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Abstract

This thesis presents an optimization-based control framework for multi-robot systems
interacting with human. This framework is amenable for both centralized and decen-
tralized control strategies, and addresses human-robot interaction as well as multi-task
allocation and execution. The novelty of the framework lies in its ability to leverage op-
timization algorithms to manage task allocation while ensuring system passivity, which
is critical to maintaining stability and safe interaction between robots and human oper-
ators. Both single-integrator and double-integrator robot dynamic models are explored
for different control scenarios. While the single-integrator scenario employs decentralized
control, ensuring scalability and efficient task execution, the double-integrator scenario
typically utilizes centralized control. However, if human-robot interaction constraints are
distributed between robots, a decentralized approach can be formulated, allowing flexible
control structures.

Experimental results demonstrate the system’s ability to dynamically allocate tasks,
execute them efficiently, and provide haptic feedback to human operators. The human-
robot interaction mechanism combines passivity-based control with feedback synthesis,
ensuring that the system can adapt to real-time changes in human input while maintaining
stability and safety. Additionally, the thesis identifies the limitations of a purely centralized
approach, particularly in larger robot teams, and suggests future improvements, including
enhanced scalability, improved feedback mechanisms, and adaptations for dynamic real-
world environments.

This research advances the field of human-robot collaboration by offering a robust,
adaptable framework capable of handling complex multi-task scenarios. The framework is
particularly suited for applications in dynamic and interactive settings, such as telerobotics,
industrial automation, and other collaborative operations where human oversight and real-
time control play a crucial role.
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Chapter 1

Introduction

Human-robot interaction has become an essential area of research as robots are increasingly
integrated into complex, real-world environments. The ability of robots to work alongside
humans, adapting to their commands and responding to dynamic changes, is critical for
applications ranging from industrial automation to healthcare and rescue missions. In
these settings, robots must not only operate autonomously but also collaborate e ectively
with human operators to achieve common goals. The success of such interactions hinges
on developing systems that can seamlessly integrate human input, process feedback, and
maintain stability and safety during collaborative tasks.

Human operators, through their cognitive capabilities, can provide high-level oversight
and guidance, signi cantly improving the robots' decision-making processes, as demon-
strated in applications such as robotic surgery, where surgeons guide autonomous tools
for precision tasks [1], or search and rescue operations, where human intervention helps
prioritize tasks in dynamic and uncertain environments [2]. A structured framework that
allows humans to interface with multi-robot teams can leverage this advantage, ensuring
that robots dynamically adjust their behaviors based on real-time instructions and mis-
sion demands. By integrating human decision-making into the control loop, these systems
can perform more e ectively in unpredictable and dynamic environments, as evidenced by
examples such as robotic-assisted disaster response, where human operators guide robots
in navigating debris and identifying survivors [3], and collaborative industrial tasks, where
human workers provide real-time corrections to robotic actions for tasks requiring precision
and adaptability [4].

Multi-robot systems are capable of executing multiple task concurrently. Therefore,
e ective multi-robot task allocation techniques are required to coordinate several tasks



among robots working in a team [5]. The e cient coordination and task allocation of
multiple robots have been the focus of extensive research in the eld of multi-robot systems.
These systems nd applications in various domains, such as search and rescue operations
in disaster response [6], environmental monitoring [7], [8], exploration, and reconnaissance
[9], where multiple robots are required to collaborate and achieve common objectives.
One crucial challenge in such scenarios is to allocate tasks to individual robots e ectively,
considering their capabilities, priorities, and the overall mission objectives [10].

A critical area of research is the e cient coordination and control of multi-robot sys-
tems in environments with dynamic tasks and human interaction. Conventional methods,
like formation control and task distribution, have demonstrated their e ectiveness in ap-
plications such as environmental monitoring, where robots coordinate to cover large areas
[11], and search and rescue missions, where task distribution enables e cient exploration
and victim localization [12]. But the integration of passivity-based control into multi-robot
systems represents a signi cant advancement, as it guarantees robustness and stability in
the presence of unknowns and external inputs. This contribution is particularly impactful
in scenarios involving human-robot interaction, where maintaining passivity ensures that
the system remains stable and safe despite unpredictable human inputs. In this thesis, we
extend this concept to the multi-robot context, enabling both centralized and decentralized
frameworks to incorporate passive control mechanisms, which is a key contribution of this
work.

Passivity, a property derived from energy-based control theory, guarantees that the
system does not generate energy, thereby ensuring stability. This concept is particularly
important in human-robot interaction, where the human operator's input can vary unpre-
dictably. The implementation of passivity within the control framework allows the system
to maintain stability while still responding to human inputs in a controlled and predictable
manner.

Human-robot interaction introduces another level of complexity, as the robots must
not only execute their tasks e ciently but also adapt to real-time inputs from human
operators. This real-time adaptability becomes critical in applications such as search and
rescue missions, where human operators can o er high-level guidance while robots perform
individual tasks. In such contexts, it is necessary to maintain stability, safety, and passivity
in the system, ensuring that robot behavior remains predictable and safe despite human
involvement [13], [14]. This thesis focuses on integrating human input into a multi-robot
system through an optimization-based teleoperation framework that guarantees these key
properties.

This research stems from the increasing need for multi-robot systems in real-world



Figure 1.1: Passive optimization-based approach for the haptic feedback synthesis for
multi-robot multi-task systems. The robots receive the inputuy from a human operator
through a haptic device, such as the Novint Falcon, which is used in this work as an
example implementation. The passivity-based haptic synthesis algorithm takes the human
input, uy and state of the robots,x, to produce the optimal control input for the robots,

u , and the haptic feedback for the human, uy .

applications where robot teams have to interact with humans, make decisions online, and
give feedback based on the evolution of their mission in real time. Human operators, thanks
to their high level cognitive capabilities, have the potential of enhancing the e ciency of
task execution. In order to fully take advantage of the presence of human operators,
a systematic way of interfacing a human with a team of robots is required. Figure 1.1
depicts the centralized control framework proposed in this thesis, which integrates passivity,
formation control, and human-robot interaction into a uni ed system. This framework
represents a novel contribution, as it is among the rst to combine these elements cohesively
for multi-robot systems, enabling safe and e cient operation in dynamic environments
with human input. It consists of an optimization-based approach for the haptic feedback
synthesis for multi-robot multi-task systems. The robot state X, is used together with
the human input uy in order to synthesize the optimal robot control inputu and haptic
feedback for the human operator u, . This centralized method allows for a more cohesive
and integrated control strategy, ensuring that the collective behavior of the robots adheres
to the desired objectives. The passivity-based approach used in this framework ensures
that the interaction between the human operator and the robots remains stable, even as
the robots work together to maintain a formation and accomplish tasks.

Figure 1.2 depicts the real world scenario of the centralized control framework proposed
in this thesis, which integrates passivity, formation control, and human-robot interaction
into a uni ed system that clari es the 2-dimensional formulation of the problem.
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Figure 1.2: Passive optimization-based approach for the haptic feedback synthesis for multi-
robot multi-task systems for the real world application. The team of DJI Robomastes
receive the inputuy from a human operator through a haptic device (Novint Falcon). The
passivity-based haptic synthesis algorithm takes the human input)y and state of the
robots, x, to produce the optimal control input for the robots,u , and the haptic feedback
for the human, uy .



Figure 1.3: optimization-based approach for the haptic feedback synthesis for multi-robot
multi-task systems. The robots receive the inpuuy from a human operator through a
haptic device. The optimization algorithm takes the human input,uy and state of the
robots, X, to produce the optimal control input for the robots,u , and the haptic feedback
for the human, uy .

Figure 1.3 depicts the decentralized control framework we propose in this thesis. It
consists of a haptic feedback synthesis for multi-robot multi-task systems. The robot
state, X, is used together with the human inputuy in order to synthesize the optimal
robot control input u and haptic feedback for the human operator uy, .

This thesis focuses on common applications where teams of robots have to execute
multiple tasks. Task allocation in multi-robot systems is a well-studied problem that has
garnered considerable attention from researchers in recent years. The challenge lies in
nding e ective strategies to distribute tasks among the robots e ciently, while consid-
ering various factors such as distance travelled, workload balance, energy consumption,
communication overhead, and individual robot capabilities. Additionally, the task allo-
cation process should be robust to uncertainties, dynamically adapting to changes in the
environment or in the team composition.

However, the control strategies introduced in these works are primarily focused on con-
trolling robot behavior in relatively simple, single-task or single-degree-of-freedom settings.
The challenge increases signi cantly in multi-robot, multi-task environments where human
inputs must interact with a variety of control objectives. The goal of this thesis is to ex-
tend these control methodologies to multi-task, multi-robot systems, where each robot may
have to execute several tasks simultaneously, often with di ering priorities. Furthermore,
the incorporation of haptic feedback synthesis will enable human operators to dynamically
adjust their inputs based on real-time feedback from the robot system.



This work builds on previous research [10] that focuses on task allocation and control
in multi-robot systems, by extending the framework to include human teleoperation and
haptic feedback mechanisms. The novelty lies in integrating human-in-the-loop control
with passivity-based optimization frameworks, ensuring stability and adaptability during
human-robot interaction. This extension is valuable as it enables the safe and e cient
operation of multi-robot systems in dynamic environments. In this thesis, we have proposed
a novel centralized and decentralized control framework for multi-robot, multi-task systems
with human-robot interaction, including haptic feedback synthesis. In the single-integrator
scenario, a decentralized framework ensures scalability, allowing robots to execute tasks
based on local information. In contrast, the double-integrator model allows for centralized
control with feedback mechanisms, ensuring smooth performance even in scenarios where
human inputs dynamically alter the robots' objectives.

