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Abstract

The development and improvement of new technologies has led to a raise in the use of

automated solutions inside industrial settings. Indeed, in recent years an exponential in-

crease in the use of collaborative robotics has been observed. Collaborative robotics allow

the automation of industrial process in shared environments, where humans and robots

work together. Some of the reasons behind this large diffusion are due to the flexibil-

ity and versatility of collaborative manipulators. Thanks to their characteristics, they

can be used without the need to install physical barriers, making them suitable for small

and medium-sized enterprises. Large companies, on the other hand, still tend to auto-

mate their processes with traditional robotic solutions, despite their greater complexity

and installation costs. The main reason behind this choice is related to the fact that the

performance of collaborative robotics is not yet comparable to that of traditional robotics.

This is because, to date, collaborative robotics applications do not fully exploit all the po-

tential offered by this new technology. In particular, there are two key aspects on which it

is important to focus: task allocation and safety. In fact, to improve the performances, it

is necessary to define an approach that makes the most of the differences between operator

and robot creating a synergy between these two actors. Through collaboration, in fact,

the human-robot team can perform tasks that neither the operator nor the robot would be

able to perform individually. Concerning the safety, on the other hand, the close con-

tact between operator and robot and the absence of physical barriers required to pay a lot

of attention to the definition of the methodologies on how to ensure safety. Therefore,

regulations have been updated in order to formalise the different degrees of collaboration

and how to assess safety in each collaborative mode. The mere application of these reg-

ulations, however, results in a very conservative approach: safety is treated as a barrier

in front of which the robot can only slow down until stop. It would be better, indeed, to

manage safety not as a constraint but as a variable in the production process. In this

way, it would always be possible to have optimal collaboration while ensuring safety. The

work in this thesis aims to address these two issues in order to change the paradigm of

collaborative robotics. In this way, it will no longer be necessary to make a choice be-
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tween performance and safety, but it will be possible to have both characteristics, bringing

collaborative robotics ever closer to traditional robotic solutions. Initially, the context of

the work of this thesis will be presented and the European project “RObot enhanced SenS-

ing, INtelligence and actuation to Improve job quality in manufacturing” (ROSSINI), of

which this work is a part, will be detailed. Subsequently, the two problems in question

will be addressed. A first part will focus on the task allocation and scheduling, showing

a framework that optimise collaboration and adapt it to the needs of the production pro-

cess. The following part will focus on trajectory planning, showing solutions that can

dynamically manage both safety and robot behaviour. Subsequently, the final result of the

ROSSINI project will be presented, i.e. a modular and flexible architecture capable of

increasing the performance of collaborative robotics without violating safety regulations.

The architecture was implemented and validated on case studies proposed by the project

partners, demonstrating how the proposed architecture is so general that it can be used

in very different applications and hardware independent. Finally, some extensions of the

architecture implemented within the ROSSINI project framework will be presented. These

extensions are intended both to improve previously validated solutions and to generate new

strategies to support them, making them more complete.
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Sommario

Lo sviluppo ed il miglioramento delle nuove tecnologie ha portato ad un incremento

dell’impiego di soluzioni automatizzate all’interno degli ambienti industriali. Negli ul-

timi anni, infatti, si è assistito ad un aumento esponenziale dell’impiego della robotica

collaborativa, che permette di automatizzare processi di lavorazione in ambienti di lavoro

condivisi con un operatore umano. Alcuni dei motivi dietro a questa ampia diffusione

sono dovuti alla flessibilità e alla versatilità dei manipolatori collaborativi. Grazie alle

loro caratteristiche, infatti, essi possono essere utilizzati senza la necessità di installare

barriere fisiche. Questo li rende quindi adatti alle piccole e medie imprese. Le grandi imp-

rese, invece, tendono ad automatizzare i propri processi con soluzioni robotiche tradizion-

ali, nonostante la loro maggiore complessità e costi di installazione. Il principale motivo

dietro a questa scelta è legato al fatto che le prestazioni della robotica collaborativa non

sono ancora paragonabili a quelle della robotica tradizionale. Questo perché, ad oggi, le

applicazioni di robotica collaborativa non sfruttano appieno tutte le potenzialità offerte da

questa nuova tecnologia. In particolare, ci sono due aspetti chiave su cui è importante

focalizzare l’attenzione: suddivisione dei compiti e sicurezza. Al fine di migliorare le

prestazioni, infatti, è necessario definire un approccio che permetta di sfruttare al meglio

le differenze tra operatore e robot creando una sinergia tra questi due agenti. Grazie alla

collaborazione, infatti, il team uomo-robot può eseguire compiti che né l’operatore né il

robot sarebbero in grado di svolgere singolarmente. Per quanto riguarda la sicurezza, in-

vece, lo stretto contatto tra operatore e robot e l’assenza di barriere fisiche ha richiesto

di porre molta attenzione su questo aspetto andando che ha portato alla definizione di

alcune metodologie su come garantire la sicurezza. Pertanto, le normative sono state

aggiornate al fine di andare a formalizzare i differenti gradi di collaborazione. La mera

applicazione di queste normative, però, si traduce in un approccio molto conservativo:

la sicurezza viene trattata come una barriera di fronte alla quale il robot può solo ral-

lentare fino a fermarsi. Sarebbe meglio, infatti, gestire la sicurezza non come un vincolo

ma come una variabile del processo produttivo. Così facendo, sarebbe sempre possibile

avere una collaborazione ottima, mantenendo la sicurezza. Il lavoro di questa tesi si
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pone come obiettivo quello di affrontare queste due problematiche al fine di modificare il

paradigma della robotica collaborativa. In questo modo, non sarà più necessario effettuare

una scelta tra prestazioni e sicurezza, ma sarà possibile avere entrambe le caratteristiche,

portando la robotica collaborativa sempre più vicina alle soluzioni robotiche tradizion-

ali. Inizialmente, verrà presentato il contesto in cui si colloca il lavoro di questa tesi

e verrà dettagliato il progetto europeo "RObot enhanced SenSing, INtelligence and ac-

tuation to Improve job quality in manufacturing" (ROSSINI), di cui questo lavoro fa

parte. Successivamente verranno affrontati i due problemi in questione. Una prima parte

si concentrerà sulla suddivisione dei compiti, mostrando una soluzione in grado di ot-

timizzare la collaborazione e di adattarla alle esigenze del processo produttivo. La parte

seguente, invece, verterà sulla pianificazione delle traiettorie, mostrando un’architettura

in grado di gestire dinamicamente sia la sicurezza che la movimentazione. Successiva-

mente, verrà presentato il risultato finale del progetto ROSSINI, ovvero un’architettura

modulare e flessibile in grado di incrementare le prestazioni della robotica collaborativa

senza violare le normative di sicurezza. L’architettura è stata implementata e validata

sui casi di studio proposti dai partner del progetto, dimostrando come l’architettura pro-

posta sia così generale da poter essere impiegata in applicazioni molto diverse tra loro.

Infine, verranno presentate alcune estensioni dell’architettura implementata all’interno

del framework del progetto ROSSINI. Queste estensioni hanno lo scopo sia di migliorare

le soluzioni precedentemente convalidate che di generare nuove strategie per sostenerle,

rendendole più complete.
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1.1 Collaborative Robotics

The term collaborative robot or cobot refers to a robot created to work closely with the
human operator, sharing the work space. The first definition of a cobot is found in a 1997
U.S. patent [11] which reads, “An apparatus and method for direct physical interaction
between a person and a general purpose manipulator controlled by a computer.” The
owners of the patent are James Edward Colgate and Michael Peshkin, two Northwestern
University professors who are now considered the inventors of collaborative robots. The
patent is the result of a research project funded by the General Motors Foundation in
1995. The goal of the project was to improve the safety of robots to enable them to
collaborate with human operators. To achieve this, early cobots were designed without
an internal source of motive power, which was provided directly by the human operator.
The main function of these first cobot versions was to enable motion control, while
compensating for a load, in a cooperative manner with the human operator. Only later,
cobots were provided with their own internal motive power, ensuring safety with other
intrinsic characteristics. Indeed, as professor Colgate declared [12], “limits on speed and
power and good interactive design helped cobots remain safe.”

In the last decades, the market of collaborative robots has grown rapidly and several
cobots have been placed over the market. In 2004 KUKA, in collaboration with the Ger-
man Aerospace Center institute, launched their first collaborative robot, called KUKA
LBR III [13]. This robot has then been improved and it has been replaced with the
KUKA LBR 4 in 2008 and the KUKA LBR iiwa in 2013. In 2022, KUKA launched a
new line of cobots called KUKA LBR iisy, with the goal of having a collaborative robot
that can be used quickly and productively without any prior knowledge [14]. All these
KUKA models are illustrated in order in Figure 1.1. Universal Robots, which was the
market leader in 2019 [15], released their first cobot in 2008, the UR5 [16]. Subsequently,

(a) (b)

(c) (d)

Figure 1.1: Kuka models.
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they enriched their catalogue with the UR10 in 2012, UR3 in 2015 and UR20 in 2022
[17]. Other important companies are FANUC and ABB, which both entered the market
in 2015 with the FANUC CR-35iA [18] and the ABB Yumi [19]. From the research point
of view, a great role is played by the Franka Emika Panda, collaborative robot developed
by the German company Franka Emika in 2018 [20].

The main differences between traditional industrial robots and collaborative robots can
be summarized as follows:

• Fast Setup.
• Easy Programmability.
• Versatility and Functionality.
• Increased Safety.

The advantages derived from collaborative robotics, such as ease of installation and its
inherent safety, have led to its increasing diffusion. In fact, in 2022, the collaborative
robot market is valued at USD 1.1 Billion and, over the forecast period from 2022 to 2028,
it is projected to grow to USD 9.2 Billion at a Compounded Average Growth Rate of 41.5
per cent [21]. However, collaborative robots also have several disadvantages compared
to traditional industrial robotics, the first of which is efficiency.

The invention and diffusion of collaborative robots has also led to the emergence of new
related disciplines. In particular, Human–Robot Collaboration (HRC) is the study of
collaborative processes in which human operators and robots work together to achieve
common goals. The theories behind HRC derive from the study of human–human col-
laboration. This is because the aim of the HRC is to have a robot whose behaviour tends
to emulate that of the human operator as much as possible, generating an efficient and
natural collaboration. The possible approaches to HRC are [22]:

• Human Emulation.
• Human Complementary.

The goal of the human emulation approach is to make robots act like human operators
or have human-like abilities as much as possible. It is mainly based on the development
of formal models of human–human collaboration and their application in the case of
human–robot collaboration. Humans are regarded as rational agents capable of forming
and executing plans to achieve their goals and are also able to sense and understand
the intentions of others. Given this ability, collaboration consists of agents helping each
other to achieve their goals. The aim of the human complementary approach is to make
the robot a more intelligent partner that collaborates in a complementary manner with
humans. This is due in order to improve the overall human–robot interaction. The
approach is mainly based on the fact that human operators and robots are different
actors with complementary skills. Thus, many interaction and collaboration paradigms
have been introduced with the scope of dividing the plans between the two actors in
order to exploit their strengths and overcome their individual weaknesses.

Nowadays, one of the main challenges of HRC is to overcome the main disadvantage of
collaborative robots, namely efficiency, while ensuring safety without physical barriers.
To achieve this, the human complementary approach can be exploited, creating a synergy
between the human operators and the robot such that the human-robot team performs
better than the traditional solution, where the human and the robot work separately
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Figure 1.2: Rossini Logo.

without interacting.

The results of this thesis are obtained addressing some of the challenging problems pre-
sented in the latter, and arising during the European funded project RObot enhanced
SenSing, INtelligence and actuation to Improve job quality in manufacturing (ROSSINI),
where the goal is to increase the performances of the HRC solutions giving an optimal
trade-off between traditional and collaborative robots.

1.2 ROSSINI

The ROSSINI, whose logo is shown in Figure 1.2 project aims to design, develop and
demonstrate a scalable and modular platform for the integration of human-centred robotic
technologies in complex industrial settings. This can be achieved with two different pro-
cedures. The first one regards the development of innovative methodologies and techno-
logical components, e.g. sensing, control, risk assessment methodology. The second step,
instead, is the integration of all these components in an open platform. The ultimate
goal of the ROSSINI project is to make the HRC an attractive and valuable choice for
all those manufacturers who have not implemented it so far, due to its more limited per-
formance compared to traditional robotics solutions or regulatory limitations. Indeed,
with a well-integrated framework it is possible to increase the reaction speed, intelligence,
sensing and communication capabilities of cobots. Thus increasing the performance of
the HRC, both in terms of payload and in terms of working speed and productivity, and
achieving an excellent trade-off between traditional and collaborative robotics solutions.

To achieve this goal, the consortium agreed on a series of objectives which were pursued
and fully satisfied during the project development. These objectives are briefly detailed
below.

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 that increase the performances of
the currently available equipment, which plays a great role for close HRC. This goal
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is achieved by the ROSSINI Smart and Safe Sensing System (RS4), which combines
information coming from different customised sensing technologies, such as cameras, laser
scanners, in order to track both the position and the speed of the human operators and the
objects inside the working scenarios. The output of the RS4 is a single multidimensional
image processed in real time to generate suitable 3D safety regions, called “Dynamic
Safety Shells”, around each person and object in the environment.

Objective 2 - To develop a Safety Aware Control Architecture for robot cog-
nitive perception and optimal task planning and execution
In order to enable also the perception of the working environment, the project exploits
artificial intelligence techniques to build a semantic scene map that adapts to dynamic
working conditions. This improves the data coming from the RS4, by adding also se-
mantic information to the geometric data. Moreover, the artificial intelligence techniques
are also exploited to give cognitive capabilities to the robot. In this way, the ROSSINI
Safety Aware Control Architecture is capable of optimally scheduling the tasks among the
robots and the human operators, optimising the trade-off between safety and manufactur-
ing productivity. Each robot action is forwarded to a dynamic planner that dynamically
optimize its execution considering both the path that the robot has to follow and the in-
teractive behaviour that the robot must reproduce while considering the safety conditions
in the working scenario.

Objective 3 - To develop a “Collaborative by Birth” Robotic Arm range with
novel built-in safety features
The standard collaborative robots available in the market are mainly standard manipu-
lators on top of which specific technologies have been added in order to reduce risks for
humans during the execution of collaborative operation. Thus, a great improvement in
the HRC can be achieved designing a new robotic technology from scratch, considering
safe interaction with humans as the main guiding principle at each design step. In the
ROSSINI project a new robotic manipulator have been developed and exploited as the
platform actuation layer.

Objective 4 – To develop a framework for Human-Robot Mutual Understand-
ing in collaborative operations
In the project, the human factors like job quality, user experience, trust, feeling of safety,
and liability, are incorporated in a proper human-centered design process. In this way,
all the desired factors are considered directly from the early design phase and not af-
terwards. Furthermore, by monitoring the progression of the collaboration, such as task
progression or human emotions, it is possible to change online the original task planning
exploiting a proper dynamic allocation strategy. Lastly, a proper communication level
allows to enable a mutual understanding between robots and people making improving
the predictability of the collaboration.

Objective 5 – To integrate all the ROSSINI technological components into
one inherently safe platform for HRC applications development
Lastly, all the technologies developed during the project are made available to both inte-
grators and manufacturers, which are the end users, in order to simplify the deployment
of the HRC inside the industrial settings. Thus, all the components have been adequately
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Figure 1.3: The overall Rossini Architecture.

interfaced among each others. Starting from this, the ROSSINI Integration and Valida-
tion Layer provides both a design tool, which is used to easily configure all the platform
modules, and a set of new methodologies for risk assessment and validation, which are
exploited to speed up the validation and increase the efficiency of HRC applications.
With this layer, the ROSSINI platform ensures an intrinsic safety to all the application
developed through it, i.e. it provides safety compliant design guidelines and an optimised
set of components and methodologies that ensures safety.

1.2.1 ROSSINI Architecture

To pursuit and achieve the objectives the overall ROSSINI platform, represented in Fig-
ure 1.3, has been developed by all the partners. In particular, the platform is the inte-
gration of a set of layers, each of which is dedicated to a specific function:

• The Sensing Layer, which aims at combining all the information from both safe
and non-safe sensors in a fusion module to provide a unique and complete flow of
data to the Safety Aware Control Architecture.

• The Perception Layer, which exploits artificial intelligence techniques to generate
a Semantic Scene Map that integrates both geometric and semantic information.
Furthermore, the Semantic Scene Map creates a set of virtual “Dynamic Shells”
surrounding each object in the scene that can be exploited to implement safe control
actions.

• The Cognitive Layer, which aims at providing a high-level scheduler in order to
both dynamically plans a set of cooperative tasks that the robot and the human
operator should execute and to adapt them online when a change in the working
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conditions is detected by the Semantic Scene Map.
• The Control Layer, also called Flexible Execution and Safety Layers, whose

role is to convert the high-level action into the most efficient and safety compliant
low-level action for the robot. Thus, the Control Layer aims at optimizing the
trade-off between safety and productivity for the HRC environment.

• The Actuation Layer, which aims at increasing the degree of freedom for robotic
applications design by introducing a novel concept of manipulators with built-in
safety features that allow to reduce the separation distance between the human
operator and the robot during the collaboration.

• The Human Layer, whose role is to both include the human-related factors defined
in the early design phases of collaborative applications design and to constantly
monitor the factors that affects the job quality.

• The Integration Layer, which provides manufacturers with the tools and guide-
lines to ensure intrinsic safety in the design of HRC applications and to accelerate
the configuration and reconfiguration of the application.

Cognitive and control layers are the core of the overall architecture. Indeed, providing
cognitive capabilities to the robot it is possible to create a synergy between the human
operator and the robot, obtaining a more natural collaboration. The control layer, on
the other hand, implements a collision-free safe dynamic behavior, giving flexibility to
the robot within the working area. The integration of these layers, therefore, allows to
obtain an intelligent and adaptive behavior, leading the robot to adapt to the operator
and not the other way around as usually happens. UNIMORE was the leader of the
development of these two layers and of their integration with also the perception and the
sensing layer, which are the main topics of this thesis work.

1.2.2 Consortium

In addition to UNIMORE, responsible of the cognitive layer and the control layer, the
ROSSINI consortium is composed of multiple European partners, illustrated in Figure 1.4
and listed below [23]:

• Datalogic, which is a global leader in the automatic data capture and process au-
tomation markets, specialized in the designing and production of bar code readers,
mobile computers, sensors for detection, measurement and safety, RFID vision and
laser marking systems. Its role in the project is manly focused in the technical
development of bth the sensing and safety layers and in coordination activities.

• Datasensing, which is developing, manufacturing, and supplying Machine Vision,
Sensor and Safety. Its payoff is "easing automation challenges", thanks to solutions
focused on industrial automation, from production to internal logistics of goods.
Datasensing has a global presence, with HQ in Italy and main offices in Europe,
China and US, with over 350 employees worldwide. Its role in the project is focused
on the development of the sensing and safety layers.

• Whirlpool, which is the world’s 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. It provided one of the use cases of the project.
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Figure 1.4: The Rossini Consortium.

• SUPSI, which is one of the 7 UAS in Switzerland and has a university statute
focused on applied research. Key research areas are: Automation and Control,
Mechatronic, Robotic, Artificial Vision Systems. In the project, it is mainly re-
sponsible of the actuation layer.

• Pilz Group, which is a global supplier of products, systems and services for au-
tomation technology. Based in Ostfildern, Pilz supplies safe solutions for people,
machinery and the environment. Together with Datalogic and Datasensing, in the
project is responsible of developing safety technologies.

• IRIS, which delivers R&D projects in the area of Process Analytical Technology,
Photonics, IoT and ICT. IRIS specializes in the manufacture and integration of
real-time in-process monitoring solutions applied to the process, food, pharma,
and manufacturing industries. IRIS widely applies Artificial Intelligence and Data
Mining techniques for predictive and active process control, as well as for deci-
sion support systems. In the project, IRIS is responsible of the perception layer,
developing the semantic scene map.

• VINTIV, which is specialised in providing the right industrial technology, devel-
oping and building quality machines, and offering technological services. VINTIV
aims to be the first choice for converting business cases into the right technical
solutions. The main role of VINTIV in the project regards the activity of system
integrator and development of a new custom gripper.

• IMA, which is world leader in the design and manufacture of automatic machines
for the processing and packaging of pharmaceuticals, cosmetics, food, tea and coffee.
In the project, it provides one of the use cases.

• Fraunhofer IFF, which is an institute of the non-profit Fraunhofer-Gesellschaft, a
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provider of contract-applied research. It specializes in research and development in
the fields of robotics, sensor systems, virtual engineering, logistics and process and
plant management. In the project, it is responsible of developing a robust human
module that can be exploited for the physical human–robot interaction.

• CRIT, which is a private company specialized in the research and analysis of
technical and scientific information and in the development of research project
activities. Its role is mainly focused on coordination activities.

• Schindler, which is one of the world’s leading providers of elevators, escalators,
and moving walks. It provides one of the use cases.

• TNO, which aims at connecting people and knowledge to create innovations that
boost the competitive strength of industry and the well-being of society in a sus-
tainable way. It is responsible of analyzing the human-factors for evaluating the
job quality.

• Core, which is a start-up company offering tailor-made solutions to attach mean-
ing to data in several industrial sectors and use cases using Artificial Intelligence
technologies. It is responsible of the dissemination activity of the project.

1.3 Contribution and Thesis Outline

This thesis focuses on the development of novel control strategies to have an efficient and
natural human–robot collaboration. In particular, starting from the architecture illus-
trated in Figure 1.3, this thesis mainly focuses on the development and the validation of
both the Cognitive Layer and the Flexible Execution and Safety Layers. The integration
of these two architectures together with both the perception layer and the sensing layer
gives the Safety Aware Control Architecture, which is validated in both experimental
scenarios and the the ROSSINI use cases. Furthermore, this thesis also addresses some
research activities born following the development of the ROSSINI project, with the aim
of improving the developed technologies.

The main contribution of this thesis are:
• A novel adaptive framework for task assignment and scheduling that takes into

account real execution time, the job quality of the human, and the communication
with human and robot for dynamic rescheduling

• A novel adaptive framework for trajectory planning and scaling that takes into ac-
count the high dynamicity of the environment, adapting in real-time the trajectory.

• A modular and integrated framework for addressing the Task Assignment and Mo-
tion Planning (TAMP) problem and the experimental validation in real and com-
plex industrial scenarios .

• A novel adaptive task scheduling framework that is effective and applicable to most
of the scenarios that could occur in a real HRC.

• A framework for trajectory planning that considers the high dynamism of the envi-
ronment and the human preferences to generate collision free-trajectory in a HRC
scenario.

• A control architecture that allows the human operator to lead the collaboration,
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forcing the robot to stay close, while ensuring safety.
The rest of the thesis is organized as follows.

Chapter 2 reports the development of the Cognitive Layer for the ROSSINI project.
Problems related to the optimal task allocation and scheduling and online rescheduling
for complex HRC scenarios are addressed. The tasks are firstly assigned exploiting both
the intrinsic capability of each agent and trying to maximize the parallelism, i.e. reducing
the waiting times. Subsequently, the tasks are dynamically scheduled and rescheduled
taking into account the real execution times of the human operator. Finally, the proposed
architecture is validated in a custom collaborative scenario.

Chapter 3, instead, reports the development of the Flexible Execution and Safety Layers.
Problems related to the safe trajectory planning and replanning and the online safety
aware control for HRC scenarios are addressed. Initially, the proposed framework plans
a trajectory that the robot could ideally execute at maximum speed, i.e. without con-
sidering the safety of the human operator. Subsequently, a scaling layer reduce online
the magnitude of the velocity in order to be compliant with the safety standards. These
two procedures are also mutually integrate to improve the performances. Lastly, the
validation of the framework is presented.

Chapter 4 reports the development of the Safety Aware Control Architecture the ROSSINI
project. This chapter focuses on the integration of all the layers. Firstly, it presents the
integration of the Cognitive Layer and the Flexible Execution and Safety Layers. Subse-
quently, it reports a brief explanation and the integration of both the Perception Layer
and of the RS4 system. Finally, the chapter focuses on extensive experimental validation
in both custom environments and project use cases, demonstrating how all architecture
can be applied to different scenarios.

