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Abstract

Recent technological advances and the increasing demand for production
flexibility have driven the widespread adoption of complex automated
systems, including redundant and mobile manipulators, in both indus-
trial and everyday life scenarios. These systems are increasingly deployed
in unstructured and dynamic environments, where they must operate
alongside humans and address complex manipulation and coordination
challenges. In this context, ensuring safe, efficient, and minimally inva-
sive human–robot coexistence remains a critical issue, particularly given
the limitations of traditional safety mechanisms. This thesis investigates
key aspects of human–robot collaboration and interaction in real-world
environments, ranging from advanced control methodologies for redun-
dant robotic platforms to task allocation and scheduling strategies for
heterogeneous multi-agent systems composed of humans and robots. The
proposed contributions include control frameworks that integrate hier-
archical optimization and safety constraints, human-safety-oriented con-
trol strategies, adaptive shared autonomy approaches, and human-in-the-
loop scheduling methods that account for human workload, preferences,
and behavioral variability. Furthermore, a hybrid framework combining
Large Language Models and constraint-based optimization is introduced
to bridge high-level natural language instructions with feasible and op-
timized multi-agent execution plans. Overall, this work aims to balance
task effectiveness and human safety while leveraging the complementary
capabilities of human and robotic agents to enhance collaboration, effi-
ciency, and system robustness.
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Chapter 1

Introduction

1.1 Motivations

Recent advances in technology, together with the growing demand for
production flexibility, have fostered the adoption of complex automated
systems, including redundant manipulators, across a wide range of sce-
narios [1]. These technological progresses have also enhanced the systems’
capabilities for contextual awareness and reasoning, facilitating their de-
ployment not only in traditional industrial domains but also in every-
day life settings. Industrial applications include logistics and manufac-
turing, where automated systems handle picking operations for diverse
objects [2], ground structure assembly [3], and the management of high-
altitude platforms [4]. In everyday life, applications span from factories [5]
and operating rooms [6] to agricultural fields [7, 8] and domestic environ-
ments [9], where they contribute to task execution and improve the over-
all quality of life. Unlike traditional industrial manufacturing scenarios,
where robots are typically used to operate in structured environments
performing repetitive tasks, recent years have seen their increasing de-
ployment in unstructured environments to address complex manipulation
problems. Representative examples include the maintenance and oper-
ation of Oil & Gas underwater structures [10], underground search and
rescue missions [11], and applications involving mobile manipulators oper-
ating over large workspaces. A remarkable example is provided by mobile
manipulators, which integrate the mobility of a robotic platform with the
dexterous manipulation capabilities of an articulated arm. This combi-
nation enables them to navigate and interact with complex and dynamic
environments that can not be fully modeled in advance. Nevertheless,
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the employment of such systems introduces several challenges, including
the management of multiple control-level constraints. A representative
example involves avoiding collisions between robot components, such as
those that may occur between the arms or between the arms and the
mobile base, as well as with the surrounding environment. Addressing
this issue entails the development of control algorithms, based on a com-
prehensive model of the system, that are capable of ensuring the effective
coordination of the components motion. Beyond the increased number
of degrees of freedom (DoFs), the overall complexity of such systems is
frequently augmented by sophisticated sensor suites mounted on them.
For example, in contexts involving human–robot interaction, these sys-
tems incorporate dedicated hardware and software modules designed to
support and enhance the implementation of physical human–robot inter-
action (pHRI) paradigms. [12]. It is worth emphasizing that the increasing
implementation of such systems has been driven not only by recent tech-
nological advancements but also by the acknowledgment that humans and
robots exhibit distinct yet complementary abilities that can be leveraged
to enhance task performance and optimize productivity [13], as well as
by the demonstrated potential of human–robot collaboration and inter-
action across diverse application domains [14, 15, 16]. This collaboration
can occur in different forms, such as: i) sharing of the workspace, with
humans and robots working in parallel on different tasks; or ii) engaging
in collaborative tasks, with humans providing their cognitive skills while
intentionally exchanging forces with robots.