The primary objective of this thesis is to propose a systematic approach to input human
instructions to speci c robots and get feedback about how this input a ects the system.
This is achieved while allocating speci c tasks to the robots based on their capabilities
via prede ned priorities. The framework is applicable to a wide variety of tasks [15]. As
an example, in the Simulations and Experimental Results chapter of this thesis, we con-
sider the following tasks, which have signi cantly di erent nature: Single-robot navigation,
multi-robot formation control, passivity-based control, coverage control, and human-robot
interaction. These tasks will be implemented taking into account each robot's priorities. A
convex optimization formulation allows the task allocation algorithm to run in polynomial
time.

The aim has been to optimize factors such as overall energy e ciency and commu-
nication overhead by designing decentralized framework among the robots. The main
contribution of this thesis to the state of the art is the introduction of a systematic ap-
proach to synthesize haptic feedback in human-multi-robot systems and introduction of
a passivity-based control mechanism that integrates with formation control and human-
robot interaction to ensure stability across the entire multi-robot system. Moreover, we
present the results of extensive simulations performed using dynamic simulators and ex-
periments for the multi-robot system to assess the performance of the proposed approach
under various scenarios and conditions.

The rest of the thesis is organized as follows: Chapter 2 provides a survey on the liter-
ature related to passivity-based control, formation control, human-multi-robot interaction
and task allocation. Chapter 3 presents the detailed description of the problem formu-
lations, system model and mathematical background. Chapter 4 presents the detailed
description of the Haptic Feedback Synthesis Framework. Chapter 5 presents the results
of the performed simulations and experiments and also discusses the performance of the

6



proposed approach. Chapter 6 concludes the thesis.
A part of this research is submitted for possible publication in the IFAC Mechatronics

[16].



Chapter 2

Related Work

The pertinent literature on human-robot interaction, multi-robot systems, task allocation
and passivity is covered in this chapter.

2.1 Optimization Based Task Execution

Prior studies on multi-robot systems have investigated various task allocation strategies,
such as market-based approaches, auction mechanisms, swarm intelligence algorithms, and
task-driven learning techniques [5]. The topic of task allocation has been substantially ex-
plored in the literature on multi-robot systems. The framework presented by the authors

of [17] begins with a comprehensive task representation that includes requirements, depen-
dencies, priorities, and task characteristics. One of the main contributions of the thesis is
the task allocation algorithm, which considers various factors such as task requirements,
robot capabilities, energy consumption rates, and the dynamic nature of the environment.
The proposed framework also stands out for having an energy awareness. Because the task
allocation algorithm considers the energy levels of individual robots, it avoids overwork or
the depletion of any one robot's energy. The authors of [10] emphasize how crucial it is to
consider task assignment considering robot capability heterogeneity. They emphasize that
assigning tasks solely based on robot availability or proximity may lead to sub-optimal
performance and under utilization of resources. Instead, the proposed strategy considers
the individual capabilities of robots and the requirements of tasks, aiming to maximize
the overall system e ciency. So, in our thesis, we present an approach for haptic feedback
synthesis of multi-robot multi-task allocation and prioritization system that considers hu-



man instruction and provides feedback based on output, building on our previous work,
presented in [17], [10], [18], [19].

Furthermore, the concept of approximation algorithms is explored in [20] as a workable
solution to the multi-robot task allocation problem. The goal of approximation algorithms
is to identify computationally e cient sub-optimal solutions that strike a good compro-
mise between computational complexity and solution quality. The researchers talk about
various approximation methods that have been used in multi-robot task allocation, includ-
ing randomly assigned algorithms, mathematical relaxations, and greedy heuristics. The
authors of [21] suggest a decentralized task allocation algorithm that enables individual
robots to decide on task assignments on their own. To ensure e ective task allocation,
the algorithm considers variables like robot payload capacities, robot proximity to task
locations, and task deadlines. Additionally, the proposed approach enables robots to ex-
change information and collaborate in real-time to optimize task distribution and overall
performance.

The challenge of dynamically assigning tasks to a group of robots is discussed in [22],
with the goal of maximizing overall performance and resource utilisation. The optimal
mass transport theory, a potent mathematical framework that identi es the most e ec-
tive method of moving mass from one distribution to another, serves as the inspiration
for the task allocation algorithm that the authors present. When compared to conven-
tional task allocation methods, the outcomes demonstrate higher task completion rates,
decreased resource waste, and enhanced system performance overall. In contrast, the au-
thors of [23] suggest a decentralized, self-organizing task allocation mechanism that draws
inspiration from the ideas of swarm intelligence. The algorithm allows individual robots to
autonomously and cooperatively make task allocation decisions based on local information
and communication with neighboring robots. The self-organizing nature of the approach
enables the swarm to adapt to dynamic environments and changing task requirements.

The authors of [24] propose a hybrid force/ velocity/ attitude control system for a
robot manipulator, where the key contribution is a passivity-based control approach that
ensures both performance and safety, supported by Lyapunov-based stability and passivity
analysis. The centralized control framework in our work ensures coordinated movement
and task execution among all robots. This contrasts with the more localized control in the
authors' approach, where the focus is on a single robot's interaction with its immediate
environment. Whereas the authors of [25] proposes a framework, termed Passive Model
Predictive Impedance Control (PMPIC), is designed to maintain compliant interaction
behavior while ensuring that the robot system remains passive. This approach minimizes
the conservativeness typically associated with passive control strategies by reducing the
modi cation required to the original sti ness pro les, thus preserving the desired interac-
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tion behavior. In comparison to our centralized approach which might face challenges in
ensuring passivity across all robots, especially in scenarios where human input signi cantly
alters the system dynamics, whereas PMPIC guarantees passivity through its optimized
control strategy.

Novel distributed algorithms are presented in [26], allowing a group of robots to coop-
eratively divide up the tasks among themselves and guarantee that each task is nished
by the deadline. Based on local data and interactions with nearby robots, the authors' de-
centralised method enables individual robots to autonomously and e ectively decide which
tasks to assign. Because the algorithms are distributed, they can be scaled, adapted,
and robust, which makes them appropriate for use in large-scale multi-robot systems in
dynamic environments. Additionally, in [27], a potent method called receding horizon
optimization|which permits robots to plan their tasks and paths decentralized|is the
foundation of the suggested strategy. The receding horizon approach allows robots to ef-
ciently update their plans based on real-time information and adapt to changes in the
environment or task requirements. The approach incorporates constraints such as colli-
sion avoidance, task assignment, and resource allocation to ensure safe and e cient robot
coordination.

The authors of [28], introduces a novel metric based on frame theory, allowing for a
quantitative measure of resilience in multi-robot systems, ensuring that robots can react
to failures by changing behaviors or objectives. It considers energy consumption in robot
systems, incorporating energy-aware constraints to ensure long-duration autonomy and op-
erational e ciency, particularly in unstructured and unpredictable environments. While
both our work and this paper focus on task allocation and control in multi-robot systems,
the author's [28] work places a greater emphasis on resilience and energy constraints. In
contrast, our work incorporates haptic feedback as an integral part of the control frame-
work, providing real-time instructions to robots and receiving feedback through haptic
devices, which ensures more adaptive interaction with humans.

In [29] the authors discuss the challenge of coordinating robots under strict energy con-
straints, focusing on the problem of energy-aware rendezvous. Itintroduces an optimization-
based control method to ensure that robots meet at a common location before running out
of battery. While the paper focuses on optimizing energy usage for coordination, it lacks
human-robot interaction or haptic feedback integration, both central aspects of our work.
Our approach extends beyond energy-constrained coordination by incorporating haptic
feedback and task prioritization. However, the decentralized nature of the author's work
makes it more scalable in scenarios with limited communication compared to our more
centralized framework, which may face challenges with scalability.
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A decentralized submodular optimization algorithm for task allocation is proposed in
[30]. It ensures robots can allocate tasks independently, emphasizing scalability and adapt-
ability. While this work shares similarities in task allocation, our research extends the
framework by integrating human-robot interaction and haptic feedback, ensuring real-time
adaptability. Our centralized framework o ers better coordination in complex scenarios
but may face limitations in large-scale, highly dynamic environments compared to the de-
centralized submodular method that excels in exibility. While the authors of [31], focuses
on task allocation in persistent tasks with an energy-aware framework. It ensures the
longevity of robots by optimizing energy usage while allocating tasks dynamically. Com-
pared to this, our work incorporates haptic feedback in multi-robot systems and optimizes
both energy and task allocation in real time. Although the energy-aware aspect aligns
with our task prioritization, our research adds a layer of complexity by involving human
operators and haptic feedback, allowing for more interactive control in dynamic environ-
ments. However, the authors' focus on energy management might o er better longevity in
continuous operations.

A framework for multi-robot coalition formation, which involves partitioning robots into
coalitions that are dynamically assigned to various tasks is presented in [32]. The work
builds on multi-agent systems and aims to bridge the gap between coalition formation in
multi-agent and multi-robot systems. The algorithm proposed in this paper deals with
communication constraints, fault tolerance, and resource distribution challenges specic
to real-world robotic environments. Our centralized task allocation framework provides
real-time adaptability with haptic feedback, which is not considered in the authors' work.
Moreover, Our focus on haptic feedback and passivity ensures safer human-robot collab-
oration. The authors of [33] discusses decentralized receding horizon control (RHC) for
large-scale systems, where each subsystem computes its own control inputs based on its
states and the states of its neighbors. The decentralized approach ensures that systems
can operate independently but still achieve overall system objectives through local inter-
actions. The decentralized RHC approach might be more suitable for large, distributed
systems where communication between robots is limited. Our centralized approach might
struggle with scalability in comparison, especially in environments with a high degree of
robot autonomy.