Chapter 5 presents a resilient and effective task scheduling framework that improves the
results obtained with the cognitive layer. Firstly, how an industrial HRC process can be
formalized into a set of interdependent tasks is presented. Secondly, the chapter details
the proposed framework, which leverages a database to understand how the collaborative
job is composed. Moreover, at runtime, the framework monitors the task execution to
understand the human operator skills and the task result to adapt online the schedule.
Finally, the the experimental validation is reported.

Chapter 6 reports two architectures that follow the work on the flexible execution and
safety layers. The first one is a natural extension of the architecture validated in the
ROSSINI project. It improves the planning strategy by adapting it to the character-
istics of the human operator in order to make the robot’s behavior more predictable.
The second architecture allows the human operator to directly control the collaboration,
while maintaining safety. Since it uses a nominal trajectory, it can be seen as a sup-
port architecture for the one developed in the ROSSINI project. Both architectures are
experimentally validated.

Chapter 7 reports the conclusions of the entire work of thesis and the future direction on
which researches could be driven
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Chapter 2

Cognitive Layer

This chapter reports the development of the Cognitive Layer for the ROSSINI project.
Problems related to the optimal task allocation and the task scheduling for complex HRC
scenarios are addressed. To this aim, the overall architecture leverages two main aspects:
the online human monitoring, to estimate the real execution time of the operator, and
the definition of the job quality metrics, that allow to quantitatively evaluate the the job
quality aspects. The overall architecture is experimentally validated on a custom assembly
scenario.

The work presented in this chapter is published in [2, 5].
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2.1 Introduction

In recent years, industrial setting has been supported by a constant increase in the use
of collaborative robotics [24].

The shift towards collaborative robotics can significantly change the quality of the job
for the human. In fact, collaborative robots can take over dull, heavy or dangerous
tasks making the life of the human easier. To ensure that the re-distribution of tasks is
favorable to the human, the job quality aspect has to be taken into account when dividing
tasks between human and robot [25]. This process can be guided by using job-quality
metrics. The job quality framework, as used by the OECD [26], is a multidimensional
concept that covers various topics. The part of job quality that concerns the quality of
the working environment, e.g. time pressure, physical risks and work autonomy, is of
specific interest for human–robot collaboration. At an even lower level, aspects of task
load are governed by guidelines and regulations, for example for lifting loads [27] and
noise exposure [28].

In the industrial scenarios, collaborative cells are built in order to enable the human and
the robot to work together on various jobs, each of which composed by a set of tasks.
The distribution of task determines the load to which the human is subjected [25, 29].
Additionally, the distribution of tasks determines influences the fluency, which in turn is
strongly related to job quality aspects [30].

A lot of research has been done in the multi-agent task allocation problem in the industrial
cases, see e.g. [31–33]. In general, these solutions cannot be directly applied in a human-
robot collaboration application, as they consider the presence of homogeneous agents.

Task allocation for collaborative cells has been modeled as a nonlinear optimization
problem, see e.g. [34–37], but the computational complexity of the problem is often high
and it does not explicitly allow to take into account variable job-quality parameters. In
[38] a two-level feedforward optimization strategy for offline subtask allocation between
human and robot is presented. This strategy is integrated with a feedback procedure
based on mutual trust to re-allocate the subtasks online. In [39] the authors propose
a multi-criteria decision-making framework for task allocation and online re-scheduling
which generates a solution that best matches the criteria you want to optimize. The
re-scheduling procedure, however, happens only in case of unexpected events, without
directly considering the real tasks duration. In [40] a two-level framework for task assign-
ment is presented that dynamically handles task failures in a HRC scenario. Nevertheless,
job quality over several jobs is not considered. Task assignment strategies for HRC as-
sume that both the human and the robot require a constant amount of time to perform
a task. This assumption may lead to inefficiencies. In reality, the human does not always
take the same amount of time to accomplish the same task. Several works that consider
task rescheduling with a variable human execution time are available in the literature,
see e.g. [41, 42], but the operator and the robot are treated as two separate entities and
human-robot interaction and communication is not considered.

In order to make the human–robot collaboration as natural as possible, it is necessary
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to improve mutual awareness and communication both at the task execution level and
at the task planning and scheduling level. Thus, it is important to have a monitoring
strategy that makes the scheduler aware of the real duration of the tasks executed by the
human and about the job quality of the human. This strategy allows the scheduler to
adapt the assigned tasks improving the job quality and the efficiency of the human-robot
collaboration. Moreover, both the human and the robot should be able to communicate
through the scheduler in order to improve the collaboration and to make it as natural
as possible. The human, due to its expertise and experience, should be able to decide
to execute a task that was previously assigned to the robot. While the robot should
be able to assign a specific task to the human, if some failure occurs, e.g. a robot tool
broke. All these decisions should be handled by the scheduler which re-assigns the tasks
accordingly.

This chapter proposes a novel framework for task assignment and scheduling for collab-
orative cells that is aware about the activity of the human and that allows the human
and the robot to take decisions about the tasks they need to execute. This framework
intrinsically considers job quality in the scheduling algorithm, in order to improve job
quality of human workers. The proposed framework is composed by two layers. The
first layer assigns, off-line, the tasks within a job to either the human or the robot by
providing a nominal schedule. It considers the actual job quality indexes and the depen-
dencies between the tasks. The second layer, the scheduler layer, reschedules the tasks
considering the real execution time of the human operator, if needed, and the decisions
taken online both by the human and the robot.

The main contributions of this chapter are:
• A novel adaptive framework for task assignment and scheduling that considers into

account real execution time, the job quality of the human, and the communication
with human and robot for dynamic rescheduling

• A strategy for dynamic rescheduling that is effective and computationally cheap,
i.e. suitable for industrial applications, and that allows human and robot to com-
municate their needs to the scheduler.

2.2 Problem Statement

A collaborative industrial workspace is characterized by the presence of two different
agents, a human operator H and a robot R, that must cooperate during a work shift
in order to perform S jobs (J1, . . . , JS). Each job consists out of one or more tasks1

(T1j , . . . , TNj ), each of which is characterized by an intrinsic cost wAi and by a nominal
execution time tai, where a ∈ A = {H,R} represents the agent that executes the task i.
For ease of notation, in the rest of the chapter the double index is removed and the set of
tasks (T1j , . . . , TNj ) is referred to as (T1, . . . , TN ). The real task execution time can differ
from the nominal execution time, due to uncertainties in the human behavior. Therefore,
the workspace is equipped with a monitoring unit that, for each task Ti assigned to the

1The choice of the specific technique for splitting a job into several tasks is out of the scope of this
work. Several strategies are available in the literature, see e.g. [40] for assembly tasks.
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Figure 2.1: The Cognitive Layer architecture.

human, estimates online the real execution time. To achieve this, many solutions can
be found in literature, e.g. sequential interval networks [43], interaction probabilistic
movement primitives [44], Open-Ended Dynamic Time Warping (OE-DTW) [45]. The
output from the monitoring unit is used to update all relevant parameters over the entire
work-shift.

The tasks composing a job may depend on each other, i.e. there could be precedence
constraints, and the execution order must be considered when assigning tasks.

The aim of this work is to design a task assignment and dynamic scheduling architecture
that:

• Builds optimal nominal task schedules for the human and the robot, i.e. two
task schedules such that, considering the nominal execution times, the precedence
constraints, and job quality metrics, minimizes the job makespan, maximizing the
parallelism between human and robot (i.e. minimizes waiting time), and optimizing
the job quality for the human operator over the entire work shift.

• Starting from the nominal task schedules, reschedules both the human and the
robot tasks according to the real execution time detected by the monitoring unit
and the decisions taken by the human and the robot for task swapping. The
rescheduling aims at minimizing the job makespan and improving the collaboration
between the two agents.

2.3 Architecture

The proposed task assignment and dynamic scheduling strategy, i.e. the Cognitive Layer
of the ROSSINI project, is shown in Figure 2.1, where the gray blocks symbolize the
strategies implemented to provide richer information to the architecture and the white
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blocks represent the two agents. Furthermore, the blue blocks represent the two main
layers:

1. The Task Assignment Layer is responsible of generating initial nominal sched-
ules for the robot and the human, based on the maximum parallelism criterion,
taking into account precedence constraints and job quality metrics over the entire
work shift.

2. The Dynamic Scheduler Layer is responsible of scheduling the tasks, consider-
ing the real execution time and the requests coming from the human and from the
robot.

Once the task assignment layer computes the initial nominal schedules, an estimation of
the human job quality parameters is performed. This estimation is based on the nominal
execution time tHi.

The resulting estimate represents the expected job quality parameters if the behavior of
the human was exactly as the nominal one. To accommodate for (expected) deviations
from the nominal schedule, the estimated job quality parameters are given as input to
the Human Monitoring block, which is responsible for supporting and improving the
scheduling procedure.

The human monitoring block aims to track the real execution time of the human operator
during the execution of assigned tasks. The information about the real human behavior
is then leveraged to update the estimated parameters. Subsequently, the real parameters
that come out of the human monitoring block are used as input for the task assignment
layer when calculating the nominal schedules of the new job. This feedback procedure
allows to keep track of the evolution of job quality throughout the entire work shift,
adapting each schedule accordingly.

The real execution time of the human is also exploited by the dynamic scheduler, which
aims to reschedule, in real-time, the nominal tasks schedules. Frequently changing the
order of the tasks assigned to the human can lead to confusion and poor efficiency of the
human [46]. Thus, it has been chosen to focus the rescheduling strategy primarily on
robot tasks. The list of tasks assigned to the human changes only when required by the
Communication Interface block, namely when the robot cannot execute a task and
a failure occurs, and when the human decides to perform a task instead of the robot. In
all these cases, the changes in the human schedule are necessary and minimal.

2.4 Job Quality Metrics

Job quality is considered in the task assignment via two mechanisms. The first mechanism
ensures that various metrics related to job-quality do not exceed threshold values via
optimization constraints. The second mechanism considers the overall attractiveness of
the task-set that is assigned to the human. The attractiveness of the task-set is made
part of the optimization objective.
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Various metrics can be defined that describe a certain task load, e.g. the weight that is
lifted, or the noise that is experienced during task execution. To monitor these metrics
each task is assigned a set of weights (ki1, . . . , kiM ). The metrics (K1, . . . ,KM ) can be
calculated using two different generic representation of a job quality metric:

• summed weight:

Km = Km,0 +
L∑
l=1

N∑
i=1

(xHilkim) (2.1)

• average weight:

Km,av =
teKm,0 +

∑L
l=1

∑N
i=1(xHiltHikim)

tm + c
(2.2)

Where c =
∑L

l=1 cl is the cycle time and xHil is a boolean variable that allow to select only
the tasks assigned to the human operator, as deeply explained in Section 2.4. Typically,
job quality metrics are calculated over a time span longer than the execution of one task,
tm is the elapsed time of the time frame that is relevant for the metric, e.g. elapsed time
since the human started the work shift. Km,0 is the cumulative costs from previous jobs
within the time frame te. The set of cumulative costs of each metric represents the job
quality metrics that come out from the human monitoring block as shown in Figure 2.1.
It is worth noting that this cumulative cost guarantees that all the desired job quality
metrics are estimated and constrained over the relevant time frames tm and not just only
over the single schedule.

Ensuring that pre-set thresholds on job-quality aspects are not exceeded does not auto-
matically assign the tasks that are preferred by the human to the human. This aspect
is governed by a general attractiveness factor that is assigned to each task. The attrac-
tiveness of the tasks is included in the optimization problem (2.3), i.e. in the evaluation
of wHI , so the scheduler tries to assign those tasks to the human, that the human likes
to perform the most.

2.5 Task Assignment

The role of the task assignment layer is to build, for each job, the nominal task schedules
for the human and the robot, taking into account job quality and precedence constraints.
This relation of dependency between tasks can be represented with a directed acyclic
graph G = (T,E), as shown in Figure 2.2a. Each vertex represents a task Ti while each
directed edge Eij means that the task Ti must be executed before the task Tj . Some tasks
could be independent of each other, since there is not a path that goes from one task to
the other, see e.g. T1 and T3. The graph can then be rearranged so that all the parallel
tasks are grouped together into several sets called levels Ll, as shown in Figure 2.2b. The
choice of how the tasks are assigned to each level has a large impact on the schedules.

In this work, both the problem of allocating the tasks to each agent and the way in
which the tasks are distributed over the levels are addressed by solving the following
multi-objective Mixed Integer Linear Programming (MILP) problem:
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(a) (b)

Figure 2.2: Directed acyclic graph of a Job composed by seven tasks and the division into four
levels.

min
x,cl

G =

L∑
l=1

N∑
i=1

∑
a∈A

waixail +
1

tmax

L∑
l=1

cl

s.t. ∑
a∈A

L∑
l=1

xail = 1 ∀i ∈ {1, . . . , N},

N∑
i=1

taixail ≤ cl ∀l ∈ {1, . . . , L},∀a ∈ A,

∑
a∈A

L∑
l=1

l · xail <
∑
a∈A

L∑
l=1

l · xajl ∀i→ j,

Km ≤ Km,max ∀m ∈ {1, . . . ,M},

Km,av ≤ Km,av,max ∀m ∈ {1, . . . ,M},

(2.3)

where wai > 0 represents the cost required by the actor a, i.e. human or robot, to execute
Ti. The Boolean variable xail ∈ {0, 1} determines if Ti is assigned to actor a at the level
l. tai > 0 represents the nominal execution time of the actor a in executing Ti, while
tmax is the maximum of these nominal times. cl > 0, instead, denotes the cycle time
of the lth level. Km and Km,av are quantitative parameters used to evaluate a desired
qualitative job quality metric m, where M is the number of analyzed metrics, as detailed
in Section 2.4.

wai is exploited for encoding the cost required by each agent to perform the task, e.g
electrical cost, tool wear, or risk assessment. Very high costs communicate to the task
assignment algorithm that the agent is unsuitable for the execution of the task. Moreover,
the human costs are also exploited to embed and evaluate in a quantitative way the job
quality. The calculation method of these costs is a design parameter, see e.g. [47, 48].
In a general way it is possible to define wRi = h(costs), wHi = g(costs, job quality).

The first constraint guarantees that each task is assigned either to the robot or to the
human. The second constraint maximizes the parallelism between the human and the
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robot. In fact, since all the terms in the quantity to minimize are positive, the optimiza-
tion problem would tend to choose c =

∑L
i=1 cl as small as possible and the lower bound

for this sum is given by the third constraint and corresponds to the maximum paral-
lelization of the activities of the human and of the robot. The third constraint ensures
the respect of the precedence relationship, since all the tasks that should be executed
before another are assigned to an upper level. The last constraints impose that the job
quality metrics for the human operator will not violate the upper bounds.

The outcome of the optimization problem (2.3) are the nominal schedules, i.e. two
ordered tuples SH and SR containing the tasks that have to be sequentially executed by
each agent in each level.

2.6 Dynamic Scheduler

Starting from the output of the task assignment, the goal of the dynamic scheduler is to
adapt online the two nominal schedules SH and SR taking into account the uncertainty
of the human behavior. When two humans collaborate, their natural synergy allows
them to reach high team performance. If one human gets slower, the other can compen-
sate by speeding up. Furthermore, more complex unexpected difficulties are handled by
communication. Experienced team members can exploit their knowledge to reorganize
the work or decide to take over a difficult task. Less experienced team members can ask
the expert member for some help when problems occur. The dynamic scheduler aims
at reproducing this kind of behavior in human-robot collaboration in order to create an
effective and natural cooperation.

This is achieved exploiting two different strategies. Firstly, the human operator is moni-
tored in real time when performing the task in order to estimate the real execution time
and, if necessary, to reschedule the future activities of the robot, reducing waiting time.
Secondly, the communication between the human and the robot is enabled, allowing the
two agents to take decisions about their activities through the scheduler. In particular,
the robot delegates a task it cannot momentarily execute to the human. The human,
instead, can decide to execute the task that the robot is performing, because, e.g., from
its experience, it knows that the robot is not executing the task properly or to speed
up the workflow. Moreover, the human can decide to re-assign some of its tasks to the
robot. The dynamic scheduler is implemented according to the pseudo-code reported
in Algorithm 1. The dynamic scheduler needs as input the nominal task schedules SH

and SR (Line 1). It firstly sets to false two variables EndR and EndH , which identify
if the respective agent has concluded its task, and it initializes the job at the first level
(Lines 2-3). Subsequently, if applicable, the algorithm assigns the first tasks of SR(l)

and SH(l) to the human and to the robot (Lines 4-7). At this point, it starts two loops
to check the end of the job (Line 8) and the actual level (Line 9), respectively. Inside
the second loop, the scheduler first checks if the robot has performed all its tasks in
the actual level. If this is true, the robot is in idle, waiting for the human to finish its
task, and some tasks may be rescheduled (Line 11), maximizing the parallelism between
the two agents. In the other cases the algorithm exploits the function monitoR(TR) to
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Algorithm 1 DynamicScheduler()
1: Require: SH ,SR

2: EndR, EndH ← false
3: l← 1
4: if SR(l) ̸= ∅ then TR ← SR(l, 1)
5: end if
6: if SH(l) ̸= ∅ then TH ← SH(l, 1)
7: end if
8: while l ≤ L do
9: while (TR ̸= ∅ and TH ̸= ∅) do

10: if TR = ∅ then
11: SR ← reschedule(TH , SR)
12: else
13: EndR ←monitorR(TR)
14: end if
15: EndH ← checkEndH()
16: MH ← readH(), MR ← readR()
17: (EndH , EndR, SH , SR) = communication(MH ,MR, SH , SR)
18: if EndH then TH ← next(TH , SH(l))
19: end if
20: if EndR then TR ← next(TR, SR(l))
21: end if
22: end while
23: l← l + 1
24: end while
25: updateJQ()

check if the robot has finished the assigned task (Line 13). The monitorR() function
can be implemented using standard procedures, available for robotic applications, see e.g.
[49]. If the robot cannot succeed to execute TR, e.g. a timeout error, a delegate message
MR is communicated. Subsequently, the algorithm checks if the human has completed
its task, e.g. exploiting an HMI, and all the messages generated by the human and the
robot are considered for task swapping (Lines 17). Afterwards, the algorithm checks if
the two agents have concluded their tasks and, if it is the case, assigns them the next
task in the level (Lines 18, 20). If no tasks are scheduled in the actual level, the function
next(T, S(l)) returns ∅. When both TR and TH are empty, then the level is concluded
and the job moves on to the next one (Line 23). Finally, when all the tasks have been
performed, the job quality parameters are updated through the function updateJQ()

(Line 25) and used as input for the task assignment of the next job.

The rescheduling algorithm is represented in Algorithm 2. The algorithm requires as
input the task TH is currently assigned to the human and the current robot schedule SR

(Line 1). It exploits the human monitoring strategy to estimate the remaining time tres

for the accomplishment of TH (Line 2). The procedure monitorH can be implemented
using several strategies available in the literature as, e.g., [43–45]. If tres is greater
than the time necessary for the execution of some tasks in SR, then these tasks may be
executed in parallel with TH and, therefore, the rescheduling procedure starts (Line 3).
First, the schedule SR is split into two sub-lists: pSR contains all the robot assigned
tasks in the actual level while fSR contains all the tasks of the next levels, which still
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Algorithm 2 Reschedule()
1: Require: TH , SR

2: tres ←monitorH(TH)
3: if tres > tRi then
4: (pSR, fSR)← split(TR, SR)
5: fSr

R ← fill(fSR, tres − tRi)
6: SR ← concat(pSR.S

r
R, fSR/fS

r
R)

7: end if
8: return SR

need to be performed (Line 4). fSR is then used to create another sub-list Sr
R, which

contains all the tasks that can be executed in the extra time available tres − tRi and
whose precedences have already been executed (Line 4). Subsequently, SR(l) is updated
by concatenating pSR, with the list of the rescheduled tasks fSr

R (Line 6). Finally, the
new schedule SR is returned.

During the execution of the job the human and the robot can generate messages in order
to communicate to the dynamic scheduler the intention or need to swap their tasks. A
detailed representation of this communication layout is shown in Figure 2.3. In particular,
the message MR, sent by the robot, indicated with the brown lines, can be either empty
or containing the value “delegate TR” and it is generated by the monitorR function
when the robot cannot succeed in executing the assigned task. The message MH can
be either empty or it can assume two values: “reassign Treas”, indicated with the dotted
lines, or “delegate Tdel”, indicated with the dashed lines. The first message is generated
when the human decides to execute the task that the robot is executing, because, e.g.,
the robot is not doing the assigned work properly or in the best way. The second message
is generated when the human decides to delegate some tasks in SH to the robot. This
message has an argument, that specifies the task to be delegated. The human can enter
the messages through a proper, job dependent, input interface. The messages generated
by the human and by the robot are handled by Algorithm 3. The algorithm requires the
messages generated by human and robot MR and MH , the current schedules SR and SH

and the task TR currently assigned to the robot (Line 1). The message MH is the first to
be handled in order to give priority to the decisions taken by the operator. If the human
decides to execute a task that was initially assigned to robot, it is necessary to check if
the robot already started this task. If this is true, the robot task execution is aborted,

Robot Human

Dynamic
Scheduler

Communication

Interface

reassign

Treas

delegate
Tdel

TR

TR

delegate
TR

Thome

Tdel

Thome

Figure 2.3: Communication Layout.
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Algorithm 3 Communication()
1: Require: MH , MR, TR, SH ,SR

2: if MH = reassign(Treas) then
3: EndH ← true
4: if Treas = TR then
5: EndR ← true
6: SR ← push(Thome, SR)
7: end if
8: SR ← delete(Treas, SR)
9: SH ← push(Treas, SH)

10: else if MH = delegate(Tdel) and exRobot(Tdel) then
11: EndH ← true
12: SH ← delete(Tdel, SH)
13: SR ← push(Tdel, SR)
14: end if
15: if MR = delegate(TR) and exHuman(TR) then
16: EndR ← true
17: SR ← delete(TR, SR)
18: SR ← push(Thome, SR)
19: SH ← push(TR, SH)
20: end if
21: return EndH , EndR, SH , SR

moving the robot in an home safe position. Treas is then deleted from SR and pushed
in the first position of the human schedule (Lines 3-9). The human can also decide to
delegate a task Tdel ∈ SH . If Tdel is executable by the robot, it is deleted from SH and
transferred into the robot schedule (Lines 10-13). The robot, instead, could detect that
it cannot fulfill the assigned task and, if the task is executable by the human operator,
TR is deleted from the robot schedule and inserted in the schedule of the human, while
a homing mission Thome is added as the next task for the robot (Lines 15-19). Finally
the procedure returns the updated end of task variables and schedules (Line 21). The
procedures exRobot and exHuman exploit prior information about the job and the
tasks, e.g. the weights wRi and wHi in (2.3), to detect if a task can be executed by
the robot or by the human. Note that the communication algorithm allows to manage
only temporary errors. If the human perceives that a certain type of tasks should not be
performed by the robot, e.g. the screwing tool broke, wRi must be adapted and the task
assignment procedure must be re-executed.

Swapping the tasks between the human and the robot directly affects the job quality.
Thus, it may happen that the final job quality indices do not respect the constraint
imposed in the MILP problem (2.3). However, since the optimization problem requires
as input the real job quality parameters, namely Km,0, the possible work overload for
the operator will be mitigated with subsequent task schedules. Another possible way to
ensure the optimum of the job quality is the implementation of a function that checks
if the task swapping will violate the constraints and, if required, prevents it. However
the latter strategy is very conservative, as it does not take into account the possibility of
correcting the job quality parameters in subsequent optimization problems. Furthermore,
at the communication level, the job quality is treated as a soft constraint with respect
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Figure 2.4: Setup of the Cognitive Layer experiments.

to the need to swap a task, e.g. the robot failing a task is a more critical situation. For
these reasons, in this work it was decided not to investigate the latter solution.

