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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 effectively
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, significantly 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 effectively 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,
effective multi-robot task allocation techniques are required to coordinate several tasks
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among robots working in a team [5]. The efficient coordination and task allocation of
multiple robots have been the focus of extensive research in the field of multi-robot systems.
These systems find 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 effectively,
considering their capabilities, priorities, and the overall mission objectives [10].

A critical area of research is the efficient 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 effectiveness in ap-
plications such as environmental monitoring, where robots coordinate to cover large areas
[11], and search and rescue missions, where task distribution enables efficient exploration
and victim localization [12]. But the integration of passivity-based control into multi-robot
systems represents a significant 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 efficiently 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 offer 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
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Figure 1.1: Passive optimization-based approach for the haptic feedback synthesis for
multi-robot multi-task systems. The robots receive the input uH 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, uH and state of the robots, x, to produce the optimal control input for the robots,
u∗, and the haptic feedback for the human, ∆uH

∗.

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 efficiency 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 unified system. This framework
represents a novel contribution, as it is among the first to combine these elements cohesively
for multi-robot systems, enabling safe and efficient 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 uH in order to synthesize the optimal robot control input u∗ and haptic
feedback for the human operator ∆u∗

H . 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 unified system that clarifies the 2-dimensional formulation of the problem.

3



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 input uH from a human operator through a haptic device (Novint Falcon). The
passivity-based haptic synthesis algorithm takes the human input, uH and state of the
robots, x, to produce the optimal control input for the robots, u∗, and the haptic feedback
for the human, ∆uH

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

∗.

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 input uH in order to synthesize the optimal
robot control input u∗ and haptic feedback for the human operator ∆u∗

H .

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
finding effective strategies to distribute tasks among the robots efficiently, 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 significantly 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 differing 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.
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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 efficient
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 specific robots and get feedback about how this input affects the system.
This is achieved while allocating specific tasks to the robots based on their capabilities
via predefined 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 significantly different 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 efficiency 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
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proposed approach. Chapter 6 concludes the thesis.

A part of this research is submitted for possible publication in the IFAC Mechatronics
[16].
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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 efficiency. So, in our thesis, we present an approach for haptic feedback
synthesis of multi-robot multi-task allocation and prioritization system that considers hu-
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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 efficient 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 effective 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 identifies the most effec-
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
modification required to the original stiffness profiles, 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 significantly
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 finished
by the deadline. Based on local data and interactions with nearby robots, the authors’ de-
centralised method enables individual robots to autonomously and effectively 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-
ficiently 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 efficient 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 efficiency, 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. It introduces 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 offers 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 flexibility. 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 offer 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 specific
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 efficiently 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 flexibility and scalability seen in this paper,
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but our centralized system offers 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 field of human-multi-robot teleoperation has garnered significant 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 difficult
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 modifi-
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 filters like the SSP (stability, safety, passivity) filter to minimally alter hu-
man inputs and maintain system stability. The approach of [13] filters 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
different dynamic systems. Unlike the Stability-safety-passivity (SSP) filter, 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 offers 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 field of space exploration. The study, which
aims to balance the trade-offs between robot commitment and coordination, presents an
empirical investigation into four different task allocation strategies. Notably, the study
reveals that no single task allocation strategy consistently outperforms others across all
scenarios. Instead, the effectiveness 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].

13



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 specific 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 effectively 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-specific control. The advantage of our work is its flexibility in handling a
broader range of tasks, as well as the incorporation of haptic feedback to optimize task
allocation. However, this paper offers 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 offers insights into effective human
control, especially through the use of feedback, its focus on object manipulation differs
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 different 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-specific dynamics and decentralized control differs 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
difference 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 flexibility 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 differs in focusing more on flexible, time-
varying topology and decentralized control, while our system considers centralized control
in specific cases.

A novel haptic shared autonomy framework for teleoperating quadrotor UAVs, focusing
on safety and stability using control barrier functions and finite 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 different priorities simultaneously. This problem is formulated as a quadratic
programming, which is resolved at every time step. This formulation computationally effi-
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 benefit the system because, in contrast
to [20], [21], [22], [23], [26], [27], a 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, influencing task allocation and robot behavior in real time.

In summary, while previous work has made significant 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 efficiently 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, offering a robust solution for
applications in dynamic environments.
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Chapter 3

Problem Formulation

We consider a group of N robots that are deployed in an environment to perform M tasks.
One of the tasks may consist in following the instructions of a human operator. Robot
posses features that determine their capabilities of executing different tasks. Based on this
capabilities, we assume that a priority stack for the different 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 affine dynamical system

ẋi = f(xi) + g(xi)ui, (3.1)

where xi ∈ Rni and ui ∈ Rmi are the state and the input of robot i. In general, our approach
works for control affine dynamical systems, so that the optimization-based controller is
convex.

We modelled the robots using single-integrator dynamic system, ẋi = ui where i =
1, . . . , N , xi ∈ R2 and ui ∈ R2 represents the position of the robots in a two-dimensional
workspace. While this formulation assumes a 2D domain, it can be extended to higher-
dimensional spaces (Rn) depending on the specific application requirements. Then, we
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modelled the robots using double-integrator dynamic system,

ẋi =

f(xi,ui)︷ ︸︸ ︷[
02×2 I2×2

02×2 02×2

]
︸ ︷︷ ︸

A

xi +

[
02×2

I2×2

]
︸ ︷︷ ︸

B

ui

where i = 1, . . . , N , ui ∈ R2 Acceleration and

xi =

[
xi,1

xi,2

]
∈ R4

Here position xi,1 ∈ R2 and velocity xi,2 ∈ R2

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 influence 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 flexibly, even under resource limitations.

These works provide the basis for the optimization program presented in this thesis,
which integrates these principles into a unified 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
ui

∥ui∥2

subject to LfTj(xi) + LgTj(xi)ui ≤ −γjTj(xi),

j ∈ {1, . . . ,M},
(3.2)
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where Tj denotes that function encoding task j, LfTj(xi) and LgTj(xi) are the Lie deriva-
tives of Tj in the directions of the vector fields f and g, respectively, and γj > 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
ui,δi

∥ui∥2 +Kδ∥δi∥2

subject to LfT1(xi) + LgT1(xi)ui ≤ −γ1T1(xi) + δi,1
...

LfTn(xi) + LgTn(xi)ui ≤ −γnTn(xi) + δi,n
δi,j ≤ 1

k
δi,k,

(3.3)

where δi,j is the slack variable for the constraint encoding the execution of task j by robot
i, and Kδ > 0. The constraint δi,j ≤ 1

k
δi,k, k ≫ 1, represents the relative priorities of

the tasks assigned to robot i. Here, k (also referred to as κ) is a ratio between the slack
variables of two tasks. A higher k 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 effectiveness of task execution based on
predefined priorities. In this case, the constraint specifies that task j has to be executed
with higher priority with respect to task k. This way, the slack variables δ = [δ1, . . . , δM ]T

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 input uH , our
objective is to synthesis the haptic feedback ∆u∗

H , which will inform the human about the
current performance of the robots. The optimization algorithm (3.3) modifies to:

min
ui,δi,∆uH

∥ui∥2 +Kδ∥δi∥2 +K∆∥∆uH∥2

subject to LfT1(xi) + LgT1(xi)ui ≤ −γ1T1(xi) + δi,1
...