In [34] the authors present a decentralized approach for maintaining robot formation
by relying on local communication between neighboring robots. This enables the system to
scale e ciently and adapt to dynamic environments, such as avoiding obstacles, through
decentralized decision-making and optimization. Compared to this paper's distributed ap-
proach, our work leverages both centralized and decentralized methods. The decentralized
formation control in our work provides the exibility and scalability seen in this paper,
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but our centralized system o ers precise coordination in multi-task scenarios with human
oversight. However, the paper's decentralized method excels in large-scale dynamic envi-
ronments, where our centralized framework may face scalability challenges.

2.2 Human-Multi-Robot Teleoperation

The eld of human-multi-robot teleoperation has garnered signi cant attention due to
its potential for enabling human operators to control and interact with multiple robots
simultaneously in complex and dynamic environments. Recent advancements in teleoper-
ation frameworks have focused on ensuring stability and passivity in the system, allowing
human operators to provide high-level guidance while maintaining safe and predictable
robot behavior, even in the presence of time delays or external disturbances. In [35] the
authors present a passivity-based control framework to address stability issues in teleop-
eration systems with time delays, which is critical in environments where robots operate
at a distance. This is relevant to our work on human-multi-robot teleoperation as it en-
sures that haptic feedback remains stable even with time delays. The paper's emphasis on
maintaining stability through passivity aligns with our work, where human operators con-
trol multiple robots using real-time haptic feedback. However, our system extends beyond
single-Degree Of Freedom control and involves complex multi-task, multi-robot scenarios,
which adds more complexity than the single-robot focus of this thesis.

Haptic rendering plays a pivotal role in facilitating realistic and stable interactions
between humans and robotic systems. Early foundational work by Zilles and Salisbury
introduced the constraint-based 'god-object’ method, which computes interaction forces in
real-time to create convincing haptic experiences with virtual objects [36]. This method
established the groundwork for haptic systems capable of accurately simulating surface
properties such as compliance and friction. Furthermore, Adams and Hannaford extended
these concepts by proposing a virtual coupling network to ensure stability in haptic sim-
ulations, even in the presence of complex virtual environments [37]. These contributions
highlight the critical importance of stability and performance in haptic feedback systems,
which are central to the framework proposed in this thesis for human-multi-robot interac-
tion.

In [38] the authors review various haptic feedback techniques, including force and tac-
tile feedback. This paper is directly relevant to the feedback mechanisms we use in our
system to inform human operators of the robot's state. The paper presents multiple ap-
proaches to haptic feedback, including sensory substitution methods (visual and auditory
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feedback) when direct haptic feedback is not feasible. These strategies could enhance if im-
plemented in our system, especially in scenarios where full tactile feedback may be di cult
to implement. The methods discussed in the paper are primarily focused on single-task,
single-robot systems (e.g., surgical robots), whereas our system is designed for multi-task,
multi-robot environments. Integrating these approaches might require additional modi -
cations to handle the complexity of our system.

In [13] and [14] the authors introduce optimization-based frameworks to ensure sta-
bility, safety, and passivity in teleoperation systems. Both works employ passivity-based
control, using lters like the SSP (stability, safety, passivity) Iter to minimally alter hu-
man inputs and maintain system stability. The approach of [13] Iters human inputs to
maintain system safety through control barrier functions (CBFs) and passivity with real-
time implementation, focusing on experimental results with mobile robots. Both papers'
techniques are closely related to our work, as both aim to ensure stability and passivity in
human-multi-robot systems. However, our work emphasizes task allocation and prioritiza-
tion with haptic feedback, incorporating both centralized and decentralized frameworks for
di erent dynamic systems. Unlike the Stability-safety-passivity (SSP) Iter, which focuses
on stability and safety, our approach integrates haptic feedback and handles multi-task
execution with human input. While the SSP framework excels in ensuring safety dur-
ing teleoperation, our approach o ers a more comprehensive task allocation mechanism
and direct human-robot interaction, but may face challenges with scalability and safety
integration.

The authors of [39] provide a thorough framework for cooperative assembly planning
that combines human and robotic capabilities to successfully handle assembly challenges
encountered in the real world. The framework is structured into three layers: team-level
planning, agent-level task allocation, and real-time execution. The system's ability to
generate nominal plans while accounting for unforeseen events and faults is noteworthy
and is essential for its practical application in industrial settings. The crucial problem of
task allocation in multi-robot systems operating in unpredictable environments is discussed
by the authors in [40], with a focus on the eld of space exploration. The study, which
aims to balance the trade-o s between robot commitment and coordination, presents an
empirical investigation into four di erent task allocation strategies. Notably, the study
reveals that no single task allocation strategy consistently outperforms others across all
scenarios. Instead, the e ectiveness of task allocation strategies is shown to vary depending
on the level of noise and uncertainty present in the environment. Overall, the approach
in [39] performs better than our approach of human-robot interaction if there are multiple
levels of human involvement, but our optimization algorithm and task allocation approach
is much faster than the approach described in [40].
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This authors [41] introduce a multi-robot teleoperation strategy where a human oper-
ator controls multiple robots to perform dexterous and complex tasks in real-time. The
system integrates haptic feedback, enabling the operator to sense interaction forces and
adjust the task accordingly. Compared to our work, this approach has strong parallels
with the use of haptic feedback for real-time control. While the authors of [42], discusses
ensuring stability in haptic teleoperation systems, particularly when dealing with nonlinear
virtual environments. Like our system, the authors also emphasize passivity to maintain
stability in human-robot interactions. The primary distinction is that their system fo-
cuses on stabilizing nonlinear virtual environments, whereas our work deals with multiple
physical robots performing real tasks. The advantage of our system is its applicability to
real-world, multi-robot scenarios, while the authors' work provide more speci ¢ solutions
for haptic systems in nonlinear virtual settings, which might not be as broadly applicable
in real-world robot teleoperation tasks.

The authors of the paper [43] presents a system that uses two human operators (dual-
master) controlling a single slave robot to perform bilateral teleoperation. It's designed
for scenarios where complex tasks require simultaneous input from two operators. The
relevance to our work lies in the use of haptic feedback for control. The disadvantage
of this system compared to ours is that it requires multiple operators for complex tasks,
whereas our system focuses on a single operator controlling multiple robots. However, this
paper provides insight into how multiple operators can be utilized for more complex task
coordination. While the authors of [44] presents a comprehensive human-robot interaction
control strategy, including force feedback and impedance controllers, allowing the operator
to control robots e ectively in various scenarios. The teleoperation system incorporates
force feedback to improve interaction between the human and the robots, ensuring smooth
movement and control. Compared to our work, this paper's contribution is more focused
on scenario-speci ¢ control. The advantage of our work is its exibility in handling a
broader range of tasks, as well as the incorporation of haptic feedback to optimize task
allocation. However, this paper o ers a deeper exploration into the control strategies that
could further improve the haptic feedback aspect of our system.

A framework for human-in-the-loop control of multi-robot systems, focusing on passiv-
ity analysis and using VR interfaces to improve human performance and system stability is
presented in [45]. The relevance to our work lies in the use of distributed control strategies
to ensure stable multi-robot operation, similar to our focus on task allocation and execu-
tion. However, this work heavily emphasizes managing passivity shortages in the human
operator, which contrasts with our approach that prioritizes human-robot collaboration
and distributed decision-making over strict passivity requirements. While [46], addresses a
leader-follower formation control system, where a single human operator manipulates mul-
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tiple robots cooperatively, using haptic feedback to enhance interaction. This is relevant to
our research on human-multi-robot teleoperation, as it explores how feedback can improve
the human's control over a team of robots. While it o ers insights into e ective human
control, especially through the use of feedback, its focus on object manipulation di ers
from our application, which deals more with distributed optimization for autonomous task
allocation.

The authors of the paper [47] analyze the passivity of the human arm in teleoperation
systems, particularly in the position-force domain, to ensure safe interaction in telerobotics.
It is relevant to our work in that it explores the critical role of human passivity in tele-
operation, aligning with the safety concerns in human-robot interaction. However, the
study's primary focus on single-master/single-slave teleoperation limits its applicability to
our multi-robot teleoperation framework, where multiple robots and distributed control
are central to system functionality. While the authors of the paper [48] proposes a robust
control law that ensures both safety and passivity in human-robot interactions by imposing
velocity constraints and restoring forces to keep the robot within a safe operating region.
Its focus on ensuring safe interaction and passivity in physical human-robot collaborations
is closely related to the safety aspect of our research. Though, its emphasis on veloc-
ity control and physical constraints is somewhat di erent from our focus on distributed
multi-robot control for task allocation and execution, but the human operator plays a more
supervisory role rather than direct physical control.

A decentralized passivity-based control for teleoperation of UAV groups, focusing on
maintaining connectivity and obstacle avoidance is presented in [49]. It aligns with our
work's emphasis on safe multi-robot control and interaction through passivity. However,
its focus on UAV-speci c dynamics and decentralized control di ers from our system's
exploration of centralized frameworks under certain conditions. While the authors of the
paper [50] explores passivity-based methods for coordinating robot teams across long dis-
tances with communication delays. It highlights handling human-swarm interaction and
time delays, which is relevant to our focus on robust, scalable multi-robot teleoperation.
However, this work emphasizes delay compensation rather than direct haptic feedback or
human-in-the-loop control in real-time.