However, as robots become more integrated into society, an important
question arises: how can humans coexist in a workspace shared with
robots in a way that is safe and minimally invasive for everyone involved?
Regarding safety, current collaborative robots are typically equipped with
several safety features, e.g., lightweight or emergency stop procedures.
Despite these features, ensuring that robots do not pose any risk to hu-
man workers within their workspace remains challenging, particularly in
unstructured and dynamic settings, where such features may not be suf-
ficient to ensure safe coexistence. Thus, to foster the adoption of such
systems and fully exploit their capabilities, additional safety strategies
must be designed, in particular to enable reliable assessment of human
safety level under all possible operating conditions involving both hu-
mans and robots, and to enforce appropriate interventions when safety is
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at risk. However, at the same time, it is essential to recognize the value of
allowing robots to successfully carry out the assigned tasks while adher-
ing to their constraints. This implies that an appropriate balance must
be established between preserving the execution of robotic activities and
safeguarding human safety, as an excessively conservative approach may
lead to intrusive and unnecessary interventions that could undermine the
effectiveness of the robots’ missions.

The analysis of existing paradigms for single-human–single-robot collab-
oration and interaction, along with the identification of strategies for im-
proving their efficiency, constitutes an initial and essential step toward the
deployment of multi-agent systems (MAS). The integration of such sys-
tems, particularly those involving heterogeneous agents such as humans
and robots, into everyday human environments aims to leverage the com-
plementary capabilities of these agents, namely the cognitive abilities of
humans and the physical operational capacities of robots. The primary
objective of this approach is to exploit such complementarities to complete
complex missions and/or achieve additional objectives, such as improving
task efficiency, optimizing quantitative metrics like the makespan (i.e., to-
tal mission completion time) and human workload, and enhancing human
comfort and preferences. Multi-agent scenarios are typically characterized
by a finite set of tasks that must be accomplished. Thus, to effectively
leverage the aforementioned complementarities, it is essential to devise
robust strategies for task distribution and scheduling across human and
robotic agents [17]. The optimization of human-specific aspects is crucial
to ensure socially acceptable and effective interactions [18, 19, 20], aspects
that are central to fulfilling the objectives outlined above. Therefore, the
devised strategies should also integrate descriptive models of human be-
havior, which are typically shaped by factors such as fatigue, attentional
fluctuations, and changing task requirements [21].

1.2 Thesis Outline and Contribution

The challenges outlined in Section 1.1 shaped the structural organiza-
tion of this study, which systematically investigates the key aspects of
human–robot collaboration and interaction in real-world environments.
The analysis evolves from the examination of advanced control method-
ologies for redundant mobile manipulators to the development of efficient
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management strategies for multi-agent systems that integrate human and
robotic agents. In particular, this thesis is divided into 6 chapters:

• Chapter 2 - Mathematical Background: this chapter aims to
introduce the theoretical background and techniques required for
the comprehension of the topics discussed in the subsequent chap-
ters of this thesis. Specifically, it provides a concise yet compre-
hensive overview of: i) the main aspects of kinematic control of
robotic systems; ii) techniques commonly adopted to address mul-
tiple tasks and constraints characterized by different priority levels
in the control of redundant robotic systems; and iii) optimization-
based techniques commonly utilized either for activity allocation or
scheduling.

• Chapter 3 - A Unified HQP–CBF Framework for Hierar-
chical Control of Redundant Robotic Platforms: this chapter
focuses on the control of robotic platforms characterized by complex
kinematic structures when operating in dynamic and unstructured
environments, such as those encountered in agricultural domains.
In these scenarios, several tasks are required to be performed con-
currently, including the management of kinematic constraints, the
achievement of operational objectives, and the processing of exter-
nal inputs. To address these challenges, these systems must rely on
a flexible and effective architecture that integrates perception with
control. The chapter, therefore, introduces a comprehensive frame-
work that combines Hierarchical Quadratic Programming (HQP)
and Control Barrier Functions (CBFs) to manage both equality and
inequality constraints across different priority levels.

