quaternion-based EKFs:

Q = diag(10−5, 10−5, 10−5, 10−5, 10−4, 10−4, 10−4, 10−2, 10−2, 10−2)

The accuracy of the outputs of the Kalman �lters has been evaluated by comparing
them with the reference values from the forward kinematics of the Puma 260. In
particular, we focused on the elbow joint orientation and on the wrist joint position,
assuming that they match respectively with the orientation of the third link and with
the center of the spherical wrist of the Puma robot. Velocities and accelerations of
the robot links were calculated by processing kinematics data with a Savitzky-Golay
di�erentiation �lter. Since the �lter is non-causal, we assume that its output is the
best estimate of �rst and second order derivatives that we can get from the robot joints
position measurements.

Figures 6.13(a), 6.13(b), 6.14(a) and 6.14(b) show the comparison between reference
values (blue lines) and estimated values (red lines) of, respectively, the linear velocities
and accelerations of the wrist and the angular velocities and accelerations of the elbow.
The plots refer to a sequence of motions in which the base joint (i.e. the human
left shoulder), the second and the third joint of the Puma 260 moved of 60 degrees
from the initial con�guration shown in Figure 6.12, either simultaneously or one at a
time. As depicted from �gures, the outputs of the Kalman �lter are similar to the
reference values during most of the motions, with a limited delay. We found that
the highest discrepancies between references and estimates were especially related to
motions involving the third joint (i.e. the human elbow). This e�ect is due to the elbow
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position tracked from the RGB-D camera, that is not rigidly matching the Puma robot
joint one. Indeed the elbow position is changing its placement on the sweatshirt sleeve
according to the angle between the second and third link of the robot.

Camera occlusion

In the data fusion component we handle the problem of one of the two sensors occlusion.
In the following plots we show the recorded values of the joint torso because it is usually
the most stable during the tracking.

The plots in Fig. 6.15 show the data coming from the principal camera (blue dashed
line), the secondary camera (green dotted line) and the output of the �lter (red solid
line). We can note that the secondary camera data are more unstable and noisy than
the one from the main camera. Moreover, there is a small o�set in the data received
from the two sensors. This o�set is due to the data reference frame transformation from
the secondary camera to the principal one. To overcome this problem, the Kalman �lter
had to closely follow the data from the principal camera. Hence, a di�erent priority
was given to the sensors: the data coming from the principal camera triggered an
update method associated to a smaller covariance matrix (i.e. principal camera data
are considered more reliable than the secondary ones).

In the plots we highlight two episodes of occlusion:

• in the �rst episode the occluded camera was the second one. During the occlusion,
the sensor kept sending the same value for a short time, as the joint torso was
completely still. In the meantime, the principal camera kept recording the joint
torso movements. As a result, even if the secondary camera could not send
reliable data, the data fusion component computed a reliable output by exploiting
only the principal camera data;

• in the second episode the occluded camera was the principal one. In this case,
the Kalman �lter exploited the data from the secondary sensor even if they were
more noisy with respect to the principal camera. We can also note that the
system reduced the noise from the secondary camera by removing the outliers.

6.5.2 Human-Robot sharing the same workspace

To test the e�ectiveness of the proposed algorithm, we performed an experiment in-
volving a human operator and a robot moving in the same workspace. During the
experiment, the robot followed a desired trajectory, while guaranteeing human safety.
The desired robot trajectory, in terms of accelerations and velocities, was planned us-
ing an o�ine simulator. The movement of the human operator was monitored by two
RGB-D sensors and a skeleton tracker software. When the human operator approached
the robot during its motion, the system computed the minimum deviation from the
nominal trajectory to guarantee obstacle avoidance and human safety. The parameters
setting that was used during the experiment is described in Table 6.1.
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Table 6.1: Parameters setting for the experiment

Data Fusion

Update loop time period: 0.04 s
Number of connected cameras: 2
Linear velocity threshold: 2 m/s
Angular velocity threshold: 10 rad/s
Linear acceleration threshold: 10 m/s2

Angular acceleration threshold: 30 rad/s2

Skeleton Bones

Update loop time period: 0.04 s
Reader and Cartesian Controller:

Update loop time period: 0.04 s
Matrices of PD controller: KP = diag (20, 20, 20, 10, 10, 10)

KD = diag (20, 20, 20, 10, 10, 10)
Safety Optimizer:

Update loop time period: 0.04 s
α: 1.4 rad/s
β: 8 rad/s
γ: 30
∆t 0.04 s
Ds 0.10 m
aE 2
bE 1
UR5 Bridge

Update loop time period: 0.008 s

Robot movements

The robot movements during the experiment are shown in Fig. 6.16. In this �gure
we represent the initial con�guration of the robot and the trajectories of the second,
third and �fth links. For each link we plot the nominal trajectory (dotted lines) and
the executed one (solid lines).

Trajectory of the end-e�ector

In Fig. 6.18 we compare the nominal trajectory of the end-e�ector with the executed
one in presence of an obstacle. The plots in Fig. 6.17 show the distance between each
link and the human operator, in particular with the related xh,i.

By relating the plot in Fig.6.17 with the plots of the robot movements (Fig. 6.18(a),
Fig. 6.18(b), Fig. 6.18(c)), we can see how the robot tries to deviate from the nominal
trajectory when at least one distance link-obstacle is inside the gray band. Dr indicates
the minimum distance we want to preserve to guarantee the human safety. The more
the distance gets closer to this value, the more the robot deviation is signi�cant.

In the last plot (Fig. 6.18(c)) we can notice that the computed deviation is non-
smooth. This behavior is probably due to the use of a PD controller and the evaluation
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of the instantaneous position of the two agents in the optimization problem, without
considering the evolution of robot and human movements.

Non-convergence of the optimization algorithm

In Fig. 6.20 and Fig. 6.19 the time periods where the optimization did not converge
are highlighted. When the optimization does not converge, the commanded velocity
is scaled from the previous value by a 20%. Only after a sequence of non-convergence
episodes, the resulting velocity is almost null and the robot stops, preserving human
safety. The robot will resume its movements only after the operator moves away from
the robot.