The Dynamic Scheduler is computationally cheap. The heaviest part is represented by
the fill() function inside the Reschedule() algorithm (see Algorithm 2, Line 4). This
function, in its worst implementation, has a linear complexity equal to O(n+l), i.e. when
analyzing every single element of the tuple with two for loops. Since the number of tasks
and levels in an industrial application is not that large, the algorithm is very reactive.

2.7 Validation

The Cognitive Layer has been experimentally validated in a custom collaborative assem-
bly work shift, that has been set up only for evaluation purpose. During the experiments,
the human operator cooperated with a UR10e, a 6-DoF collaborative robot. To mon-
itor the human task execution it has been used a Kinect V2 RGB-D Camera with the
official APIs for the skeleton tracking and to evaluate the remaining task time it has
been implemented the OE-DTW algorithm, which is already available in literature [50],
to both operator wrists. This algorithm returns the percentage completion of the task
%compl, comparing the actual time series with the reference ones. This percentage was
then exploited to estimate the remaining time of the task as tresi = (1−%compl)tHi. The
communication interface has been implemented exploiting a simple HMI that sends the
desired signals though the computer keyboard. The complete setup for the experiment
is shown in Figure 2.4.

All the software components were developed using Robot Operating System (ROS)
Melodic Morenia and they ran on a Intel(R) Core(TM) i7-10510U with Ubuntu 18.04.
The optimization problem was implemented using Python-MIP [51], a collection of
Python tools for the modeling and solution of MILP programs, and solved with Gurobi
solver [52]. The UR10e is position controlled using the ROS interface which accepts a
desired final position while the overall trajectories are directly generated by the low level
controller.
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Table 2.1: Tasks Description of the Cognitive Layer experiments.

Task Index Description Job

1 Pick&Place square shape. J1, J2

2 Pick&Place U shape. J1, J2

3 Pick&Place circular shape. J1, J2

4 Pick&Place cross shape. J1, J2

5 Pick&Place weight. J1, J2

6 Pick&Place weight. J1, J2

7 Packaging USB key. J1

8 Packaging USB key. J1

9 Packaging USB key. J1

Table 2.2: Task Assignment Data of the Cognitive Layer experiments.

Task
Index wRi tRi wHi tHi ki1 i → j

1 0.1 12 0.4 15 0 -

2 0.1 12 0.4 15 0 -

3 0.1 12 0.4 15 0 1, 2

4 0.1 12 0.4 15 0 1, 2

5 0.5 25 0.8 10 9 -

6 0.5 25 0.8 10 9 -

7 1000 - 0.4 25 0 -

8 1000 - 0.4 25 0 -

9 1000 - 0.4 25 0 -

The work shift was composed by two jobs divided into multiple tasks. These are listed
in Table 2.1.

In the experiments it has been considered the average weight the human has to lift during
the execution of the job K1,av as a job quality metric, with its respective upper bound
K1,av,max = 1.1.

The other inputs required by the task assignment layer (see Section 2.4) are shown
in Table 2.2. The nominal durations were estimated by computing the average value
of multiple measurements, while the intrinsic costs were calculated with the following
equations:

wRi = 0.7DRi + 1000(1− capabilityi) (2.4)

wHi = ui (2.5)

where DRi represents the distance that the robot has to perform during the execution
of the task Ti and capabilityi is a Boolean variable that indicates if the robot is capable
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of perform the task, e.g. the robot is not able to execute tasks T7, T8, T9. ui is the
attractiveness factor for the human in executing the task Ti and it was defined using our
experience and knowledge in the work. ki1 are defined taking into account the weight of
the objects, i.e. holding an USB stick or a shape does not affect the analyzed job quality
metric. The only precedence constraints are related to the shapes and they are necessary
to avoid the robot making a wrong pick with the magnets.

When the work shift starts. the job J1 must be executed and the task assignment layer
is initialized with the cumulative cost K1,0 = 0. The optimization problem is solved in
100ms and the schedule is composed by the following two tuples:

• SH = {[7, 8, 5], [9]}
• SR = {[3, 4, 6], [1, 2]}

with an estimated job quality metric equals to:

K1,av =
tH5k15

c
= 1.1 (2.6)

Starting from the output of the task assignment layer, the dynamic scheduler was then
initialized and the two agents began to perform the collaborative job. The snapshots
of the experiments are illustrated in Figure 2.5. The first part of the experiments is
dedicated to the execution of the “nominal schedule" of the job J1, i.e. the two agents
perform exactly the assigned tasks, as shown in Figure 2.5a. When the robot concludes
all the tasks of the first level, the dynamic scheduler exploits the information coming
from the OE-DTW to reschedule some tasks (see Algorithm 2, Line 3 – 6). Since the
monitoring algorithm returns an estimated remaining time tres > tR1, the robot can
anticipate the task T1 in the first level, instead of waiting for the level to finish as
scheduled. This procedure, executed in 4ms, is illustrated in Figure 2.5b. It is worth
noting that the estimation of the real execution time is the only variable that is evaluated
at runtime, i.e. when the robot concludes the level. All the other metrics are evaluated
after the execution of the entire job and used as input for the task assignment of the
subsequent job.

Once J1 is concluded the real execution time tH5 = 15 s and the real duty cycle c = 79 s

are exploited to calculate the real job quality metric K1,av = 1.7. The real job quality
metric is then used as input for the assignment procedure of the next job J2. The new
optimization problem is solved in 90ms and the resulting schedules are:

• SH = {[3], [1, 2]}
• SR = {[4], [5, 6]}

As illustrated in Figure 2.5c, thanks to the job quality constraint no tasks affecting the
weight metric are assigned to the human and the new estimated job quality metric is
below the upper bound:

K1,av =
Km,0

te + c
= 0.96 ≤ 1.1 (2.7)

The second part of the experiments is then dedicated to the execution of J2, without any
relevant result.

The communication strategy is then exploited. The work shift is reinitialized and the
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operator starts to execute the nominal schedule of the job J1. After concluding T7 and
T8 the operator sends a message “delegate T5” to the dynamic scheduler and the robot
starts to execute this task instead of the human. This is shown in Figure 2.5d. At the
end of the schedule, the human asks to the dynamic scheduler to reassign the task T2.
As illustrated in Figure 2.5e that task is performed by the operator instead of the robot.
Since the human did not perform any task that affects the weight metric, the cumulative
cost for the assignment of the J2 is K1,0 = 0. For this reason, the output of the Task
Assignment for J2 is:

• SH = {[ ], [6]}
• SR = {[3, 4], [1, 2, 5]}

with an estimated weight metric K1 = 1. This solution is obtained in 100ms. It is worth
noting that c = 90 s this is due to the fact that the task assignment schedules a pause
before starting the execution of the second level. This pause is necessary to obtain an
admissible value for the weight metric.

In order to demonstrate the effectiveness of the architecture, J1 is performed without
rescheduling the tasks. As happened before, while the human performs its tasks the
robot concludes the first level as planned. Since the rescheduling is not active, the robot
stops, waiting for the human to conclude the first level of the schedule. This is illustrated
in Figure 2.5f. After the human executes T5, the schedule passes to the second level and
two agents resume the expected behavior. As expected, the trial without the rescheduling
takes more time, c = 85 s. Moreover, a great improvement can be seen in the robot idle
times: TR,idle = 12 s with the proposed framework and TR,idle = 20 s without using
the rescheduling procedure. It is worth noting that in both trials the human operator
introduced approximately the same delay in the first level. The deviation from the
nominal durations is in fact equal to µproposed = 1.67± 6.2 s and µbaseline = 1.33± 4.7 s.
This means that the performance of the baseline architecture is not affected by further
delays introduced by the human.
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(a) (b)

(c) (d)

(e) (f)

Figure 2.5: Snapshots of the Cognitive Layer experiments.
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Chapter 3

Flexible Execution and Safety
Layers

This chapter reports the development of the Flexible Execution and Safety Layers, also
called Control Layer, for the ROSSINI project. Problems related to the safe trajectory
planning for complex HRC scenarios are addressed. Firstly, an algorithm that allow to
dynamic plan an optimal trajectory for the robot manipulator is presented. Subsequently,
starting from the safety limits imposed by the safety regulations, an online trajectory scal-
ing strategy is presented. This strategy is mutually integrated with the dynamic planner
to improve the performances while maintaining safety for the human operator.

The work presented in this chapter is published in [1].

27



3.1 Introduction

The introduction and diffusion of collaborative robotics within the industrial environ-
ments has allowed to create shared workspace where humans and robots can work closely.
While this new paradigm has led to an increase in the flexibility of production lines, the
lack of physical barriers requires to pay more attention on how to guarantee human safety.
Therefore, the robot safety standards have been updated to address this new collabo-
rative scenarios. In particular, the ISO 10218-1 and the ISO 10218-2 [53, 54] standards
classify the collaborative modes in four different categories: safety-rated monitored stop
(SMS), hand guiding (HD), speed and separation monitoring (SSM) and power and force
limiting (PFL). Additionally, the technical specification ISO/TS 15066 [55] provides fur-
ther information to assess the risk for each collaboration mode. In case of applications
where industrial robots are used, the SSM is typically adopted. In this collaborative
mode the speed of the robot is reduced according to the relative human-robot velocity
and position. However, this approach is overly conservative, since the robot speed should
not be limited if its motion is directed away from the human. Moreover, by monitoring
the human speed the performance of the robot can be further increased without violating
the safety constraints.

Different approaches were presented in the literature to deal with human safety and
collision avoidance in a human–robot collaboration (HRC) scenario. In [56] the authors
propose a real-time solution to evaluate the future human occupancy and scale the robot
speed accordingly, ensuring safety. The idea is to use a 3D camera and a simple human
kinematic model to predict the future human occupancy. In [57] an optimization which
treats safety as an hard constraint to be satisfied is presented. This strategy leads to
obtain a proportional reduction of the speed, with a consequent higher productivity,
while ensuring safety. In [58] the authors present a safety framework for collaborative
tasks where multiple robots have to share the workspace with human operators. The
idea is to scale the velocity preventing that a safety index falls below a certain value.
When the scaling procedure is not enough, an emergency stop is applied.

Reducing the speed of the robot is not always the best solution, especially when the
workspace conditions allow the robot to modify the pre-planned path. In [59] the authors
exploit the concept of static and kinetostatic danger field on a mobile robot in order
to prevent collision with human operators in a tire workshop. In [60] the concept of
potential field around the whole robot body is used to generate collision-free trajectory.
The entire workspace is surrounded by multiple depth sensors that track both dynamic
and static object. In [61] authors implement virtual fixtures, which combine attractive
and repulsive potential field, in a teleoperated environment. Even if these methods are
effective in guaranteeing safety requirements, potential fields can easily cause the system
to be stuck in local minima, compromising the task execution.

For this reason, optimization-based algorithms have been exploited to achieve a colli-
sion free behavior by applying the minimum correction to the desired path. Safety is
embedded through the constraints in the optimization problem. In [62] an optimization
problem is solved in real-time in order to force the robot to stay inside a safe set, evalu-
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ating the variation of a safety index. In [63], the authors propose an optimization-based
control algorithm that explicitly considers safety in order to avoid the human operator
while trying to preserve the desired path. Their strategy exploits the use of control bar-
rier functions [64] around the robot body to maintain a collision-free trajectory while
fulfilling the ISO/TS 15066.

Adopting the optimal behavior to avoid collision in highly dynamic environments could
be computationally challenging, especially in a real industrial scenario where the number
of obstacles to be considered is very high. In [65, 66] the authors use kinodynamic
rapidly-exploring random tree (RRT) to plan collision free trajectory under kinodynamic
constraints. However, these solutions are only suitable for constraints that do not change
during the execution of the path, while the safety kinodynamic constraints change in real
time based on human behavior.

This chapter proposes a novel framework for trajectory planning and velocity scaling
for HRC scenario that is aware of the highly dynamic of the environment and ensures
safety for the human operator by explicitly considering safety regulations. The proposed
framework is composed by two layers. Given a desired configuration to reach, a trajectory
planner layer computes and adapts online the trajectory that the robot has to follow.
The trajectory scaling layer, according to the safety constraints imposed by the safety
standards, scales the robot velocity ensuring safety for the human operator. Moreover, in
order to avoid drastic drops of the robot velocity with consequent poorly efficient robot
behaviors, mutual communication between the two layers is enabled. When required,
the trajectory scaling can request for a replan of a new trajectory, increasing the robot
performances.

The main contributions of this chapter are:
• A novel adaptive framework for trajectory planning and scaling that takes into ac-

count the high dynamicity of the environment, adapting in real-time the trajectory.
• A strategy for trajectory scaling that is computationally cheap, i.e. suitable for

real industrial application, and that explicitly considers the kindoynamic safety
constraint.

• The overall architecture that integrates the trajectory planning and scaling strate-
gies in order to improve the efficiency of the system.

3.2 Problem Statement

Consider a HRC application where a robot manipulator with n joints has to follow a
trajectory qdes(t) ∈ Rn that goes from an initial configuration qdes(ti) = qi ∈ Rn to a
desired final configuration qdes(tf ) = qf ∈ Rn in order to execute a task. In this work,
the trajectory qdes(t) is considered admissible if these two conditions hold:

1. It does not collide with the human operator.

2. It is compliant with the safety limits imposed by the ISO/TS 15066.

In particular, defining m as the number of the human limbs, the trajectory qdes(t) is
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considered collision-free when

d(σRi(q(t̄)), σHj(t̄)) ≥ dmin ∀i ∈ {1, . . . , n},

∀j ∈ {1, . . . ,m},

∀t̄ ∈
[
ti, tf

]
,

(3.1)

where d(σRi(q(t̄)), σHj(t̄)) is the distance between the i − th robot link and the j − th

human limb at time t̄ and dmin is the minimum admissible distance. For this reason, the
shared workspace is equipped with a monitoring system that allows to track the human
movements and estimate the human speed. Several strategies to track the human body
are available in literature: skeleton tracking with multiple cameras [67], placing markers
on the human body [68], machine learning techniques [69], to name a few.

Since the SSM collaboration mode is considered, to be compliant with the safety stan-
dards the robot velocity must be lower than an upper bound that depends on the human-
robot distance. This is further explained in Section 3.3. To this purpose, it is possible
to explicitly isolate the magnitude of the velocity along the trajectory applying a path-
velocity decomposition:

qdes(t) = qdes(s(t)) t ∈
[
ti, tf

]
, (3.2)

where s is the curvilinear abscissa that parametrizes the geometrical path qdes(s(t)),
while the variation of s represents the time law of the desired path, e.g. the velocity
profile along the desired path.

Differentiating (3.2) the velocity profile can be isolated:

q̇des(t) = q′
des(s(t))ṡ t ∈

[
ti, tf

]
, (3.3)

where q′
des(s(t)) is the vector tangent to the desired path, while ṡ constitutes the mag-

nitude of the robot velocity. By acting on ṡ it is possible to ensure the compliance with
the safety standards, without modifying the overall path.

Goal of this work is to design a safety kinodynamic architecture that:
• Computes a nominal trajectory that is always collision-free, i.e. a trajectory that

the robot can execute at maximum speed. Exploiting the tracking of the human
movements, the planning strategy aims at preserving the feasibility of the trajec-
tory, replanning a new trajectory when the actual trajectory becomes infeasible.

• Starting from the nominal trajectory, scales the robot velocity according to the
limits imposed by the ISO/TS 15066 standard. The scaling aims at maintaining
safety for the human operator taking into account both the distance between human
and robot and the velocity of the human towards the robot.
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Figure 3.1: Representation of different safety zones with SSM collaboration mode.

3.3 Speed and Separation Monitoring

In modern industrial applications of collaborative robotics, the Speed and Separation
Monitoring collaboration mode is widely used. In this collaborative mode, the speed of
the robot is continuously adapted depending on the position and velocity of the human
operator into the collaborative workspace. Typically the human velocity is not monitored
and the workspace is divided into three different areas based on the distance between the
human and the robot. This scenario is represented in Figure 3.1. The robot is allowed
to operate at full speed when the human is in the green area, at reduced speed when
the human is in the yellow area and it stops when the human is in the red area. The
ISO/TS 15066 provides the guidelines for calculating the sizes of these areas, namely the
minimum protective separation distance Sp, considering also the relative speed between
the robot and the human operator. Sp can be computed as:

Sp(t0) = Sh + Sr + Ss + C + Zd + Zr. (3.4)

Sp(t0) is the protective separation distance at time t0, while t0 is the current time. Sh

represents the contribution to the protective separation distance due to the operator’s
movements, Sr is the one derived from the robot reaction time and Ss is the contribution
caused by the robot stopping time. C represents the intrusion distance, i.e. the distance
that a part of the body can intrude into the sensing field before it is detected. Zd and
Zr are the position uncertainties of the human operator inside the workspace and of the
robot system respectively.
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The first terms of (3.4) can be expressed as:

Sh =

∫ t0+Ts+Tr

t0

vh(t) dt, (3.5)

Sr =

∫ t0+Tr

t0

vr(t) dt, (3.6)

Ss =

∫ t0+Ts+Tr

t0+Tr

vs(t) dt, (3.7)

where Ts and Tr represents the robot stopping time and the robot reaction time re-
spectively. vh is the directed speed of the human operator towards the robot, vr is the
directed speed of the robot towards the human operator and vs is the speed of the robot
in the course of stopping.

Under the assumptions that the velocity of the robot is constant during the robot reaction
time, that the acceleration remains constant during the stopping phase and that the
dynamics of the human operator is slower than the robot dynamics, which is true in the
case of a generic HRC application, the equations (3.5) – (3.7) can be approximated as
follow:

Sh = vh(t0)(Ts + Tr), (3.8)

Sr = vr(t0)Tr, (3.9)

Ss = vr(t0)Ts − amax
T 2
s

2
, (3.10)

where amax is the maximum robot deceleration expressed as absolute value.

Remembering that the robot stopping time can be expressed as a function of the actual
robot velocity, Ts =

vr(t0)
amax

, it is possible to further expand (3.8) – (3.10) as:

Sh = vh(t0)

(
vr(t0)

amax
+ Tr

)
, (3.11)

Sr = vr(t0)Tr, (3.12)

Ss =
vr(t0)

2

2amax
. (3.13)

Substituting (3.11) – (3.13) in (3.4), it is possible to obtain an upper bound robot velocity:

vrmax(t0) =
√

vh(t0)2 + (amaxTr)2 − 2Kamax − amaxTr − vh(t0), (3.14)

where K = C + Zd + Zr − Sp(t0).

Using equation (3.14) it is possible to compute the safety limit imposed by the ISO/TS
15066, i.e. the maximum velocity that the robot could reach in the direction of human
operator. Figure 3.2 shows the trend of the velocity limit vrmax(t0) as a function of the
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Figure 3.2: Maximum allowed robot velocity towards the human operator.

actual separation distance between the human operator and the robot Sp(t0) in case of
vh(t0) = 2m/s, amax = 7.5m/s2, Tr = 0.002 s, C + Zd + Zr = 1.3m.

3.4 Architecture

The Flexible Execution and Safety Layers are represented by the architecture in Figure
3.3. In particular, in the architecture the black lines symbolize the data exchange and
the red one constitutes the signal that request for a replan of a new trajectory. The grey
blocks symbolize the strategies implemented to provide richer information to the layers
while the white block represents the agent. Moreover, in blue the two main layers can
be distinguished:

1. The Trajectory Planning layer. It is responsible of generating the initial nom-
inal trajectory that the robot can execute at maximum speed, i.e. it considers only
the robot limits. Subsequently, it continuously adapts this trajectory exploiting
the human tracking information.

2. The Trajectory Scaling layer. It is responsible of scaling the robot velocity
along the planned path, explicitly taking into account the velocity limits imposed
by the safety constraints.

Once the trajectory planning computes the initial nominal trajectory, it sends it to
the trajectory scaling and it remains active until the robot reaches the desired final
configuration qf . The trajectory planning layers does not take into account the safety
regulation, i.e. it computes a trajectory that the robot could ideally execute at maximum
speed.

The trajectory scaling firstly applies a path-velocity decomposition to the desired tra-
jectory as shown in (3.2)–(3.3). Subsequently, it computes online the optimal scaled
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Figure 3.3: The Flexible Execution and Safety Layers architecture.

velocities in order to satisfy the constraint imposed by ISO/TS 15066 (3.14).

During the execution of the motion, mutual communication between the two layers is
enabled. The trajectory planning exploits the human tracking information and replans a
new trajectory when the previous one becomes infeasible, as explained in Section 3.4.1.
The trajectory scaling immediately parametrizes the new trajectory and starts following
the new path. At each iteration, it returns to the trajectory planning the actual state
of the trajectory. Moreover, when the scaling factor decreases too much, the trajectory
scaling sends a signal to the trajectory planning requesting for a new trajectory to be
planned, as it is becoming inefficient, see Section 3.4.2.

It is worth noting that during the real-time execution the two algorithms work in parallel,
relying on the last available data sent by the other algorithm. For an optimal behavior,
the scaling algorithm should work at a frequency at most equal to that of the robot
control.

3.4.1 Trajectory Planning

The role of this layer is to find a trajectory qdes(t) for the robot that is collision-free
and that the robot can execute at maximum speed. Since the human behavior is in
general unpredictable it is not possible to use a strategy that computes offline an optimal
trajectory, as in short time it could become infeasible causing collisions between the
human and the robot. The trajectory planning aims at continuously maintaining a
collision-free trajectory, adapting it online when required.

The trajectory planning is implemented according to the pseudo-code reported in Algo-
rithm 4. The trajectory planning needs as input the initial and the final configuration,
respectively qi and qf , and the length of the horizon trajectory that will be checked
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Algorithm 4 TrajcetoryPlanning()
1: Require: qi,qf , N
2: qdes(t)← plan(qi,qf )
3: send(qdes(t))
4: qc ← qi

5: while qc ̸= qf do
6: h← horizon(qc, N)
7: for i = 1 : N do
8: if not_feasible(h(i)) then
9: qdes(t)← replan(qdes(t),qdes(h(i− 1)),qf )

10: break
11: end if
12: end for
13: if β then
14: qdes(t)← replan(qdes(t),qc,qf )
15: end if
16: update_qc()
17: end while

N (Line 1). It immediately plans the maximum speed trajectory qdes(t) that the robot
could perform (Line 2). The function plan can be implemented using different strategies
available for robotic applications, see e.g. [70–72]. Subsequently it sends the trajectory
to the trajectory scaling layer (Line 3) and it sets the current trajectory state qc equal
to the initial configuration qi (Line 4). From this point the algorithm starts to loop until
the entire trajectory has been executed (Line 5). In the loop, the dynamic planner first
creates the horizon h starting from the actual state (Line 6). This horizon represents
the set of the future configuration that are analyzed to check if the trajectory is still
feasible (Line 7 – 8). In case an infeasible configuration is found a new feasible trajectory
is planned through the function replan (Line 9). The replan function is responsible of
planning a new trajectory that goes from a desired configuration, in this case the last
feasible one q(h(i − 1)), to the final goal. Moreover, the replan function merges the
new trajectory with the previous one and sends the resulting trajectory to the trajectory
scaling. Subsequently, the dynamic planning algorithm reads if there is a request to
replan a new trajectory due to the inefficiency of the current one, i.e. β is equal to one
(Line 13). This request is given by trajectory scaling layer, as described in Section 3.4.2.
If there is the request, a new trajectory starting from the actual configuration is com-
puted (Line 14). Lastly, the actual configuration is updated exploiting the information
coming from the trajectory scaling in (3.20) (Line 16).