A decentralized control approach that ensures passivity in multi-robot systems under
communication delays using control barrier functions is discussed in [51]. It directly relates
to our research on maintaining stability and safety in human-robot systems. The key
di erence is the strong focus on decentralized control, whereas our work also explores
centralized strategies for certain dynamic systems. While a passivity-based teleoperation
system for heterogeneous robot teams, allowing exibility in formation and interaction
through decentralized control is presented in [52]. It closely relates to our research on
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safe human-robot interaction and passivity but di ers in focusing more on exible, time-
varying topology and decentralized control, while our system considers centralized control
in speci c cases.

A novel haptic shared autonomy framework for teleoperating quadrotor UAVS, focusing
on safety and stability using control barrier functions and nite L2-gain methods is pro-
posed in [53]. It aligns with our work's emphasis on passivity and haptic feedback for safe
human-robot interaction. However, it primarily addresses UAV teleoperation rather than
broader multi-robot systems, which limits its applicability to our generalized framework.

A framework is proposed in the work of Zhang [54] for adaptive scheduling in human-
multi-robot collaboration, leveraging real-time performance indices like fatigue to dynam-
ically adjust task allocation. This approach is relevant to human-in-the-loop systems and
complements our work by focusing on dynamic adaptability in collaborative tasks. How-
ever, their framework is tailored to manufacturing applications and lacks emphasis on hap-
tic feedback or real-time interaction critical for teleoperation systems. My work expands
applicability by incorporating haptic feedback and task prioritization, enabling broader
real-world applications beyond assembly tasks. While the author of [55], design a mod-
ular, multimodal interface for controlling multi-robot teams in hazardous environments,
emphasizing safety and adaptability through real-time feedback. This aligns with the
focus on robust human-multi-robot interaction but is limited to interface design without
optimization-based control or stability considerations. Our framework integrates optimiza-
tion and passivity principles to ensure both stability and adaptability in teleoperation,
extending the utility of human-robot systems to dynamic environments requiring precise
control.

Compared to many other task allocation approaches, which assign a single task to each
robot at a time, our work investigates a scenario in which individual robots carry out mul-
tiple tasks at di erent priorities simultaneously. This problem is formulated as a quadratic
programming, which is resolved at every time step. This formulation computationally e -
cient as its complexity grows exponentially with the number of tasks and robots [56] than
other algorithms that give robots multiple tasks [5]. We propose a multi-robot, multi-task
system that uses an optimization algorithm and facilitates human-robot interaction. When
making decisions, human-robot interaction can also bene t the system because, in contrast
to [20], [21], [22], [23], [26], [27], @ human operator can modify instructions based on the
best input from the system.

Moreover, task allocation and control in multi-robot systems have increasingly focused
on real-time performance and adaptability. The framework in [26] introduces a real-time
optimization-based control system that manages multi-robot formations, achieving task
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coordination through continuous feedback loops. Similarly, [27] demonstrates a method
for managing interactions between robots and human operators through haptic feedback,
ensuring smooth coordination during task transitions. Our work builds on these studies
by incorporating passivity-based haptic feedback synthesis into the centralized task alloca-
tion framework. This allows human operators to interact seamlessly with the multi-robot
system, in uencing task allocation and robot behavior in real time.

In summary, while previous work has made signi cant strides in decentralized control,
task allocation, and passivity-based human robot interaction, our approach distinguishes
itself by combining these elements into a single centralized framework. The integration of
haptic feedback, formation control, and passivity-based stability ensures that the multi-
robot system operates e ciently and safely, with real-time adaptability to human inputs.
This contribution advances the state of the art by addressing the complex requirements
of multi-task, multi-robot systems with human interaction, o ering a robust solution for
applications in dynamic environments.
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Chapter 3

Problem Formulation

We consider a group oN robots that are deployed in an environment to perfornM tasks.
One of the tasks may consist in following the instructions of a human operator. Robot
posses features that determine their capabilities of executing di erent tasks. Based on this
capabilities, we assume that a priority stack for the di erent tasks to execute is assigned to
each robot. To perform a prioritized stack of tasks, an optimization algorithm is proposed
in this thesis.

3.1 System Model and Mathematical Background

The robots are modelled by a control a ne dynamical system
xi = (X)) + g(xi)u; (3.1)

wherex; 2 R" andu; 2 R™ are the state and the input of roboti. In general, our approach
works for control a ne dynamical systems, so that the optimization-based controller is
CONVex.

We modelled the robots using single-integrator dynamic systemx; = u; wherei =

workspace. While this formulation assumes a 2D domain, it can be extended to higher-
dimensional spacesR") depending on the specic application requirements. Then, we
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modelled the robots using double-integrator dynamic system,

5 f(>}i|;ui) {
|—z— |23
A B
wherei =1;::::N, u; 2 R? Acceleration and
xi= il o R
Xi;2

Here positionx;; 2 R? and velocity x;, 2 R?

The optimization-based control framework builds on the concepts of constraint-driven
coordinated control and energy-aware task allocation in multi-robot systems. Notomista
and Egerstedt [18] introduced a method where multi-robot tasks are encoded as constraints
within an optimization problem. This constraint-driven approach allows for robust and
adaptable control strategies, ensuring task execution while maintaining long-term surviv-
ability, even under changing environmental conditions. The use of optimization ensures
that the robots' actions minimally in uence their overall task performance, striking a bal-
ance between energy consumption and task execution.

Building on this foundation, Notomista [10] extended the framework to account for
heterogeneous robot capabilities, formulating a task allocation strategy that optimizes re-
source usage while respecting individual robot constraints. By introducing slack variables
and prioritization mechanisms, the approach enables robots to handle multiple tasks dy-
namically and exibly, even under resource limitations.

These works provide the basis for the optimization program presented in this thesis,
which integrates these principles into a uni ed framework for multi-robot task execution
with human interaction and haptic feedback.

In this thesis, we start from the constraint-driven approach for task execution [18],
consisting in solving the following minimum-energy optimization program, where the con-
straint function encodes the task execution [10]:

min ku; k?
Ui
subjectto L;Tj(xi)+ LgT; (Xi)u; i Ti(xi); (3.2)
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whereT,; denotes that function encoding tasl, Lt Tj (xi) and L4T; (x;) are the Lie deriva-
tives of T; in the directions of the vector eldsf and g, respectively, and ; > 0. We refer
to [18] for an introduction to the constraint-based task execution framework we used in
this thesis.

This formulation can be extended to the task allocation and execution for multiple
robots that perform multiple tasks. Each task constraint is supplemented with a slack
variable and relative constraints on the slack variable are introduced:

min kuik? + K k k?

Ui, i

SUbjeCt to Lf T]_(Xi) + Lng(Xi)Ui 1T1(Xi) + g1
: (3.3)
Lan(éi)"' I—ng(Xi)ui nTn(Xi)"' in
iij i ik

where ;; is the slack variable for the constraint encoding the execution of tagkby robot

i, and K > 0. The constraint i; % ik, K 1, represents the relative priorities of
the tasks assigned to robot. Here, k (also referred to as ) is a ratio between the slack
variables of two tasks. A higherk implies a greater disparity between the corresponding
slack variables, signifying a stronger prioritization of one task over the other. This allows
the optimization framework to control the relative e ectiveness of task execution based on
prede ned priorities. In this case, the constraint speci es that tas has to be executed

not only make such a program feasible, but also enable individual robots to prioritize tasks.

If a human operator interacts with the robotic system via a human inputuy, our
objective is to synthesis the haptic feedback uy,, which will inform the human about the
current performance of the robots. The optimization algorithm (3.3) modi es to:

min kuk?+ K k k?+ K k uyk?

Ui, i; UH
SUbjeCt to Lf T]_(Xi) + Lng(Xi)Ui 1T1(Xi) + g1
5 (3.4)
Lan(éi)"' I—ng(Xi)ui nTn(Xi)"' in
i;j k bk

Ui = fu, (Xun + uy);

whereuy 2 RPis human input and uy 2 RP is the feedback from the robots to the
human, accounting for the current allocation and execution of taski > 0,K > 0, and
fy, is a function ofx;, uy and uy. In the following section, we provide an example of such
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a function used to specify the interaction between a human operator and a team of robots.
Currently, uy is unconstrained, meaning it can take any value iRP, allowing exibility

in the system's response. However, for safety considerations, constraints om,, such as
minimum and maximum bounds, can be incorporated to ensure that the feedback remains
within safe limits for the human operator.

Remark 1 Uy, the haptic feedback, has the same dimensionugf, the vector represent-

ing the human input. Therefore, the rendering of this feedback to the human operator is
seamless. As an example, supposg is a velocity sent by the human to a robot. In this
case, the feedback uy is also a velocity of the same dimension, enabling the feedback to be
rendered directly in the same unit and modality, such as a force on a haptic device, in a typ-
ical teleoperation architecture [57]. Maintaining the same dimension ensures consistency in
the feedback mechanism, allowing the haptic device to display feedback in a way that aligns
with the operator's input. If uy were not of the same dimension, the feedback modality
would need to change. For instance, visual feedback instead of haptic feedback|resulting in
a di erent user experience and potentially limiting the applicability to certain tasks. Also,
representing velocity as a force on a haptic device in this context involves mapping the ve-
locity feedback to an equivalent force output, which provides the operator with an intuitive
sense of the robot's state and the current task dynamics.