6.6 Conclusions

In this chapter we propose an optimization-based algorithm for collision avoidance
to guarantee human safety in a shared human-robot environment. The algorithm
minimizes the di�erence between the desired acceleration input and the commanded
one, such that the robot keeps following the desired trajectory while guaranteeing
human avoidance. To guarantee a collision-free trajectory along the whole robot body,
we built a Control Barrier Function along each robot link and we computed the distance
between each human-robot link. To avoid obstruction problems, we implemented a two
cameras system with data fusion, to merge information coming from the two devices.
We exploited a bank of Kalman �lters to solve the obstruction problem and to compute
human velocities and accelerations. In the experimental session we demonstrated the
reliability of the Kalman �lter banks and the e�ectiveness of the proposed collision
avoidance algorithm in a scenario where human and robots share the same workspace.

The main issue of the proposed method is related to the limitations of the vision
camera system. When the raw data coming from the sensors are noisy and unreliable,
the optimization problem may not converge. In some cases, wrong human joint veloc-
ities are computed and the safety is not preserved. Further works aim at investigating
the use of more reliable RGB-D cameras and skeleton tracking solutions suitable for
industrial applications.

Future works aim also at implementing prediction of human movements, to avoid
robot reactive behaviors and to plan a smooth robot trajectory during the deviation
from the nominal path.
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(a) Linear velocity of the wrist joint

(b) Linear acceleration of the wrist joint

Figure 6.13: Comparison between the estimated data from the Kalman �lter (red line) and calculated
data from Puma 260 kinematics (blue line).
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(a) Angular velocity of the elbow

(b) Angular acceleration of the elbow

Figure 6.14: Comparison between the estimated data from the Kalman �lter (red line) and calculated
data from Puma 260 kinematics (blue line).
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(a)

(b)

(c)

Figure 6.15: Comparison between the data from the sources and the one in output from the data
fusion component for the joint torso. We highlighted the time period where we detect an occlusion of
one of the sensors
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(a) 3D View (b) Top view

Figure 6.16: 3D plot of the nominal trajectory (dotted lines) and of the executed one (solid lines)
of the second (red), third (green) and �fth (black) link during obstacle avoidance.

Figure 6.17: Distance between links and obstacle (Dr = 0.10 m).
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(a) (b)

(c)

Figure 6.18: Comparison between the nominal trajectory (blue line) of the end-e�ector and the
executed one (red line), in relation to the human-robot distance.

Figure 6.19: Distance between links and obstacle (Dr = 0.10 m).
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(a) (b)

Figure 6.20: Comparison between the nominal trajectory (blue line) of the end-e�ector and the
executed one (red line), when the system cannot converge. We omitted axis z plot since it is similar
to axis y one.
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The natural conclusion of this thesis is represented by the ROSSINI European project
[1], that encloses all the challenges of a collaborative human-robot working environment
and proposes a comprehensive architecture for the industry of the future.

ROSSINI European project, indeed, aims to design, develop and demonstrate a
modular and scalable platform for the integration of human-centered robotic technolo-
gies in industrial production environments.

This �nal chapter �rstly presents an introduction on ROSSINI project, the Eu-
ropean partners, the platform architecture and the comprehensive objectives of the
project. Then, the cognitive layer and the scheduler for optimal task assignment and
dynamic tasks scheduling will be deployed in details.

7.1 ROSSINI Project

The ROSSINI project (Figure 7.1) aims to design, develop and demonstrate a modular
and scalable platform for the integration of human-centered robotic technologies in
industrial production environments. Indeed, ROSSINI is the acronyms for "RObot
enhanced SenSing, INtelligence and actuation to Improve productivity and job quality
in manufacturing".

Figure 7.1: ROSSINI project logo.

The ROSSINI goal will be achieved �rst by developing innovative technological
components and methodologies in all �elds related to collaborative robotics: sens-
ing, control, actuation, human aspects, risk assessment methodology. Then, all such
components will be integrated in an open platform, ensuring quick ramp-up and easy
integration.

109



110 ROSSINI

ROSSINI ultimately aims at making HRC a viable choice for manufacturers, by
increasing the sensing capability, the intelligence, the fast reaction capacity and the
communication skills of robots. ROSSINI will deliver a high performance system,
in terms of payloads, working speed and productivity, such that manufactures can
enjoy the �best of both worlds� of industrial and collaborative robots. Moreover, the
ROSSINI project intends to develop and demonstrate a novel concept of �collaborative
by birth� robotic arm, speci�cally designed for collaborating with humans, featuring
built-in collaborative features for reducing reaction time and safe position signaling.
Finally, the ROSSINI platform will guarantee inherent safety to robotic applications,
since all its components have been designed to maximize the compliance with existing
requirements for human-robot collaboration.

7.1.1 Objective and Goals

Objective 1: Designing a Smart and Safe Sensing System with improved
detection and tracking capabilities, and a safety-graded fusion module for
the processing of data.
The ROSSINI platform includes sensing technologies which radically improve the per-
formance of currently available equipment. Indeed, a close human-robot collaboration
needs to rely on a highly detailed information regarding the working environment. The
Rossini Smart and Safe Sensing System (RS4) will pursue this goal, by combining infor-
mation from several di�erent customized sensing technologies (Vision, Laser Scanning,
Radar, Mat, etc.). RS4 allows to track the position and the speed of each operator and
each object in the scene.
The platform sensing layer generates a miscellaneous set of information that needs to
be integrated in a single multidimensional image, processed in real time. This multidi-
mensional image is used to generate suitable 3D safety regions (Dynamic Safety Shells)
around each object and person in the environment.