LfTn(xi) + LgTn(xi)ui ≤ −γnTn(xi) + δi,n
δi,j ≤ 1

k
δi,k

ui = fHi
(x, uH +∆uH),

(3.4)

where uH ∈ Rp is human input and ∆uH ∈ Rp is the feedback from the robots to the
human, accounting for the current allocation and execution of tasks. Kδ > 0, K∆ > 0, and
fHi

is a function of xi, uH and ∆uH . 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, ∆uH is unconstrained, meaning it can take any value in Rp, allowing flexibility
in the system’s response. However, for safety considerations, constraints on ∆uH , such as
minimum and maximum bounds, can be incorporated to ensure that the feedback remains
within safe limits for the human operator.

Remark 1 ∆uH , the haptic feedback, has the same dimension of uH , the vector represent-
ing the human input. Therefore, the rendering of this feedback to the human operator is
seamless. As an example, suppose uH is a velocity sent by the human to a robot. In this
case, the feedback ∆uH 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 ∆uH were not of the same dimension, the feedback modality
would need to change. For instance, visual feedback instead of haptic feedback—resulting in
a different 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 influence 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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∫ T

0

u(t)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 classified into different 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 indefinitely [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 system, ẋi = ui where i =
1, . . . , N , xi ∈ R2 and ui ∈ R2. The system has direct control over position using ve-
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 specific 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].

T1(x) =
N∑
i=1

1

2
∥xi − pi∥2, (4.1)

where xi ∈ R2 represents the state (position) of robot i and pi ∈ R2 represents the target
position for robot i. Both xi and pi are defined in a two-dimensional workspace. Here,
i = 1, . . . , N , the total number of robots in the system. The formulation ensures that each
robot is assigned a unique target pi, 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
i:

min
ui

∥ui∥2

subject to 2(xi − pi)
Tui ≤ γ1(−∥xi − pi∥2).

(4.2)

Objective (min
ui

∥ui∥2): This term minimizes the control effort ui applied by robot i.

The goal is to ensure that the robot reaches its target position pi in an energy-efficient
manner.

Constraint (2(xi−pi)
Tui ≤ γ1(−∥xi−pi∥2)): This inequality encodes the task execution

constraint. The left-hand side, 2(xi− pi)
Tui, represents the projection of the control input

ui along the vector pointing from the robot’s current position xi to its target position pi.
This ensures that the control action is directed toward reducing the distance to the goal.
The right-hand side, γ1(−∥xi − pi∥2), is a function that determines the allowable rate of
distance reduction based on the current distance ∥xi − pi∥2. The function γ1 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 efficient and stable task execution for each robot.

Formation Constraint

Robots are required to arrange themselves into a predefined shape in formation control
scenarios, which are defined by the distances between each robot. We can express this
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problem as the minimization of a cost function by representing the formation error as
T2(x):

T2(x) =
n∑

i=1

∑
j∈Ni

1

2
(∥xi − xj∥ − dij)

2, (4.3)

where Ni specifies the set of robots with which robot i maintains a predefined distance.
In this case, the desired distance between robots i and j is denoted by dij. These relative
distances, dij, define the desired formation, from which the robot configuration currently
operates. T2(x) quantifies the distance from the desired formation. The robots have
precisely formed the desired shape when T2(x) = 0.

The gradient of T2,i with respect to the position of robot i, required to evaluate the Lie
derivative of the task function, are calculated as:

∂T2,i

∂xi

=
∑
j∈Ni

∥xi − xj∥ − dij
∥xi − xj∥︸ ︷︷ ︸

wij

(xi − xj)
T .

(4.4)

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

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

min
ui

∥ui∥2

subject to 2
∂T2,i

∂xi

ui ≤ −γ2T2,i.
(4.5)

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
ui,∆uH

∥ui∥2 +K∆∥∆uH∥2

subject to ui = uH +∆uH .
(4.6)
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Recall that uH ∈ R2 is human input and ∆uH ∈ R2 is feedback from the multi-robot
system to the human operator. If we consider a velocity of a given dimension, uH , then
∆uH is the haptic feedback velocity of that same dimension.

Objective (minui,∆uH
∥ui∥2 + K∆∥∆uH∥2): This objective has two terms: ∥ui∥2, min-

imizes the control effort for the robots to execute their tasks efficiently. K∆∥∆uH∥2,
regularizes the feedback ∆uH from the robots to the human operator, ensuring that the
feedback remains smooth and within practical bounds. The coefficient K∆ > 0 determines
the relative importance of feedback minimization.

Constraint (ui = uH +∆uH): This constraint couples the robot’s control input ui with
the human input uH and the feedback ∆uH from the robots. The feedback ∆uH 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 uH that influences all i robots. Each robot’s input ui is adjusted by adding the
feedback ∆uH , which aligns the human’s commands with the robots’ task execution.

Interpretation: The feedback ∆uH 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 ui = uH +∆uH , 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∗

h. Although there a variety of human input with
different dimensions, in the simulations for this thesis, we consider a velocity input, i.e.,
uH ∈ R2 is the desired velocity of robot i. In particular, the human operator attempts to
drive robot 4 in a different direction by providing it with a velocity (uH) as an input. As
a result, the human operator experiences a force as feedback, indicating that the task can
be difficult to complete.

The feedback ∆uH reflects the system’s response to the human’s input, and if the robots
face difficulties 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 efficiently 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 specific 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 into N Voronoi cells that match
to the N robots. Only its Voronoi cell Vi is being watched over by robot i. The cost to
minimize to carry out this monitoring activity is given by [63], which is presented.

T3 (x) =
N∑
i=1

1

2
∥ xi −Gi (x) ∥2 (4.7)

where Gi denotes the centroid of the Voronoi cell Vi. Gi ∈ R2, i = 1, . . . , N are the N
locations on a plane at a specified altitude and xi ∈ R2, 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 defines 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 defining the spatial limits in
which the robot operates. The boundaries can be defined 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 fixed 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
i:

min
ui

∥ui∥2

subject to 2(xi −Gi)
Tui ≤ γ3(−∥xi −Gi∥2).

(4.8)
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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 different set of priorities in terms of executing the tasks. The resulting optimization
algorithm is a standard quadratic program:

min
vi=[uT

i ,δTi ,∆uT
H ]T

vTi Hvi + lTvi

subject to AQPvi ≤ bQP,
CQPvi = dQP,

(4.9)

where H ∈ R6×6, AQP ∈ R3×6, and CQP ∈ R2×6, and l ∈ R6×1, bQP ∈ R3×1, dQP ∈ R2×1,
and vi ∈ R1×6. For example, in the case of robot 4, have the following expressions:

H =

I 0 0
0 KδI 0
0 0 K∆I

 , AQP =


∂T2

∂x4

−1 0 0 0

2(x4 − p4)
T 0 −1 0 0

0 0 1 − 1

K
0 0

 ,

CQP =
[
I 0 −I

]
, l =


0
0
0
0
0
0

 , bQP =

 −γ1T2

γ2(−∥x4 − p4∥2)
0

 ,

dQP = uH , vi =


u4

δ4,1
δ4,2
∆uH

 .