3.2 Passive Teleoperation

In human-robot interaction, especially in teleoperation systems, ensuring stability is paramount
due to the unpredictable nature of human input. Passivity is a critical concept in control
systems, particularly when dealing with dynamic environments and external disturbances.
Passivity guarantees that the system does not generate excess energy, preventing insta-
bility. By maintaining passivity, the system ensures that it can safely respond to human
inputs, adapt to external disturbances, and maintain stable interaction, even in the pres-
ence of delays or uncertainties. Passivity also provides a robust framework for ensuring
that interactions within the system remain predictable and safe, even when the system
is subjected to unknown forces or environmental changes [49], [52]. This makes passivity
critical in applications where human operators directly in uence the robot's behavior, such
as in teleoperated multi-robot systems.

A system is considered passive if the energy supplied to it does not exceed the energy
stored plus the energy dissipated. Mathematically, this can be expressed in terms of the
input u and output y as follows:
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Z
u(®)Ty(t)dt  S(x(T)) S(x(0)) (3.5)

where S(x) is the storage function, representing the stored energy in the system, and x(t)
is the state of the system at time t. The inequality implies that the energy supplied by
the input u(t) is greater than or equal to the increase in the stored energy plus any energy
dissipated by the system. Passivity can be further classi ed into di erent types, such as:

" Lossless Passivity: If all the supplied energy is stored, i.e., no energy is dissipated.

© Strict Passivity:  If the system dissipates some of the energy, ensuring that the
stored energy cannot increase inde nitely [58].

In the context of control systems, especially those involving human-robot interaction,
ensuring passivity is critical for maintaining system stability. When a human interacts
with a robot, their input can vary unpredictably. A passivity-based control framework
ensures that regardless of these variations, the system remains stable by not allowing it to
generate excess energy that could lead to instability.
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Chapter 4

Haptic Feedback Synthesis
Framework

In this chapter we will introduce the formulation of the tasks as constraint of a opti-
mization problem and the control framework for single-integrator dynamic system and
double-integrator dynamic system. In case of single-integrator dynamic system, the con-
trol framework is decentralized. On the other hand for double-integrator dynamic system,
the control framework is centralized.

4.1 Single-Integrator Dynamic System

We modelled the robots using single-integrator dynamic systenx; = u; wherei =

locity as control input.

4.1.1 Model of the Tasks

In this subsection we will introduce the formulation of the tasks as constraint of a opti-
mization problem for single-integrator dynamic system.
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Go-to-Goal Task

Driving to speci c sites within the domain constitutes Task 1, as detailed in [11]. This
is the Go-to-Goal Task. The construction of the task 1 in space can be encoded by the
following cost, as has been done in [5], [59], [60].

X
Ti(x) = Ekxi pik?; (4.1)
i=1
wherex; 2 R? represents the state (position) of robot and p; 2 R? represents the target
position for robot i. Both x; and p; are de ned in a two-dimensional workspace. Here,
i=1;::0; N, the total number of robots in the system. The formulation ensures that each
robot is aSS|gned a unique targep;, avoiding ambiguity in the notation. For this example,

N =4, indicating a team of four robots operating in a two-dimensional domain.
The following optimization problem determines the execution of task 1 by each robot

min ku; k2
ui (4.2)
subjectto 2x; p)'u; 1(k xi  pk?):

Objective (mlnku k?): This term minimizes the control e ort u; applied by robot i.

The goal is to ensure that the robot reaches its target positiop, in an energy-e cient
manner.

Constraint 2(x; pi)"u; 1(k xi pk?): This inequality encodes the task execution
constraint. The left-hand side, 2k; )" u;, represents the projection of the control input
u; along the vector pointing from the robot's current positionx; to its target position p;.
This ensures that the control action is directed toward reducing the distance to the goal.
The right-hand side, (k x; pik?), is a function that determines the allowable rate of
distance reduction based on the current distandex; p;k?. The function ; ensures that
the robot moves closer to its target while maintaining stability.

This formulation guarantees that the robot minimizes its energy usage while respecting
the task constraints that guide it toward its goal. By balancing these components, the
optimization problem ensures e cient and stable task execution for each robot.

Formation Constraint

Robots are required to arrange themselves into a prede ned shape in formation control
scenarios, which are de ned by the distances between each robot. We can express this

24



problem as the minimization of a cost function by representing the formation error as
T2(x):

XX 1

Ta(x) = é(kxi Xk dj)% (4.3)

i=1 j2N;
where N; speci es the set of robots with which roboti maintains a prede ned distance.
In this case, the desired distance between robotsand j is denoted byd; . These relative
distances,d; , de ne the desired formation, from which the robot con guration currently
operates. T,(x) quanti es the distance from the desired formation. The robots have
precisely formed the desired shape whén(x) = 0.

The gradient of T,; with respect to the position of roboti, required to evaluate the Lie
derivative of the task function, are calculated as:

@L _ X kXi Xjk d
@x KX; {ij k

Wij

U (xi X))

} (4.4)

JZNi|

The following is an explanation of this equation: When robots and j are closer thand; ,
the weight w; is negative, which creates a repulsive force between the robots. In contrast,
if d; is smaller than the distance between the robots, thew; is positive, which creates
an attracting force between the robots [18].

The following optimization problem results in the exeution of task 2:

min ku; k?
Ui
] 4.5
subject to Z%Ui o Toi: (4.5)
@x

The robots form the desired shape by either attracting or repelling each other based on
the distance to their neighbors. If two robots are too close, a repulsive force pushes them
apart, and if they are too far, an attractive force pulls them together.

Human-Robot Interaction Constraint

The optimization problem encoding the execution of the human-robot interaction con-
straint used in the simulations is as follows:
min kuik? + K k uyk?

Ui; Un (4.6)
subjectto uj = uy + uy:
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Recall that uy 2 R? is human input and uy 2 R? is feedback from the multi-robot
system to the human operator. If we consider a velocity of a given dimensiam,, then
uy is the haptic feedback velocity of that same dimension.

Objective (miny,. , ku;k? + K k uyk?): This objective has two terms: ku;k?, min-
imizes the control e ort for the robots to execute their tasks e ciently. K k uyk?,
regularizes the feedback uy from the robots to the human operator, ensuring that the
feedback remains smooth and within practical bounds. The coe cienK > 0 determines
the relative importance of feedback minimization.

Constraint (u; = uy + uy): This constraint couples the robot's control inputu; with
the human input uy and the feedback uy from the robots. The feedback uy serves
as a force-like interaction term, guiding the human operator toward the direction in which
the robots are executing their tasks, akin to a virtual spring.

Human Operator Control: In this framework, the human operator provides a single
input uy that inuences all i robots. Each robot's input u; is adjusted by adding the
feedback uy, which aligns the human's commands with the robots' task execution.

Interpretation: The feedback uy can be interpreted as a force feedback mechanism,
where the human operator feels a spring-like force pulling them toward the direction of
task execution. This ensures that the human remains aware of the multi-robot system's
overall state and performance, improving interaction intuitiveness and task alignment.

This formulation enables a seamless human-robot interaction loop, where the human
input drives task execution while feedback from the robots aids the operator in dynamically
adjusting their commands for optimal performance.

Via the constraint u; = uy + uy, the multi-robot system receives instructions from a
human operator. The latter is informed about the execution of the multiple tasks by the
robots through the haptic feedback u,. Although there a variety of human input with
di erent dimensions, in the simulations for this thesis, we consider a velocity input, i.e.,
uy 2 R? is the desired velocity of roboti. In particular, the human operator attempts to
drive robot 4 in a di erent direction by providing it with a velocity ( uy) as an input. As
a result, the human operator experiences a force as feedback, indicating that the task can
be di cult to complete.

The feedback uy re ects the system's response to the human's input, and if the robots
face di culties in tracking the input precisely, the human feels this as feedback via a haptic
device. The constraint ensures that this interaction is executed seamlessly, with the robots
continually adjusting to follow the input while reporting back any issues via the feedback
term.
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Coverage Control Constraint

A coverage control algorithm is used to e ciently explore and cover the given environment.
Coverage control aims to distribute the robots in to achieve adequate coverage of the
environment while minimizing overlap and gaps [61] [62]. The algorithm relies on the
concept of Voronoi diagrams to partition the environment into regions, assigning each
region to a robot. The Voronoi cells represent areas that are closer to a speci ¢ robot than
to any other robot. The coverage control technique provided in [11] is implemented in Task
T3.

For Task T3, the robots' moving domain is divided intoN Voronoi cells that match
to the N robots. Only its Voronoi cell V; is being watched over by robot. The cost to
minimize to carry out this monitoring activity is given by [63], which is presented.

X 5
T3(x) = Ek Xi Gj(x)k 4.7)

i=1

locations on a plane at a speci ed altitude anc; 2 R?, i =1;2 is the robot state.

The Voronoi diagram of the robot is calculated based on the current positions of the
robots. Each robot is associated with a Voronoi cell, which de nes the area it is responsible
for covering. The centroid of each Voronoi cell is computed. The centroid represents the
target position within the cell where the robot should move to ensure better coverage. The
computed velocity vectors are used to move the robots over time. It updates the positions
of all robots according to their respective velocity vectors.

The environment is represented by a set of boundaries de ning the spatial limits in
which the robot operates. The boundaries can be de ned as a closed rectangular or square
path, where each edge represents a wall or obstacle. The environment property stores the
coordinates of the boundary vertices. The environment can be either static or dynamic,
depending on the application. In a static environment, the boundary does not change
over time, and the robots focuses on exploring and covering the xed area. In contrast, a
dynamic environment may involve moving obstacles or changing boundaries, requiring the
robots to adapt its coverage strategy in response to the changes.