Objective 2: Developing a Safety Aware Control Architecture for robot
cognitive perception and optimal task planning and execution.
In order to enable robot sensing and actual perception, suitable data processing tech-
niques based on arti�cial intelligence need to be deployed. An advanced GPU com-
puting and machine learning algorithms for image recognition are used to obtain a
semantic scene map that adapts to dynamic working conditions. The recognition of
people and di�erent objects in the scene will allow to add semantic information to
simple geometric maps: the robot will be able not only to visualize images, but also to
interpret them.
The deployment of a semantic scene map will also make robot cognition possible. In
other words, the ROSSINI Safety Aware Control Architecture will allow the robotic
system to optimally schedule the tasks to be accomplished and to optimize the trade-o�
between human operator safety and manufacturing productivity. Each single action
composing a complex task will be sent to a dynamic planner that will dynamically
optimize its execution in terms of trajectory, while considering the variable safety con-
ditions in the working area.
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Objective 3: Developing a �Collaborative by Birth� Robotic Arm with novel
built-in safety features.
Presently available collaborative robots are mainly standard robotic manipulators, on
top of which speci�c technologies have been added in order to reduce risks for humans
during collaborative operations. However, no substantial leap towards true HRC can
be obtained without redesigning a robotic technology from scratch, considering safe
interaction with humans as the main guiding principle at each design step.
Within ROSSINI a new range of robotic manipulators will be implemented as the plat-
form actuation layer. The ROSSINI Natively Collaborative Robotic Arm will feature
safe axis position signaling and an innovative mechatronic solution to speed up the
robot braking and retraction.

Objective 4: Developing a framework for Human-Robot Mutual Under-
standing in collaborative operations.
The ROSSINI platform will incorporate a human-centred process design to address
and account for human factors like job quality, user experience, trust, feeling of safety
and liability. An adaptive level will constantly monitor the process progression, human
behaviour, and robot behaviour. Dynamic allocation of tasks allows online changes
to the original task planning during operations. Finally, the mutual understanding
between robots and people during operations will be realized, making human-robots
collaborations more predictable.

Objective 5: Integrating all the ROSSINI technological components into
one inherently safe platform for HRC applications development.
The innovative technologies obtained from the ROSSINI research activities need to be
further available to integrators and manufacturers in a complete package, to simplify
the deploying operation inside enterprises. Therefore, the ROSSINI Integration and
Validation Layer will encompass both an application design tool for easy con�guration
and recon�guration of platform modules, and a set of new methodologies for risk assess-
ment and validation. Most important, the ROSSINI platform will guarantee inherent
safety to robotic applications developed through it, as it will contain safety compliant
design guidelines and an optimized set of components and methodologies for safety.

The ROSSINI platform aims to introduce a disruptive stakeholder in the current
Human-Robot Collaboration (HRC) technology market, by creating an open ecosys-
tem, where integrators will enjoy an unequaled degree of freedom in designing HRC
workstations. ROSSINI will arise as a game-changer in the market of robotic technolo-
gies, di�erentiating from existing hierarchical and rigid platforms, which are technology
(manipulators-) pushed rather than market (application-) pulled. In the consortium
vision, the ROSSINI system will give birth to a new generation of robotic applica-
tions, which will be able to collaborate with humans at an unattained level up to now,
contributing to the sustainability of manufacturing in Europe.
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7.1.2 European Partners of the Consortium

To achieve the �ve objectives described in Sec. 7.1.1, i.e. sensing, control, actuation,
human factors and a unique platform, di�erent European partners have been involved
in the project, as shown in Figure 7.2.

Besides the University of Modena and Reggio Emilia (UNIMORE), other companies
and research institutes are:

• Datalogic is a global leader in the automatic data capture and process automa-
tion markets. It is specialized in the designing and production of bar code readers,
mobile computers, sensors for detection, measurement and safety, RFID vision
and laser marking systems.

• Whirlpool is the world leading major home appliance company. The company
markets Whirlpool, KitchenAid, Maytag, Consul, Brastemp, Amana, Bauknecht,
Jenn-Air, Indesit, Hotpoint and other major brand names in nearly every country
throughout the world.

• SUPSI, University of Applied Sciences of Southern Switzerland, is one of the 7
UAS in Switzerland. It has a university statute focused on applied research. Key
research areas are: Automation and Control, Mechatronic, Robotic, Arti�cial
Vision Systems.

• PILZ Group is a global supplier of products, systems and services for automa-
tion technology. Based in Ost�ldern, near Stuttgart, the family-run company
employs around 2,400 people. With 42 subsidiaries and branches around the
world, Pilz supplies safe solutions for people, machinery and the environment.

• IRIS is an advanced engineering and technology SME that works closely with
industries around Europe to develop bespoke monitoring solutions that enable
their transition to the Industry 4.0 paradigm. IRIS successfully delivers projects
in the area of Process Analytical Technology, Photonics, IoT and ICT.

• IMA-Machinebouw wants to support entrepreneurs to accomplish their idea
of added value by giving them an easy access to industrial technology. By using
high quality components and o�ering high quality technical services, they develop
and build innovative machines.

• IMA is world leader in the design and manufacture of automatic machines for
the processing and packaging of pharmaceuticals, cosmetics, food, tea and co�ee.

• Fraunhofer IFF is an institute of the non-pro�t Fraunhofer-Gesellschaft, a
provider of contract-applied research. It specializes in research and development
in the �elds of robotics, sensor systems, virtual engineering, logistics and process
and plant management.

• CRIT is a private company specialized in the research and analysis of technical
and scienti�c information and in the development of research project activities.
CRIT fosters the dialogue between enterprises on relevant technical, organiza-
tional and logistic solutions.
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• Schindler is one of the world's leading providers of elevators, escalators, and
moving walks.

• TNO connects people and knowledge to create innovations that boost the com-
petitive strength of industry and the well-being of society in a sustainable way.

• Core Innovation generates, secures and shares innovation through innovative
concepts, business models and technology.

Figure 7.2: European Partners of the Consortium.

7.1.3 ROSSINI Demonstration Use-cases

The ROSSINI Platform will be demonstrated on three di�erent industrial environ-
ments. The use cases have been chosen trying to have the widest possible span in
terms of application sector, tasks to be executed and technologies to be deployed.