(4.10)

Inequality Constraint (AQPvi ≤ bQP) : Ensures task feasibility for each robot.

AQPvi ≤ bQP
∂T2

∂x4

−1 0 0 0

2(x4 − p4)
T 0 −1 0 0

0 0 1 − 1

K
0 0


 u4

δ4,1
δ4,2

 ≤

 −γ1T2

γ2(−∥x4 − p4∥2)
0

 (4.11)
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Equality Constraint (CQPvi = dQP) : Enforces equality for task execution.

CQPvi = dQP

[
I 0 −I

] 
u4

δ4,1
δ4,2
∆uH

 = uH

(4.12)

Objective Function (vTi Hvi + lTvi): The control input ui is minimized to reduce the
energy expenditure of the robot. This term is quadratic, reflecting the minimization of
∥ui∥2. Slack variables δi allow task constraints to remain feasible, and ∆uH 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, where H is a positive definite
matrix encoding weights for the control effort and feedback terms.

Inequality Constraints (AQPvi ≤ bQP): 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 = dQP): These constraints enforce consistency in the
human-robot interaction. For instance, they couple the control inputs ui and the human
input uH via the feedback ∆uH . 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 efficient 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 different set of priorities in terms of
executing the tasks. The resulting optimization algorithm is a standard quadratic program:

min
vi=[uT

i ,δTi ,∆uT
H ]T

vTi Hvi + lTvi

subject to Avi ≤ b,
(4.13)

where H ∈ R4×4, AQP ∈ R3×4, and l ∈ R4×1, bQP ∈ R3×1, and vi ∈ R1×2. For example, in
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the case of robot 1, have the following expressions:

H =

[
I 0
0 KδI

]
,

AQP =

2(x1 −G1)
T −1 0

2(x1 − p1)
T 0 −1

0 0 1 − 1

K

 ,

l =


0
0
0
0

 , bQP =

γ3(−∥x1 −G1∥2)
γ1(−∥x1 − p1∥2)

0

 ,

v =
[
u4

]
.

(4.14)

4.2 Double-Integrator Dynamic System

we modelled the robots using double-integrator dynamic system,

ẋi =

f(xi,ui)︷ ︸︸ ︷[
02×2 I2×2

02×2 02×2

]
︸ ︷︷ ︸

A

xi +

[
02×2

I2×2

]
︸ ︷︷ ︸

B

ui

where i = 1, . . . , N , ui ∈ R2 Acceleration and

xi =

[
xi,1

xi,2

]
∈ R4

Here position xi,1 ∈ R2 and velocity xi,2 ∈ R2. 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.

30



Formation Constraint

Robots are required to arrange themselves into a predefined shape in formation control
scenarios, which are defined 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 as T1(xi):

T1(xi) =
n∑

i=1

∑
j∈Ni

1

2
(∥xi,1 − xj,1∥ − d(i,1)(j,1))

2 +
n∑

i=1

1

2
α∥xi,2∥2, (4.15)

where Ni specifies the set of robots with which robot i maintains a predefined distance.
In this case, the desired distance between robots (i, 1) and (j, 1) is denoted by d(i,1)(j,1).
These relative distances, d(i,1)(j,1), define the desired formation, from which the robot con-
figuration currently operates. α is a constant parameter. T1(xi) quantifies the distance
from the desired formation. The robots have precisely formed the desired shape when
T1(xi) = 0.

Ji(xi,1) =
n∑

i=1

∑
j∈Ni

1

2
(∥xi,1 − xj,1∥ − d(i,1)(j,1))

2

The gradient of Ji(xi,1) with respect to the position of robot i, required to evaluate the
Lie derivative of the task function, are calculated as:

∂Ji(xi,1)

∂xi,1

=
∑
j∈Ni

∥xi,1 − xj,1∥ − d(i,1)(j,1)
∥xi,1 − xj,1∥

(xi,1 − xj,1)
T . (4.16)

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

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

min
ui

∥ui∥2

subject to
∂T1(xi)

∂xi

f(xi, ui) ≤ −γ2T1(xi) + δi
(4.17)
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[
∂T1(xi)

∂xi,1

∂T1(xi)

∂xi,2

]
(Axi +Bui) ≤ −γT1(xi) + δi[

∂Ji(xi,1)

∂xi,1

αxT
i,2

]
︸ ︷︷ ︸

∂T1(xi)

∂xi

(Axi +Bui) ≤ −γT1(xi) + δi

∂T1(xi)

∂xi

Axi +
∂T1(xi)

∂xi

Bui ≤ −γT1(xi) + δi[
∂T1(xi)

∂xi

B −1

] [
ui

δi

]
≤ −γT1(xi)−

∂T1(xi)

∂xi

Axi.

(4.18)

In addition to the attractive and repulsive forces between robots based on their posi-
tions, there is an additional force that influences 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. Specifically, the human input governs the
speed of the centroid of the robot formation. The centroid speed is given by the average of
the velocities of all robots in the team, represented as 1

N

∑
xi,2, where xi,2 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 predefined goal.

xG =
1

N

N∑
i=1

xi,1

vG = ẋG =
1

N

N∑
i=1

xi,2

aG = ẍG =
1

N

N∑
i=1

ui

uH = kp(pG − xG)

(4.19)

The human operator sends a reference speed uH , 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 speed uH 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:

1

N

N∑
i=1

ui = Kv

(
uH − 1

N

∑
xi,2

)
. (4.20)

where ui is the control input for robot i, uH is the reference velocity provided by the human,
and Kv is the proportional gain that determines the responsiveness of the system to the
human input. The term 1

N

∑
xi,2 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 effectively 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 ∆uH which offsets the reference speed, in the following fashion:

1

N

N∑
i=1

ui = Kv(uH +∆uH − 1

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 (uH)
to a team of robots. These commands are typically derived from the position or velocity
inputs of the haptic device, depending on the specific implementation. The robots send
feedback (∆uH) 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 that uH ∈ R2 is human input and ∆uH ∈ R2 is feedback from the multi-
robot system to the human operator. If we consider a velocity of a given dimension, uH ,
then ∆uH 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 uH , 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 by ∆uH , 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 between uH (human input) and ∆uH (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 efficiency 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
ui,∆uH

∥ui∥2 +K∆∥∆uH∥2

subject to
1

N

N∑
i=1

ui = Kv(uH +∆uH − 1

N

∑
xi,2)

(4.22)

[
1

N
I2×2 . . .