The following optimization problem determines the execution of task 3 by each robot

min ku; k2
Ui (4.8)
subjectto 2x; Gi)Tu; 3(k xi  Gik?):
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4.1.2 Optimization-based Decentralized Control Framework

This optimization-based decentralized control framework is based on 3 tasks. They are as
follows: 1) The go to goal task; 2) The formation control task; and 3) Human-Robot inter-
action. We are considering total number of 4 robots for the system. Each of these robots
have di erent set of priorities in terms of executing the tasks. The resulting optimization
algorithm is a standard quadratic program:

min VviHv; + 1Ty,
visful; Ty ul " I
subjectto  AgpVi lop; (4.9)
CopVi = dop;

whereH 2 R® 6, Agp 2 R® %, and Cop 2 R? 6, and 1 2 R® 1, pp 2 R® 1, dop 2 R? 1,
andv; 2 Rt ., For example, in the case of robot 4, have the following expressions:

2 3 2@1
Il 0 Sy

0 @x 0
H=40 K1 0 5; AQP=§2(X4 p)T O 10
0 0 K I 0 0 Ki 00

2
CQp:| 0 | |:§

2
dop = Un; vi=§

3

3

112

D bgp =4 o(k xa pak?)S; (4.10)
0

oNeoNelNololNo)

Inequality Constraint (AgpVi  lgp) @ Ensures task feasibility for each robot.

5 AQPV|
@i 0 3
% Tz (4.11)
2(Xs  pa)T 1 0 4 o(k x4 pak?)d
1 42 0
0 0 = 00



Equality Constraint (CqpVi = dop) : Enforces equality for task execution.

CQPV'?: dQ%
Uy
. 4.12
| 0 |§4'1Z:UH (+12)
4,2
UH

Objective Function (v'Hv; + ITv;): The control input u; is minimized to reduce the
energy expenditure of the robot. This term is quadratic, re ecting the minimization of
kuik?. Slack variables ; allow task constraints to remain feasible, and uy regularizes
the feedback from the robots to the human operator. These quadratic and linear terms
form the basis of the quadratic program's objective function, whend is a positive de nite
matrix encoding weights for the control e ort and feedback terms.

Inequality Constraints (Agp Vi op): These constraints encode task requirements,
such as maintaining inter-robot distances (formation control) or ensuring progress toward
a goal (go-to-goal task). For example, constraints derived from control barrier functions
(CBFs) for safety or passivity can be expressed as linear inequalities.

Equality Constraints (CqpVi = dgp): These constraints enforce consistency in the
human-robot interaction. For instance, they couple the control inputs); and the human
input uy via the feedback uy. Equality constraints also ensure task priorities are dis-
tributed correctly among the robots.

By combining these components, the optimization problem naturally takes the form of
a standard QP, which is computationally e cient to solve and scales well for decentralized
multi-robot systems. This framework enables each robot to dynamically balance task
execution while adapting to human inputs and maintaining system safety.

Another optimization-based decentralized control framework is based on 2 tasks. They
are as follows: 1) The go to goal task; and 2) The coverage control task. We are considering
2 robots for the system. Each of these robots have di erent set of priorities in terms of
executing the tasks. The resulting optimization algorithm is a standard quadratic program:

min viHv; + Ty,
vi=fuls T oufm (4.13)
subjectto  Av; b;

whereH 2 R* 4, Agp 2 R® 4, and 1 2 R* 1, pp 2 R® 1, and v, 2 R? 2. For example, in
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the case of robot 1, have the following expressions:

_ 0
) H = 0 KI 2
2(X1 Gl)T 1 0
p = QZ(XI pl)T %g ;
00 L% (4.14)
3
3( k X3 Gik?)
I = goé bQP— 1(K X1 p1k2)5:
V= Ug :

4.2 Double-Integrator Dynamic System

we modelled the robots using double-integrator dynamic system,

5 f(>}i|;ui) {

0 I 0
x = 22 22X_+ 22

|2{ 222 k2
B

wherei =1;::::N, u; 2 R? Acceleration and

Xi:
xp= "t 2 R4
Xi;2

Here positionx;; 2 R? and velocity X;» 2 R?. The system has control over both position
and velocity using acceleration as control input.

4.2.1 Model of the Tasks

In this subsection we will introduce the formulation of the tasks as constraint of a opti-
mization problem for double-integrator dynamic system.
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Formation Constraint

Robots are required to arrange themselves into a prede ned shape in formation control
scenarios, which are de ned by the sum of the distances between each robot and the
square of the velocity of the robot. We can express this problem as the minimization of a
cost function by representing the formation error ag;(x;):

XX 1 5 X' q )
Ta(xi) = E(kxi;l X 1K dayin)© > kxi; 2K (4.15)

i=1 2N i=1

whereN; speci es the set of robots with which roboti maintains a prede ned distance.
In this case, the desired distance between robotg {) and (j; 1) is denoted byd. 1 1)-
These relative distancesd. 1y 1), de ne the desired formation, from which the robot con-
guration currently operates. is a constant parameter. T,(X;) quanti es the distance
from the desired formation. The robots have precisely formed the desired shape when
T1(xi) = 0.

XX q 2
Ji(xi1) = Skxis X1k deiayi)

i=1 j2N

The gradient of J;(x;.1) with respect to the position of roboti, required to evaluate the
Lie derivative of the task function, are calculated as:
@dXi1) _ Xkxir o X1k daygo

(i1 X;0)" (4.16)
j2N

The following is an explanation of this equation: When robotsi(1) and (j; 1) are closer
than d;. 1) 1), the weight w(;.1)j. 1) is negative, which creates a repulsive force between the
robots. In contrast, if dj is smaller than the distance between the robots, thew; is
positive, which creates an attracting force between the robots [18].

The following optimization problem results in the execution of task 1:

rrl]in ku; k2
i _ 4.17
subject to @Cg);')f (xi; uj) 2Ta(Xi) + i @D
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@T(xi) @7I(x;)

(Ax; + Bu;) Ti(x)+

@x1 @x2
O T, (xi+Bu)  Tax)+
| —{z }
@7(xi) (4.18)
@x
@]—(Xi)AX__'_ @]—(Xi)BU' T Y+ .
@x ' @x )+
@T(x;) Ui N @T(%i)
@x B 1 Tl(X|) @x AX;:

In addition to the attractive and repulsive forces between robots based on their posi-
tions, there is an additional force that in uences the velocity of the robots. This ensures
that the robots do not move too fast or too slow while forming the desired shape. Thus,
the system regulates both the spatial arrangement and the velocity distribution across the
robot team.

If we compare to previous section's formation constraint, we can see that in single-
integrator formation constraint, the focus is on achieving the desired positions, making
it simpler and quicker, but potentially less stable in terms of velocity. On the other
hand, in double-integrator formation constraint, both position and velocity are regulated,
resulting in smoother, more stable formation behavior. The double-integrator model is
more suited for real-world applications where smooth and coordinated motion is critical
for task execution.

Human-Robot Interaction Constraint

The human-robot interaction task in this context refers to the human operator controlling
the collective movement of a team of robots. Speci cally, the human input governs the
speed of the centroid of the robot formation. The centpid speed is given by the average of
the velocities of all robots in the team, represented q@ Xi.2, Wherex;., is the velocity of
robot i and N is the number of robots. The centre of the square formation is represented
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by xG and pG is prede ned goal.

1 X
X = Xi:1
N i=1
1 X
Vg = X = W i:1 Xi;2 (419)
1 X
ac = Xg = N U;

The human operator sends a reference speed, which serves as the desired velocity
for the entire robot team. The system tracks this reference speed using a proportional
controller, which compares the human-provided reference spagg with the actual average
velocity of the robots. The controller works to minimize the error between the reference
speed and the actual average speed by adjusting the velocities of individual robots.

This tracking behavior can be represented by the following control law:
— u=K, ugy — Xi2 (4.20)

whereu; is the control input for robot i, uy is the reference velocity provided by the human,
and K, is the proportional g,ain that determines the responsiveness of the system to the
human input. The term Ni Xi.» represents the current average velocity of the robots.
The equation ensures that the robot team adjusts their velocities collectively to match the
human's desired reference speed. This human-robot interaction constraint ensures that the
human operator can e ectively control the overall speed of the robot formation, while the
robots work collaboratively to achieve the target velocity by dynamically adjusting their
individual speeds.

The human operator is informed about the execution of the multiple tasks by the robots
through the feedback uy which o sets the reference speed, in the following fashion:
1 X 1 X
N ~ ui = Ky(Uuq + Uy N Xi;2): (4.21)

This feedback is turned into a feedback force experienced by the human operator via a
haptic device.
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Figure 4.1: Schematic representation of the Human-Robot Interaction framework in a

double-integrator dynamic system. The human operator provides velocity commands;()

to a team of robots. These commands are typically derived from the position or velocity

inputs of the haptic device, depending on the speci c implementation. The robots send

feedback ( uy) through the haptic device, which is mapped to forces or adjustments

in velocity to communicate discrepancies between the intended and actual movements,
ensuring alignment and stability in the interaction.

Remark 2 Recall thatuy 2 R? is human input and uy 2 R? is feedback from the multi-
robot system to the human operator. If we consider a velocity of a given dimensiap,,
then uy is the haptic feedback velocity of that same dimension.