Use Case 1: Domestic Appliances Assembly (WHIRLPOOL)
The �rst use case will be provided by the WHIRLPOOL Operation Excellence TWI
Experimental line located in Cassinetta (VA), Italy. The challenge to be addressed is
to implement HRC in the process of washing machines assembly, as depicted in Figure
7.3. In Washing Machine production, one assembly phase regards the positioning and
screwing of the counterweight, a bulky and heavy piece of concrete used to stabilize the
washing unit during spinning operations. The part is pretty heavy (ranging from 12 to
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14 kg depending on product model) and it is currently assembled to the washing unit
with a manual operation. Despite being assisted by a 0-gravity tool, the operation is
heavily not ergonomic. Moreover, currently available HRC solutions cannot guarantee
a sustainable application due to regulatory limitations in terms of robot working speed
and separation distance from the human operator.

Figure 7.3: Whirlpool use case future scenario.

The ROSSINI Plaform will be demonstrated by designing and implementing a col-
laborative application where a robot system will support the operator in counterweight
picking and assembling, on a continuous �ow line. The use case will integrate a robotic
arm, the design of a speci�c gripper and sensing devices able to identify and virtualize
the reality of the workplace. Data coming both from the robotic arm and the environ-
ment sensors (camera, laser etc.) will be elaborated to obtain information about the
payload and the human operator (identity, anthropometric data, position). The �nal
aim is to adapt all the automatic operations to real time status and to give a feed-
back to the human operator about the right posture, reducing ergonomic risks. The
manipulator will be chosen among commercial products, to demonstrate the platform
potential to interact with and be wrapped around third party technologies.

Use Case 2: Electronic Components Production (SCHINDLER)
The second use case will be provided by the SCHINDLER production plant of Locarno
(Switzerland), specialized in the production of elevator panels. The actual production
line considered in ROSSINI project is the Fixtures Assembly line. The complexity of
the proposed demonstrator is due to the high mix/low volume nature of the produc-
tion, which requires a kitting of the components to be assembled and tested. The HRC
is aimed to avoid setup recon�guration time when production changes happen, and to
improve the balancing of workplaces operations.

The idea is to realize a cell in which an elevator panel is fully assembled and tested
thanks to a close collaboration between a human operator and a robot, as depicted in
Figure 7.4.
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Figure 7.4: Schindler use case future scenario.

In the SCHINDLER use case, ROSSINI will demonstrate the features of the Col-
laborative by Birth Robotic Manipulator, delivering a low payload robotic arm for
electronic components production. Moreover, the task assignment and the dynamic
task scheduling will be challenged, since the environment is highly dynamic and the
cooperation is tight. Finally, the ROSSINI performances in terms of production recon-
�guration cost savings will be tested.

Use Case 3: Food Products Packaging (IMA)
The scenario here proposed is a complex system for �exible, collaborative packaging
material loading and handling on IMA tea machines in industrial shop �oors. The work
�ow is centered around the machine, able to build and package the �nished products.
The ROSSINI robotic mobile platform, equipped with a manipulator, will be in charge
of feeding and unloading the machine. In the ROSSINI solution, the robotic mobile
platform, equipped with a manipulator, will be able to assist and cooperate with hu-
man operators during the material feeding process for tea bags packaging operations,
as shown in Figure 7.5. The system will enable to robustly identify distinct types of
packaging material, as well as analyze and predict the need for loading operations on
distinct machines. Besides being able of conducting pick and place operations, the
robots will also safely navigate in the shop �oor environment together with humans.
The interaction with humans will be considered both for safety and also to enable
direct interaction between humans and the robotized platform to increase e�ciency.

In the IMA use case, ROSSINI will deploy a medium payload manipulator mounted
on an AGV (mobile robotic platform). RS4 will concentrate on Safetly Laser Scanners,
whereas the Human Layer and the Control Architecture will have to manage navigation
operations as well as other manipulation operations.
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Figure 7.5: Ima use case future scenario.

7.2 ROSSINI Platform Architecture

To achieve the four objectives presented in Section 7.1.1, the overall ROSSINI platform
architecture (Figure 7.6) has been developed by the partners in the consortium.

The Platform can be represented as an integrated set of layers, each related to a
speci�c dimension/function:

• The Sensing Layer will combine information from safe and non-safe sensors in
a fusion module to feed the Safety Aware Control Architecture.

• The Perception Layer, through the employment of arti�cial intelligence tech-
niques, will generate a Semantic Scene Map integrating geometric and semantic
information, which will in turn create a set of virtual �Dynamic Shells� for safety,
surrounding each object in the scene.

• The Cognitive Layer will be provided by a high-level scheduler, capable of
dynamically planning a set of cooperative actions that the robot needs to execute,
and to update them when the working environment conditions, captured by the
Semantic Scene Map, change.

• The Control Layer will interpret the high-level action to execute and will gen-
erate the most e�cient and safety preserving low-level plan for the robot, thus
optimizing trade-o� between safety and productivity in the workcell, ensuring
that.

• The Actuation Layer will encompass a novel concept of manipulators with
built-in safety features, capable of reducing the separation distance between the
man and the operator when performing collaborative applications, thus increasing
the degree of freedom for robotic applications design.



7.2 ROSSINI Platform Architecture 117

Figure 7.6: The ROSSINI Platform Architecture.

• The Human Layer will ensure the inclusion of human-related factors from the
early design phases of collaborative applications design, and the constant moni-
toring of factors in�uencing job quality during robotic operations.

• The Integration Layer will provide integrators with a set of tools and guide-
lines to ensure inherent safety in design of HRC applications, and to speed up
application con�guration and recon�guration.

Moreover, the platform will include also a set of methodologies and guidelines to im-
prove application design and risk assessment in HRC. Recent research studies (R.
Behrens, N. Elkmann, and H.-J. Ottersbach 2012) show that the di�erence between
free and clamping impacts depends on how the involved robot and human masses are
distributed. To ensure reliable estimates of body part masses, the ROSSINI Platform
will include a simpli�ed human body model that replicates the kinematics and mass
distribution of a 50th percentile human. The development work to be carried out will
include the development of the kinematics of the model, the integration with other
available studies and the conversion the model in an algorithm.

7.2.1 State of the Art

Di�erent architectural solutions have been implemented in literature to allow robots
environment awareness. These architectures focus on aspects related to the control of
the robot, its navigation, the environment sensing and interpretation.