1

N
I2×2 −I2×2

]
u1
...
uN

∆uH

 = −Kv
1
N

∑N
i=1 xi,2 +KvuH . (4.23)

The human receives real-time feedback about the performance of the robot team through
∆uH . 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 reflects a more collective control approach. In both cases, feedback ∆uH

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 defining the relationship between
the input uH and the output y of a system. Given the input uH and output y, the passivity
condition can be expressed as:

uT
Hy ≥ Ṡ (4.24)

where Ṡ represents the rate of change of the storage function S that is S = 1
2
xTπx, which

is a measure of the stored energy in the system. Here, π is

[
0 0
0 I

]
.

In the context of human-robot interaction, this passivity condition can be extended to
include the interaction between the human input uH and the system’s response ∆uH :

uT
H∆uH ≥ Ṡ (4.25)

Further expanding, the relationship between the input and the system’s state x can be
described by:

uT
H∆uH ≥ xT

i πẋi (4.26)

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

uT
H∆uH ≥ xT

i π(

[
0 I
0 0

]
xi +

[
0
I

]
ui)

uT
H∆uH ≥ xT

i

[
0 0
0 I

] [
0 I
0 0

]
xi + xT

i

[
0 0
0 I

] [
0
I

]
ui

uT
H∆uH ≥ 0 + xT

i

[
0
I

]
ui

uT
H∆uH ≥ xT

i,2u[
xT
i,2 −uT

H

] [ u
∆uH

]
≤ 0

(4.27)

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

xT
i,2

−uT
H

N

] [ ui

∆uH

]
≤ 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
v=[uT

1 ...uT
4 δT∆uT

H ]T
vTHv

subject to AQPv ≤ bQP,
CQPv = dQP.

(4.29)

where H ∈ R14×14, AQP ∈ R8×14, CQP ∈ R2×14, bQP ∈ R8×1, dQP ∈ R2×1, and v ∈ R14×1.

H =

I8×8 08×4 08×2

04×8 KδI4×4 04×2

02×8 02×4 K∆I2×2

 , AQP =

AQP,11 −I4×4 04×2

AQP,21 04×4 −uT
H

N
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
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⊗B, AQP,21 =
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xT
1,2 0 0 0
0 xT

2,2 0 0
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3,2 0
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4,2
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N
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xi,2.

(4.30)

Inequality Constraint (AQPv ≤ bQP) : Ensures task feasibility for each robot based on
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formation control.

AQPv ≤ bQP

[
AQP,11 −I4×4 04×2

AQP,21 04×4 −uT
H

N
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] [ui]8×1
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∂x4
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0
0
0
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(4.31)

Equality Constraint (CQPv = dQP) : Governs the velocity centroid alignment with the
human-provided reference velocity (uH).

CQPv = dQP[
1

N
I

1

N
I

1

N
I

1

N
I 0 −KvI

] [ui]8×1

[δ]4×1

[∆uH ]2×1

 = KvuH −Kv
1

N

N∑
i=1

xi,2

(4.32)

Remark 3 (Convexity of the Passivity-Based haptic feedback Synthesis Framework)
The convex nature of the optimization framework ensures that it can be solved efficiently,
even under real-time constraints. This efficiency 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 specifically 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 fixed 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 flexible environment for modeling, program-
ming, and simulating mobile robots. One of its standout features is its ability to prototype
robots quickly and efficiently, enabling researchers to create, simulate, and transfer control
programs to real robots. It includes libraries of sensors and actuators and allows users to
define 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 flying 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, offering 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 effective 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 different
set of priorities in terms of executing the tasks and these priorities will be specified 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 predefined goal (task T1)

2. Keeping the rectangle-shaped formation (task T2)

whereas their priorities are (Ti ≺ Tj means that task i has higher priority than task j):

1. Robots 1, 3, 4: T2 ≺ T1

2. Robot 2: T1 ≺ T2
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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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(a) (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 final configuration (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 δi,j, 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
predefined goal is represented by the green cross. In this figure, 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 simulation: k = 1000, kδ = 0.001, γ1 = 0.1, and
γ2 = 0.1.

Figure 5.2 displays the different 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; finally, 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, ui, of the four robots with respect to time.
The two components of the control inputs of robot i is represented by ui,1(t) and ui,2(t).
From the figure, 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, δi, of the four robots with respect to time. Similarly to the case of the
control input, the slack variables of robot i are denoted as δi,1(t) and δi,2(t). As can be
seen, the values of δi,j 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 T1, while brown cross represents the goal where
a human operator drives robot 4. Due to a human input uH 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 artificial
human input, uH , 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 to: k = 500, kδ = 0.1, k∆ = 1000, γ1 = 0.0005, and γ2 = 0.1.

Figure 5.5 shows the four robots, the goal location (green cross) used for task T2, and
the location where the artificial 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 input uH 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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(a) (b) (c)

(d) (e) (f)

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 off with the human input,
and the mismatch between desired and actual robot behavior is synthesized in the optimal
haptic feedback proportional to ∆u∗

H .

Figure 5.7: Human feedback with respect to time. ∆uH does not converge to 0, as a result
there will be a non-zero haptic feedback.
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Figures 5.6a–5.6f display the different 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 artificial 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 final configuration shown in Fig. 5.6f.

Finally, Fig. 5.7 reports the human feedback, ∆uH , with respect to time. The two
components of the human feedback is represented by ∆uH1(t) and ∆uH2(t). As can be
seen, ∆uH does not converge to 0: this means that the human input is not executed
exactly. In fact, the haptic feedback proportional to ∆uH 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 fixed
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 configuration, which restricts its
end-effector to translational degrees of freedom only. This device is commonly applied in
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haptic feedback systems due to its high stiffness and low inertia compared to serial kine-
matic configurations. 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 diffi-
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 effective 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 specified 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 T1)

2. Maintaining the passivity
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(a) (b) (c)

(d) (e) (f)

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 (pG) in the upper left corner) and assembling a square
formation (Figures 5.8b, 5.8c, 5.8d, 5.8e), and reaching their final configuration (Fig. 5.8f).
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(a) (b) (c)

(d) (e) (f)

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, 5.9c, 5.9d, 5.9e), and reaching their final configuration
(Fig. 5.9f).
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(a) (b) (c)

(d) (e) (f)

Figure 5.10: Snapshots of the experiments of centralized multi-robot multi-task execution
with passivity and human feedback performed in the Robohub at the University of Wa-
terloo. The pictures show four DJI Robomaster EP mobile platforms starting from their
initial positions (Fig. 5.10a), moving in the environment towards the goal location and
assembling a square formation (Figures 5.10b, 5.10c, 5.10d, 5.10e), and reaching their
final configuration (Fig. 5.10f).
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Figure 5.11: Control input vectors of the four robots with respect to time. As can be seen,
the control signals produced by the optimization algorithm demonstrates the effectiveness
of the passivity-based control system in managing the robots’ responses under real-world
experimental conditions. It confirms that the control inputs, despite fluctuations, are
constrained within safe limits, ensuring smooth and stable operations for all robots.

Figure 5.12: Human feedback with respect to time. ∆uH does not converge to 0, as a
result there will be a non-zero haptic feedback.
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Figure 5.13: Formation graph of the four robots with respect to time. As can be seen, the
smooth oscillations in T1 indicate that the system dynamically adjusts the velocities of the
robots to maintain the desired formation.