Figure 4.1 illustrates the Human-Robot Interaction constraint in a double-integrator
dynamic system for a multi-robot teleoperation scenario. The setup shows a human oper-
ator interfacing with a haptic device (on the left side of the image), through which they
send commands to control the speed and trajectory of a team of robots (on the right side
of the image). The human input, denoted by, is the desired velocity that the human
operator communicates to the robot team. As the robots receive the human's command,
they attempt to execute the desired task, but deviations may occur due to system dynam-
ics, communication delays, or unforeseen obstacles. To compensate for this, the robots
send a feedback signal, denoted byuy, back to the human operator via the haptic de-
vice. This feedback signal informs the human operator of the discrepancies between the
intended and actual robot performance, allowing the operator to adjust their inputs ac-
cordingly. The haptic feedback provides a tactile sense of the task execution, allowing for
more intuitive control and precise adjustment of the robot's behavior in real-time. The
closed-loop interaction betweeny (human input) and uy (robot feedback) ensures that
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the human operator remains in control while also being informed of any deviations from
the desired trajectory. This feedback loop is central to ensuring stability and e ciency in
multi-robot teleoperation tasks, especially when managing the formation, movement, and
task execution of multiple robots simultaneously.

The optimization problem encoding the execution of the human-robot interaction con-
straint used in the simulations is as follows:

min kuik®+ K k uyk?

Ui, UH
1 X 1 X (4.22)
subject toW u = Ky(uy + Uy N Xi:2)
i=1 2 3
Uz
1 1 : PN .
le 2:::W|2 2 |2 2 § u'N z: KVNi i=1 Xi2 + KVUH. (423)
UH

The human receives real-time feedback about the performance of the robot team through
uy. If the robots struggle to track the centroid's desired velocity, the human operator
feels this through a haptic device, similar to the single-integrator scenario but with the
added dimension of controlling the system's acceleration as well as velocity.

If we compare to previous section's human-robot interaction constraint, we can see
that in the single-integrator system, the human directly controls the velocity of individual
robots, whereas in the double-integrator system, the human controls the centroid of the
formation, which re ects a more collective control approach. In both cases, feedbackiy
informs the human operator about the system's performance. However, in the double-
integrator case, this feedback includes information about both velocity and acceleration,
giving the human operator a more comprehensive sense of the system's behavior and re-
sponsiveness. The double-integrator system introduces additional complexity by involving
acceleration control, which leads to a more nuanced interaction between the human and the
robots. The feedback loop in this scenario helps ensure smoother transitions and greater
system responsiveness, especially when the robots need to move collectively as a formation.

Passivity Constraint

In control theory, passivity is a property that ensures a system does not generate energy,
which is crucial for maintaining stability, especially in systems involving human-robot in-
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teraction. Passivity can be expressed mathematically by de ning the relationship between
the input uy and the output y of a system. Given the inputuy and output y, the passivity
condition can be expressed as:

uLy S (4.24)
where S represents the rate of change of the storage functiéhthat is S = %XT X , which

is a measure of the stored energy in the system. Herejs 01

In the context of human-robot interaction, this passivity condition can be extended to
include the interaction between the human inputuy and the system's response uy :
u, uy S (4.25)

Further expanding, the relationship between the input and the system's state can be
described by:
u, us X' X (4.26)

where is a matrix that characterizes the energy distribution within the system. Consid-
ering the system dynamics, the expression can be simpli ed to:

I 0

ul uy X/ (8 o Xit | )
dw A0 S hmen 90 O
ul uy 0+ xT ? U (4.27)
ul un XU
Xip ub ldH 0

For systems with multiple agents (such as multiple robots), the passivity condition can be
distributed among N agents, leading to:

h [

Xi-l;-z UL Ui

u u 0 (4.28)

Passivity is only required for double-integrator. Because the single-integrator does not
accumulate energy.
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4.2.2 Optimization-based Centralized Control Framework

The resulting optimization algorithm is a standard quadratic program:

min VI Hv
v=[ulzul Toul T
subjectto  Agpv  hop; (4.29)
CQPV = de:

whereH 2 R 14, AQp 2 R® 14, CQP 2 R? 14, Q?p 2 R® 1, de 2 R? l, andv 2 R 1.

3 2 3
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T, ——AX,
T %%Ax 2 [ui] 3
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1 @ X4 [UH]zj_
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1.1 1 1 1 X
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CQP Nl Nl Nl NI 0 Kvl QP vUH vN . X|,2

Inequality Constraint (AgeVv  lp) : Ensures task feasibility for each robot based on
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formation control.

AQPV tbp 5
Tl @Axl
Tl &AXZ
! #2 [U] T1 &AXQ,
A laa Oaa 4 ']8 L T, %AM (4.31)
Agp21 01 4 UWH 1, 1 [ U:]zll 0
0
0
0

Equality Constraint (CqpV = dgp) : Governs the velocity centroid alignment with the
human-provided reference velocityuy ).

Copv=4d
Py [Q]P 3
U; X\l
1 1 1 1 ilg 1 1 (4.32)
Sl gt 0 Kl 4 11, °=Kyuy KVN._ Xi:2
[ uH]z 1 i=1

Remark 3 (Convexity of the Passivity-Based haptic feedback Synthesis Framework)

The convex nature of the optimization framework ensures that it can be solved e ciently,
even under real-time constraints. This e ciency is critical for practical applications in-
volving human-robot systems, where dynamic environments and human inputs require im-
mediate responses. By leveraging the convexity of the problem, the framework achieves
computational feasibility, making it suitable for online implementation and scenarios with
stringent timing requirements.

Remark 4 (Decentralized optimal haptic feedback synthesis) In decentralizing the
equality constraint, the framework allows individual control over separate robots. How-
ever, in this thesis, the optimization framework for the double-integrator dynamic system
is speci cally designed so that the human operator controls the entire team of robots as
a cohesive unit, rather than managing each robot individually as in the single-integrator
case. This necessitated the choice of a centralized framework, ensuring coordinated control
and smoother task execution across the robot team. In general if the human-robot interac-
tion modality can be decentralized then the whole optimal haptic feedback synthesis control
framework is decentralized.
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Chapter 5

Simulations and Experimental
Results

In this chapter we will discuss the simulation of the human feedback synthesis in a multi-
robot multi-task system for single-integrator dynamic system as well as the simulation
and experiment of the human feedback synthesis in a multi-robot multi-task system for
double-integrator dynamic system.

5.1 Single-Integrator Dynamic System Simulation

The simulation of the human feedback synthesis in a multi-robot multi-task system have
been implemented using ROS2 Humble. Webots seved as a dynamic simulator. The system
with human input and the system without human input are the two scenarios covered by
the simulation. The experiment utilized DJI Mavic 2 Pro quadcopters as the robotic
platform. These quadcopters have a xed altitude. Since we do not control the altitude in
the simulator, the simulation represents a 2D version of the system.

Webot: Webots is a professional mobile robot simulation software developed by Cyber-
botics Ltd. It provides a comprehensive and exible environment for modeling, program-
ming, and simulating mobile robots. One of its standout features is its ability to prototype
robots quickly and e ciently, enabling researchers to create, simulate, and transfer control
programs to real robots. It includes libraries of sensors and actuators and allows users to
de ne properties such as shape, color, and texture for each robot, facilitating the creation
of complex and varied robot environments. Webots supports simulations of multi-agent
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systems, including wheeled, legged, and ying robots, and can handle various sensors and
actuators. Importantly, Webots enables the transfer of simulated controllers to actual
robots, allowing for seamless integration from simulation to real-world application. It sup-
ports programming languages such as C, C++, Python and Java and can interface with
third-party software like MatLab or LabView. In terms of functionality, Webots allows

the simulation to run faster than real-time, o ering detailed step-by-step analysis. It also
incorporates physics-based simulations through the Open Dynamics Engine (ODE) for ac-
curate robot behavior. Additionally, Webots can manage large environments and optimize
them for faster simulations [64].

In the context of my work, Webots provides a robust platform for simulating and
prototyping systems, allowing me to test multi-robot coordination, task allocation, and
human-robot interaction before transferring these concepts to real-world implementations.
The ability to simulate multi-agent systems and transfer results to actual robots aligns
with my research in optimizing human-multi-robot task execution.

Although the proposed multi-robot multi-task system is e ective for a large variety
of tasks [15], in this section we consider three prototypical robotic tasks. They are as
follows: 1) The go to goal task; 2) The formation control task; and 3) Human-Robot
interaction. We are considering 4 robots for the system. Each of these robots have di erent
set of priorities in terms of executing the tasks and these priorities will be speci ed in the
following subsection, together with the task functions.

5.1.1 Multi-Robot Multi-Task Execution without Human Feed-

back Synthesis
In the scenario of multi-robot multi-task execution, there are four robots: the highest
priority for robots 1, 3, and 4 is to assemble a rectangular formation, while for robot 2 the
go-to-goal task has highest priority. In summary, the task constraints for the robots are:

1. Proceeding in the direction of the prede ned goal (tasK;)

2. Keeping the rectangle-shaped formation (task;)
whereas their priorities are {;  Tj means that taski has higher priority than taskj ):

1. Robots 1, 3, 4:T2 T1
2. Robot2:T; T,
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Figure 5.1: Multi-robot multi-task execution without human input in Python. The four
robots are represented by circles of four colors (red, green, blue, and brown, respectively).
The green cross mark depicts a designated goal location. The robots assemble a rectangular
shape using formation control (highest priority task for robots 1, 3, and 4) as robot 2
eventually reaches the goal (its highest priority task).
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(@) (b) (c)

(d) (e) (f)

Figure 5.2: Snapshots of the simulations performed in Webot implemented using ROS2
humble. The pictures show four DJI Mavic 2 Pro quadcopters starting from their initial
positions (Fig. 5.2a), moving in the environment towards the goal location (gray square in
the lower right corner) and assembling a rectangular formation (Figures 5.2b, 5.2c, 5.2d,
5.2e), and reaching their nal con guration (Fig. 5.2f).