Liu et al. [78] present a modularized parallel controller structure, which includes a
baseline controller to ensures e�ciency and a safety controller that addresses human
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safety online.
The baseline controller solves an optimization problem whose objective is to mini-

mize a cost function related to system e�ciency, given the constraints on control inputs
and on the state space (i.e. joint limits, �xed obstacles). The safety constraint is related
to the human being and it is nonlinear, non-convex and time varying with unknown
dynamics, hence it is hard to solve. For this reason the authors introduced a safety
controller, that computes whether the baseline control signal is safe to be executed or
not, based on the human prediction. The safety controller returns the minimum devi-
ation from the baseline control action, that ensures human safety while guaranteeing
e�ciency.

The safety constraint is based on the computation of a safety index: it depends on
the distance between the capsules around the human body and the capsules around
the robot, and the relative velocity between them. The safety index allows to de�ne
two kinds of criteria: a reactive safety behavior and a forward-looking one. In the �rst
case, the baseline control signal is modi�ed once the safety constraint is violated. In
the second case, the safety controller considers if the safety constraint will be violated
some time ahead. The prediction in the second criterion is made upon the estimated
human dynamics and the baseline control law.

Jost et al. [58] introduce an e�cient and safe system for managing the coexistence
of mobile robots and human workers in automated warehouses.

The Heterogeneous Fleet Management System (HFMS) plans and provides collision-
free paths for humans and robots, while ensuring that the resulting environment is safe
for both of them. The main target is to involve the human into the planning and
coordination of paths. The HFMS always tries to avoid crossing or blocking paths
between humans and robots by giving a higher priority to the human ones. This
aspect is determinant since the behavior of humans is non-deterministic and humans
paths cannot be directly commanded, but only suggested. Hence, robots should be
�exible in replanning their trajectories.

To obtain a �exible and scalable path planning architecture, the presented system is
based on the concept of agents. By dividing the types of agents, a simple decentraliza-
tion as well as a reduction of the routing algorithm complexity are achieved. The �rst
type is local agents: software components like routing agent and topology agent. The
routing agent computes the routes that are required by the robots and humans and it
manages the routes (ex. it manages blocking robots problems, or multiple robots going
towards the same direction). The topology agent depicts the current representation
of the logistics environment in a topology, that is made available to the routing agent
to plan trajectories. The representation of the topology is in a form like an extended
graph or a multidimensional map, and it contains all the movements of humans and
robots, as well as objects positions.

Physical agents are human workers and robots/AGV. Hence they consist of infor-
mation about the type (robot or human entity) and a set of attributes (i.e. carrying
capabilities, current position, etc.). The physical agent also contains special behaviors
like translating calculated routes, given by the routing agent, into driving or walking
commands. They also exchange information with other physical agents, like travel
destinations of current status.

Moreover, the authors create a three-layered safety system which modify robots
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motion as needed (i.e. slow down or stop when the collision is approaching). The
outermost layer prevents any encounter between robots and humans, by means of a
routing de�nition system. The middle layer warns humans and robots of a possible
collision that was not prevented by the outer layer. The innermost layer is a danger
layer that shuts down the robot when the safety threshold is overcome. The safety
distance is computed based on the robot speed and acceleration, the human speed and
the localization error. The human localization information is given by a safety vest,
worn by each worker inside the warehouse, that returns the distance between the human
and robots. For stress reduction and to obtain an e�cient human-robot collaboration,
human awareness of surrounding robots becomes crucial. By using an Augmented
Reality device, information about robot trajectories can be directly displayed on the
device. Moreover, a service technician can be helped by exploiting the advantages of
Augmented Reality. For example, he/she can be guided through the warehouse by
means of a visual feedback to reach a defective robot or any other faulty machine.

Pedrocchi et al. [88] present a system that addresses both the safety problem and
the environmental data analysis for a hybrid production systems, characterized by
cooperative tasks between humans and robots. The solution to the safety problem
consists of a collision avoidance strategy, allowing on line replanning of robot motion.
First of all, the authors identify in which cases the replanning of the algorithms are
needed and in which part of the trajectories they can be applied. To achieve this, a
�nite state machine is modeled, with three superstates: a safe area, where the distance
between robots and humans is higher that a pre-de�ned threshold; a warning area,
where the relative distance is enough to safely replan the trajectory and to perform
collision avoidance; a danger area, where the short distance is related to a high collision
risk.

If a human is in a warning area with respect to a robot, the collision avoidance is
performed. The algorithms is based on a de�nition of a safe-points cloud (i.e. points
that are safely achievable by the robot, with respect to static obstacles). The points
inside the safe-cloud lie around the nominal trajectory points, that are initially de�ned.
At each time step, if a potential collision is detected, the motion replanning updates
the target position by selecting one of the points inside the safe-cloud. The objective
is to avoid robot stops and keep following the path to reach the target. Both static
obstacles and moving humans in the environment are considered as virtual repulsive
forces, that in�uence the choice of the alternative path inside the safe-cloud. The
environmental data analysis is performed by means of the creation of a safe network of
unsafe devices. The �nal objective consists in assuring safety and high-performances
regardless the safety grade assigned to each device. In such a Network Control System,
robots are considered as nodes in a wider network of devices and they have to be
monitored together with sensors and the network itself.

Robustness and reliability are obtained through a multi-layered multi-crossed archi-
tecture with distributed redundancy. By providing several layers of data crosschecking
and validation, the probability of missing any detection of faults is reduced. Two types
of redundancy are realized: a procedural and an architectural one. Procedurally, func-
tional data related to a working robot are computed and evaluated for consistency by
redundant processing units. Hence, all algorithms are twice independently processed.
From an architectural point of view, evaluating data are distributed in redundant �ows
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for independent data dispatching. The data are distributed to two independent com-
putational units, each of which delivers the result to the safe unit. This �nal unit is
in charge of activating safety countermeasures in case of any inconsistency, to halt the
system.