Figure 5.14: Passivity graph of the four robots with respect to time. As can be seen, the
system’s velocity closely follows the human input, but without significant deviation, which
suggests that the control strategy is successfully enforcing the passivity condition.

Figure 5.15: xG and pG with respect to time. As can be seen, the robot system, while
adhering to passivity constraints, adjusts smoothly toward the goal.
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Figure 5.16: uH and uH + ∆uH with respect to time. As can be seen, The difference
between the uH and uH +∆uH lines indicates the magnitude of the adjustments made by
the system. If the adjustments (∆uH) are small, it suggests that the system is only making
minor corrections to maintain stability.Larger deviations might indicate more significant
interventions by the system to correct potential issues or instabilities.

Figure 5.17: The evolution of the velocity components x2 for each of the four robots over
time. As can be seen, the velocities of all the robots start at certain initial values and evolve
over time. The general trend of these lines indicates how each robot’s velocity changes in
response to the control inputs, including any adjustments made by the system to maintain
formation and stability.
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3. Following the human instruction of driving the centre of the square formation towards
the direction of the predefined goal

Figure 5.8a–5.8f displays the the different state of the simulations of multi-robot multi-
task execution with passivity and human input in Python. Robots 1, 2, 3, and 4 are
represented by red, blue, green, and purple circles, respectively. The predefined goal (pG)
is represented by the black cross. In this figure, robots 1, 2, 3, and 4 form a square; in
addition, the centre (xG) of the square formed by the four robots reaches the goal location
(pG).

The following controller parameters have been chosen for this simulation: k = 35,
kh = 1, kv = 0.1, kp = 0.1, γ = 0.3, and α = 2.

Figure 5.9 displays the different state of the simulations of multi-robot multi-task ex-
ecution with passivity and human input performed in ROS2 humble using Webot as the
simulator, where four DJI Mavic 2 Pro quadcopters are served as robots. The prede-
termined goal is in the upper right corner represented by a gray square, and the initial
positions of the four DJI Mavic 2 Pro quadcopters are represented by the four gray squares
in the bottom left corner. The initial position of the four DJI Mavic 2 Pro quadcopters are
shown in Fig. 5.9a. Then, Figures 5.9b–5.9e show the positions of the four DJI Mavic 2
Pro quadcopters over the course of the experiment, moving towards the goal (gray square
in the upper right) and assembling the desired shape; finally, in Fig. 5.9f, the four DJI
Mavic 2 Pro quadcopters form a square shape as the centre of the square formation formed
by the robots eventually reaches the goal.

Figure 5.10 displays the different states of the experiment of multi-robot multi-task
execution with passivity and human input performed in the Robohub at the University
of Waterloo, where four DJI Robomaster EP mobile platforms are served as robots. The
predetermined goal is in the upper left corner, and the initial positions of the four DJI
Robomaster EP are in the lower right corner. The initial position of the four DJI Robo-
master EP are shown in Fig. 5.10a. Then, Figures 5.10b–5.10e show the positions of the
four DJI Robomaster EP over the course of the experiment, moving towards the goal and
assembling the desired shape; finally, in Fig. 5.10f, the four DJI Robomaster EP form a
square shape as the centre of the square formation formed by the robots eventually reaches
the goal.

In Fig. 5.11, we report the control inputs, ui, of the four robots with respect to time.
The two components of the control inputs of robot i is represented by ui,1(t) and ui,2(t).
From the figure, we can see the control inputs fluctuate within a relatively small range,
both positively and negatively. These fluctuations reflect real-time corrections made by the
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control system to maintain stable robot performance in response to external commands,
ensuring the passivity constraint is upheld. This is essential for avoiding instability or
oscillatory behaviors in robot movement.Although each robot’s control inputs exhibit their
own unique fluctuations, the general trend shows a synchronized pattern, which indicates
that the control system successfully coordinates the robots’ movements in a centralized
manner. Figure 5.12 reports the human feedback, ∆uH , with respect to time. The two
components of the human feedback is represented by ∆uH1(t) and ∆uH2(t). As can be seen,
∆uH does not converge to 0, this means that the human input is not executed exactly.
In fact, the haptic feedback proportional to ∆uH will be sent to the human operator to
inform them about this mismatch between desired and actual robot behavior.

The plot in Figure 5.13 shows that at the beginning of the experiment, the speed starts
high, around 0.4 m/s, and gradually decreases until around 20 seconds, where T1 stabilizes
at a lower value before rising and falling again in a smooth pattern. The smooth oscillations
in the speed indicate that the system dynamically adjusts the velocities of the robots to
maintain the formation. The controlled rise and fall demonstrate that the passivity-based
control ensures that the energy in the system is regulated, preventing instability while
allowing the formation to react smoothly to human input and external forces. Figure 5.14
illustrates the passivity-based control of the system over time. The two key components
are xT

i,2ui (red line), representing the system’s velocity control, and uT
H∆uH (blue line),

which reflects the human input’s influence on the system. Both values fluctuate as the
control system adjusts to maintain stability and ensure passivity is preserved during the
interaction. As observed, the fluctuations are relatively small, indicating that the control
system is successfully ensuring that the robots respond to human inputs without generating
excess energy, which could destabilize the system. The alignment between the two curves
indicates that the human input is consistently adjusted by the system to balance between
task execution and passivity constraints, thus ensuring a smooth interaction.This graph
validates the effectiveness of the passivity-based control system, showcasing the consistent
behavior of the robot system under human input while maintaining the required passivity
condition.

Figure 5.15 shows xG1 and xG2 fluctuate as the robots adjust their movement to track
the desired target positions pG1 and pG2 , which remain constant throughout the experiment.
The graph demonstrates that the robot system, while adhering to passivity constraints,
adjusts smoothly toward the goal. The fluctuations indicate the system’s efforts to maintain
stability and balance between following the human input and preserving passivity, leading
to coordinated movement. Figure 5.16 provides insight that throughout the experiment,
the feedback signals (∆uH) make necessary corrections to the original human inputs to
ensure passivity is maintained. The green and brown lines deviate from the red and blue

55



lines, showing how the feedback adjusts the control inputs. These deviations are more
pronounced when the human inputs (red and blue lines) cause larger changes in the robot
system, indicating that the feedback compensates for those changes to maintain stability.
Figure 5.17 provides a detailed look at how the velocity states of the robots evolve under
the centralized control framework. The trends observed in the graph can be used to assess
the effectiveness of the control strategy in managing the velocities of the robots, ensuring
they perform their tasks in a coordinated and stable manner. This graph is crucial for
verifying that the system is achieving the desired dynamic behavior and that the velocities
of the robots are being controlled appropriately to maintain system stability and task
performance.

5.2.2 Centralized Multi-Robot Multi-Task Execution without Pas-
sivity and with Human Feedback

In this section, we present the results of simulations and experiments obtained in the
optimization algorithm without passivity and with human input, uH . All the constraints
and priorities are the same as in the previous subsection, except the absence of the second
task which is passivity constraint. The controller parameters for this scenario have been
set to: k = 35, kh = 1, kv = 0.1, kp = 0.1, γ = 0.3, and α = 2.