The replan algorithm is presented in Algorithm 5. The algorithm takes as input the

Algorithm 5 replan()

1: Require: qdes(t),qrp,qf

2: qnew(t)← plan(qrp,qf )
3: qdes(t)←merge(qdes(t),qnew(t))
4: send(qdes(t))
5: return(qdes(t))

actual planned trajectory qdes(t), the starting configuration of the new trajectory qrp
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and the final desired configuration qf (Line 1). It firstly plan a new trajectory qnew(t)

that goes from the starting configuration of the new trajectory qrp to the desired goal
qf (Line 2). The new trajectory is then merged with the old one (Line 3). This merging
procedure replaces the part of the old trajectory from qrp to qf with the new trajectory
such that: 

qnew(ti,new) = qrp,

q̇new(ti,new) = q̇rp,

q̈new(ti,new) = q̈rp,

ti,new = trp,

(3.15)

where ti,new and trp are the initial time of the new trajectory and the time corresponding
to the replanning configuration qrp, respectively. q̇new(ti,new) and q̈new(ti,new) are the
velocity and the acceleration of the new trajectory at the starting time, while q̇rp q̈rp

are the velocity and the acceleration that the robot should have when it reaches the
replanning configuration. Both trp, q̇rp and q̈rp can be obtained analyzing qdes(t). Lastly,
the updated trajectory qdes(t) is sent to the trajectory scaling (Line 4) and returned to
the dynamic planner (Line 5).

3.4.2 Trajectory Scaling

Starting from the output of the dynamic planner, the goal of the trajectory scaling is to
regulate the robot velocity without violating the safety constraint expressed in (3.14).
When a human and a robot cooperate the environment could be highly dynamic, for
this reason the robot must follow exactly the same path coming from the upper layer,
since a deviation from the planned path could cause a collision. The trajectory scaling
aims at scaling only the magnitude of the velocity ṡ, assuring that the executed path is
collision-free.

This is achieved in two steps. Firstly, by applying the path-velocity decomposition as
shown in (3.2) – (3.3). Secondly, by solving the following optimization problem:

min
α
−α,

s.t.

Jri(q)q
′(s)ṡα ≤ vmaxi ∀i ∈ {1, . . . , n},

q̇min ≤ q′(s)ṡα ≤ q̇max,

q̈min ≤
q′(s)ṡα− q̇

Tr
≤ q̈max,

0 ≤ α ≤ δs.

(3.16)

α ∈ [0, δs] is the optimization variable and represents the scaling factor. δs is a variable
that will be exploited in Chapter 4, while for this moment it can be considered always
equal to 1. Jri(q) ∈ R1×n is a modified jacobian that takes into account only the scalar
velocity towards the human operator of the i-th link. This modified version of the
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jacobian is required as the velocity constraint imposed by the ISO/TS 15066 (3.14)
limits only the velocity that reduce the human-robot distance, i.e. the velocity towards
the human. vmaxi ∈ R is the velocity limit imposed by the ISO/TS 15066 for the i-th
link. q̇min ∈ Rn and q̇max ∈ Rn are the joint velocity lower bounds and the joint velocity
upper bounds, respectively. While q̈min ∈ Rn and q̈max ∈ Rn are the acceleration limits.
q̇ ∈ Rn is the actual robot velocity and Tr is the robot execution time.

The modified jacobian Jri(q) is expressed as:

Jri(q) = n⃗T
i

[
Ji(q) 0̄

]
(3.17)

where n⃗i = {nxi , nyi , nzi , 0, 0, 0} is the unit vector representing the direction that goes
from the i-th robot link to the human. The method used to compute this unit vector is a
design parameter, e.g. it can be found representing both the robot and the human links
as capsules and computing the minimum distance [73]. Ji(q) ∈ R6×i is the i-th jacobian,
i.e. the jacobian matrix that relates the firsts i joints velocity to the linear and angular
velocity of the i-th link, and 0̄ ∈ R6×(n−i) is a matrix with all zero elements.

The optimization problem (3.16) is a convex problem and computationally cheap, since
the only factor that affects the convergence is the problem dimension, i.e. the number of
joints and links. Thanks to its convexity, the solution obtained by the solver is always
the global minimum of the cost function, i.e. the maximum admissible scaling factor.
Moreover the problem has always a feasible solution. When the human operator is very
far from the robot, the robot is allowed to move at the desired speed, i.e. α = 1 that
is the maximum speed as seen in Section 3.4.1. When the human approaches the robot,
the safety standards require to decrease the velocity until, in the worst case, stopping
the robot. This is guaranteed by the solution α = 0.

The output of the trajectory scaling is then used to send the desired velocity to the robot:

q̇cmd = q′(s)ṡα, (3.18)

and the curvilinear abscissa s is updated accordingly:

snew = s+ ṡαTr, (3.19)

Lastly, the new robot configuration that is given to the dynamic planner for the replan-
ning procedure (see Algorithm4, Line 16) is equal to:

qc = q′(snew). (3.20)

However, greatly reducing the robot velocity is a very conservative strategy and it strictly
decreases the overall efficiency. Sometimes it could be more convenient for the robot to
move away from the human and execute another trajectory. For this reason it has
been implemented a step signal that requests to the dynamic planner the replan of new
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Figure 3.4: Setup of the Flexible Execution and Safety Layers experiments.

trajectory:

β =

1 α ≤ αmin

0 otherwise
(3.21)

where αmin is a predefined threshold and represents the lower desired bound for the
scaling factor.

When β is high a replan request is sent to the trajectory planning and a new trajectory
is planned (see Algorithm 4, Line 13).

3.5 Validation

The proposed two-layers framework has been experimentally validated on a Pilz PRBT,
a 6-DoF manipulator for industrial application. To track the movements of the human
right arm it has been decided to exploit six OptiTrack Primex cameras with the OptiTrack
Motive software [74]. A complete setup of the experiments is shown in Figure 3.4. Where
it is possible to see the Pilz PRBT manipulator, which is placed on a mobile robot, three
of the six OptiTrack Primex cameras and a wooden rod with the OptiTrack markers to
track the right arm of the human operator (red circle). All the software components
were developed using ROS Melodic Morenia meta-operating system and they ran on a
Intel(R) Core(TM) i7-10510U with Ubuntu 18.04. The dynamic planner layer is based
on the RRT-Connect algorithm [75] and it is implemented using MoveIt Motion Planning
Framework [76]. The trajectory scaling layer exploits the C code generated by CVXGEN
[77] to solve the optimization problem (3.16). For simplicity, the modified jacobian Jri is
applied only to the end-effector while n⃗i is the unit vector of minimum distance between
the i− th robot link and the human operator arm. The minimum distance is computed
representing both the robot links and the human arm as capsules, see [73].

Concerning the frequencies, the communication with the robot works at 50 Hz while the
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Figure 3.5: Snapshots of the Flexible Execution and Safety Layers experiments.

optimization problem converges in 1 ms. The OptiTrack, instead, works at a frequency of
240 Hz. Since the PRBT has not a real-time velocity ROS interface, it has been decided
to position control the robot integrating the solution coming from (3.16) at 20 Hz.

In the experiment the robot has to go continually from the initial configuration,

qi = {1.57,−0.4, 1.17, 0.0, 1.57, 0.0}

to the final configuration

qf = {−1.57,−0.4, 1.17, 0.0, 1.57, 0.0},

and vice versa.

The snapshots of the experiments are illustrated in Figure 3.5. Initially, the human
operator is very far from the robot, i.e. he is in the green area of the SSM (see Figure 3.1).
In this phase, illustrated in Figure 3.5a, the robot is allowed to move at maximum
speed, following the nominal planned trajectory. The resulting trajectory is shown in
Figure 3.6. Subsequently, the human operator approaches the robot causing the scaling
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(a) Nominal Positions (b) Real Positions

(c) Nominal Velocities (d) Real Velocities

Figure 3.6: First part of the experiment, nominal execution.

of the trajectory, as shown in Figure 3.5b. This is due to the fact that, according to
the safety limit imposed by ISO/TS 15066 (3.14), the maximum speed allowed towards
the human operator decreases. The Figures 3.7a and 3.7b show the position and the
velocity of the nearest human point in the robot reference frame, respectively. As a
consequence of the approaching behavior, in the first phase the x component increases
and its velocity is positive. While during the scaling, the velocity components are very
low. Figures 3.7c and 3.7d show the behaviour of the scaling factor and demonstrate
that the safety constraint is not violated, respectively. In the graph only the velocity of
the end-effector towards the human vHee is shown. It is worth noting that the robot slows
down only in the first part of the trajectory, i.e. from t = 1.1 sec to t = 1.95 sec. This
is because the robot is going towards the human operator. In the second part, i.e. when
it moves away, it goes at higher speed, restoring the nominal behavior. As a matter of
fact, at t = 1.95 sec the scaling factor increases. A comparison between the planned
trajectory and the scaled one can be found in Fig 3.8.

In the next part of the experiment the human operator hinders the robot, making the
trajectory infeasible. The dynamic planner layer takes care of planning a new one,
avoiding the human operator, and the robot is able to reach the desired configuration.
This is demonstrated with the snapshots in Figures 3.5c and 3.5d.

In the last part of the experiment, the human operator goes very close to the robot,
causing a drop of the scaling factor. When α ≤ αmin = 0.2 the trajectory scaling layer
sends a step signal β = 1 to the dynamic planner requesting for a replan of a more
efficient trajectory, as explained in Section 3.4. The evolution of the scaling factor and
the signal is shown in Figure 3.9, while the replanning is illustrated in Figure 3.5e. The
replanning strategy is successful and the robot is free to restore its behavior, completing
the trajectory.
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(a) Human Position (b) Human Velocity

(c) Scaling Factor and Step Signal (d) Velocity Constraint on the EE

Figure 3.7: First part of the experiment, scaling of the trajectory.

In order to demonstrate the effectiveness of the architecture, the same experiment is
performed without sending the replan request when the scaling factor is too small. As
shown in Figure 3.5f, when the human operator goes very close, the robot stops and it
stays stuck until the human operator leaves. Intuitively, this solution without the replan
signal strictly depends on how long the human operator stays close to the robot. For
this reason, a comparison on the execution times of the different strategies would not be
very interesting.
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(a) Nominal Positions (b) Real Positions

(c) Nominal Velocities (d) Real Velocities

Figure 3.8: Second part of the experiment, comparison of the trajectories.

Figure 3.9: Last part of the experiment, replanning request.
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Chapter 4

Safety Aware Control Architecture

This chapter reports the development of the Safety Aware Control Architecture the ROSSINI
project. Problems related to the integration of the Cognitive Layer and the Flexible Exe-
cution and Safety Layers are reported. Furthermore, a brief explanation of the Perception
Layer and of the RS4 system and subsequently of their integration in the architecture is
reported. Finally, the chapter concludes with the experimental validation in the use cases
of the project.

The work presented in this chapter is published in [4, 6, 7].
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4.1 Introduction

After the development of the cognitive layer and the flexible execution layer, the next step
of the ROSSINI project is to integrate the two architectures into one large framework
called safety aware control architecture. Furthermore, this architecture also contains
the perception layer and the RS4 safety architecture developed within the project. The
purpose of this framework is to collect and unite all technologies concerning both the
control and safety features of the robot to create a framework that may lead to make a
general robot more autonomous and safe.

To this purpose it has been necessary to modify both the cognitive layer and the flex-
ible execution and safety layers. This is because both the scheduling and the planning
strategies are two independent modules and it was necessary to enable not only the mu-
tual integration between them but also to exploit the information provided by all the
other layers to improve the behavior of the architecture. Moreover, these modules must
be integrated with the output of the RS4, responsible of the safety, and of the percep-
tion layer, i.e. the semantic scene map, responsible of enriching the data with semantic
information.

Integrating all these modules it has been possible to create an integrated and safe ar-
chitecture that can be used to solve the task allocation and motion planning problem
(TAMP) in real industrial scenarios. The framework combines the estimation of the real
execution time of the human operator and the safety limits imposed by the regulations
to ensure a natural, flexible and safe collaboration. In literature, the TAMP problem
is usually solved by using a centralized approach, where a single entity is responsible of
the task allocation and motion planning, see e.g. [78–80]. However this approach was
outside the scope of the ROSSINI project, which aims at creating a scalable and modular
architecture.

The main contributions of this work are:
• A modular and integrated framework for addressing the TAMP problem.
• The experimental validation in real and complex industrial scenarios.

4.2 Architecture

The proposed architecture is represented in Figure 4.1, where three components may be
distinguished:

1. RS4 Layer, which is responsible of tracking the human operator and the robot
inside the collaborative setting in a safe certified way. It takes as input all the
data coming from the safe sensors, combines them to define the zones occupied
by the two actors and defines the maximum allowed robot speed according to the
ISO/TS 15066.

2. Perception Layer, which is responsible of tracking the human operator and the
robot in the collaborative setting in a non-safe certified way. It takes as input the
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Figure 4.1: The Safety Aware Control Architecture.

data coming from the non-safe sensors and the output of the RS4 layer to generate
the dynamic safety shell for both agents. Moreover, it is capable of detecting also
semantic information and understand if something in the job has changed and
update the job data accordingly.

3. Cognitive Layer, which is responsible of scheduling the tasks between the two
actors. It firstly build the optimal nominal schedule tasking as input the data of
the job to be performed. Subsequently it adapts online the schedule to face the
possible deviations that may arise during the real collaboration/interaction.

4. Flexible Execution and Safety Layers, which is responsible of planning the
collision-free trajectories for the robot at runtime. It firstly exploits the knowledge
of the scene and the human zone to compute the trajectory. Subsequently, the
robot speed is adapted along the path accordingly to the velocity limit computed
by the safety layer and, if necessary, the overall trajectory is replanned.

The entire procedure starts with the definition of the data composing the job, i.e. tai

and wai. Initially, the task assignment block solves an optimization problem to build
a nominal schedule that minimizes the overall cost, while be compliant with both the
precedences and job quality constraints. Subsequently, the task scheduling assigns at
runtime the tasks to each actor, and if necessary, locally adapts the nominal schedule
considering the real execution time or the human preferences. The human tasks, is
forwarded to a proper communication interface, that allows the user to interact with the
framework. The goal of this communication interface is the same of the one implemented
in chapter 2, but the final implementation is case dependant, e.g. for the IMA use case
the partner TNO developed a smartphone application. The robot task, instead, is firstly
given to a database, in order to convert the single task into a set of intermediate goals that
the robot has to execute. Defined the goals, the planners plan a collision-free trajectory
that the robot could ideally execute at maximum speed. Lastly, the trajectory scaling
adapts at runtime the velocity along the path, ensuring both the collision avoidance, i.e.
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Figure 4.2: Discretization of a 3D area as a Voxel Map.

the collision-free path is not changed, and the compliance with the safety regulations and
sends the desired velocity to the low-level robot controller. If necessary, e.g., trajectory
becomes infeasible, the planner will change online the trajectory.

During the overall procedure, both the RS4 and the perception layers are always active.
In particular, the RS4 generates compute at runtime the maximum allowed robot speed
that is given to the scaling. Moreover, when it is necessary to stop the robot, the safety
layer implements two different strategies: it sends a safe stop to the robot controller,
ensuring the safety, and it sends a maximum allowed robot speed equal to 0.

It is worth to underline the differences between the final safety aware architecture and
the one that was originally defined in the ROSSINI project, see Figure 1.3. In particular
the dynamic shell generator has been included directly in the semantic scene map. Fur-
thermore, the safety layer is still part of the control layer, through the trajectory scaling
module, but it has also partially decomposed in a standalone module called RS4 layer.

4.2.1 RS4 Layer

The RS4, developed by the partner Datalogic, is in charge of generating a safe recon-
struction of the monitored environment using safe sensors data. All the data coming
from the sensors are fused and elaborated to generate a spatial representation of the
working environment called Voxel map [81]. This map is a discretization of the 3D space
in unit elements, called Voxels. A voxel represents a volume unit on a regular grid in
three-dimensional space as shown in Figure 4.2. A data structure associated with a voxel
can include information related to its status. As pixels in a 2D bitmap are represented
in memory as a 2D array of values or data structures accessed using couples of 2 coor-
dinates, voxels are represented as 3D arrays and accessed using triplets of 3 coordinates.
An important point to highlight is related to the procedure used to assign the occupancy
status to each voxel belonging to the map. Indeed, each voxel can have three different
status: free, occupied or occluded. Using this method, a conservative approach is al-
ways ensured during the definition of the space that need to be considered as a possible
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(a) (b)

Figure 4.3: Dynamic safety shells.

collision object for the robot. Indeed, considering critical also the space that cannot
directly being monitored, i.e. the occluded voxels, the worst-case scenario is considered.
After having the occupancy status of each voxel, a meaning label is assigned based on a
human–robot detection algorithm, where each voxel is labelled as human or as a robot
voxel. After that, minimum distance is calculated as the Euclidean distance between the
closest voxels belonging to the clusters of voxels which are related to the human and to
the robot and the robot-human direction can found as:

n⃗RH =
xH − xR

dmin
, (4.1)

where xH and xR are the position of the closest human and robot voxel, respectively,
and n⃗RH is the unit vector representing the robot-human direction. Moreover, the closest
human point and the closest robot point are also exploited to compute the maximum
velocity limit for the robot substituting in (3.14).

Equation (4.1) may not always have a solution, i.e. dmin = 0. This occurs when the
human operator touches the robot and the two voxel maps converge into one1. In this
case, the algorithm developed by Datalogic recognizes this situation and provides a stop
signal to the robot via its safety interface. This ensure a safe stop. Furthermore, this
signal is also forwarded to the flexible execution and safety layers which sets δS = 0 in
(3.16).

4.2.2 Perception Layer

The perception, developed by the partner Iris, has the task of generating an unsafe recon-
struction of the entire working scenario by merging both the data of the unsafe sensors
and the output of the RS4 layer. In particular, the perception layer takes advantage of
artificial intelligence techniques to perform two different tasks. First, both the operator
and the robot are represented with dynamic safety shells, i.e. variable radius capsules as

1This may happen in any HRC scenario without violating the safety, e.g. the robot is moving away
and the human operator decides to touch it.
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shown in Figure 4.3. These shells are exploited by the flexible execution and safety layers
to perform the collision avoidance. The other task performed by the perception layer is
the detection of the objects in the scene. With this process, the semantic map returns,
for each object, its position in space with a good precision and, if possible, its seman-
tic status. Thanks to the addition of this semantic information, the perception layer is
able to evaluate changes in working conditions, e.g. an object is damaged. Variations
of this type can be used to reinitialize the overall procedure, starting from a new task
assignment.

4.2.3 Cognitive Layer

The role of this layer is to optimally schedule the tasks between the human and the robot,
in order to reduce the waiting time and to improve the overall performances of the HRC.
This is achieved in two steps. The first, carried out by the task assignment block, with the
aim of assigning and scheduling tasks based on nominal execution times. The second,
performed by the dynamic scheduler, that aims at adapting the schedule in real-time
taking into account the deviations from the nominal behavior. This is achieved based
on the Cognitive Layer presented in Chapter 2. Specifically, the rescheduling strategy is
improved in order to embed also the planning information.

Starting from the representation of the job as an acyclic graph G = (T,E), as shown in
Figure 2.2, the task assignment distributes the tasks over the levels and generates the
first nominal schedule by solving the optimization problem in (2.3). The output of the
optimization problem are the two nominal SH and SR.

Starting from this, the dynamic scheduler is responsible for adapting online the two
nominal schedules taking into account all the deviations from the nominal behavior and
exploiting the task planning information. When two humans collaborate, they are able
to adjust their behavior according to what is currently happening. If one human being
is slow, the other can compensate by speeding up. If one human is working in a cer-
tain area, the other can perform tasks that are far away first, so as not to get in the
way. The dynamic scheduler aims at reproducing this natural synergy with a consequent
improvement of the HRC.

To achieve this, firstly the human operator is monitored in real time when performing the
task in order to estimate the real execution time. This data is then exploited to evaluate
online the real value of the cost function in (2.3). Since the cost function value has
changed, it may be convenient to reschedule some tasks for the robot. The rescheduling
procedure exploits a penalty cost γi, defined for each task, allowing to choose the most
suitable task for the robot at that moment. The higher this penalty cost, the lower
the priority of executing the task at that time. The penalty function is implemented
according to the following equation:

γi = ∆Gi + isHAi + isFAi +M · preci −m · succi (4.2)

where ∆Gi represents the variation of the cost function in (2.3) that would occur if
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the robot performed Ti at this moment. isHAi and isFAi are two boolean variables
exploited for encoding the planning information inside the scheduling procedure. If the
human operator is occupying the area where the robot will have to perform the task, it
is very likely that the planner will not be able to plan a collision-free trajectory, failing
to execute it, or that it will have to significantly reduce its speed, causing a drop in
performance. This is handled by setting the variable isHAi equal to one. A different
situation occurs when the planner has failed to perform a task. It may happen that the
human operator is not exactly in the area that the robot needs to reach, but his current
position makes it impossible to plan a feasible trajectory. In this case, it is preferable
to assign tasks that take the robot elsewhere, setting isFAi to one for all the tasks in
that area. Finally, the variables preci and succi represent the number of precedence
and successor tasks that have not yet been concluded. These variables are multiplied
respectively by a large constant M and a small constant m, guaranteeing a high cost if
the precedences have not yet been executed and favoring tasks with more successors.

The procedure that takes into account this penalty cost, namely the dynamic scheduler,
is implemented according to the pseudo-code reported in Algorithm 6. The algorithm

Algorithm 6 DynamicScheduler()
1: Require: SH ,SR

2: EndH , EndR ← false
3: Fail← false
4: l← 1
5: while l ≤ L do
6: if EndH then TH ← next(SH)
7: end if
8: (treal, HA)←monitorH()
9: updateG(treal)

10: if Fail then FA← setFA(TR)
11: end if
12: ΓR ← computeGamma(SR, HA,FA)
13: if EndR or Fail then
14: TR ← assign(ΓR, TH , SR, SH)
15: Fail← false
16: end if
17: EndH ← checkEndH()
18: (EndR, Fail)← checkPlanner()
19: if TH = ∅ and TR = ∅ then
20: l← l + 1
21: end if
22: end while

needs as an input the nominal tasks schedules SH and SR (Line 1). It immediately sets
to false the two variables EndH and EndR, which identify when the respective agent
has concluded the task and it is available to start a new one, and the variable Fail,
which identifies when the planning level has failed (Lines 2-3). At this point, it initializes
the overall schedule at the first level and it starts a loop to iterate thorough all the
levels of the schedule (Lines 4-5). Inside the loop, the algorithm firstly checks if the
human has finished in order to assign a new task (Line 6). Subsequently it exploits the
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human monitoring data to get bot the real execution time of the human operator and its
occupancy area and it updates the cost function G (Lines 8-9). At this points, defining
k as the number of completed tasks, the algorithm checks if it is necessary to update the
failing area and computes

ΓR = {(Tk+1, γk+1), . . . , (TN , γN )}

namely the tuple containing the tasks not yet completed with the corresponding penalty
costs2 (Lines 10-12). It is worth noting that γi is calculated for all remaining tasks,
regardless of whether they were initially assigned to the robot or the human operator.
This means that the robot, if necessary, can perform a task that was initially assigned
to the human. If the robot is available, then the algorithm assigns the cheapest task
to the robot, updating the schedules SR and SH , and sets to false the variable Fail

(Lines 14-15). The assign() function can be implemented using a well known sorting
algorithm, but it must also ensure that the same task is not assigned to both agents and
that the next robot task is not too expensive, i.e. precendences not yet completed or
task incompatibility. Finally, the algorithm checks if the human operator and the robot
have concluded their tasks or the planner has failed (Lines 17-18) and if the level of the
schedule has been concluded, i.e. the two agents have no tasks (Lines 19-20).

Each task TR is then converted into a desired final configuration, whose information is
stored into a database.

4.2.4 Flexible Execution and Safety Layers

The role of this layer is to execute the task while ensuring safety for the human operator.
This is achieved in two steps. The first, carried out by the trajectory planner block, with
the aim of planning a trajectory that is always collision-free. The second, performed by
the trajectory scaling, with that of adapting the velocity along the path, ensuring safety.
To this aim the flexible execution layer presented in Chapter 3 has been extended. In
particular, these are the features changed:

• The dynamic planner exploits the capsules developed by the perception layer to
detect collisions with the human operator.

• The dynamic planner returns if the task has been completed or the trajectory is
failed.

• The trajectory scaling exploits the data computed by the RS4 and δS ∈ (0, 1) to
ensure safety for the human operator.

• The signal β of the trajectory scaling has been deactivated to avoid the request of
a better trajectory.