• Chapter 4 - A Human-Safety-Oriented Control Framework
for Redundant Robotic Systems: this chapter addresses the
challenge of guaranteeing human safety in dynamic and unstruc-
tured environments where robots and humans operate side by side.
It introduces a control architecture designed to facilitate the effec-
tive operation of complex robotic systems, such as dual-arm mobile
robots, under such conditions. The proposed architecture endows
these systems with the capability to dynamically adjust their tra-
jectory either by reducing their velocity or deviating from a nominal
path, thus ensuring the safeguard of human operators while fulfilling
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the assigned operational objectives.

• Chapter 5 - Adaptive Shared Control Framework for En-
hancing Human–Robot Collaboration: this chapter introduces
a shared control framework, based on the architecture presented in
Chapter 3, for complex kinematic systems operating in real-world
scenarios, such as dual-arm mobile robots engaged in harvesting
procedures. The proposed strategy seeks to facilitate task execu-
tion by dynamically adjusting the level of autonomy of the system.

• Chapter 6 - A Human-in-the-Loop Scheduling and Task
Allocation Framework for Multi-Human–Multi-Robot Col-
laboration: this chapter addresses methodologies for coordinating
heterogeneous teams composed of humans and robots. The pro-
posed framework, introduced by considering a scenario in which
mobile service robots perform assistance activities for human and
robotic working agents, handles the allocation and scheduling of
tasks while accounting for three key aspects: i) the different charac-
teristics of the agents, ii) their inherent variability due to changing
environmental conditions and dynamic human behavior, captured
through chance-constrained programming, and iii) human prefer-
ences and feedback provided in real time.

• Chapter 7 - From Natural Language to Optimal Plans: A
Hybrid LLM and Constraint Programming Approach for
Multi-Agent Systems: this chapter presents a hybrid framework
for task planning, allocation, and scheduling in heterogeneous multi-
agent systems. The proposed two-layer architecture is designed to
bridge the gap between high-level human instructions and optimized
execution plans. It achieves this by synergistically combining i)
the semantic reasoning and flexibility of Large Language Models
(LLMs) for interpreting natural language commands and generat-
ing a high-level plan structure, with ii) the mathematical rigor of
Constraint Programming (CP) for ensuring that the final task al-
location and schedule is feasible, optimal, and compliant with all
operational constraints.

The activities described in this thesis led to the publication of the follow-
ing papers:
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• J. Gallou, M. Lippi, J. Palmieri, A. Gasparri, A. Marino, 2025, “A
human-centered task allocation and scheduling framework for multi-
human-multi-robot collaboration in precision agriculture settings”,
IEEE Transactions on Automation Science and Engineering, IEEE,
USA, DOI: 10.1109/TASE.2025.3595413.

• J. Palmieri, P. Di Lillo, S. Chiaverini, A. Marino, 2024, “A Hierar-
chical Quadratic Programming control architecture based on Con-
trol Barrier Functions including admittance constraints for velocity-
controlled dual-arm systems”, Control Engineering Practice, Else-
vier, Netherlands, DOI: 10.1016/j.conengprac.2025.106394.

• J. Palmieri, P. Di Lillo, M. Lippi, S. Chiaverini, A. Marino,
2024, “A Control Architecture for Safe Trajectory Genera-
tion in Human-Robot Collaborative Settings”, IEEE Transac-
tions on Automation Science and Engineering, IEEE, USA, DOI:
10.1109/TASE.2024.3350976.