Figure 5.18a–5.18f shows the multi-robot multi-task execution without passivity and
with human input. Robots 1, 2, 3, and 4 are represented by red, blue, green, and purple
circles, respectively. The predefined goal (pG) is represented by the black cross. In this
figure, robots 1, 2, 3, and 4 form a square; in addition, the centre (xG) of the square formed
by the four robots reaches the goal location (pG). As can be seen, compared to the previous
case, the robots attempting to form a square shape but the shape of the formation is not a
proper square like previous case since absence of passivity interrupts the formation control
and human instructions.

Figures 5.19a–5.19f display the different state of the experiment of multi-robot multi-
task execution with human feedback synthesis in ROS2 humble using Webot as the sim-
ulator. The setup is similar to the previous case except for the fact that this experiment
does not have the passivity based control task so the square shape of the formation is a bit
different from the previous one. The initial position (four gray squares in the middle) of
the four DJI Mavic 2 Pro quadcopters are shown in Fig. 5.19a. The four DJI Mavic 2 Pro
quadcopters move in the attempt of reaching the desired goal represented by a gray square
in the upper right corner, try to assemble the square shape, and following the human in-
put (Figures 5.19b–5.19e), but cannot maintain the square formation and end up crashing
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(a) (b) (c)

(d) (e) (f)

Figure 5.18: Snapshots of the simulations of centralized multi-robot multi-task execution
without passivity and with human feedback implemented using Python. The scenario is
similar to the one presented in the previous section. The robots attempt to assemble the
desired square shape and move towards the goal (black cross (pG) at the upper left) but
the shape of the formation is not a proper square like previous case and finally the center
of the formed square reaches the desired goal (black cross (pG) at the upper left).
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(a) (b) (c)

(d) (e) (f)

Figure 5.19: Snapshots of the experiments of centralized multi-robot multi-task execution
without passivity and with human feedback performed in ROS2 humble using Webot as
the simulator. The scenario is similar to the one presented in the previous section. The
DJI Mavic 2 Pro quadcopters attempt to assemble the desired square shape and move
towards the goal and but cannot maintain the square formation and end up crashing into
each other and fall on the ground.
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(a) (b) (c)

(d) (e) (f)

Figure 5.20: Snapshots of the experiments of centralized multi-robot multi-task execution
without passivity and with human feedback performed in the Robohub at the University
of Waterloo. The scenario is similar to the one presented in the previous section. The DJI
Robomaster EP mobile platforms attempt to assemble the desired square shape and move
towards the goal but cannot maintain the square formation and bump into each other.
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Figure 5.21: Control input vectors of the four robots with respect to time. As can be
seen, the control inputs exhibits significantly larger and more erratic fluctuations, showing
that the system becomes less stable and more prone to instability when passivity control
is removed.

Figure 5.22: Human feedback with respect to time. ∆uH does not converge to 0, as a
result there will be a non-zero haptic feedback.

Figure 5.23: Formation graph of the four robots with respect to time. As can be seen, the
smooth oscillations in T1 indicate that the system dynamically adjusts the velocities of the
robots to maintain the desired formation.
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Figure 5.24: Passivity graph of the four robots with respect to time in case of absence
of passivity. Without passivity control, the system may exhibit less predictable or more
aggressive responses to human input, as indicated by the larger velocity fluctuations. This
could imply that the system is more prone to instability or oscillations, especially if the
human input is not smooth or consistent.

Figure 5.25: xG and pG with respect to time. As can be seen, the robot system, while
adhering to passivity constraints, adjusts smoothly toward the goal.
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Figure 5.26: uH and uH + ∆uH with respect to time. As can be seen, The difference
between the uH and uH +∆uH lines indicates the magnitude of the adjustments made by
the system. If the adjustments (∆uH) are small, it suggests that the system is only making
minor corrections to maintain stability.Larger deviations might indicate more significant
interventions by the system to correct potential issues or instabilities.

Figure 5.27: The evolution of the velocity components x2 for each of the four robots over
time. As can be seen, the velocities of all the robots start at certain initial values and evolve
over time. The general trend of these lines indicates how each robot’s velocity changes in
response to the control inputs, including any adjustments made by the system to maintain
formation and stability.
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into each other (Figures 5.19c–5.19e), eventually the same failure to maintain the forma-
tion continues and the crashed quadcopters fall on the ground in their final configuration
shown in Fig. 5.19f.

Figures 5.20a–5.20f display the different state of the experiment of multi-robot multi-
task execution with human feedback synthesis in the Robohub at the University of Wa-
terloo. The setup is similar to the previous case except for the fact that this experiment
does not have the passivity based control task so the square shape of the formation is a
bit different from the previous one. The initial position of the four DJI Robomaster EP
are shown in Fig. 5.20a. The four DJI Robomaster EP move in the attempt of reaching
the desired goal, try to assemble the square shape, and following the human input (Fig-
ures 5.20b–5.20c) but cannot maintain the square formation and bump into each other
(Figures 5.20d–5.20e), eventually the same failure to maintain the formation continues in
their final configuration shown in Fig. 5.20f.

In Fig. 5.21, we report the control inputs, ui, of the four robots with respect to time.
The two components of the control inputs of robot i is represented by ui,1(t) and ui,2(t).
From the figure, we can see unlike the control inputs of passive scenario, here the control
inputs exhibits significantly larger and more erratic fluctuations, showing that the system
becomes less stable and more prone to instability when passivity control is removed. The
larger deviations indicate a lack of energy regulation, which could lead to unsafe or un-
predictable behavior in the robots. Figure 5.22 reports the human feedback, ∆uH , with
respect to time. The two components of the human feedback is represented by ∆uH1(t) and
∆uH2(t). As can be seen, the feedback signals exhibit significantly larger and more erratic
fluctuations, especially during the initial stages of the experiment. The larger magnitude
of ∆uH suggests that the system is struggling to compensate for the mismatch between
human input and robot behavior. Without passivity to regulate the interaction, the sys-
tem experiences greater instability, as evidenced by the spikes in feedback around the 10
to 20-second mark. This erratic feedback not only makes it more difficult for the human
operator to adjust their control but also leads to more frequent and severe corrections,
which could cause frustration and reduce the effectiveness of the human-robot interaction.

The plot in Figure 5.23 demonstrates that without passivity control, the system expe-
riences significant fluctuations in formation speed, particularly at the beginning and end
of the experiment. The inability to regulate energy effectively results in more pronounced
oscillations, making it challenging for the robot team to maintain a stable and coordinated
formation. These fluctuations are less controlled than in the passivity-controlled scenario,
leading to a less predictable and stable system overall.

Finally, Fig. 5.24 highlights the differences in system behavior when passivity control
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is not enforced. The larger range of velocity fluctuations suggests that the system is more
responsive but potentially less stable, especially under varying human input conditions.
It implies that the system is not adequately regulating energy, which could cause the
robot behaviors to deviate from the desired trajectories or become unstable under certain
conditions. This graph serves as a key comparison point to understand the benefits of
enforcing passivity in terms of system stability and control smoothness.