In the ROSSINI system, di�erent kinds of sensors will be combined to obtain a
reliable information about agents and obstacles in the environment, by means of sensor
fusion. This information is the one that provides the safety component to the overall
control signal to the robot, and an architecture model based on what proposed in
[78] can be adopted to this end. Safety information is used to create dynamic shells
around human workers that change over time, hence the robot can adapt its trajectory
online depending on the position and prediction of human movements; in addition, a
velocity tracking of di�erent agents will be performed, in order to instantly modify
robot trajectory (dynamic robot control) and dimensions of safety areas (dynamic
safety): such trajectory recon�guration can be inspired by the work in [58] Finally,
di�erent types of information are provided by the environmental sensors: safety alarms,
complex safety information and non-safety-related ones, to �nally create a Semantic
Scene Map. For data exchange, two di�erent channels will be used: a safe bus for
safety information and a non-safe bus for generic data, where the adoption of multiple
channel (and corresponding possible redundant architecture) can be design considering
the outcomes of [88].

The previously described architectures can be integrated by adding the human pres-
ence in the system, to enhance the human-robot collaboration from any prospective.
In this context, di�erent approaches to integrate human presence in the industrial
environment have been proposed to preserve safety.

Liu et al. [79] present a collaborative system where human predicted plan and
trajectory is integrated to guarantee human safety while e�ciently replan robot paths.
Human plan corresponds to di�erent ways to complete a task (i.e. for assembly of a
box, �st take the bottom then the lid or vice versa). If the robot knows which plan the
human is executing, it can perform a smooth collaboration and make corresponding
long-term plans in advance, to improve task e�ciency. Human trajectories prediction,
instead, helps in planning safe and collision-free robot trajectories. To predict human
plan and trajectory, the authors use learning-based methods (i.e. Neural Networks).
An initial model library for human plan recognition and motion prediction is built
o�ine, by learning di�erent human behaviors. Then, an online algorithm adapts the
trajectory prediction to take into account time-varying human behaviors and di�erent
human operators performing the task. The human skeleton is tracked by a vision
system (i.e. Microsoft Kinect) and joint positions in time are the input of the Human
Plan Recognition. By means of a Convolutional Neural Network, the current human
plan is inferred. The plan, together with skeleton data, are sent to the Human Motion
Prediction Model block, that computes the future trajectory of the tracked human
joint by means of a two layer Neural Network. To take into account time-varying
human behaviors during the movement, the weights of the Neural Network last layer
are updated online using Recursive Least Square Parameter Adaptation algorithm.

Cesta et al. [21] develop a human-aware control system, modeling the expected
human behavior at di�erent levels of abstractions. The system takes into account tem-
poral uncertainty and kinematics both at planning and execution time. The industrial
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task is �rst analyzed to identify the possible collaborative scenarios. Moreover, the
resources (i.e. human, robot or both) allocated for the task are de�ned, as well as the
operational constraints (i.e. precedence or synchronization). Then, a set of possible
robot trajectories is computed by the motion planner, that relies on an o�ine and
statistical analysis of the volume occupied by the human during the task. The tempo-
ral information (time execution and its variability) is encoded, together with the task,
in a temporal planning model. Hence, a temporal uncertainty concerning the actual
duration of the task is de�ned. A task planner can exploit this information to generate
temporally �exible plans. Finally, a robust plan execution is achieved and executed by
the Plan Executive, dealing with temporal �exibility through a continuous replanning.

The above reported references show the importance, for a fully integration of the
human operator in the collaborative system, of two elements that must be considered
in the ROSSINI platform architecture:

• the selection of the most suitable tool for human behaviour prediction and models
(e.g., statistical variation and/or circular three-zone model to determine and track
object movement in the considered space);

• the selection/adoption and implementation of a suitable mean to provide feedback
and information about the robot to the human (e.g., acoustic/visual signals,
virtual reality, etc.).

7.3 ROSSINI Cognitive Layer

The Cognitive Layer is in charge of high-level tasks managing. In particular, the
tasks are assigned to the human or the robot in an optimal way, allowing a dynamic
rescheduling when failures or errors occur. A two-layer architecture was developed for
ROSSINI project, and it will be further explained in Section 7.3.2.

As each component in ROSSINI architecture, the Cognitive Layer is tightly inter-
connected with other modules (Figure 7.7): it considers the external input coming from
the human and/or from external signals (e.g. communications from other machines on
the production line), together with the information from the semantic scene map (e.g.
safety critical areas, position of the main elements for the task). Merging these data,
the Cognitive Layer plans the optimal task sequence and assignment, by minimizing
the execution cost and the duration of the production cycle. The scheduled actions
will be then queued and sent to the Flexible Execution Layer to be physically executed
by the robot.

7.3.1 Related Works

During the last years, Human-Robot Collaboration has gained attention in the scienti�c
community due to the change of paradigm of industrial robots. Robots became collab-
orators that work nearby human operators, sharing the same workspace and helping
them in manual tasks.



122 ROSSINI

Smart Safe
Sensing System Semantic Map

Working Scene 
Representation

Flexible Execution
Layer

and Safety Layer
Cognitive Layer

Safety Aware
Control

Architecture

Human-Robot
Mutual

Understanding

Use-case
Demonstrators

Figure 7.7: Interaction between the Cognitive Layer and other modules inside ROSSINI architecture.

Complex works are now achieved through the synergy of human and robot actions.
Hence the need of exploring new planning and scheduling algorithms that take into
account both human and robot capabilities, in a co-working scenario.

Di�erent approaches for scheduling and planning of activities between humans and
robots have been proposed in literature.

In FourByThree European project [20], researchers proposed a dynamic task plan-
ning framework based on �exible timelines. The basic idea is to model a complex
system by identifying a set of relevant features that must be controlled over time. A
timeline-based framework aims at controlling a complex system by scheduling temporal
behaviors of its features.

In this framework, the execution time of controllable tasks should be chosen such
that they can face uncontrollable events (i.e. events that depend on the environment,
hence the system cannot control their durations in time). The features are modeled
through multi-valued state variables that describe casual and temporal constraints that
characterize the temporal behavior of features. In addition, synchronization rules can
be added to specify temporal constraints between values of di�erent state variables to
coordinate their temporal behaviors.