• J. Palmieri, M. Lippi, A. Marino, 2025. “LLM-Enhanced Constraint
Programming for Task Planning in Heterogeneous Multi-Agent Sys-
tems”. In 2025 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS 2025) - Workshop Multi-Agent Coop-
erative Systems and Swarm Robotics in the Era of Generative AI,
Hangzhou, 19/10/2025 - 25/10/2025

• J. Palmieri, P. Di Lillo, S. Chiaverini, A. Marino, 2025. “A QP-based
control framework for safe human-robot collaboration in real-world
field environments”. In 2025 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS 2025) - Workshop Building
Safe Robots, Hangzhou, 19/10/2025 - 25/10/2025

• J. Palmieri, P. Di Lillo, S. Chiaverini, A. Marino, 2025. “A Shared
Control Approach for Semi-Autonomous Agricultural Harvesting
Robots”. In 2025 IEEE/RSJ International Conference on Intelli-
gent Robots and Systems (IROS 2025) - Workshop On Agricultural
Robotics: Advances in Design, Perception and Control to Deal With
the Complex Agricultural Environment, Hangzhou, 19/10/2025 -
25/10/2025

• J. Palmieri, P. Di Lillo, A. Marino, 2025. “Shared Control and Task
Planning for Semi-Autonomous Robots in Agricultural Harvesting
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Tasks”. In Automatica.it, Società Italiana Docenti e Ricercatori in
Automatica (SIDRA), Perugia, 03/09/2025 - 05/09/2025

• J. Palmieri, P. Di Lillo, A. Marino, 2025. “A human-centered task
allocation and scheduling framework for multi-human-multi-robot
collaboration in precision agriculture settings”. In 18th Interna-
tional Workshop on Human-Friendly Robotics (HFR 2025), Capri,
15/06/2025 - 16/06/2025

• J. Palmieri, P. Di Lillo, A. Marino, 2024. “A control architecture for
semi-autonomous robots in agriculture settings”. In 2024 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS
2024) - Workshop on Agricultural Robotics for a Sustainable Future,
Abu Dhabi, 14/10/2024 - 18/10/2024

• J. Palmieri, P. Di Lillo, A. Sanfeliu, A. Marino, 2024. “Perception-
Driven Shared Control Architecture for Agricultural Robots Per-
forming Harvesting Tasks”. In 2024 IEEE/RSJ International Con-
ference on Intelligent Robots and Systems (IROS 2024), Abu Dhabi,
14/10/2024 - 18/10/2024

• L. Ferrini, J. Palmieri, A. Marino, D. Lee, S. Lemaignan, 2024.
“reMap: Spatially-Grounded and Queryable Semantics for Interac-
tive Robots”. In 17th International Workshop on Human-Friendly
Robotics (HFR 2024), Lugano, 30/09/2024 - 01/10/2024

• L. Ferrini, J. Palmieri, A. Marino, D. Lee, S. Lemaignan, 2024.
“reMap: Spatially-Grounded and Queryable Semantics for Interac-
tive Robots”. In 21th International Conference on Software and
Systems Reuse (ICSR 2024), Odense, 23/10/2024 - 26/10/2024

• J. Palmieri, P. Di Lillo, A. Marino, 2024. “A Simple and Effective
Human-Robot Shared Control Approach for Agricultural Robots
Employed in Table-Grape Vineyards”. In 32nd Mediterranean Con-
ference on Control and Automation (MED 2024), Creta, 11/06/2024
- 14/06/2024

• M. Lippi, J. Gallou, J. Palmieri, A. Gasparri, A. Marino, 2023.
“Human-Multi-Robot Task Allocation in Agricultural Settings: A
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Mixed Integer Linear Programming Approach”. In 31st IEEE In-
ternational Conference on Robot and Human Interactive Commu-
nication (RO-MAN 2023), Busan, 28/08/2023 - 31/08/2023