2If the number of tasks is large, evaluating γi for all the tasks could be a very demanding procedure.
This can be addressed by limiting the computation to only the tasks that were originally scheduled in
the actual level and in a future desired horizon.
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Figure 4.4: Setup of the Lab experiments.

4.3 Validation

The proposed overall architecture has been experimentally validated on five different sce-
narios. The first one has been carried out in a custom collaborative scenario and focused
on validating the integration between the cognitive layer and the flexible execution and
safety layers. The second one validate the overall integration inside the company Data-
logic, partner of the project. The other three scenarios are the industrial use cases of the
project, i.e. Whirlpool, Schindler and IMA.

4.3.1 Lab Scenario

The first experiment regard only the integration of the technologies developed by UNI-
MORE. To this aim, both the perception layer and the rs4 layer have been substituted
with the Optitrack system, as previous done in Chapter 3. The complete setup for the
experiments is shown in Figure 4.4, where it is possible to notice two wristbands used to
track both human wrists with the OptiTrack.

Table 4.1 reports a detailed description of all the tasks composing the collaborative
job, while the data required by the scheduling layer is shown in Table 4.2, where the
same heuristics of Section 2.7 are used. The column i → j represents the precedence
constraint, e.g. tasks T6 and T7 must be executed before tasks T4 and T5. The nominal
durations have been defined by performing the tasks multiple times and computing the
average time. The intrinsic costs, instead, have been defined using our experience and
knowledge in the collaborative job. It is worth noting that T1 = T2 = T3, e.g. there are
three tasks that are the same, and for these tasks wRi is very high, this is because the
robot is not capable in executing the USB packaging action. Table 4.3, instead, reports
the data used in the scaling optimization problem.
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Table 4.1: Lab Tasks Description

Task Index Description

1 Packaging USB key.

2 Packaging USB key.

3 Packaging USB key.

4 Pick&Place circular shape.

5 Pick&Place cross shape.

6 Pick&Place square shape.

7 Pick&Place U shape.

8 Pick&Place weight.

9 Pick&Place weight.

Table 4.2: Lab Task Assignment Data

Task
Index wRi tRi wHi tHi i → j Area

1 1000 - 0.4 25 - 1

2 1000 - 0.4 25 - 1

3 1000 - 0.4 25 - 1

4 0.1 12 0.4 15 - 2

5 0.1 12 0.4 15 - 2

6 0.1 12 0.4 15 4, 5 2

7 0.1 12 0.4 15 4, 5 2

8 0.5 25 0.8 10 - 3

9 0.5 25 0.8 10 - 3

Exploiting this data, the task assignment block solves the optimization problem (2.3) in
100ms whose result are the following optimal nominal schedules:

• SH = {[2, 3, 8], [1]}
• SR = {[6, 7, 9], [4, 5]}

Starting from the output of the task assignment, the dynamic scheduler is then tested
into three different scenarios: when the human operator is very slow in executing the
tasks, the human hinders the robot during the collaboration, the human is inside the
same working area of the next robot task. In particular, the first scenario is performed
twice: first with a baseline architecture and, later, with the proposed architecture. The
baseline architecture is a simplified architecture that does not implement any rescheduling
strategy and, therefore, waits for the completion of all the tasks of each level. The other
two scenarios are necessary to show how the proposed architecture dynamically adapts
the schedule both in the case of planning failures and in the case of already occupied
working area, validating the overall architecture. A set of snapshots illustrating the
experiments can be found in Figure 4.5.
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(c) (d)

(e) (f)

Figure 4.5: Snapshots of the Lab experiments.
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Table 4.3: Lab Planning Data Description

Data Value

amax −3.71 m/s2

Tr 0.002 s
C 0.21 m
Zd 0.0 m
Zr 0.01 m

q̇max = −q̇min 3.14 rad/s
q̈max = −q̈min 6.28 rad/s2

A detailed comparison of the timing of the experiments in the first scenario is reported
in Figure 4.6. Figure 4.6a shows the ideal optimal nominal schedule computed by the
task assignment block exploiting the nominal durations, i.e. the schedule that would be
obtained if there were no deviations from the nominal behavior. In Figure 4.6b, instead,
the real schedule obtained with the baseline architecture is reported. Initially, both the
human operator and the robot start to follow the ideal nominal schedules, as shown in
Figure 4.5a. However, according to the proposed scenario, the human operator is slow in
executing the assigned tasks, and in the meanwhile the robot is able to conclude the first
three tasks, i.e. tasks T6, T7, T9. Since no rescheduling procedure is allowed, the robot
stops and waits for the human to conclude all the tasks in first level of the schedule. This
is illustrated in Figure 4.5b. After the completion of task T8, the schedule passes to the
second level and two agents start again to execute their tasks, resuming the expected
behavior, as illustrated in Figure 4.5c. The total duration of the schedule obtained with
the baseline architecture is ttot = 110s.

The proposed architecture, instead, relies on the rescheduling strategy discuss in Sec-
tion 4.2.3 to dynamically adapt the schedules, compensating for the deviations from the
nominal behaviors and improving the performances of the HRC. The resulting schedule
is shown in Figure 4.6c. Unlike what happened with the baseline architecture, during
the execution the dynamic scheduler exploits both the OE-DTW algorithm to compute
the variation of the cost function G in (2.3) caused by the human delay and the skele-
ton tracking information to update the tuple of the penalty costs ΓR (see Algorithm 6).
After the robot has conclude all its tasks in the first level, the delay introduced by the
human operator would cause a drop of the performances, i.e. the parallelism criterion
in the first level is not achieved. For this reason the dynamic scheduler calculates that
is more convenient to reschedule T8 to the robot, helping the human and making the
collaboration more efficient. This is illustrated in Figure 4.5d. At this point, the robot
completes T8 and both agents are able to conclude the remaining schedules. It is worth
noting that in the graph the final schedule is composed by only one level. This is be-
cause, according to Algorithm 6, the dynamic scheduler anticipated all the tasks to the
first level, making the others empty. The total duration of the schedule obtained with
the proposed architecture is ttot = 100s. Comparing the two graph it is possible to see
that the proposed framework allows to reduce the total execution time by:

KPI =
TBL − TPR

TPR
=

110− 100

100
= 9% (4.3)
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Figure 4.6: Gantt Chart of the schedules for the first scenario.

In addition to the total time, a great improvement with the proposed architecture can
be seen in the robot behavior. With the presented dynamic rescheduling strategy, the
robot is able to execute a task instead of the human, helping in the job. With the
baseline architecture, instead, the robot waits until the entire level is concluded, without
compensating any human delay. Furthermore, the baseline architecture is not capable of
assigning a new task if the human obstructs the robot, introducing useless waiting time,
i.e. the planner continues to search for a feasible trajectory. This is shown in Figures
4.5e and 4.5f.

4.3.2 Datalogic Scenario

The first integration test of the entire architecture has been carried out in a human-robot
collaboration scenario in Datalogic that has been set up for experimental purpose. The
robot used is a UR10, that is velocity controlled at f = 250 Hz. A complete setup of
the experiments is shown in Figure 4.7, where the safety cameras developed by Datalogic
can be distinguished. These cameras works at f = 24 Hz and returns both the voxels
maps and the closest human operator and robot points. These points are then exploited
to compute the robot-human direction required by the flexible execution layer.

During the experiments, the human operator and the robot have to fill two different
boxes with fruit juices, in one box and in the other. A detailed description of the tasks
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(a) (b)

Figure 4.7: Setup of the Datalogic experiments.

Table 4.4: Datalogic Tasks Description

Task Index Description

1,2,3,4 First box: Pick & Place of the juice.

5,6,7,8 Second box: Pick & Place of the juice.

Table 4.5: Datalogic Task Assignment Data

Task
Index wRi tRi wHi tHi i → j

1 0.6 10 0.1 15 -

2 0.6 10 0.1 15 -

3 0.6 10 0.1 15 -

4 0.6 10 0.1 15 -

5 0.6 10 0.1 15 1,2,3,4

6 0.6 10 0.1 15 1,2,3,4

7 0.6 10 0.1 15 1,2,3,4

8 0.6 10 0.1 15 1,2,3,4
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Figure 4.8: Snapshots of the Datalogic experiments.

can be found in Table 4.4. Moreover, the first box must be filled before the two agents
can start to put the fruit juices inside the second box. All the data required by the task
assignment are listed in Table 4.5.

The schedule resulting from the optimization problem is the following:
• SH = {[T1, T2], [T5, T6]}
• SR = {[T3, T4], [T7, T8]}

Starting from the output of the task assignment layer, the dynamic scheduler was then
initialized and the two agents began to perform the collaborative job. The workflow of
the experiments is shown in Figure 4.8. Initially the two agents start to execute the
nominal schedule, i.e. the two agents perform exactly the assigned tasks, as shown in
Figures 4.8a – 4.8b. However, during the execution of T1 the human operator is late. For
this reason, the dynamic scheduler reschedules T2, assigning it to the robot, as it can be
seen in Figure 4.8c. At this point the two agents start to fill the second box, moving the
schedule to the second level. This is illustrated in Figures 4.8d – 4.8e. Again, during the
execution of T5 the human operator is late and T6 is executed by the robot, as shown in
Figure 4.8f. The resulting schedule is shown in Figure 4.9a.

In order to demonstrate the effecctiveness of the framework, the same experiment has
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Figure 4.9: Gantt Chart of the Datalogic experiments.

been performed with a baseline scheduling architecture. With this architecture, the
rescheduling procedure is not allowed. As before, the two agents start to execute the
nominal schedule and the human operator is slow. With this baseline architecture, when
the robot concludes all the tasks in the level it waits until the human operator executes
its own tasks. This lead to a consequent reduction of the performances. The resulting
schedule without the rescheduling procedure is shown in Figure 4.9b.

Comparing the two graph it is possible to see that the proposed framework allows to
reduce the total execution time by:

KPI =
TBL − TPR

TPR
=

75− 60

60
= 25% (4.4)

4.3.3 Whirlpool Use Case

The Whirlpool use case consists of the assembly of a washing machine on a produc-
tion line. Currently, this operation is done manually. The washing machine is placed
over a conveyor belt and, while it is moving, the human operator pick and place the
required counterweight inside the washing machine. Subsequently, while holding the
counterweight, the human operator screw and fix it inside the washing machine. This is
illustrated in Figure 4.10a.

This operation however is very exhausting for the human operator and, due to the high
weight of the counterweight, it may lead to back problems. The goal of the ROSSINI
project is to partially automatise this procedure, creating a collaborative scenario. The
situation is illustrated in Figure 4.10b. In particular, a human operator and a Fanuc
CR35-iA must work together in order to insert the counterweight inside the washing
machine. The robot is equipped with a custom gripper developed within the ROSSINI
project by VINTIV. The gripper is enriched with both an industrial 2D camera, which
is exploited to estimate the counterweight pose, and a safety skin developed by PILZ,
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(a) (b)

Figure 4.10: Working cycle of the Whirlpool use case.

(a) (b)

Figure 4.11: Setup of the Whirlpool use case.

which detects if some contact occurs. Since no velocity interface is available, the robot
is position controlled at Tr = 100 ms integrating the desired velocities computed by
the flexible execution layer. A photo of the setup is shown in Figure 4.11a. The main
challenge of this use case is to ensure a safe collaboration while the robot is carrying
such a heavy object. Moreover, the precision required during both the picking and the
insertion phase is very high. For use case requirements, the workspace has been divided in
three different zones: red, where only the robot can work , blue, where the collaboration
is enabled, and cyan, where only the human operator can work and the robot is not
allowed to enter. This is illustrated in Figure 4.11b.

The detailed list of all the tasks composing the job can be found in Table 4.6, while the
data required by the task assignment are listed in Table 4.7. It is worth noting that
both the costs and the times are already balanced; some tasks have a very high cost for
one agent over another. This is because, due to the characteristics of the use case, the
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Table 4.6: Whirlpool Tasks Description

Task Index Description

1 Wait new washing machine.

2 Pick the counterweight.

3 Track the washing machine.

4 Insert the counterweight.

5 Screw the counterweight.

6 Release the counterweight.

Table 4.7: Whirlpool Task Assignment Data

Task
Index wRi tRi wHi tHi i → j

1 0.1 20 999 999 -

2 0.1 20 999 999 1

3 0.1 20 999 999 2

4 0.1 20 999 999 3

5 999 999 0.1 20 5

6 0.1 20 999 999 6

tasks allocation has been chosen a priori. Moreover, it has been chosen not to allow any
rescheduling.

When the collaboration starts, the task assignment computes the following nominal
schedules:

• SH = {T5}
• SR = {T1, T2, T3, T4, T6}

At this point, the dynamic scheduler dynamically allocate the two tasks to each agent.
Since no rescheduling is allowed, the dynamic scheduler simply forwards the tasks syn-
chronizing the execution. A complete and detailed video of the use case can be found on
the ROSSINI YouTube channel3. Furthermore a series of snapshots of the working cycle
is shown in Figure 4.12. When the job starts, the robot waits for the washing machine to
be available. In this phase, if it is not in the home position, it goes over the counterweight
container, see Figure 4.12a. When it reaches the initial configuration and the assembly
line gives the signal of a new washing machine, the robot can start the execution of
T2. In this task, illustrated in Figure 4.12b, it exploits the 2D camera to acquire the
pose of the counterweight and picks the counterweight. Subsequently, it approaches the
assembly line, going outside the red area and entering in the collaborative zone. Once
it reaches the washing machine, it starts the execution of T3, which consists in tracking
the washing machine again exploiting the 2D camera, see Figure 4.12c. Subsequently,
it aligns with the washing machine and starts to insert the counterweight, i.e. execu-
tion of T4. This is shown in Figure 4.12d. At this point the real collaboration starts:

3https://www.youtube.com/watch?v=B2NanPArV6A
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(a) (b)

(c) (d)

(e) (f)

Figure 4.12: Snapshots of the Whirlpool use case.

the human operator screws the counterweight while the robot holds it firmly inside the
washing machine. This is the execution of T5, illustrated in Figure 4.12e. After the
screwing is completed, the human operator press the button over the gripper and the
robot release the counterweight going back in the home position, ready to start a new
job, see Figure 4.12f.

As already mentioned all the trajectories are computed through the flexible execution
layer, which is also responsible of adapting the speed of the robot if necessary. This is
demonstrate in Figure 4.13, where the robot is stopped during the execution of T6 in
order to be compliant with the safety standards.

Schindler Use Case

The Schindler use case consists of the assembly of an elevator panel. Currently, this
operation is done entirely by human operators who are guided step by step by the in-
structions on the screen. The assembly is made in two macro steps: the first one consists
in assembling the bottom part of the panel, composed by the buttons, while the second
one consists in assembling the top part of the panel, composed by the display. The actual

61



Figure 4.13: Robot stopped during the execution of T6.

(a) (b)

Figure 4.14: Working cycle of the Schindler use case.

station is illustrated in Figure 4.14a.

Schindler wants to entirely or partially automate this process, by exploiting the robot
capabilities. Since the assembly of the display requires high manipulation skills, e.g.
manipulation of cables, and there are also difficulties of electrostatic nature, it is not
possible to automate the entire process. For this reason, the ROSSINI consortium decided
to focus on the assembly of the bottom part of the panel, i.e. pick and place of the
buttons, creating a collaborative station as shown in Figure 4.14b. In particular, the
human operator has to collaborate with a new collaborative robot entirely built inside
the ROSSINI project by the partners SUPSI. This robot is a 6-axis robot with a payload
of 13.5 Kg and a reach of 1.0 m without a velocity interface. For this reason, the desired
velocities computed by the flexible execution layer are integrated and the robot is position
controlled at Tr = 20 ms. The robot is also equipped with a Robotiq 2-finger gripper
and a 2D camera, exploited to detect the number or symbol of the buttons. A photo of
the setup is shown in Figure 4.15a.

The detailed list of all the tasks composing the job can be found in Table 4.8, while
the data required by the task assignment are listed in Table 4.9. It is worth to underlie
that even if the human operator is capable of executing the assembly of the buttons, it
has been chosen an very high cost. The reason behind this choice is that, as already
explained, Schindler requested for the automation of the assembly of the buttons. For
this reason, changes in the task allocation, i.e. the rescheduling, are not allowed.

When the collaboration starts, the task assignment computes the following nominal
schedules:
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Figure 4.15: Setup of the Schindler use case.

Table 4.8: Schindler Tasks Description

Task Index Description

1 Pick and place of the panel board.

2 Scan of the barcode.

3 Order the buttons.

4 Fix the buttons to the frames.

5 Pick and place of the frames in the panel.

6 Screw the frames.

7 Pick and place of the display.

8 Wiring of the electronic parts.

Table 4.9: Schindler Task Assignment Data

Task
Index wRi tRi wHi tHi i → j

1 999 999 0.1 20 -

2 0.1 20 999 999 1

3 0.1 20 999 999 2

4 0.1 20 999 999 3

5 0.1 20 999 999 4

6 0.1 20 999 999 5

7 999 999 0.1 20 1

8 999 999 0.1 20 6
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Figure 4.16: Snapshots of the Schindler use case.

• SH = {T1, T7, T8}
• SR = {T2, T3, T4, T5, T6}

At this point, the dynamic scheduler starts to allocate the tasks to each agent, synchro-
nizing the tasks execution. A complete and detailed video of the use case can be found
on the ROSSINI Youtube channel4. When the job starts, the robot waits for the human
operator to place the elevator panel over the table, i.e. T1. Once tha panel is placed,
the human operator and the robot starts to collaborate, each one working on its own
task. Focusing on the robot, it firstly scan the panel to detect the model and the number
of the buttons, which is the execution of T2. Then, it starts performing T3. In this
task, it picks the buttons from the container5, pass them over a mirror, exploit the 2D
camera to detect the number or symbol of the buttons, and finally place them on the
correct position inside the casing. After correctly placing all the buttons on the casing,
the robot picks and places the frames over the buttons, i.e. T4. When all the frames
are placed correctly, the robot can start the execution of T5, which is the pick and place
of the frames the panel. This is illustrated in Figures 4.16a – 4.16b. Lastly, the robot
execute T6 which is the screwing of all the frames, fixing them to the panel, as shown in
Figures 4.16c – 4.16d. During these operations, the human operator executes the pick
and place the display in the panel, which is T1, and, after the execution of T6, proceeds
with the wiring of all the components.

During the overall collaboration, the safety layer is active and the flexible execution layer
scales the robot velocity based on the minimum human-robot distance. This is shown in
Figure 4.17.

4https://www.youtube.com/watch?v=eXB4mfTmV-k
5For simplicity, the buttons are placed inside a 3D-printed container, but their order is unknown. In

the final case, this will be replaced by a dispenser that will release the buttons in the same position in
a random order.
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Figure 4.17: Monitoring of the human operator.

Table 4.10: IMA Tasks Description

Task Index Description

1 Change gripper fingers.

2 Load reel.

3 Fix reel to the machine.

4.3.4 IMA Use Case

The IMA use case consists of of the autonomous replacement of raw-material reels to
an automatic machine. Currently, the operation is performed entirely manually by the
operator. The new reel is taken from the warehouse, loaded onto the machine and then
fixed.

However, very often the operator is busy performing other tasks and is not always able
to change the reel promptly. This leads to unwanted machine downtime. Furthermore,
due to the high weight of the reel, this loading and unloading operation may cause back
problems for the operator. The goal of the ROSSINI project is to partially automatise this
operation, creating a flexible collaborative scenario. In particular, a mobile collaborative
robot composed by a MIR500 and two UR10e work together in a large workshop. The
robot is in charge of changing the reel, while the human operator is responsible of fixing
it. The robot is equipped with a 2D camera in order to detect the real position of
the reels and the machine with respect to the robot. Moreover, the two manipulators
are equipped with two different grippers: a Robotiq 3F, used to remove the empty reel
from the machine, and a Zimmer pneumatic gripper, exploited for loading the reel. In
particular, the fingers of the Zimmer grip must be changed based on the reel dimensions.
The setup is shown in Figure 4.18.

The detailed list of all the tasks composing the job can be found in Table 4.10, while the
data required by the task assignment are listed in Table 4.11.

When the collaboration starts, the task assignment computes the following nominal

65



(a) (b)

(c) (d)

Figure 4.18: Setup of the IMA use case.

Table 4.11: IMA Task Assignment Data

Task
Index wRi tRi wHi tHi i → j

1 999 999 0.1 20 -

2 0.1 20 999 999 1

3 999 999 0.1 20 2

schedules:
• SH = {T1, T3}
• SR = {T2}

At this point, the dynamic scheduler sends the first task and the two agents start to
perform the job. A complete and detailed video of the use case can be found on the
ROSSINI YouTube channel6, while a series of snapshots is illustrated in Figure 4.19.

Initially, the human operator checks and, if necessary, changes the fingers of the Zimmer
gripper, while the robot waits as T1 is a priority. This situation is shown in Figure 4.19a.
Once the change of the fingers is complete, the operator confirms that it has been executed
and the dynamic scheduler assigns the reel load to the robot, which starts to approach

6https://www.youtube.com/watch?v=nCTmw5rmxcc

66

https://www.youtube.com/watch?v=nCTmw5rmxcc


(a) (b)

(c) (d)

(e) (f)

Figure 4.19: Snapshots of the IMA use case.

the warehouse. This can be seen in Figure 4.19b.

Upon reaching the warehouse, the mobile base stops and the manipulator performs the

(a) (b)

Figure 4.20: Voxel map representation.
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Figure 4.21: Dynamic replanning.

pick of the reel, shown in Figures 4.19c – 4.19d. In order to cope with any discrepancies
between the theoretical and actual position of the warehouse, in this phase the 2D camera
is exploited to identify the position of the reel with respect to the robot.

Once the pick is complete, the moving platform moves to the machine and proceeds
with the loading of the reel, Figures 4.19e – 4.19f. Once the reel is loaded, the task is
performed and the fastening request is sent to the operator, who proceeds to execute it.

During the experiments, the safety system is always active and it monitors the overall
workspace in order to both avoid collisions and to calculate the maximum robot speed. In
particular, Figure 4.20 shows the voxel maps of both the human operator and the robot
and the two closest points. Figure 4.21, instead, shows the replanning of the trajectory
in case an obstacles hinders the path.
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Chapter 5

A Resilient and Effective Task
Scheduling Approach For Industrial

Human-Robot Collaboration

The cognitive layer presented in Chpater 2 is capable of adapting at runtime the schedule
of the two agents based on the actual execution times and can delegate some tasks to
the human operator if a failure occurs. However, to achieve a more natural and realistic
collaboration, the scheduling strategy should be able to recover from errors when possible.
Furthermore, it should be also able to adapt to the human operator. This chapter presents
a resilient and effective task scheduling framework that addressed these issues, improving
the collaboration. The experimental validation shows that the proposed framework is
suitable for real industrial scenarios.

The work presented in this chapter is published in [3, 9].
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5.1 Introduction

Industrial applications where human and robot work closely together are becoming the
new paradigm of industrial settings. Collaborative robots can take over repetitive, chal-
lenging or dangerous tasks improving the well-being of the operators. There are multiple
challenges that emerge from this close collaboration. On one hand, the absence of bar-
riers makes it necessary to pay close attention to how to guarantee the safety of the
operator [82, 83]. On the other hand, it becomes necessary to understand how to create
a synergy between humans and robot that is as natural as possible, making the most out
of the collaboration [84]. Therefore, a strategy on how to allocate and schedule tasks
between human and robot is crucial to improve the human-robot team.

The basis of this strategy is an investigation of how the different tasks that make up
the work can be distributed best among the actors in the nominal situation, the task
allocation problem. The individual tasks are subject to constraints that prescribe how,
when and by whom the tasks can be executed.

The characteristics of a good task allocation are captured in the fluency concept that
relates to how well the operator and the robot are adapted to each other. Fluent collab-
oration benefits the work execution and the job-quality of the human operator. These
aspects are not captured by optimizing for task efficiency alone. There are subjective and
objective metrics for fluency available of which the latter ones can directly be used as an
optimization criterion. The objective metrics include the relative portion of functional
and non-functional delays of the actors, and the amount of parallel work [30].