Figure 5.3: Control input vectors of the four robots with respect to time. As can be seen,
the control signals produced by the task allocation optimization algorithm are smooth
throughout the simulation.
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Figure 5.4: Slack variables of the four robots with respect to time. The smaller the value
of i;, the higher the priority of task j for robot i.

Figure 5.1 displays the multi-robot multi-task execution without human input. Robots

1, 2, 3, and 4 are represented by red, green, blue, and brown circles, respectively. The
prede ned goal is represented by the green cross. In this gure, robots 1, 2, 3, and 4
form a rectangle; in addition, robot 2 reaches the goal location. The following controller
parameters have been chosen for this simulatiork = 1000, k = 0:001, ; = 0:1, and

2= 0:1.

Figure 5.2 displays the di erent state of multi-robot multi-task execution without hu-
man input performed using the Webot simulator and implemented in ROS2 humble, where
four DJI Mavic 2 Pro quadcopters are simulated. The predetermined goal is represented
by a gray square in the lower right corner, and the initial positions of the four quadcopters
are represented by the four gray squares in the upper left corner. The initial position of the
four quadcopters are shown in Fig. 5.2a. Then, Figures 5.2b{5.2e show the positions of the
quadcopters over the course of the experiment, moving towards the goal and assembling
the desired shape; nally, in Fig. 5.2f, the four quadcopters form a rectangular shape as
robot 2 eventually reaches the goal.

In Fig. 5.3, we report the control inputs, u;, of the four robots with respect to time.
The two components of the control inputs of roboi is represented byu;.1(t) and u;.»(t).
From the gure, we can appreciate the continuity and smoothness of the control signals
produced by the multi-task allocation optimization-based controller. Figure 5.4 displays
the slack variables, ;, of the four robots with respect to time. Similarly to the case of the
control input, the slack variables of roboti are denoted as ;.1(t) and .,(t). As can be
seen, the values of;; corresponding to tasks with higher priorities are smaller.
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Figure 5.5: Multi-robot multi-task execution with human feedback synthesis. Circles in
the colors red, green, blue, and brown, respectively, stand in for the four robots. The green
cross mark depicts the desired goal for task;, while brown cross represents the goal where
a human operator drives robot 4. Due to a human inputiy to robot 4, robots are unable

to form a rectangle. Robot 4 is prevented from reaching the brown cross by an opposing
repulsive force, symbolized by a brown arrow.

5.1.2 Multi-Robot Multi-Task Execution with Human Feedback
Synthesis

In this section, we present the results of simulations obtained introducing an arti cial
human input, uy, that is able to specify the desired velocity of robot 4. All the constraints
and priorities are the same as in the previous subsection, except for the additional equality
constraint related to the human-robot interaction for robot 4. The controller parameters
for this scenario have been set tdk =500,k =0:1,k =1000, ; =0:0005, and , =0:1.

Figure 5.5 shows the four robots, the goal location (green cross) used for tdsk and
the location where the arti cial human input is trying to drive robot 4 (brown cross). As
can be seen, compared to the previous case, the robots attempting to form a rectangular
shape are disturbed by the human inpuuy trying to drive robot 4 to the brown cross.

In the end, a feedback force (depicted as a brown arrow) informs the human about the
direction towards which the team of robots would like to move in order to execute their
tasks with their respective priorities.
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Figure 5.6: Snapshots of the simulations performed in Webots and implemented using
ROS2 humble. The scenario is similar to the one presented in the previous section, excpet
for the presence of a human input that controls robot 4 to move towards the gray square
in the upper right corner. The quadcopters attempt to assemble the desired rectangular
shape, while one of them reaches the desired goal (gray square at the bottom right), as
prescribed by its task priorities. The task execution is traded o with the human input,
and the mismatch between desired and actual robot behavior is synthesized in the optimal
haptic feedback proportional to uy .

Figure 5.7: Human feedback with respect to time. uy does not converge to 0, as a result
there will be a non-zero haptic feedback.

45



Figures 5.6a{5.6f display the di erent state of multi-robot multi-task execution with
human feedback synthesis simulated using Webot and implemented in ROS2 humble. The
setup is similar to the previous case except for the fact that robot 4 is pulled towards the
gray square in the upper right corner by an arti cial human input. The initial position
of the four quadcopters is shown in Fig. 5.6a. The quadcopters move in the attempt of
reaching the desired goal, assembling the rectangular shape, and following the human input
(Figures 5.6b{5.6e), until they settle in their nal con guration shown in Fig. 5.6f.

Finally, Fig. 5.7 reports the human feedback, uy, with respect to time. The two
components of the human feedback is represented byuy,(t) and ug,(t). As can be
seen, uy does not converge to 0: this means that the human input is not executed
exactly. In fact, the haptic feedback proportional to uy will be sent to the human
operator to inform them about this mismatch between desired and actual robot behavior.

5.2 Double-Integrator Dynamic System Simulation and
Experiment

The simulation of the Passivity-based human feedback synthesis in a multi-robot multi-task
system have been implemented using ROS2 Humble. Webots seved as a dynamic simulator.
1) The system with passivity and human input and 2) the system without passivity and
with human input are the two scenarios covered by the simulation. The simulation utilized
DJI Mavic 2 Pro quadcopters as the robotic platform. These quadcopters have a xed
altitude. Since we do not control the altitude in the simulator, the simulation represents a
2D version of the system.

While the experiment of the Passivity-based human feedback synthesis in a multi-robot
multi-task system have been implemented using four DJI Robomaster EP in the Robohub
at the University of Waterloo. We used Novint Falcon game controller as a haptic device
to send instructions to the robots and receive feedback also. 1) The system with passivity
and human input and 2) the system without passivity and with human input are the two
scenarios covered by the experiment. The experiment utilized DJI Robomaster EP as
the mobile robotic platform. These DJI Robomaster EPs move on a 2D plane. So, the
simulation represents a 2D version of the system.

Novint Falcon Game Controller: The Novint Falcon Game Controller is a relatively
inexpensive 3-DOF (degrees of freedom) haptic device originally developed for the gam-
ing industry. It uses a form similar to the delta-robot con guration, which restricts its
end-e ector to translational degrees of freedom only. This device is commonly applied in
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haptic feedback systems due to its high sti ness and low inertia compared to serial kine-
matic con gurations. In terms of haptic feedback for robotics, the Novint Falcon provides
tactile sensations to the human operator based on the forces the robot experiences in real
time. The Falcon's system operates at around 800-1000 Hz, where forces and position up-
dates are communicated between the device and a controlling computer, creating smooth
and responsive feedback for the user. Through its force feedback capabilities, it can be
integrated into teleoperation systems where the user controls the robots remotely, and the
device generates a haptic response to inform the operator about obstacles or task di -
culties encountered by the robot. The controller allows for precise control and feedback
during teleoperation, making it an ideal tool for human-multi-robot interaction tasks, such
as the one in your research. The Novint Falcon's ability to simulate real-world forces and
motions enhances the human operator's capacity to manage and interact with a team of
robots in real-time [65].

In the context of my work, this device facilitates control over the robot team and ensures
real-time interaction through haptic feedback, allowing the operator to perceive forces
acting on the robots and make corrections based on this sensory input. This aligns well
with my system's goals of optimizing task allocation while incorporating human feedback
during robot interactions.

Although the proposed multi-robot multi-task system is e ective for a large variety of
tasks [15], in this section we consider three prototypical robotic tasks. They are as follows:
1) The formation control task; 2) Human-Robot interaction; and 3) The passivity-based
control task. We are considering 4 robots for the system. Each of these robots have same
set of priorities in terms of executing the tasks and these priorities will be speci ed in the
following subsection, together with the task functions.

5.2.1 Centralized Multi-Robot Multi-Task Execution with Pas-
sivity and Human Feedback

In the scenario of multi-robot multi-task execution with passivity and human input, there
are four robots: the priority for robots 1, 2, 3, and 4 is to assemble a square formation
and maintain passivity as well as follow the human instructions. In summary, the task
constraints for the robots are:

1. Keeping the square-shaped formation (task;)

2. Maintaining the passivity
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Figure 5.8: Snapshots of the simulations of centralized multi-robot multi-task execution
with passivity and human feedback implemented using Python. The pictures show four
robots starting from their initial positions (Fig. 5.8a), moving in the environment towards

the goal location (black cross ffg) in the upper left corner) and assembling a square
formation (Figures 5.8b, 5.8c, 5.8d, 5.8e), and reaching their nal con guration (Fig. 5.8f).
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Figure 5.9: Snapshots of the experiments of centralized multi-robot multi-task execution
with passivity and human feedback performed in ROS2 humble using Webot as the sim-
ulator. The pictures show four DJI Mavic 2 Pro quadcopters starting from their initial
positions (Fig. 5.9a) represented by four gray squares in the bottom left corner, moving in
the environment towards the goal location (gray square in the upper right) and assembling
a square formation (Figures 5.9b, 5.9¢, 5.9d, 5.9e), and reaching their nal con guration
(Fig. 5.9f).
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