• J. Palmieri, 2023. “A safety planner based on trajectory scaling and
path deviation for human-robot interaction”. In 40th IEEE Interna-
tional Conference on Robotics and Automation (ICRA 2023) - 3rd
Annual Workshop on Robot Teammates in Dynamic Unstructured
Environments (RT-DUNE), Londra, 29/05/2023 - 02/06/2023
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Chapter 2

Mathematical Background

2.1 Inverse Kinematic Problem

In a generic robotic system, the state is mathematically represented by
the joint vector q = [q1, q2, . . . , qn]

T ∈ R
n, where n denotes the number

of Degrees of Freedom (DoFs). In this context, a generic task is typically
defined as an m-dimensional function of the system state, σx(q) ∈ R

m.
The inverse kinematics (IK) problem, therefore, consists in finding the
configuration vector q that yields:

σx(q) = σx,d, (2.1)

where σx,d denotes the desired task value.

Since Eq. (2.1) is non-linear, its solution cannot be determined by simply
inverting it. Differentiating Eq. (2.1) with respect to time, the following
expression can be derived:

σ̇x(q) = Jx(q)q̇, (2.2)

where Jx(q) = ∂σx(q)/∂q ∈ R
m×n represents the task Jacobian matrix,

whereas q̇ denotes the system velocity vector. The derived formulation
establishes a linear relationship between velocities in the task space and
those in the joint space. Consequently, for a given initial configuration,
if m = n, that is, the number of DoFs of the system is equal to the task
dimension, the joint increment needed to bring the task value closer to
the desired one can be computed by simply inverting Eq. (2.2) [22]:
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q̇ = J−1x σ̇x(q). (2.3)

In the discrete-time formulation of Eq. (2.3), the joint velocities related to
sampling instant k are obtained using the inverse of the Jacobian matrix
derived from the joint values of the previous step, that is, the step k −
1. The joint positions q are then recovered by means of a numerical
integration procedure:

q(tk) = q(tk−1) + J
−1
x (q(tk−1))σ̇x(tk−1)∆t, (2.4)

where tk = tk−1 + ∆t, while ∆t represents the integration time step.
Although the above numerical integration allows the reconstruction of
joint positions, it causes a progressive drift of the solution. This issue is
effectively addressed by the Closed-Loop Inverse Kinematics (CLIK) algo-
rithm [23], which relates the system velocity to the task error. According
to this algorithm, the system velocity vector required for accomplishing
the task can be computed as follows:

q̇ = J−1x (q)(σ̇x,d +Kxσ̃x), (2.5)

where σ̇x,d denotes the desired task velocity, σ̃x represents the task error,
and Kx represents a positive-definite gain matrix. As for the task error
σ̃x, it is worth noting that its mathematical formulation is directly influ-
enced by the specific representation method adopted for describing the
end-effector orientation. For instance, under the Euler angles convention,
it can be expressed as follows:

σ̃x = σx,d − σx. (2.6)

2.2 Redundant Systems

A robotic system is said to be kinematically redundant when n > m, i.e.,
when the number of its DoFs is greater than those strictly needed to ac-
complish a given task. Under this condition, the Jacobian matrix becomes
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rank-deficient and, consequently, non-invertible, which implies the exis-
tence of an infinite number of joint configurations satisfying Eq. (2.2). A
widely employed method for addressing this situation involves formulat-
ing a constrained optimization problem, whose cost function is expressed
as:

g(q̇) =
1

2
q̇T q̇, (2.7)

to select, among the infinite possible solutions, the one that minimizes
the norm of the joint velocities. Consequently, Eq. (2.3) can be rewritten
as:

q̇ = JT
x (JxJ

T
x )
−1σ̇x(q) = J

†
xσ̇x(q) (2.8)

where J †x is the Moore-Penrose pseudoinverse of Jx, which satisfies the
following conditions:

JxJ
†
xJx = Jx, J †xJxJ

†
x = J †x, (JxJ

†
x)

⋆ = JxJ
†
x, (J †xJx)