In Mayer et al. [83] the authors provide a general semantics for related planning
concepts such as domains, goals, problems, constraints and �exible plans.

Then, the EPSL (Extensible Planning and Scheduling Library) tool has been de-
veloped to solve planning and scheduling problems in the context of �exible timelines.
The dynamic task planning presents three important features: supervision, to satisfy
production requirements; coordination, to achieve an e�ective human-robot collabo-
ration; uncertainty, to deal with temporal uncertainty related to human activities.
Indeed, humans are modeled as uncontrollable agents, hence their activities have to be
monitored and robot's tasks adapted consequently. The dynamic planner is based on a
human aware planning mechanism: the robot can dynamically adapt its plan if changes
occur in operator's plan. However, in FourByThree framework, there is a priori hu-
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man activity regarding the task decomposition and allocation. As depicted in �gure 1,
Production Engineer has to decompose the overall task into smaller tasks and allocate
each one to the human operator or the robot, by setting proper interaction modalities.
In ROSSINI project, the task allocation and scheduling are performed automatically
by the system, without any need of a priori human decision about task allocation.

Like in FourByThree framework, human operators are usually modeled as uncon-
trollable agents. In Casalino et al. [19] work, human-robot task scheduling is based
on this idea. Humans are uncontrollable agents whose behavior can be predicted by
partially controllable Time Petri Nets. Human operations are not scheduled, but a
plan for the robotic tasks is made according to the predicted future human intentions.
In this way, the human is able to drive the collaboration in an assembly framework.
However, human activities can be partially driven by the help of Graphical User Inter-
faces, like in ROSSINI project. Hence, an optimal task allocation between human and
robot can be achieved, since humans can easily follow the given instructions.

Assembly is usually a common investigated task in literature as an example of
collaborative activity between a human and a robot. Johannsmeier and Haddadin [56]
propose a framework for collaborative assembly planning is described, with the aim of
�nding the optimal combination of human and robot capabilities.

A three-levels architecture allows to start from the assembled object and to decom-
pose the problem into graphical representation, task allocation and action execution,
as depicted in �gure 2. The �rst layer is the assembly-level: the AND/OR graph result-
ing from the assembly describes the states (OR nodes) and the actions (AND nodes)
performed to build the object. This kind of graphs allows to model tasks priorities
and alternatives (parallelism of tasks) when assembling an object. The second layer
is the team-level: by exploiting A* algorithm the task allocation problem is solved.
Each task is given to a human or a robot and the best assembly path on the graph is
found. Then, an assembly sequence (i.e. a sequence of subsequent tasks) is given for
each agent, encoding dependencies and priorities between tasks allocated to di�erent
agents. The third layer is the agent-level: each task is decomposed into a series of
skills, executed by the low-level controller. These skills are usually atomic actions, like
�pick-up part�, �assemble part�, �collision handling�, etc. However, each time a change
in the environment happens (for example the human executed an action that was al-
located to a robot), the whole A* algorithm has to be run again. This can be time
wasting and computationally demanding if the assembly process is wide and complex.

A similar approach is presented by Knepper et al. [62] for the assembly of an Ikea
chair performed by a group of robots. The A* search algorithm on the AND/OR graph
is used to achieve parallelized multi-agent assembly. The search tree is expanded by
adding states that are reachable from the current state by performing an assembly step.
The planner uses the constraints encoded in the and/or graph to add all valid states
reachable from the current state by assembly to the search tree. The planner �nds the
optimal assembly path and returns each group of parallel steps as a list. Then, each
robot selects an item from the list and lock the corresponding subassemblies in the
and/or graphs of all robots. The proposed algorithm was only tested in simulation.
Even if the algorithm is capable of handling failures, it cannot deal with online dynamic
scheduling, due to the limitations of A* algorithm mentioned above.

A di�erent human-robot task allocation method is presented by Tsarouchi et al.
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[101]. The presented algorithm implements a task scheduling generation, the human-
robot task execution and the interaction between them. The task allocation is achieved
through a decision-making algorithm that is based on the evaluation of multiple criteria:
resource suitability, resource availability and task operation time. Then a depth-�rst
search algorithm allows to schedule tasks between the allocated ones. Basically, they
generate random alternatives and they evaluate the associated utility for each of them.
The decision horizon used to expand nodes in the branch is restricted to a few layers,
and it is move forward after the evaluation of each layer. The generated alternative
(i.e. path on the search tree) that has the highest utility value is selected as the �nal
task scheduling. Even if the presented algorithm is e�ective for human-robot task
allocation and scheduling, it has some limitations. They do not take into account job
quality during the decision making process for task allocation. Since the alternatives
are created randomly, the �nal assignment is not supposed to be the optimal one.
A random generation of alternatives can be time wasting the more complex is the
assembly task and the more alternatives we want to evaluate. In ROSSINI project we
look for the optimal task assignment and scheduling, based on job quality evaluation
and the resolution of an optimization problem.

7.3.2 ROSSINI Two-Layer Scheduler for Optimal Task Assign-

ment and Dynamic Tasks Scheduling

The ROSSINI dynamic scheduler is a two-layer framework that solves the planning and
scheduling problem online, for a human-robot collaborative scenario. The architecture
is represented in Figure 7.8.

Figure 7.8: ROSSINI two-layer scheduler for the cognitive layer.

The �rst layer deals with the human-robot task allocation and scheduling, by solving
an optimization problem. The objective becomes to minimize a cost function, that
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encloses di�erent factors that characterize collaborative tasks, like production quality,
agent capabilities, economic costs, task duration and job quality.