The positioning of the blue line above the red line in the passivity-controlled scenario
reflects the system’s ability to effectively prioritize human input, ensuring smooth and
stable operation with proper energy regulation. In contrast, the non-passivity scenario,
where the red line is above the blue line, shows a system that is more reactive to its own
internal control dynamics, resulting in larger fluctuations and potential instability.This
comparison highlights the critical role of passivity-based control in maintaining a balance
between human input and robot behavior, ensuring that the system operates stably while
accurately following the human operator’s commands. The absence of passivity, however,
leads to more aggressive system behavior, reducing the effectiveness of human input and
potentially compromising the stability and safety of the multi-robot system.

Figure 5.25 demonstrates the challenges of maintaining precise and stable control in a
system without passivity. The centroid positions xG1 and xG2 struggle to match the hu-
man input targets pG1 and pG2 . Figure 5.26 shows that the significant deviations between
uH and uH + ∆uH reflect the inability of the system to regulate energy and interaction
effectively, making it more difficult for the human operator to control the robots. Fig-
ure 5.27 demonstrates that in the non-passivity scenario, the system struggles to maintain
stable and synchronized robot velocities. The lack of energy regulation results in persis-
tent and large fluctuations, which could lead to difficulties in performing tasks that require
coordinated movement among the robots.

5.3 Discussions and Limitations

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 feed-
back synthesis. The simulation and experimental results demonstrate the framework’s
effectiveness in task allocation, formation control, and human feedback processing.
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5.3.1 Discussions

One of the primary contributions of this thesis is the introduction of passivity-based control
integrated with human-robot interaction. This mechanism ensures stability in scenarios
where the robots receive unpredictable inputs from human operators. As evidenced in
both the single-integrator and double-integrator dynamic systems, the robots were able to
maintain formation and execute tasks while responding dynamically to human inputs.

In particular, the experimental results with double-integrator dynamics highlight how
incorporating both position and velocity control leads to smoother robot trajectories and
more stable interactions with the human operator. The human feedback, modeled through
haptic feedback devices, provides real-time information about task performance, allowing
the human operator to adjust their commands accordingly. This interaction ensures that
the robots can respond more accurately and safely in dynamic environments.

Moreover, the simulations for both the single-integrator and double-integrator systems
underscore the scalability of the proposed framework. Despite the inherent differences in
complexity between the two systems, the optimization-based task allocation method al-
lowed for efficient execution of tasks in both frameworks. Specifically, the single-integrator
simulations demonstrated faster convergence in simpler task settings, while the double-
integrator simulations provided smoother control in more complex environments involving
human inputs and velocity regulation.

The inclusion of human feedback into the centralized control system highlights an ad-
vantage of adaptability in real-time scenarios. The system adjusts to unpredictable human
instructions while ensuring the stability of the overall robot team. The feedback mecha-
nism, particularly with passivity control, significantly improves the interaction by notifying
the human operator about mismatches between desired and actual robot behavior. This
feedback, while improving control, also reduces the likelihood of task execution failures.

5.3.2 Limitations

While the proposed framework has demonstrated significant advantages, there are limita-
tions that merit consideration:

1. Scalability Issues in Centralized Control: One of the key challenges in implement-
ing a centralized control approach is the scalability of the framework, particularly
in larger, more complex multi-robot systems. As the number of robots increases,
the computational complexity of the task allocation algorithm grows significantly.
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While the centralized framework allows for precise coordination, it may become less
practical in real-world scenarios involving hundreds of robots, where decentralized
approaches are typically more efficient.

2. Communication Overhead: In both centralized and decentralized control frameworks,
the communication overhead between robots and the human operator could present
challenges in environments where communication bandwidth is limited or unstable.
In particular, the decentralized system may struggle with real-time coordination if
communication delays or packet losses occur, leading to suboptimal task execution.

3. Limited Task Diversity: The simulations primarily focused on formation control,
go-to-goal tasks, and human-robot interaction constraints. While these tasks are
essential, the proposed framework lacks more diverse tasks, including those requiring
complex interactions between robots, such as object manipulation or cooperative
transportation tasks.

4. Feedback Mechanism Precision: While the feedback mechanism provides valuable in-
formation about the mismatch between the robot’s behavior and human input, there
is a limitation in the precision of this feedback. For more complex tasks that require
precise coordination, the current feedback may not offer the level of detail necessary
for the human operator to make nuanced adjustments in real time. Improvements in
haptic feedback devices and feedback algorithms could help address this limitation.

5. Experimental Environment Limitations: The experimental validation was conducted
using a small number of robots in a controlled environment. While this is sufficient
for proof-of-concept demonstrations, the framework has not been tested in large-
scale, dynamic environments with real-world uncertainties, such as outdoor search
and rescue missions or exploration in unknown terrain. It lacks the validation of the
framework in more realistic and challenging environments.

6. Energy Constraints Not Considered: While task allocation efficiency was a focus of
this work, energy constraints for individual robots were not directly addressed. In
long-term operations or energy-limited environments, managing the energy consump-
tion of robots is crucial for task sustainability. This framework lacks incorporation of
energy-awareness mechanisms to ensure that robots are not depleted of power during
critical tasks.

7. Human Input Variability: The system’s performance depends significantly on the
smoothness and accuracy of the human operator’s input. While passivity-based con-
trol mitigates stability concerns, unexpected or highly erratic human input can still
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lead to suboptimal performance. Human operators, by nature, can and often will
provide inputs that deviate from expectations, especially in dynamic and high-stress
environments. A user study could provide valuable insights into the robustness and
usability of the proposed control scheme. Metrics such as task completion time,
operator workload, and perceived ease of use could be used to evaluate system per-
formance under various levels of input variability. As a potential future direction,
incorporating real-world user feedback through such a study could guide refinements
to the control framework. During preliminary experiments, operating the system
with varying input patterns highlighted the intuitive feedback provided by the haptic
device, although erratic inputs occasionally necessitated additional operator correc-
tions. This reinforces the need for a systematic user study to fully assess the system’s
adaptability and usability in diverse scenarios.
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Chapter 6

Conclusions

This thesis has explored the integration of decentralized and centralized control frame-
works for multi-robot, multi-task systems with human interaction. The proposed frame-
work utilizes both single-integrator and double-integrator dynamic models, emphasizing
the role of human feedback in guiding the robot formation and task execution. Through
simulations and real-world experiments, the results demonstrated the effectiveness of the
optimization-based task allocation framework that ensures stability, passivity, and real-
time responsiveness to human input.

The integration of passivity-based control was a significant contribution, allowing the
system to maintain stability while interacting with human operators through haptic feed-
back. The experiments confirmed that both the decentralized and centralized frameworks
successfully handled multi-task execution with human feedback, while the use of slack
variables facilitated task prioritization.