The task allocation problem can be solved during the design phase and results in the
nominal schedule. This procedure has widely been investigated in other works. [85–88]
focused on heterogeneous multi-agent task allocation in industrial setting. While other
authors, e.g. [34–36], propose to model the human-robot collaboration (HRC) problem
as a nonlinear optimization problem. These strategies allow to find the best nominal
schedule.

Even if optimal, a nominal task schedule cannot guarantee a real improvement of the
collaboration. In the task execution phase, many factors come into play that cannot be
anticipated within the nominal schedule. This requires an efficient and resilient team that
can anticipate and adequately respond to these abnormalities. The requirements for an
efficient team of human and automated agents, i.e., robots have been formulated in [89]
and contributed to a design method in [90]. The requirements and the design method
were targeted at general automation challenges and applied in open ended scenarios.
The industrial practice is much more constrained and the irregularities that exist have
several common causes. Identifying these causes can help the design of resilient solutions
for task allocation.

Firstly, it may happen that not all the actors are always available to carry out the
collaboration, e.g., the robot has been dispatched to another work station. In this case
it would be highly inefficient to design again the job considering only the remaining
actors. It would be more convenient to consider this actor availability problem from
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the beginning and adapt the schedule accordingly. Secondly, the tasks may depend on
each other, i.e., there could be precedence constraints, and this interdependence must
be considered while ensuring the parallelism between the actors. Thirdly, the operators,
as human beings, are inherently different from each other, each with their own skills,
capabilities, or individual preferences. Some of them may need or prefer to be guided
more during the work, e.g., newly hired workers. For others, on the other hand, an
excess of information could be annoying and counterproductive from the job quality
perspective. Lastly, there is always the possibility that failures will occur that prevent
the correct execution. Therefore, a fallback scenario must be considered when designing
a scheduling strategy for HRC scenarios.

This chapter firstly presents how an industrial HRC process, with its irregularities during
execution time, can be formalized into a set of interdependent tasks. Secondly, it pro-
poses a novel adaptive task scheduling framework for collaborative cells. As a start, the
framework uses a database to understand how the collaborative job is composed out of
multiple interdependent tasks. Subsequently, at runtime, it monitors the task execution
to understand the human operator skills and the task result, i.e., failure or success. This
information is exploited to adapt the schedule online, making the framework flexible and
able to face most of the situations that may arise in a real HRC scenario.

The main contributions of this chapter are:
• A formulation of four primitive situations that encompass most of the scenarios

that could occur in a real HRC.
• A novel adaptive task scheduling framework that is effective and applicable to the

formalized situations, i.e., suitable for a real industrial application.
• The validation of the proposed framework in several variants, one for each situation,

of the same experimental scenario, proving the effectiveness of the framework.

5.2 Related Works

Different approaches were presented in the literature to deal with the problem of multi-
agent task scheduling. In [91] the author proposes a heuristic method in order to allocate
and schedule the tasks between multiple processors. The approach is based on the com-
munication time between the processors and the number of successor tasks, making it
suitable for the problem of handling precedence constraints. In [92] a branch-and-bound
procedure and a climbing discrepancy search heuristic for the parallel machine scheduling
problem with precedence constraints and sequence dependent setup times is proposed.
This algorithm can minimize the sum of the completion time and maximum lateness.
In [93] the authors propose a Load-Balance Scheduling Algorithm, which allows to allo-
cate and schedule the tasks in a multiprocessor system. The idea is to use an Earliest
Deadline First (EDF) heuristic to first create a n ordered tasks list. Then, based on the
actual workload, to allocate the task to one processor. In general, these solutions cannot
be directly applied in a HRC application, as they consider the presence of homogeneous
actors.
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In [94] the authors model the HRC working process as a chessboard setting, where the
decision of each actor is described by the chess piece move and formulated it as a Markov
game model. To optimize it, they propose a decentralized Deep-Q-network based MARL
(DQN-MARL) algorithm. In [95] the task scheduling is formulated as a Mixed-Integer
Linear Programming Problem (MILP) inspired by the Multimode Multiprocessor Task
Scheduling Problem. The cost function aims at reducing the total makespan and the
solution is obtained with a constraint programming model and the use of a Genetic
Algorithm (GA). In [96], instead, the authors propose the use of a Simulated Annealing
(SA) algorithm to find the optimal solution.

These works, however, do not consider the differences between individual operators. As
the scheduling procedure adapts to the robot that is available, e.g., considering the
robot workspace, it should also be able to modify the schedule based on the human
operator that is currently going to perform the collaborative job. In [38] an integrated
task allocation and task scheduling strategy for HRC is proposed. The task allocation is
solved offline exploiting a two-level feedforward optimization. Furthermore, this strategy
is enriched with a feedback procedure based on mutual trust to re-allocate the tasks
online. In [39] the authors propose a multi-criteria decision-making framework for task
allocation which generates a solution that best matches the criteria you want to optimize.
Moreover, in case of unexpected events, the algorithm can be exploited for re-scheduling
the remaining tasks. In [97] the authors propose a genetic algorithm that exploits human
and robot data, e.g., ergonomics or capabilities, to optimally schedule the tasks in a HRC
scenario. The actor characteristics are given offline as input by the user. In [40] a two-
level of abstraction and allocation for HRC scenario is presented. The first layer exploits
the use of the A* algorithm to optimize a cost function. The second layer, instead,
handles the task execution and the respective failures. If the system detects some errors,
it is possible to reschedule the tasks recomputing the optimal solution. In Chapter 2
a two-layer dynamic rescheduling framework is presented. The first layer builds the
nominal schedule solving offline a MILP problem, while the second layer exploits the
real human execution time to reschedule online the tasks. In this work the job quality
is considered inside the MILP problem both as data to be optimized and as constraints.
This work has been further extended in Chapter 4 to integrate the scheduling strategy
with the safety required by the robot trajectory planner.

Even if they adapt online based on what is currently happening, none of the proposed
works is so general to handle all the considered primitive situations at the same time:

1. Scarce resources

2. Parallelism between the actors

3. Different human operator skills

4. Errors during the execution

The proposed approach focuses on developing a resilient scheduling framework, that is
general and applicable to real industrial scenarios. Differently from other works, e.g.
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Figure 5.1: AND/OR graph representation.

[98], that are more oriented on the optimization and reduction of the total makespan.
The framework does not generate the nominal schedule, it is therefore to a large extend
supplementary to existing methods.

5.3 Problem Statement

Industrial Human-Robot Collaboration is characterized by multiple agents that work
toward a common goal. In this work, a situation where a human operator H and a
robot R collaborate in a shared workspace, namely the collaborative cell, is considered.
The human and the robot have a pre-defined task distribution which is defined by a set
of nominal task schedules. The agents must perform their respective tasks in order to
complete the collaborative job. A job typically represents an industrial process such as
the assembly of a product. In this work it is assumed that the nominal task schedules
have already been computed, e.g., solving the optimization problem in (2.3) or exploiting
other works like [99].

An effective representation of a general collaborative job can be achieved with an AND/OR
graph G = (T,E), as shown in Figure 5.1 [100]. Each node represents the task Ti while
each directed edge Eij means that the parent task Ti must be executed after child task
Tj . Multiple unlinked edges sharing the same parent represent an OR constraint. This
constraint imposes that the parent task can be executed only if at least one of the chil-
dren has been completed, e.g., T4 and T5 in Figure 5.1. Thanks to the OR constraint it
is possible to define multiple paths that lead from the same starting point to the same
end point, namely equivalent paths, e.g., T2 + T5 ≡ T1 + T3 + T4 in Figure 5.1. Where
the unlinked edges represent the OR relations, while the ones connected with an arc
represent the AND relations. For example in the Figure T6 can be executed after both
T3 and T4 or after only T5. In this work, the first tasks that belong to equivalent paths
are defined as equivalent tasks, e.g., T1 is equivalent to T2. When multiple edges share
the same parent and they are connected with an arc, they model an AND constraint.
This constraint imposes that the parent task can be executed only if all the children have
been completed, e.g., T3 and T4. The job is finished when the final task T6 is completed,
this does not require that all tasks in the job are completed.

Thanks to their structure, the AND/OR graphs intrinsically model both the parallelism
between the actors, which is required to reduce the waiting times, and the precedence
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Figure 5.2: The Resilient and Effective Scheduling architecture.

constraints between the tasks. Furthermore, through the OR constraints it is possible to
represent already in the design phase all the different situations that may arise due to
the available actor capabilities. This might be the temporary absence of an actor such as
a robot that is in maintenance, or an inexperienced operator that needs additions task
instructions. In this work only human operators are considered to have different skill
levels. To handle this, each human task is defined with the minimum expertise level that
is required from the operator to be able to perform that task. The robot is assumed to
have a fixed set of capabilities that are known during design time, which is common in
industrial settings.

Scheduling the task does not ensure that the actor will always perform it correctly. For
this reason, each task Ti is associated with recovery actions that allow to restore the
nominal behavior of the human-robot team. This set of actions can be very complex
and in turn represented with a AND/OR graph. For ease of reading, this set of actions
will be represented in the chapter as a single task. Moreover, the collaborative cell is
enriched with a task monitoring strategy that allows to check if the task execution has
been successful and, in case of failure, it provides information about the error. To achieve
this, many algorithms are already available in literature [101, 102].

The goal of this work is to design a scheduling framework that:
• Taking as input the skills of the human operator and its knowledge in the collab-

orative job, automatically schedules online the tasks between the different actors
choosing the most suitable path for the situation on the AND/OR tree.

• Automatically handles most situations and the failures that may occur within an
industrial scenario, making it suitable for HRC in industrial settings.

5.4 Architecture

The proposed framework is shown in Figure 5.2, where different components may be
distinguished:

• The Database block is responsible of storing all the information regarding the tasks
composing the collaborative job, through the Task Details block, and analyzing all
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the data to evaluate the desired metrics, this is achieved in the Data Evaluation

block.
• The Scheduler block, which is the core of the framework, takes care of choosing the

most suitable task for each actor online, considering the human operator capabilities
and the parallelism in the collaborative job.

• The Task Monitoring block oversees the task execution and it communicates to
the Database if the task has been completed or not. Moreover, in case of failure, it
gives information about the error so that proper recovery actions can be scheduled.

• The Human Capabilities block takes the result of the data analysis to estimate
the human operator capabilities and knowledge.

It is worth noting that in Figure 5.2 the overall framework has been presented. However,
the grey blocks are out of the scope of this work and have been included for completeness.

The overall procedure starts offline with the design of the AND/OR graph and inserting
all the tasks inside the database. Each task Ti is associated with its description and
requirements, i.e., the actor that must perform it, the precedence constraints as AND/OR
constraints and the minimal required expertise level. For example, T6 in Figure 5.1 can
be defined as following:

T6 : {description : ′′Final′′,

requirements :

{actor : H,

precedence : ′′(T3 ∧ T4) ∨ T ′′
5 ,

level : 1}}

Subsequently all these task definitions are passed to the scheduler, which searches along
the AND/OR tree to choose, for each actor, the tasks that best suit the current scenario,
e.g., operator experience, actor availability. This is achieved exploiting the data coming
from the others blocks. Once a task has been chosen, it is forwarded to the respective
actor who must perform it.

At this point the task monitoring block continuously checks which tasks have been con-
cluded and what the final task result is, i.e. success or failure. This information is also
stored inside the database and used for two different purpose. Firstly, in case of error,
it is exploited to choose a proper set of recovery tasks that may performed in order to
continue the collaboration. Secondly, it used by the data evaluation strategy in order to
increase or reduce the human operator expertise level. Finally, the scheduler is triggered
again to assign another task, until the collaborative job is concluded.

5.5 Scheduler

The scheduler is the core of the proposed framework and has the goal of distributing the
tasks among the available actors, i.e., humans and robots. It requires as input both the
AND/OR graph of the collaborative job, already defined in a previous design phase, and
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the availability of actors along with their skills and capabilities. These two inputs are
exploited to choose at runtime the best path for current scenario, tailoring the specific
needs of the human operator during the collaboration. Thus, the scheduler aims at
improving the synergy between the actors with a consequent improvement of the HRC.

The entire scheduling pipeline is implemented according to the pseudo-code reported
in Algorithm 7. The scheduler needs as input the AND/OR graph G coming from the

Algorithm 7 Scheduler()
1: Require: G, A, HL

2: EndJ ← false
3: for a ∈ A do
4: Freea ← true
5: FA ← pushback(Freea)
6: end for
7: while EndJ = false do
8: for T ∈ G do
9: if checkRequirements(T,FA) then

10: if checkLevel(T,G,HL) then
11: FA ← setBusy(T,FA)
12: TA ← pushback(T )
13: G ← discardEqTasks(T )
14: end if
15: end if
16: end for
17: for T ∈ TA do
18: R,E ← taskMonitor(T )
19: if R = ∅ then
20: continue
21: else if R = Executed then
22: if isFinal(T ) then EndJ ← true
23: end if
24: else if R = Failed then
25: G ← applyRecovery(T,E,G)
26: end if
27: TA ← remove(T, TA)
28: FA ← setFree(T,FA)
29: end for
30: end while

database, the set of available actors A, and the actual human operator expertise level HL

(Line 1). It immediately sets to false the variable EndJ , which is used to identify when
the collaborative job is concluded and instantiate to true the list of Boolean variables
FA, which indicates if each actor is free in order to start a new task (Lines 2 - 5).

Then, the algorithm enters a while loop where it continuously executes the overall pipeline
until the collaborative job has been finished. Firstly, the scheduler checks for each task
T if the requirements have been satisfied (Line 9). This is translated in checking both
if the respective agent is available to accept a new task and if the precedence tasks
have been executed. If this is the case, the algorithm checks if the level of the human
operator is sufficient to execute the task (Line 10). This condition allows the scheduler

76



to handle the “Different Operator Skills” situation detailed in Section It is worth noting
that if the actor of the task T is not the human operator, the function checkLevel()

always returns true. This is because the robot has always the required skills to perform
the tasks assigned to it. If the level check is also successful, the task T is scheduled to
the respective actor, who is immediately marked as unavailable, and it is added to the
list of the tasks to be monitored TA (Lines 11 - 12). At this point, all the equivalent
tasks of T are discharged and removed from the graph. Since the scheduler works online,
this procedure is necessary because otherwise it could happen that the algorithm runs
through two parallel paths, which is unnecessary to reach the goal.

Then the scheduler uses the database to check, for all the active tasks, the information
regarding the task monitoring (Line 18). The task monitoring strategy allows to detect
critical deviations in the collaboration. In turn, critical deviations from the nominal
behavior are translated into a failure which is stored inside the database. If no results
are available, the task is not concluded, and the scheduler continues to inspect the other
tasks (Line 20). In the other cases, the behavior of the scheduler depends on the type of
the result. If the task has been concluded, the algorithm only checks if this is a final task,
and the job is finished (Line 22). If the actor has failed, the scheduler locally adapts the
graph in order to generate a recovery procedure (Line 22). This local adaptation depends
on the type of error E coming from the monitoring and it is further detailed in Section
Lastly, the concluded task is removed from TA and the actor is marked as free (Lines 27 -
28).

5.6 Different Operator Skill

By definition, a HRC application is characterized by the presence of both humans and
robots. The differences between these two actors are quite intuitive. Human operators
are capable of very complex tasks, improving execution every time, but they can hardly
reach or work in hazardous environments. Robots, on the other hand, are less affected
by hazards in the surrounding environment, but they are not able to intrinsically learn
from their last task execution.

Unlike robots, the human is never a constant factor, human operators have different
skills, which can be improved or acquired. When starting on a new type of job, it is very
likely that a human operator needs detailed instructions on the tasks that need to be
performed. Therefore, it becomes useful to divide the work into several tasks that are
easy to comprehend, allowing the operator to acquire the necessary skills and knowledge.
At some point, the operator will acquire much more experience in the collaborative work,
and it may be more convenient to combine some tasks into one, avoiding unnecessary
fragmentation. An example can be a complex wiring activity: a new human operator
may require wire-by-wire instructions, while for expert operator a single instruction with
an overview of all the wires is sufficient.

The framework handles this situation in two different phases. Firstly, during the design of
the AND/OR graph and the insertion of the tasks inside the database. Secondly, adding
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the check level step inside the scheduler, see Algorithm 7 in Section This constraint is
implemented according to the pseudo-code in Algorithm 8. The level checking needs as

Algorithm 8 checkLevel()
1: Require: T,G, HL

2: a← getActor(T )
3: if a ̸= H then
4: return true
5: else
6: TE ← getEqTasks(T,G)
7: for t ∈ TE do
8: if t.level > T.level and t.level ≤ HL then
9: return false

10: end if
11: end for
12: if T.level ≤ HL then
13: return true
14: end if
15: return false
16: end if

input the task to be analyzed T , the AND/OR graph G and the actual human operator
expertise level HL (Line 1). It immediately gets the actor a that must perform the
task and, if it is not a human operator, it returns true allowing to schedule the task
(Lines 2 - 4). If the actor is the human it is necessary to investigate more to decide if T
is the most suitable task. The algorithm firstly builds a list of all the equivalent tasks TE
analyzing the AND/OR graph (Line 6). Then, for each equivalent task, it checks if there
is a task that requires a greater knowledge than the one that is required by the current
analyzed task and if this knowledge is still admissible for the current human operator. If
this is the case, the algorithm returns false (Line 9). It is worth noting that this part
of the code allows to always choose the task that best suits the human knowledge level,
improving the collaboration and the job quality for the human operator. If no better
tasks are available, the algorithm checks if this task can be performed by the human
operator before allowing its execution (Line 13).

5.7 Error Representation

During the collaboration, it is very unlikely everything happens exactly as planned.
Human operators and robots will make errors during the task execution, preventing the
nominal behavior. The framework must be able to handle these errors and to adapt the
behavior of the actors accordingly.

Errors can be classified into two categories based on the way the error is handled:
• Restorable Error, which is an error that does not preclude the task and, after

some checking and restoring actions, it is possible to retry the execution. This may
happen when the robot accidentally hits something and, after the human operator
confirms that there are no damages or safety problems, the task is assigned again to
the robot. i.e, the repair task brings the product to the state before the erroneous
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Figure 5.3: Representation of the errors and the adaptation of the AND/OR graph.

task.
• Non-Restorable Error, which is an error that precludes the task execution, and

it is necessary to execute another task to continue the collaborative job. This may
happen when the robot places an object with a wrong orientation and the scheduler
assigns a new task to replace the object in the correct pose. i.e., the repair task
brings the product to the state after the erroneous task.

In the proposed framework, both categories of errors are handled by locally adapting
the AND/OR graph. This allows the scheduler to continue working without losing its
generality. It is worth noting that some errors are of a type that do not allow the
collaboration to continue, e.g., a safety violation. Since these cases require more severe
intervention of an operator and a consequent reset of the collaborative job, they are not
covered by the proposed framework.

5.7.1 Restorable Error

After a restorable error occurs, the nominal behavior of the actors could be ideally
restored since the execution of the task is not precluded. The way the framework handles
this situation is illustrated in Figure 5.3b, where the dashed line in Figure 5.3a means
that T2 is failed.

A new graph path that goes from the previous task to the failed one is generated. This
path contains all the tasks that must be executed to restore the nominal behavior, e.g.,
ask to the human if it is safe, and is attached with the original AND/OR graph with
an AND constraint. Then, the task that has previously failed is reset and marked as a
task that must be still scheduled. According to Algorithm 7 in Section with this strategy
the scheduler is forced to go through this new restoring path before scheduling again the
task that had previously failed.
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Figure 5.4: Setup of the Resilient and Effective Scheduling experiments.

5.7.2 Non-Restorable Error

When the error compromises the correct execution of the collaborative job, the restoring
procedure may not be enough. In this case it is necessary to ask to one of the actors to
execute a set of tasks to recover from the failure and continue the collaboration with the
next tasks. The procedure implemented in the framework is illustrated in Figure 5.3c.

A new graph path is inserted that goes from the previous task to the task that follow the
failed one. This path is composed by all the tasks necessary to correct from the failure,
e.g., adjust the orientation, and it is attached with an OR constraint. According to
Algorithm 7 in Section this new path allows the scheduler to continue the collaborative
job, omitting the previously failed task.

5.8 Validation

The proposed framework has been experimentally validated in a human-robot collabora-
tive scenario, where the human operator works together with a Franka Emika Panda, a
7-DoF collaborative robot. Several experiments have been carried out, focusing on four
situations:

• Different human operator skills
• Substitution of human actions with robot action
• Error handling
• Parallelism of the actors with resource sharing

During the experiments, the human operator has been guided exploiting the Arkite’s
Human Interface Mate (HIM), which also enables the interaction. The complete setup
for the experiment is shown in Figure 5.4. All the software components were developed
in Python 3.8 and exploiting Apache Kafka, while the Franka Emika Panda is position
controlled using the MoveIt Motion Planning Framework and the standard ROS libraries.

The first three situations can be represented with the AND/OR tree shown in Figure 5.5a,
where different paths can be distinguished. The yellow one requires only the human
operator to perform the job, while on the blue path the robot performs some of the
tasks. In the last part, the tree divides based on the expertise of the human operator. A
detailed description of all the tasks composing the collaborative job is shown in Table 5.1.
It is worth noting that the tasks related to the pick and place of both the casing and

80



(a)

(b)

Figure 5.5: AND/OR graphs representing all the experiments performed.

the connectors are part of the first phase. While the ones related to the wiring are part
of the second phase. The parallel work situation, instead, is schematized in Figure 5.5b.
This represents a double assembly job where both a robot and an expert human operator
are available. For ease of reading, the tasks that have been doubled are denoted with the
subscripts A and B.

5.8.1 Different Skills

These experiments mainly focus on the second phase of the collaborative scenario. Ini-
tially, the operator is inexperienced in the collaborative work to be pursuit. The col-
laboration starts when the operator confirms to be ready and the scheduler immediately
asks to place the casing in the correct spot, i.e., T1 and T2. At this point, the robot
starts to pick and place all the connectors, while the human operator is waiting. This is
because no parallel tasks are available, see the blue path in Figure 5.5a. Once the robot
has completed the tasks, the collaborative job continues with the second phase. Since

Table 5.1: Tasks description of AND/OR graph in Figure 5.5a

Task
Index Description Agent Phase

1 Start the job. H

Phase 1
2 Pick&Place casing. H
3 Move in Home. R

4-6 Robot Pick&Place 3 connectors. R
7-9 Human Pick&Place 3 connectors. H

10-13 Connect 4 wires one by one - not expert
user. H

Phase 214 Connect all the wires - expert user. H
15 Confirm completion. H
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the operator is learning, the operator receives detailed step-by-step instructions about
the wiring, represented by the purple path in Figure 5.5a. Exploiting the input coming
from the human capabilities block, the scheduler is aware of the human expertise level.

After multiple executions of the collaborative job the human operator became more
expert, and the Human Capabilities block detects an upgrade of the user level. In this
context, displaying the wiring instructions step by step may be tedious and annoying,
with a consequent reduction of the job quality. The scheduler can adapt and chooses the
green path in Figure 5.5a, which merges T10 − T13 in one single task T14 so the operator
only receives high level instructions.

This experiment validates the functionality of the checkLevel() constraint presented in
Section demonstrating that the overall framework can adapt to different human operators.

5.8.2 Actor Substitution

This experiment simulates the situation where, for whatever reason, the robot is unavail-
able. This may happen when the tool of the robot is under maintenance, and a fallback
strategy is required. In the analyzed scenario this applies to the robot tasks during the
first phase. To simulate such unavailability, the robot actor is removed from the actors
list and, without changing the tree, the job is started. As before, the human operator
confirms and places the casing in the correct position. At this point, the scheduler can
only go through the only human path, the yellow one in Figure 5.5a, asking to the human
operator to pick and place the connectors.

5.8.3 Error Handling

In this experiment, the human operator intentionally triggers robot errors which are
subsequently handled by the framework. The framework uses the task monitoring block
of Section to detect the correct execution of the task. The first time a task fails, a
restorable error is triggered. If the same task fails another time, a non-restoring action
is required.