In particular, the optimization problem can be summarized as:

minimize
∑
i∈N

∑
ω∈W

(piw ∗ xiw) + c

subject to
∑
ω∈W

xiw = 1 ∀i ∈ N∑
ω∈W

∑
jinPi

xjw ≥ size(Pi) ∀i ∈ N∑
i∈N

tiw ∗ xiw ≤ c ∀ω ∈ W

(7.1)

In the problem formulation, i represents the i-th task, where N is the set of tasks,
while ω represents the worker (i.e. humans or robots), where W is the set of workers.
Moreover, p ∈ R is the cost assigned to the i-th task, x ∈ (0, 1) is the boolean variable
that indicates if a tasked has been assigned (i.e. x = 1 means that the task i was
assigned to worker w), c ∈ R is the duration of the overall production cycle. The
cost term p, containing job quality information, agent capabilities, economic costs and
production quality, has been divided from the duration c. This choice is due to the
fact that it is not possible to assign a relative execution time to each task, since it
is not possible to keep track of the time �ow in this kind of optimization. For this
reason, durations have been chosen instead of starting/ending time for each action. To
minimizing the overall cost function means to minimize both the overall cost of the
set of action, while guaranteeing that each worker will take almost the same time to
complete the assigned set of tasks.

The �rst constraint guarantees that, at the end of the task allocation, each task
has been assigned only to one worker. The second constraint guarantees that the
precedence relations are respected: given Pi the set of task precedences related to task
i, if all the j tasks inside Pi have been assigned, the sum will be equal to the size of
Pi. The last constraint guarantees that all the workers will take the almost the same
time c to complete a production cycle, given t ∈ R the duration of the task i assigned
to the worker w.

In conclusion, the �rst layer �nds the optimal task allocation, based on costs, du-
rations and precedences.

The second layer deals with dynamic robot tasks rescheduling. Indeed, if the hu-
man is temporarily occupying the robot workspace, or the human is taking longer
to complete the assigned task, the robot is supposed to wait. In particular, humans
are somehow unpredictable. Each task has a precise duration, however if the human
slows down or accelerates, the a-priori duration is not respected. Hence it is important
to predict when the human will �nish the task and dynamically replan robot tasks
according to that.

For this reason, the Open-Ended Dynamic Time Warping (OE-DTW) algorithm
can be exploited to infer the actual duration of human task, while is being executed
[81]. To avoid robot downtime and to maximize resources usage, the dynamic planner
receives the duration prediction from the OE-DTW algorithm and it �nds the tasks
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that can be executed by the robot in the meantime, based on durations. In particular,
the robot can execute parallel tasks, i.e. tasks whose preconditions are satis�ed and do
not depend on the tasks the human is completing or on the pre-scheduled robot task.

The choice of a two-layers architecture allows to manage temporal waiting, failures
or switching in the execution of tasks, achieving an e�cient online dynamic scheduling.
The lower layer (i.e. second layer) faces the temporal changes in the human execution
time, by exploiting parallel tasks. In this case, there is no need of an overall task
assignment, that usually implies a high computational load and time. The higher level
(i.e. the �rst layer) faces major problems, whose solution is the complete rescheduling
and replanning of the assembly. For example, if the human accomplish a task that was
assigned to a robot or the robot repeatedly fails in performing a task. In conclusion, the
second layer allows to reduce robot downtime interchanging parallel tasks, while the
�rst layer recompute the overall optimal task assignment when major failures happen.

1st layer
Task allocation 

costs
and durations

2nd layer

Figure 7.9: ROSSINI two-layer scheduler ROS architecture.

The system was developed on ROS framework and the overall architecture, together
with the action execution level, will be tested on a Pilz 6-dof collaborative manipulator.
As depicted in Figure 7.6, the two layers are deployed in two ROS nodes with a server-
client communication. The �rst layer is the server node and it executes the task
allocation based on costs and durations. The optimization is computed using Julia
JuMP language. The second layer is the client node, it contains OE-DTW algorithm
to infer human task duration and it manages the robot tasks rescheduling.

The �rst use-case to be tested is going to be Schindler's one, since it is an example
of human-robot collaborative assembling and it is characterized by many tasks with
di�erent costs and pre-task orders.
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The objective of this thesis it to analyze and propose possible solutions to some of the
the challenges introduced by collaborative robotics in the industrial scenario.

The �rst challenge was the implementation of the manual guidance on an industrial
robot with the payload attached to the end-e�ector, presenting its limitation when
dealing with industrial controllers and industrial requirements.

The second challenge was represented by the stabilization of a robotic system when
the human operator sti�y grasps the end-e�ector. The proposed approach can be used
with di�erent operators and robots, taking into account the necessities of the industrial
environment: new operators that cannot be trained every time, high variability of tasks
and di�erent robotic setups.

The third challenge regarded the modi�cation of a portion of the trajectory. In-
dustrial environments are dynamic and objects around the robot workspace move fre-
quently. Human operators should be able to easily apply modi�cations to what they
have already done, saving time and increasing collaboration e�ciency.

The fourth challenge was to add human prediction to the system. Humans are not
controllable agents, hence their behavior can only be predicted. To obtain a more safe
and e�cient robotic systems, robot trajectories should be planned in advance of time,
accordingly to human intention.

The �fth challenge consisted in guaranteeing human safety without slowing down
or stopping the robot. Reducing robot down-time is a big challenge for collaborative
robotics, still avoiding collisions along the whole robot body.

The last challenge consisted in the deployment of a real world scenario for the in-
dustry of the future. In particular, under ROSSINI project, a dynamic task scheduler
and an optimized task assignment allow to tackle the problem of highly dynamic en-
vironments, where the human and the robot should e�ectively cooperate and execute
tasks according to their capabilities.

These are only some of the challenges a collaborative industrial scenario would face.
A lot of work has still to be done. In my opinion the main obstacle to the achievement
of a collaborative industrial scenario is represented by human safety. Nowadays, 3D
vision system are still too slow to e�ciently track human body in real-time. Moreover,
a hardware and software redundancy should guarantee safety even in case of failure.
The commercial systems that are trying to achieve this overall system safety have not
received a safety certi�cation yet. The deployment of a certi�ed safety system that
allows to track humans in a reliable way is the �rst step to overcome the state of the
art and allow the introduction of collaborative robots in the real industrial world.

Finally, most of these system simply slow down and stop the robot when the human

127



128 Conclusion and Future Directions

approaches. In a real collaborative scenario, the robot should behave naturally and
avoid collisions with the human in real-time, without continuously stopping. Hence
future works should focus on the mutual understanding between the two agents: not
only the robot should avoid humans, but also humans should feel comfortable working
with robots as they were working with another human partner.
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