The framework proved particularly useful for tasks like formation control, human-robot
interaction, and coverage control. The decentralized approach ensured scalability in single-
integrator dynamic systems, while the centralized control was more effective in managing
complex double-integrator systems with acceleration feedback.

Several directions can be pursued to extend the current work:

1. Improving Human-Robot Interaction: Future research could focus on refining the
feedback mechanisms provided to human operators, including more intuitive haptic
feedback systems and adaptive learning algorithms to predict and adjust to human
input more effectively.
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2. Dynamic Environments: Extending the current work to dynamically changing envi-
ronments where robots must adapt to moving obstacles, variable goals, and uncertain
conditions in real-time is an essential area for future investigation.

3. Scalability and Distributed Control: A promising area of research is the development
of hybrid control frameworks that combine centralized and decentralized approaches,
enabling the system to handle larger and more distributed teams of robots while
reducing computational overhead.

4. Safety and Fault Tolerance: Incorporating more advanced safety mechanisms, such
as control barrier functions (CBFs) and fault-tolerant algorithms, could make the
system more robust against unexpected failures or communication breakdowns during
human-robot interaction.

5. Application in Real-World Scenarios: Finally, validating the framework in more real-
world applications, such as autonomous warehouse management, search and rescue,
or industrial automation, could provide deeper insights into its practical utility and
performance under real-time constraints.

This research opens up several possibilities for future development in the field of multi-robot
systems and human-robot collaboration, paving the way for more effective and resilient
robot teams capable of working in dynamic and unpredictable environments.
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Appendix A

Matlab Simulation of Different Tasks

A.1 Multi-Robot Multi-Task Execution with Only Go-

to-Goal Task and Coverage Control

In this scenario of multi-robot multi-task execution, there are two robots: the highest
priority for robots 1 is to move in the direction of its own voronoi cell’s centroid, while for
robot 2 the go-to-goal task has highest priority. MATLAB simulation has been shown for
this scenario. In summary, the task constraints for the robots are:

1. Proceeding in the direction of the predefined goal (task T1)

2. Proceeding in the direction of its own voronoi cell’s centroid (task T4)

whereas their priorities are (Ti ≺ Tj means that task i has higher priority than task j):

1. Robots 1: T4 ≺ T1

2. Robot 2: T1 ≺ T4

In Fig. A.1, Robot 1 (R1) is travelling in the direction of its own Voronoi cell’s Centroid
(G1), whereas Robot 2 (R2) is moving in the direction of a predetermined goal (P1). Here,
the optimization algorithm decides beforehand which robot will carry out which task.
Robots are prioritizing that duty as a result. Here, robot 1 (R1) is working on task (T4),
and robot 2 (R2) is working on task (T1).
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Figure A.1: Simulation of robot 1 (R1) going to its own voronoi cell’s centroid G1 (T4) and
robot 2 (R2) going to goal P2 (T1).
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Figure A.2: Simulation of robot 1 (R1) after reaching its own voronoi cell’s centroid G1

(T4) and robot 2 (R2) after reaching goal P2 (T1).
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Robot 1 (R1) reached its own voronoi cell’s centroid ((G1) in Fig. A.2, and robot 2 (R2)
attained the predetermined goal (P2). If their predefined priorities are set differently, they
can both do the same task or exchange tasks in a different scenario.
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Appendix B

Python Simulation of Different Tasks

B.1 Multi-Robot Multi-Task Execution with Only Go-

to-Goal Task

In this scenario of multi-robot multi-task execution, there are four robots but they have
four different goals: the highest priority for robots 1, 2, 3, and 4 is the go-to-goal task
but the goal for the four robots are different and the priority depends on which goal has
been set to which robot. Robot 1 only goes towards its own predefined goal and other
three goals are not a highest priority to robot 1 and similar case is true for the remaining
three robots. Python simulation has been shown for this scenario. In summary, the task
constraints for the robots are:

1. Proceeding in the direction of the predefined goal (task T1)

Figure B.1 displays the multi-robot multi-task execution. Robots 1, 2, 3, and 4 are
represented by red, green, blue, and brown circles, respectively. The predefined goals are
represented by the red, green, blue, and brown crosses respectively. In this figure, robots
1, 2, 3, and 4 move towards its own predefined goals (P1, P2, P3, and P4) respectively. The
following controller parameters have been chosen for this simulation: k = 0.001, K = 1000,
γ1 = 10, γ2 = 10, γ3 = 10, and γ4 = 10.

Figure B.2 displays the different states of multi-robot multi-task execution performed
using the Webot simulator, where four DJI Mavic 2 Pro quadcopters are simulated. The
predetermined goals are represented by four gray squares in the upper left, upper right,
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Figure B.1: Multi-robot multi-task execution in Python. The four robots (Robot 1, Robot
2, Robot 3, and Robot 4) are represented by circles of four colors (red, green, blue, and
brown, respectively). The red, green, blue, and brown cross marks depict four designated
goal locations respectively. The robots move towards its own predefined goals (highest
priority task for robots 1, 2, 3, and 4).

(a) (b) (c) (d)

Figure B.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 represented by the four gray square in the middle (Fig. B.2a), moving in the
environment towards their own predefined goal locations represented by gray square in the
upper left corner, gray square in the upper right corner, gray square in the bottom left
corner, and gray square in the bottom right corner respectively (Figures B.2b, B.2c), and
reaching their goal finally (Fig. B.2d).
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bottom left, and bottom right corner respectively, and the initial positions of the four
quadcopters are represented by the four gray squares in the middle. The initial position of
the four quadcopters are shown in Fig. B.2a. Then, Figures B.2b–B.2c show the positions
of the drones over the course of the experiment, moving towards their own goals; finally,
in Fig. B.2d, the four quadcopters reach their own goals.

84


	Author's Declaration
	Statement of Contributions
	Abstract
	Acknowledgements
	Dedication
	List of Figures
	Introduction
	Related Work
	Optimization Based Task Execution
	Human-Multi-Robot Teleoperation

	Problem Formulation
	System Model and Mathematical Background
	Passive Teleoperation

	Haptic Feedback Synthesis Framework
	Single-Integrator Dynamic System
	Model of the Tasks
	Optimization-based Decentralized Control Framework

	Double-Integrator Dynamic System
	Model of the Tasks
	Optimization-based Centralized Control Framework


	Simulations and Experimental Results
	Single-Integrator Dynamic System Simulation
	Multi-Robot Multi-Task Execution without Human Feedback Synthesis
	Multi-Robot Multi-Task Execution with Human Feedback Synthesis

	Double-Integrator Dynamic System Simulation and Experiment
	Centralized Multi-Robot Multi-Task Execution with Passivity and Human Feedback
	Centralized Multi-Robot Multi-Task Execution without Passivity and with Human Feedback

	Discussions and Limitations
	Discussions
	Limitations


	Conclusions
	References
	APPENDICES
	Matlab Simulation of Different Tasks
	Multi-Robot Multi-Task Execution with Only Go-to-Goal Task and Coverage Control

	Python Simulation of Different Tasks
	Multi-Robot Multi-Task Execution with Only Go-to-Goal Task