During the execution of T3 the human operator hinders the robot which immediately
stops for safety reason. At this point the tree is locally adapted inserting a restoring
task. Thanks to this task, the scheduler firstly asks the human operator if he is safe and,
if possible, moves the robot to the home position ready to retry the execution. This is
shown in Figure 5.6b and Figure 5.6c. Subsequently, the human operator hinders the
robot again, causing another failure. Since the task failed twice, the task monitoring
generates a not restorable error. This is because it would be better to ask the human
operator to execute this task. For this reason, the AND/OR graph is modified again
adding a new path to reach T4. As before, the human operator must confirm that
everything is fine and the robot goes back in a home position, but this time the scheduler
asks to the human to pick and place the connector in the correct place. All the steps
are illustrated in Figure 5.6d and Figure 5.6e. From this point the robot can resume its
work.
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Figure 5.6: Failure of T3 and adaptation of the framework.

5.8.4 Parallel Work

The previous situations validate the effectiveness of the framework and its features in
a sequential scenario. The framework is also capable of scheduling parallel tasks. In
this case the robot works in parallel sharing resources with the human operator. This is
shown in the last scenario, where the human and the robot work on two products at the
same time while sharing a workspace. Without losing generality, the scenario has been
simplified avoiding the possibility of different paths.

When the collaborative job starts, the scheduler immediately asks to the human operator
to pick and place the first casing. Subsequently, the robot starts to insert the three
connectors while the human operator places the second casing. Once the robot has
finished working on the first casing, the scheduler asks the human to make the wiring. It
is worth noting that, since the human operator is an expert user, the wiring is composed
by a single task. In the meantime, the robot finishes to put the connectors inside the
second casing, allowing the human to conclude the job with the second wiring.
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Chapter 6

Safe Trajectory Planning and
Optimal Control

This chapter reports the research activities carried out following the work on the flexible
execution layer presented in Chapter 3. In particular, two architectures are proposed.
The first is a natural extension of the architecture validated in Rossini. In particular,
the dynamic replanning envisaged by the Flexible execution layer does not take into ac-
count the operator’s reaction. The aim was therefore to make the robot’s behavior more
predictable and to adapt to the characteristics of the operator. The other architecture,
on the other hand, functions as a support for what Rossini’s work was. Starting from a
reference trajectory, the purpose of this architecture is to give the operator direct control
over the collaboration.

The work presented in this chapter is published in [8, 10].
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6.1 A Dynamic Planner for Safe and Predictable Human
Robot Collaboration

6.1.1 Introduction

Industrial applications where collaborative robots are used in close proximity to human
operators are growing rapidly. Despite the increase of the flexibility in the production,
this new paradigm requires great prudence in guaranteeing the safety of operators. The
problem of ensuring safety and implementing collision avoidance behavior HRC appli-
cations has been extensively addressed in the literature, as already detailed in Section
3.1. Most of the approaches, however, only focused on the optimal robot behaviour in
term of execution time. In order to improve the collaboration, it is very important to
also analyse how the human operators are affected by online replanning strategies. In
[103] the authors embed the human factors inside the control problem proposing the
Expectable Motion Unit (EMU). This unit ensures the reduction of the involuntary mo-
tions of the human operator, which are usually caused by a startle or surprise, imposing
a velocity constraint. In [104] the EMU is used inside an MPC control framework to
generate deviations for improving the human robot collaboration. A deviation from the
path, however, may affect negatively the human operators. Indeed, according to [105],
the human operator feels safer when the robots follow exactly the expected path, since
they have a predictable behaviour.

This work proposes a novel framework for trajectory planning that takes inspiration
from these two approaches to enhance the HRC while ensuring safety. Given a desired
final configuration, the framework firstly plans a collision-free trajectory for the robot.
Subsequently, it computes at runtime the optimal input that allows the robot to follow
the desired trajectory with a maximum admissible deviation from the original path. This
maximum deviation depends on the preferences of the human operator performing the
collaborative job, with a consequent improvement of the collaboration. Furthermore, the
proposed architecture can be widely applied in all industrial environments, regardless of
their complexity.

The main contributions of this work are:
• A framework for trajectory planning that considers the high dynamism of the envi-

ronment and the human preferences to generate collision free-trajectory in a HRC
scenario.

• A novel optimization problem that explicitly considers the human operators prefer-
ences to improve the collaboration, while ensuring safety in collaborative industrial
scenarios.

6.1.2 Problem Statement

Consider an industrial application where a human operator and a n-DOFs velocity-
controlled collaborative robot have to work together to perform a job. The robot can be
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Figure 6.1: The proposed overall framework.

modeled as:
q̇ = u, (6.1)

where q̇ ∈ Rn, and u ∈ Rn are the joints velocities and the controller input, respectively.

During the collaboration, the robot has to perform a set of predefined tasks. Each task
is associated with a trajectory qdes(t) ∈ Rn that allows the robot to reach a desired final
configuration qdes(tf ) = qf ∈ Rn from an initial configuration qdes(ti) = qi ∈ Rn. As
detailed in Section 3.2, the trajectory is considered admissible if it these two conditions
hold:

1. It does not collide with the human operator, i.e. equation (3.4) is true.

2. It is compliant with the safety limits imposed by the ISO/TS 15066, i.e. equation
(3.14) is respected.

However, satisfying (3.14) may lead to significant and somehow unpredictable deviations
from the nominal trajectory. Thus, the safe behavior of the robot may be perceived
unsafe by the user. Indeed, as shown in [105], the human operator should be able to
predict the robot behavior during the collaboration task.

In this work, the trajectory of the robot is considered predictable when the trajectory of
each link is sufficiently close to the desired one, namely:

||xi − xdes,i|| ≤ λh ∀i ∈ {1, . . . , n}, (6.2)

where xi ∈ R3 and xdes,i ∈ R3 represent the real Cartesian position of the i-th link
and the desired one, respectively, and the term λh represents the maximum deviation
that the human operator may accept. This parameter embeds the human characteristics,
such as trust or confidence [38], and integrating it into the control strategy translates on
constraining each link to lie inside a set of tubes, one around each nominal path.

In a first approximation, λh is considered constant and it can be related, e.g., to the
level of experience of the operator (high for confident users and low for the unconfident
ones). It is assumed that the level of confidence does not change during the task and,
consequently, that λh stays constant during the collaboration. An online calculation of
λh will be subject of future research.

This work aims at designing a safety kinodynamic architecture that:
• Computes a nominal trajectory that is collision-free, i.e. a trajectory that the

robot could ideally execute at maximum speed and that avoids all the surrounding
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obstacles.
• Starting from the nominal trajectory, it automatically builds a set of safety tubes

where the robot could stay without colliding with the environment, while main-
taining a predictable behaviour.

• Exploiting the tracking of the human movements, it computes the optimal safety
robot inputs that aim at following the nominal trajectory while avoiding the human.
The control inputs are computed online solving a linear optimization problem and
ensure that the robot behaviour is compliant with the velocity limit imposed by
the the ISO/TS 15066 standard.

6.1.3 Architecture

The proposed safety collaborative strategy is summarized in Figure 6.1, where two main
components may be distinguished:

• The Trajectory Planner block, which is responsible of planning the collision-free
trajectory qdes(t) that allows the robot to reach the desired final configuration qf .

• The Optimizer block solves online a MILP problem to compute the optimal input
q̇ref that allows the robot to follow the planned trajectory while being compliant
with the safety standards.

The overall procedure starts with the assignment of the collaborative task to be executed,
which can be implemented with task scheduling procedure. The task is associated with a
desired final configuration qf that is exploited by the Trajectory Planner to compute
the collision-free trajectory qdes(t). Moreover, it leverages the maximum admissible
deviation λh to build a set of tubes around each link trajectory T . To this purpose,
the Trajectory Planner must be aware of all the static obstacles that are inside the
collaborative workspace. In this phase, the human operator is ignored since is a very
dynamic obstacle.

Then, the Optimizer exploits the human monitoring information to compute online the
optimal input q̇ref . This optimization problem ensures that: the implemented behaviour
is compliant with the ISO/TS 15066, since (3.14) is added as a constraint, and that the
resulting Cartesian motion lies inside the tubes T .

Lastly, the input is forwarded to the low-level controller that takes care of implementing
the desired velocity.

Planner

The role of this component is to find a robot trajectory qdes(t) that is collision-free and
that the robot could ideally execute at maximum speed. Since the human operator is in
a certain sense an unpredictable obstacle, in this first planning phase it is not considered,
and the trajectory is calculated only on the static collaborative workspace.

The trajectory planning is implemented according to the pseudo-code reported in Algo-
rithm 9. The trajectory planner needs as input the initial and the final configuration,
respectively qi and qf , and the maximum admissible path deviation λh (Line 1). It
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Algorithm 9 TrajcetoryPlanner()
1: Require: qs,qf , λh

2: q̄des(t)← plan(qs,qf )
3: qdes(t)← generateTrajectory(q̄des(t))
4: T ← generateTubes(qdes(·), λh)
5: send(qdes(t), T )

(a) (b)

Figure 6.2: Visual representation of the proposed predictability constraint in 2D.

firstly plans the collision-free path q̄des(t) that the robot should perform (Line 2). The
function plan can be implemented using the same strategies of Chapter 3. Once the
path has been computed, the planner defines a trajectory that follow the desired path
and which is compliant with the robot limits, i.e. maximum joint velocity, maximum
torque. To this purpose it is possible to exploit the strategy presented in [106], which
allows to obtain the maximum speed trajectory (Line 3). Subsequently, it computes the
set of tubes T such that: in each tube the i-th link can freely move without colliding
and whose radius is, at most, equal to λh. Lastly, the trajectory and the set of tubes are
forwarded to the optimizer block (Line 5).

Mixed-Integer Linear Programming Problem

Once the nominal trajectory qdes(t) and the set of tubes T have been computed, the
optimizer generates a safe and predictable reference trajectory to be set as a setpoint to
track to the robot.

First, a mathematical description of the set of tubes T needs to be computed in order
to synthesize the controller. The idea is to fit the tube with a set of simpler volumes,
such as spheres or cubes, and to constrain the Cartesian links positions inside this set of
volumes. To keep the computational cost low, it has been chosen to use cubes, as they
allow a linear formulation and, therefore, to set up a linear optimization problem

Figure 6.2 reports a simplified example of how this step is performed on a 2-joints planar
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manipulator. Considering Figure 6.2a, the Trajectory planner provides first the desired
trajectory (light blue dots) and the set of tubes (green areas). The set of tube is computed
as collision free considering the position of the obstacle (dark red area). Then, for each
link, a set of cubes is located inside the original tube, see Figure 6.2b, ensuring a minimum
of overlap to guarantee communication between the cubes, and contain the initial and
final position.

This constraint, with (3.14) and the limits of the robot are finally used to summarize
an optimization problem, the solution of which will be used as a reference to control the
robot.

Since this component works as a dynamic planner, it considers the robot as perfectly
kinematic initializing a state qv as the state of the robot q at the first control cycle, and
updating it using the model (6.1).

The procedure starts by constraining the Cartesian position of the generic i-th link to
lie inside the j-th cube of its trajectory. The choice behind the use of cubes is related to
possibility to express these constraints in a linear form. This can be done by constraining
the position to lie in the volume of space enclosed within the 6 planes defining the faces
of the cube.

Let cji = [xcji ,
y cji ,

z cji ]
T ∈ R3 and lji ∈ R, with lji ≤ λh, be the centre and the edge size of

the cube, respectively. The i-th link position xvi ∈ R3 lies inside of that cube if:

Āj
ix

i
v ≤ b̄ji , (6.3)

where:

Āj
i =



−1 0 0

1 0 0

0 −1 0

0 1 0

0 0 −1
0 0 1


, b̄ji =



xc− l/2

−xc− l/2
yc− l/2

−yc− l/2
zc− l/2

−zc− l/2


(6.4)

are the matrices grouping the coefficients of the 6 planes.

Since the robot is considered as perfectly kinematic, (6.1) holds and it is possible to
assume that the position of the i-th link evolves as a single integrator in the discrete
time domain as:

xv
i (k + 1) = xv

i (k) +BJp
i (q

v)uv(k), (6.5)

where B = diag{∆tc} ∈ R3×3 is the input matrix, with ∆tc the sampling time (t = k∆tc,
k ∈ Z), Jp

i (q
v) ∈ R3×n is the position part of the i-th link jacobian, and uv ∈ Rn

represents the joint velocity input.

Using (6.5) in (6.3), the position of the i-th link of the robot can be constrained to lie
inside a cube by constraining its future position and choosing the input velocities uv such
that:

Aj
iu

v(k) ≤ bji , (6.6)
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where:
Aj

i = Āj
iBJp

i (q
v), bji = b̄ji −Aj

ixi(k). (6.7)

The position of each link must lie inside the set made up by the union of all cubes.

To this aim, it is necessary to expand the constraint (6.6) to all the cubes of the trajectory.
This cannot be done by simply imposing (6.6) for all cubes. This in fact will turn to
an AND type of constraint, requiring that the robot is at the same time in all cubes,
which is clearly impossible. The overall constraint needs to be converted into an OR
type constraint, i.e. requiring that the robot stays in one cube at a time. This can be
done by (see [107] for more details):

1. Designing a constraint like (6.6) for each cube.

2. Adding for each cube a binary extra variable representing if the i-th link belongs
to that cube.

3. Adding a constraint on the extra binary variables to force the i-th link to belong
to a single cube at a time.

Formally, by setting for each link:

Aj
iu

v(k)−Mϵji ≤ bji j = 1, . . . , Np, (6.8)

and
Nq∑
j=1

ϵji ≤ Nq − 1, (6.9)

where M ∈ R6 is a large arbitrary positive vector and ϵji ∈ {0, 1} is the extra binary
variable, and Nq ∈ N the number of cubes of each trajectory. With this approach, if
the j-th constraint of the i-th link is not satisfied, the corresponding binary variable ϵji
is equal to 1. The constraint (6.9) ensures that at least one of the constraints (6.8) is
satisfied, which represents the cube where the i-th link lies in. It is worth noting that
the formulation of the constraint is still linear.

Finally, the input is computed solving the following optimization problem:

min
uv ,ϵ

||q̇v
des − uv||2

s.t.
Aj

iu
v −Mϵji ≤ bji j = {1, . . . , Np},

Nq∑
j=1

ϵji ≤ Nq − 1 i = {1, . . . , n},

uv < q̇max,

uv > q̇min,

J i
rhu

v < βi
rh i = {1, . . . , n},

(6.10)
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where q̇max ∈ Rn and q̇min ∈ Rn represents the maximum and minimum joint velocity
of the robot, respectively, J i

rh ∈ R1×n is the jacobian of the i-th link towards the human,
βi
rh is the velocity limit of the i-th link computed as in (3.14) and:

q̇v
des = q̇des +Kv(qv − qdes) +Dv(q̇v − q̇des), (6.11)

where Kv ∈ Rn×n and Dv ∈ Rn×n are the proportional and derivative gains, respectively,
introduced to allow the system to be attracted to the desired trajectory after a deviation
induced by the optimizer, e.g. to avoid the human.

At each control cycle, the state of the robot qv is updated using the model (6.1), and
the reference speed q̇ref is set equal to uv returned by the optimizer.

Low-Level Controller

Once the reference q̇ref has been computed from the optimizer, it is necessary that the
real robot follows exactly this reference in order to behave like the model represented
in equation (6.1). Indeed, if the robotic system is composed only of a manipulator, the
approximation as a first order system is valid. However, if the system is also composed
of a mobile base, this approximation is very strong and most likely the robot will not
be able to follow q̇ref exactly. Thus the Low-Level Controller is added, which allows to
track the corresponding trajectory. This block is implemented as a simple PD controller
by setting:

q̇cmd = q̇ref +Kl(q− qref ) +Dl(q̇− q̇ref ), (6.12)

where Kl ∈ Rn×n and Dl ∈ Rn×n are the proportional and derivative gains, respectively.

6.1.4 Validation

The proposed framework has been experimentally validated on a mobile manipulator
composed by a UR10e, a 6-DoF collaborative manipulator, and a Neobotix MPO-500,
a mobile base for industrial application. The tracking of the human and the overall
environment has been achieved exploiting seven OptiTrack Primex cameras with the
OptiTrack Motive software.

A complete setup of the experiments is shown in Figure 6.3, where it is possible to note the
UR10e mounted on the Neobotix MPO-500, two of the seven OptiTrack Primex cameras,
two obstacles tracked with the OptiTrack markers (yellow circles) and a wrist band used
to track the right arm of the human operator (red circle). All the software components
were developed using ROS Kinetic Kame meta-operating system and they ran on a
Intel(R) Core(TM) i7-7700HQ with Ubuntu 16.04. The trajectory planner layer is based
on the RRT-Connect algorithm [75] and it is implemented exploiting OMPL [108] and
FCL [109] libraries. The MILP problem in (6.10) is solved online exploiting the Gurobi
solver [52].

Concerning the frequencies, the communication with the UR10e works at 500 Hz, while
the one with the Neobotix MPO-500 works at 50 Hz. The OptiTrack, instead, works
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Figure 6.3: Setup of the experiments.

(a) (b)

Figure 6.4: Joint positions and velocities in a scenario with a confident human operator.

at a frequency of 240 Hz. The optimization problem convergence is strictly related to
the number of of control points used for the robot. With 4 control points, it is solved in
approximately 2.5 ms. Lastly, the gain matrices Kv is equal to identity matrix, while
Dv is a zero matrix.

To demonstrate the effectiveness of the framework several experiments have been carried
out, considering both a confident human operator, i.e. an operator that would allow
a great deviation from the planned path, and a unconfident human operator, i.e. an
operator that does not trust the robot and does not allow a great deviation.

In the first experiment, the robot has to reach a desired final configuration avoiding the
obstacles and a confident human operator, i.e. large cubes size. The planner successfully
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Table 6.1: Results Comparison

Length [m] Time [s]

Flexible Execution and Safety Layers 6.63 19.79
Proposed Work 3.83 12.66
Improvement 57.82% 63.89%

(a) (b)

Figure 6.5: Constraints in a scenario with a confident human operator.

plans a trajectory and the robot starts to follow it. At 4.5 ≤ t ≤ 9.5, the human operator
approaches the robot causing a drop of the velocity, see (3.14), and making the planned
path inefficient. Since the operator is classified as confident, λh is big and the optimizer
is capable of computing a set of inputs that deviate from the desired path to obtain a
better trajectory, while ensuring the safety.

Figure 6.4 shows the joint positions and velocities of the first two joints of the mobile
robot and the base and the elbow of the manipulator. In particular, the blue lines
represent the desired values while the red lines represent the reference values. Figure
6.5, instead, shows the constraints. In particular, in Figure 6.5a it is possible to see the
links Cartesian position and their respective upper and lower bounds due to the cubes.
While in Figure 6.5b, the links velocity towards the human operator with the velocity
limit imposed by the ISO/TS 15066 are reported.

The same experiment has been performed with an unconfident operator, constraining
the robot to stay very close to the planned path. Differently from before, as the human
gets close to the robot, the only admissible solution is to command a zero velocity and
completely stop the robot. The details are reported in Figure 6.6.

Lastly, a comparison with the flexible execution and safety layers architecture developed
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(a) (b)
Figure 6.6: Joint positions and velocities in a scenario with an unconfident human operator.

Figure 6.7: Comparison between the cartesian position of the end-effector with the two ap-
proaches.

in Chapter 3 has been performed. To have a more reliable comparison, the obstacles
have been removed and, since a change in the path is allowed, the human operator is
confident. The comparison between the two trajectories is shown in Figure 6.7, where
the cyan dots represent the desired path while the cyan marker at the left represents qi.
The blue line represents the path followed with the proposed architecture, while the red
one represents the one with the approach proposed in [1]. The dark red ellipse represents
the area occupied by the human during the experiment. The z component has not been
plotted, since it is approximately constant during the experiment. In the graph it is
possible to note that the proposed framework outperform the one in Chapter 3 achieving
both a shortest path, Lprop = 3.83 m against Lcomp = 6.63 m, and a lower execution
time, Tprop = 12.66 s against Tprop = 19.79 s. These results are listed in Table 6.1.
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It is worth noting that the proposed approach is a generalization of the Flexible Execution
and Safety Layers proposed in Chapter 3. In fact, if λh = 0 the proposed approach reduces
to the one in Chapter 3 where no replanning is present. Using the architecture proposed
in this work, it is possible to keep on achieving the same safe behavior with a higher
degree of flexibility, while considering human confidence.

6.2 Towards an Optimal Human-Based Control Approach
for Mobile Human-Robot Collaboration

6.2.1 Introduction

Collaborative robotics is becoming more and more important within industrial environ-
ments, changing the paradigm. The new industrial scenarios, in fact, are characterized
by shared workspaces in which humans and robots collaborate to achieve a common
goal. This possibility of interaction has made it possible to solve many manufacturing
challenges and to remove physical barriers inside the work cells, increasing the flexibility.

As deeply discussed in previous chapters, the lack of physical barriers require to pay
special attention in how guaranteeing safety. Furthermore, it is very it is important to
have a strategy that optimal assigns the tasks, making the most of the human–robot
collaboration (HRC). For this reason, researchers focused on developing architectures
for safe and optimal dynamic scheduling between humans and robots. However, tasks
between humans and robots in advance is not always the best choice. Sometimes it
may be better to let the operator drive the collaboration, leveraging his experience and
knowledge of the job.

In [38] the authors present a two-level feedforward optimization strategy for offline sub-
task allocation for HRC. Their strategy is integrated with a mutual trust feedback proce-
dure that is exploited to re-allocate online the subtasks. In [110] a weighted probabilistic
state machines based algorithm that recognize the human intention is presented. The
tasks are divided into two different categories, namely the communication of explicit and
implicit intention, depending on whether the operator engages the robot or not. Depend-
ing on the type of estimated intention, the robot acts accordingly. In [111] the authors
implement a Neural Network to estimate the desired trajectory of the human operator.
This estimation is integrated into impedance control such that the robot arm follows the
human operator. However, these solutions do not consider the probability of collision
between humans and robots.

To increase the robot workspace, giving it more flexibility, HRC research has focused
on the study of mobile manipulators [112]. Several works have been done in the field
of trajectory planning and control of these collaborative platforms [113–116]. In [117]
the authors present a two-layers framework for task assignment and motion planning
for a bi-manual mobile manipulator. The task assignment exploits search trees in tem-
poral windows to determine feasible task assignments of agents using task and spatial
constraint-based heuristics. The tree branches are then used as input to plan the motion
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for each agent. In [118] a strategy that exploits concurrent and sequential task represen-
tation for task allocation in multi human-robot collaboration in industrial environments
is presented.

Human intention-based strategies have been widely applied also in the field of collabo-
rative mobile manipulators. In [119] the authors present a framework for human-robot
collaboration with mobile manipulators. Their strategy allows to enhance the physical
human-robot interaction while satisfying the imposed constrained. In [120] a hierarchical
architecture that allows the user to generate commands via a P300-based brain computer
interface is proposed. In [60] the authors present a gesture polysemy based control strat-
egy. Thanks to the proposed method the operator is capable of controlling both the
motion of mobile robot and the posture of robot using one hand. In [121] a hierarchical
finite state machine that exploits voice command is proposed. The framework analyzes
user’s input to obtain the human intention which is then transferred to the mission plan
for executing the tasks. However, these solutions are difficult to extend and do not allow
the control of the size of the collaboration area. In the case of mobile platforms, in fact,
it could be useful to restrict the work area, in order to have a more efficient collaboration.

This work proposes a novel control architecture for collaborative mobile manipulators
that allows the human operator to actively lead the collaboration by dynamically de-
termining the collaborative area. Using Control Barrier Functions (CBF) [82, 122] the
robotic system is constrained to move inside a desired collaborative volume that depends
on the pose of the operator. The size of the collaborative volume can be dynamically
determined, depending on external factors as, e.g., the job to execute. Moreover, the
framework is endowed of a collision avoidance strategy to ensure safety during the collab-
oration. The proposed architecture provides several advantages to the control of mobile
collaborative robots. First, it allows a control of the whole body of the robot, allowing
to exploit all the DOFs of the system for achieving the desired performance unlike the
approaches that exploit separately the mobile base and the manipulator. Second, thanks
to the modularity of CBFs, it is possible to dynamically change the number of constraints
that the mobile manipulator has to satisfy making it reactive to changes in the environ-
ment and/or in the task it has to satisfy. Finally, exploiting time-varying CBFs, it is
possible to adapt online the collaborative volume in order to improve acceptability and
performance of the human-robot collaborating team.

The main contributions of this work are:
• A control architecture that allows the human operator to lead the collaboration,

forcing the robot to stay close, while ensuring safety.
• A time-varying definition of the collaborative area that gives flexibility to the overall

framework.
• A control architecture that is modular and can be easily extended.

6.2.2 Problem Statement

Consider an industrial workspace where a human operator and a mobile robot manipula-
tor have to collaborate accomplishing a job. Defining the space coordinates of the robot
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Figure 6.8: The proposed overall architecture.

as:

q =

[
qb

qa

]
, (6.13)

where qb ∈ Rnb is a reduced representation of the configuration space of the differential
drive mobile base, while qa ∈ Rna represents the space coordinates of the robot arm.
The overall model of the robot can be described by the following equation:

ẋ = J(q)q̇ =
[
Jb(qb) Ja(qa)

] [q̇b

q̇a

]
, (6.14)

where x ∈ Rm and ẋ ∈ Rm represent the end-effector pose and velocity, respectively,
while J(q) ∈ Rm×(nb+na) is the augmented Jacobian[123].

To ensure safety and to allow the human operator to lead the collaborative job, the
workspace is enriched with a monitoring unit that allows to track the human movements.
Many strategies are already available in literature that deal with the human tracking, e.g.
skeleton tracking with multiple cameras [67], markers on the human body [68], machine
learning techniques [69]. In particular, the robot position is defined safe if it is compliant
with equation (3.1).

This work aims at designing the overall control architecture shown in Figure 6.8 that
starting from a desired robot velocity:

• Generates the optimal control input q̇ such that the robot stay close to the human
operator while performing the job, maximizing the performances.

• Ensures safety for the human operator during the collaboration, implementing a
collision avoidance behavior.

• Allows to adapt at runtime the size of the collaborative area, making it flexible and
suitable to many HRC scenarios.

6.2.3 Control Barrier Functions

Theory Background

Control barrier functions (CBFs) [64, 124], are mathematical tools that can be exploited
to encode the forward invariance of a set. In the context of collaborative robotics, they
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can be used to guarantee the safety of the robotic application. Indeed, a a lot of safety-
critical constraints can be defined as ensuring that the system remains inside a subset of
its state, also called safe set. This is the case, for example, of a robot that remains at a
distance which is higher than a desired threshold w.r.t. the human operator [73]. Thus,
the problem of ensuring safety may be expressed as enforcing the forward invariance of
the safe set.

Consider the following nonlinear system:

Σ =

{
ẋ(t) = f(x(t)) + g(x(t))u

y(t) = k(x),
(6.15)

where x ∈ D ⊂ Rn and u,y ∈ Rm are the state, the input and the output of the
system. The vector field f : Rn → Rn represents the internal dynamics of the system,
g : Rn → Rn×m is a state dependent input matrix and k : Rn → Rm is the output map.

The goal is to find a safe set S ⊂ D ⊂ Rn which is forward invariant for the system. This
is because, thanks to the property of forward invariance, if the system starts inside the
safe set it will remain inside it at all times, i.e., ∀x0 ∈ S, x(t) ∈ S ∀t ≥ 0. This can be
obtained by exploiting CBFs, which can be defined in the following way:

Definition 1. (Control Barrier Function [64]) Let S be the superlevel set of a con-
tinuously differentiable function h : D → R:

S := {x ∈ Rn : h(x) ≥ 0} ,

∂S := {x ∈ Rn : h(x) = 0} ,

Int(S) := {x ∈ Rn : h(x) > 0} .

The function h is a CBF if (∂h/∂x)(x) ̸= 0 for all x ∈ ∂S and there exist an extended
class K function 1 α(h(x)) such that for the system (6.15) and for all x ∈ S:

sup
u∈Rm

[
∂h

∂x
f(x) +

∂h

∂x
g(x)u

]
︸ ︷︷ ︸

ḣ(x)

≥ −α(h(x)). (6.16)

The CBF h can then be leveraged to regulate the input of the system such that the
system (6.15) remains safe. To achieve this it is possible to set up an optimization-based
control problem whose objective is to find the best approximation of a possible unsafe
desired input udes which satisfies the condition in (6.16). This can be formulated with
the following quadratic program:

min
u∈Rm

||u− udes||2,

s.t.

∂h

∂x
f(x) +

∂h

∂x
g(x)u ≥ −α(h(x)),

(6.17)

1An extended class K is a function κ : R → R such that κ is strictly increasing and κ(0) = 0
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where the function α(·) is a design parameter which is exploited to tune the behavior of
the CBF, i.e. it allows to achieve a more conservative or a more aggressive behavior. The
most common choice of α(h) is the identity function multiplied by a scalar value ξ > 0,
meaning that α(h) = ξh(x). Higher values of ξ result in a more aggressive behavior of
the CBF.

In collaborative applications, it may be also useful to constraint the output of the system,
e.g., the orientation of the end-effector or the distance between the human operator
and the robot end-effector. Furthermore, the safety conditions of the task may change
dynamically because, e.g., the human operator is moving in the collaborative cell. Thus,
it is necessary to exploit the use of the extended version of CBFs proposed in [125], which
allows to encompass time-varying constraints onto the output y(t) of the system.

Definition 2. (Output Time-Varying Control Barrier Function [125]) Let C ⊂
Rm be the superlevel set of a continuously differentiable function h : Rm × R≥0 → R.
Then, the function h is an output time-varying control barrier function if there exist a
Lipschitz continuous extended class K∞ function 2 α(h(y, t)) such that for the system
(6.15) and for all y ∈ Rm:

sup
u∈Rm

[
∂h

∂t
+

∂h

∂y

∂y

∂x
f(x) +

∂h

∂y

∂y

∂x
g(x)u

]
︸ ︷︷ ︸

ḣ(y,t)

≥ −α(h(y, t)). (6.18)

The control input satisfying (6.18) can then be obtained by inserting the constraint into
the the optimization problem in (6.17).

CBFs-based Architecture

The proposed control architecture exploits the use of CBFs to formulate a convex opti-
mization problem. This is possible under the assumption that the robot limits, the task
that the robot has to accomplish and the safety can be represented as a time-varying
constraints on the control input [126, 127]. Solving online this optimization problem,
it is possible to compute the best input that satisfies all the constraints, i.e. the robot
velocities that allow to execute the task in an optimal way.

Starting from the robot model defined in (6.14) it is possible to define a tasks whose
execution is expressed as the minimization of a non negative, possibly time-varying,
continuously-differentiable cost function C : Rn×R→ R with the following optimization
problem:

2An extended class K∞ is a function κ : R → R such that it belongs to class K and limr→∞ κ(r) = ∞
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min
q̇

C(σ, t),

s.t.

ẋ = J(q)q̇,

σ = k(q, t),

(6.19)

where σ ∈ Rn is the output variable and represents the time-varying task variable.

Exploiting CBFs, the optimization problem (6.19) can be adapted to be computationally
cheap, i.e. a convex optimization problem that can be solved online. Defining C ∈ Rn as
the subset where the task is considered executed, i.e. where C(σ, t) = 0, it is possible
to formulate a CBF h : Rn × R → R defined as h(σ, t) = −C(σ, t). Since by definition
h is non negative only in the region of execution of the task, i.e. when C(σ, t) = 0,
enforcing the non negativity of h is translated in the execution of the task σ. This can
be embedded in the following convex optimization problem:

min
q̇

1
2∥q̇des − q̇∥2

s.t.
∂h

∂t
+

∂h

∂σ

∂σ

∂x
J(q)q̇ ≥ −α(h(σ, t)),

(6.20)

where q̇des ∈ Rnb+nm are the desired robot velocities α(·) is an extended class K function,
i.e. a function f : R→ R such that f is strictly increasing and f(0) = 0.

The formulation in (6.20) can be easily extended to the execution of multiple tasks.
Considering a set of M different tasks {T1, . . . , TM} that the robot has to accomplish,
each of which represented by a the respective cost functions C1, . . . , CM , the execution
of these tasks can be encoded in the following optimization problem:

min
q̇,δ

∥q̇∥2 + β∥δ∥2

s.t.
∂hi
∂t

+
∂hi
∂σ

∂σ

∂x
J(q)q̇ ≥

−α(hi(σ, t))− δi ∀i ∈ {1, . . . ,M},

(6.21)

where hi(σ, t) = −Ci(σ, t) and δ =
[
δ1, . . . , δM

]
is the vector of slack variables cor-

responding to each constraint, while β ≥ 0 is a scaling factor. Each δi indicates how
much the constraint corresponding to the i-th task can be relaxed. This is needed to
to guarantee the feasibility of the problem when conflicting constraints are active at the
same time.
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6.2.4 Architecture

In this section the proposed control framework is detailed. Starting from the general
formulation of the CBFs-based architecture, it is possible to define the tasks that the
robot has to accomplish during the collaboration. In this work three different tasks have
been considered:

• Human Follow. The robot has to follow the human operator inside the workspace.
The size of the collaborative area can change at runtime based on the collaborative
job that the two agents has to perform.

• Safety. The robot has to avoid the human operator during the execution of the
collaborative job.

• Mobile Base Orientation. The orientation of the robot has to be adjusted so
that the mobile base always faces the human operator.

• Manipulability. The configuration of the robot has to be controlled in order to
always maintain a certain level of manipulability, avoiding singularities.

These tasks are further detailed in the following sections.

Human Follow

To ensure that the operator can work within the collaboration, the first task that must
be carried out by the robot is to stay close to the man, following its movements within
the workspace. This can be mathematically expressed as constraining the end-effector of
the manipulator to be inside a sphere centered in a specific point of the human operator,
e.g. the wrist. The situation is illustrated in Figure 6.9a.

This constraint can be expressed with the following CBF:

hHf (q, t) = R(t)−D(x(q),xH(t)), (6.22)

where R(t) ∈ R is the radius of the sphere, i.e. the size of the collaborative area,
and can be changed at runtime depending on the task that the human-robot team has
to accomplish. x ∈ R3 and xH ∈ R3 are the cartesian positions of the manipulator
end-effector and of the analyzed human point, respectively. Lastly, D(x(q),xH(t)) is a
function that computes the euclidean distance between the two positions.

In order to impose the CBF constraint it is necessary to differentiate (6.22), obtaining:

ḣHf (q, t) = Ṙ− (x(q)− xH)T

∥x(q)− xH∥
(J(q)q̇− ẋH). (6.23)

Safety

During execution, it is crucial that the robot does not collide with the human operator,
implementing collision avoidance behavior. As defined in Section 6.2.2, the robot config-
uration is considered safe if each link of the robot, both the manipulator and the mobile
base, is at a safe distance from the human operator. Instead of considering each robot
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Figure 6.9: Graphical representation of the CBF-based constraints.
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link, this relationship can be approximated by choosing N keypoints on the robot, i.e.
the center of each link and the center of the mobile base, and imposing that the distance
between these points and the operator is greater than the safety distance. Thus, it is
possible to define N CBFs as:

hsi(q, t) = D(xi(q),xH(t))− dsafe ∀i ∈ {1, . . . , N}, (6.24)

where xi(q) ∈ R3 represents the cartesian position of the i-th keypoint and can be com-
puted using partial forward kinematics [73]. A graphical representation of this constraint
is shown in Figure 6.9b. It is worth noting that the graphical representation is the same
for all N CBFs. This is because, unlike (6.22), the safe set of these CBFs is the entire
workspace but the sphere representing the human operator.

Similarly to Section 6.2.4, it is possible to obtain the constraint computing the derivatives
as:

ḣsi(q, t) =
(xi(q)− xH)T

∥xi(q)− xH∥
(Ji(q)q̇− ẋH) ∀i ∈ {1, . . . , N}. (6.25)

Orientation

Ensuring that the manipulator end-effector stays close to the human operator is not
enough to guarantee that the robot adopts optimal behavior. Since the mobile base is a
differential drive robot it may happen that the robot is not capable to follow the human
movements. A differential drive robot, indeed, is subject to non-holonomic constraints,
i.e. constraints that forbid the lateral motion of the robot. For this reason it has been
implemented a third CBF that allows to control the orientation of the mobile base,
increasing the performances of the algorithm.

Considering only the mobile base, the differential-drive robot model can be expressed as:

ẋB =

cosθ 0

sinθ 0

0 1

[
v

ω

]
, (6.26)

where ẋB =
[
ẋB ẏB θ̇

]
is the vector of the cartesian velocity (ẋB ∈ R, ẏB ∈ R) and the

angular velocity (θ̇ ∈ R) of the midpoint of the wheel axis B. v ∈ R and ω ∈ R are the
linear and angular velocity of the mobile robot and represents the control inputs, namely
q̇b in (6.14). The robot model is shown in Figure 6.10a.

Instead of controlling the midpoint of the wheel axis, which must respect the non-
holonomic constraints, it is possible to command a new reference point positioned on
the normal axis of the passing wheels for B, at a distance b from it, see Figure 6.10b.
This control strategy is called Input–Output State Feedback Linearization (I-O SFL)[128]:

ẋI =

ẋIẏI
θ̇

 = T I
B

[
v

ω

]
=

cosθ −bsinθ
sinθ bcosθ

0 1

[
v

ω

]
. (6.27)
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Figure 6.10: Differential drive robot model.

Once the I-O SFL has been applied, it is possible to constrain the new control point
I to remain within the projection on the plane of the sphere defined in Section 6.2.4.
This solution allows to guarantee that the mobile base is always oriented towards the
human operator, ensuring greater freedom of movement. The situation is illustrated in
Figure 6.9c.

The CBF that represents this constraint is defined as:

ho(qb, t) = R(t)−D(xI(qb),xHP (t)), (6.28)

where xHP ∈ R2 are the coordinates of the human point projected on the plane while
D(xI ,xHP (t)) is the euclidean distance on the plane.

Differentiating (6.28) it is possible to obtain:

ḣo(qb, t) = Ṙ− (xI(qb)− xHP )
T

∥xI(qb)− xHP ∥
(Jb(qb)T

I
BẋI − ẋHP ). (6.29)

Manipulability

To further improve the behavior of the robot it would be better to avoid singularity
configurations, which could prevent the execution of the task. In general, for a robotic
manipulator, it is possible to measure its ability to perform a specific task in a given
configuration through the manipulability index [129]. This index indicates how easily
the robot manipulator can move in all directions of the work area. From a geometric
point of view it can be represented with an ellipsoid, called manipulability ellipsoid,
whose axes are related to the eigenvalues of the jacobian. The larger the axes of this
ellipsoid, the greater the ability of the robot to move in its respective direction. The
index of manipulability can be defined as:

µ =
√
det(JaJT

a ), (6.30)
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which is equal to 0 when the robot is in a singularity configuration, det(Ja) = 0. To
avoid singularities it is sufficient to guarantee that:

µ ≥ µmin, (6.31)

where µmin is the minimum admissible value of the manipulability index and must be
designed according to the task.

Computing and constraining this index online can be computationally demanding, since it
is a very complex non linear function. Thus, in [130] the authors propose an approximated
index with the same local minimum as (6.30):

µsim =
1

2

na−1∑
i=2

sin2(qa,i), (6.32)

where it is important to underline that the first and the last joint are not used in com-
puting the index. This is because these two joints do not affect the singularity of the
manipulator.

Imposing hm(qa, t) = µsim, it is possible to obtain:

ḣm(q, t) =

na−1∑
i=2

sin(qa,i)cos(qa,i)q̇a,i. (6.33)

Final Problem

Starting from the definition in (6.21), it is possible to use all the constraints in order to
build the following optimization problem:

min
q̇,δ

1
2
˙̃qTW ˙̃q+ βT ∥δ∥2

s.t.
ḣHf (q, t) ≥ −αHf (hHf (q, t)) + δHf ,

ḣsi(q, t) ≥ −αsi(hsi(q, t))− δsi ∀i ∈ {1, . . . , N},

ḣo(qb, t) ≥ −αo(ho(qb, t))− δo,

ḣm(qa, t) ≥ −αm(hm(qa, t))− δm,

qmin ≤ qact + q̇T ≤ qmax,

q̇min ≤ q̇ ≤ q̇max,

q̈min ≤
q̇− q̇act

T
≤ q̈max,

(6.34)

where q̃ = qdes − q. W = diag(wb,wm), with wb ∈ Rnb and wm ∈ Rna , is the weighted
matrix associated to the movement of the mobile base and the robot manipulator. This
matrix is exploited to give different priority of movement to the different robot DOF-s.
β ∈ RN+3, instead, represents the weights associated to the slack variables, necessary to
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Figure 6.11: Setup of the experiments.

prioritize the tasks. q̇des ∈ Rnb+na represents the desired robot velocities. qmin ∈ Rnb+na

and qmax ∈ Rnb+na are the position limits and T is the cycle time. q̇min ∈ Rnb+na and
q̇max ∈ Rnb+na are the joint velocity lower bounds and the joint velocity upper bounds,
respectively. While q̈min ∈ Rnb+na and q̈max ∈ Rnb+na are the acceleration limits. Lastly,
qact ∈ Rnb+na and q̇act ∈ Rnb+na are the actual robot positions and velocity, respectively.

The first four constraints are the four CBF tasks, while the last three constraints represent
the robot kinematic limits, i.e. minimum and maximum velocities and accelerations.

The optimization problem (6.34) is a convex problem and, therefore, computationally
cheap. Thanks to its convexity, the solution obtained by the solver is always the global
minimum of the cost function, i.e. the robot velocities that allow you to perform the job
in an optimal way, maximizing the performance of the HRC. Moreover, thanks to the
use of slack variables δ, the optimization problem has always a feasible solution. It is
worth noting that, since it relies on the use of CBFs, the optimization problem can be
easily extended to perform other tasks, making the architecture very flexible.

6.2.5 Validation

The proposed architecture has been experimentally validated in a HRC scenario. During
the experiments, the human operator cooperates with a UR10e, a 6-DoF collaborative
robot, which has been mounted on a MIR100, a differential-drive collaborative mobile
base. To track the human position eight OptiTrack Primex cameras with the OptiTrack
Motive software[74] have been used, while the size of the collaborative area is changed
at runtime exploiting an Alexa virtual assistant [131]. The complete setup for the exper-
iments is shown in Figure 6.11.

All the software components were developed using ROS Melodic Morenia. The CBF-
based optimization problem has been implemented exploiting the C code generated by
Matlab Coder [132]. Concerning the frequencies, the communication with the robot
works at 500 Hz while the optimization problem converges in 1 ms. The OptiTrack,

107



(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 6.12: Snapshots of the experiment.

instead, works at a frequency of 240 Hz.

In the experiment the human and the robot have to perform a collaborative transporta-
tion, whose snapshots are shown in Figure 6.12. During this experiment, the optimization
problem in (6.34) has been extended with an orientation constraint for the manipulator.
This was necessary for the nature of the experiment, but could be ideally avoided by
using a proper control strategy that generates a proper q̇des. Initially, the two actors
are very far from the load to be picked. For this reason, the human operator starts ap-
proaching the object, see Figure 6.12a. In this approaching phase, it is preferable to move
only the mobile base, making the most out of the overall platform. This is achieved by
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Figure 6.13: Plot of the CBF at the robot end-effector.

setting wm ≫ wb. Subsequently, the human operator guides the robot to pick the object,
see Figure 6.12b. It is worth noting that in this phase, only the mobile manipulator is
moved and to achieve a better control the CBF defined in (6.22) is initially centered in
the robot end-effector and follows the human operator movements. After the robot has
picked up the object, the human operator begins to lift the load and, using the same con-
trol used for the picking phase, the operator gets help from the robot. This is illustrated
in Figure 6.12c - 6.12d. Once the load has been completely lifted, the human operator
starts approaching the placing location and the mobile base follows consequently. See
Figure 6.12e After reaching the desired position, the human operator starts to place the
object while the robot helps. This is shown in Figure 6.12g - 6.12h. It is worth noting
that the weights associated to the slack variables, β, are equal to 1.

A graph demonstrating that the robot end-effector stays inside the safe set is illustrated
in Figure 6.13, where the blu area represent the safe set, while the green line represent the
distance between the ee and the center of the two spheres, i.e. the human wrist. There
are two moments in which the distance is outside the boundaries, in the first phase and
around t = 85 s. This is due to the fact that the control was momentarily deactivated,
i.e. in the initial phase and while the human operator was picking the load.
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Chapter 7

Conclusions and Future Directions

This thesis work addresses some problems that occur in the case of a human–robot
collaboration scenario. In particular, it focuses on two major aspects: a more natural and
flexible task planning strategy and an optimal safety-aware trajectory control strategy.
These are also the problems that had been identified in the submission phase of the
ROSSINI European project.

In the first part of the thesis the development and validation of the cognitive layer is
reported. The aim of this layer is to enhance the HRC creating a synergy between the
human operator and the robot. This is achieved firstly with the development of a new
task allocation strategy that embeds job quality metrics to make the most out of the
human–robot team. Subsequently, a proper dynamic scheduling algorithm takes care of
compensating for deviations from the nominal behaviour.

The next part regards the development and validation of the flexible execution and safety
layers. The aim of this part of the project is to improve the robot behaviour while always
ensuring the safety. Initially, a collision-free path is planned and eventually replanned
ensuring always a collision-free behaviour. Subsequently, a proper trajectory scaling
strategy adapts the speed of the robot along the path without never violating the safety
constraints imposed by the regulations.

After this layers have been completed, the thesis address the problem of the integration
between them and also with the other technologies developed by the partners. This has
lead to the creation of the safety aware control architecture, which allows to solve a task
allocation and motion planning problem. The experimental validations have been done
both in customs setups and in the ROSSINI use cases, demonstrating that the proposed
strategies may be applied to most of the collaborative industrial application.

The last part focuses on research activities that have gone beyond the ROSSINI project,
but which can be used both as a support to the technologies developed and as a sub-
stantial improvement of them. The problem of achieving a more resilient task scheduling
strategy that is also able to adapt to the human operator is crucial for a natural col-
laboration. In fact, experienced users may prefer to work differently than inexperienced
users. This can also be reflected in the robot’s behavior, making it more predictable for
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the human operator it is collaborating with.

The results of this thesis demonstrate how important and crucial it is to develop a mod-
ular and integrable architecture that allows both task allocation and execution. The
results, which were also obtained in industrial scenarios, were excellent and demon-
strate how the ROSSINI architecture is applicable to completely different use cases.
Furthermore, the ROSSINI project was a first step towards a fully customizable archi-
tecture, whose behaviour depends on the individual operator creating a custom experi-
ence. Indeed, thanks to the use of job quality metrics within the task assignment and the
rescheduling strategy based on execution time, with the ROSSINI project it is the robot
that adapts to the operator in front of it and not vice versa, as is often the case. This has
been further enhanced by an appropriate control strategy that is largely flexible, capable
of both replanning the path to avoid collisions with the human operator and to adapt the
velocity online to ensure safety.Subsequent work is further steps towards this customised
experience. The resilient architecture modifies the tasks to be assigned according to the
operator’s capabilities, while the trajectory planning and control architectures presented
in the last chapter allows predictable behaviour for the individual operator. The impor-
tance of this can also be seen from the fact that other researchers are working in this
field, e.g. by taking emotions into account [103, 133]. From the experience gained in
this PhD, I believe that the big step to be taken is to create a definitive architecture
that can accept all these inputs and self-adapt online to the human operator, perhaps by
exploiting also artificial intelligence techniques. This could see a radical change in the
paradigm of collaborative robotics, which could take it to another level. In fact, if this
were the case, the diffusion of collaborative robotics would not stop only at industrial
scenarios, but could arrive inside our homes to help us carry out some tasks or to perform
others for us.
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