⋆ = J †xJx,

where J⋆
x denotes the complex-conjugate of Jx. Combining Eq. (2.8)

with the general formulation of the CLIK algorithm, Eq. (2.5) can be
reformulated as:

q̇ = J †x(σ̇x,d +Kxσ̃x). (2.9)

In general, the solution of Eq. (2.3) lies within the range space of Jx

(R(Jx)). For redundant systems, the orthogonal complement of R(Jx),
i.e., the null-space of Jx (N (Jx)), is non-empty and can be utilized to
encode secondary objectives, namely additional motion components that
do not affect the accomplishment of the primary task. Thus, the general
solution can be rewritten as follows:

q̇ = J †xσ̇x +Nxq̇0, (2.10)
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where Nx = I − J †xJx denotes the null space projector, and q̇0 is an
arbitrary joint velocity vector, typically chosen to optimize (minimize
or maximize) a given a scalar performance index. This is achieved by
defining it as follows:

q̇0 = k0

(
∂w(q)

∂q

)T

,

where k0 is a scalar gain and w(q) is the secondary objective function.

2.3 Set-Based Control

To effectively control a complex robotic system, the simultaneous execu-
tion of multiple tasks is required. These tasks are usually grouped into
three categories [24]:

1. Safety tasks (e.g., maintaining joint motions within kinematic lim-
its);

2. Operational tasks (e.g., maintaining or reaching a specified end-
effector pose);

3. Optimization tasks (e.g., controlling the swivel angle).

A common approach to solve potential conflicts that may arise among
these tasks is to establish a hierarchy, that is, to assign different priority
levels to each of them (as shown in Figure 2.1).

For a hierarchy made up of h tasks, h priority levels i should be specified
and ordered from the highest priority (i = 1) to the lowest (i = h). In
this situation, the reference system velocity can be determined recursively
as [25]:

q̇h =
h∑

i=1

(
JiN

A
i−1

)†
(σ̇i,d +Kiσ̃i − Jiq̇i−1), (2.11)

where NA
0 = I, q̇0 = 0, q̇i corresponds to the reference system velocity

satisfying all tasks from the first to the i-th, whereasNA
i denotes the null
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Figure 2.1: Example of hierarchy with tasks grouped into three categories.
Priority decreases from left to right, with safety tasks having higher priority
than operational and optimization tasks.

space projector of the augmented Jacobian matrix, obtained by stacking
the Jacobian matrices of all tasks from the first through the i-th:

JA
i =

[
JT
1 JT

2 . . . JT
i

]T
, (2.12)

and is defined as:

NA
i = I −

(
JA
i

)†
JA
i . (2.13)

The control strategy described in Eq. (2.11), like the other main redun-
dancy resolution methods, has been developed to address equality-based
tasks, i.e., cases in which the objective is to bring the task variable σx to
a prescribed value (e.g., moving the arm end-effector to a target position).
However, several tasks may require their value to lie within an interval,
i.e., between a lower and an upper threshold. As a result, classical task-
priority frameworks have been extended to accommodate these types of
tasks as well [26, 27], which are typically identified in the literature as
set-based tasks or inequality constraints. This improvement relies on the
concept that a set-based task can be seen as an equality-based one whose
activation is determined by its current value. To formalize this concept, a
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ActiveActive Inactive

ǫǫ

σp σp
σs σs

σa σa

Figure 2.2: Activation and physical thresholds of a set-based task.

set of reference thresholds must be defined for each set-based task, includ-
ing physical thresholds σp (σp), safety thresholds σs < σp (σs > σp),
and activation thresholds σa = σs − ǫ (σa = σs + ǫ). Figure 2.2
depicts all the aforementioned thresholds.

Whenever the value of a task exceeds its activation threshold, it must be
incorporated into the hierarchy as an equality-based task, with its desired
value determined as follows:

σd =

{

σs if σ ≥ σa,

σs if σ ≤ σa.
(2.14)

A task can be deactivated when the solution of the hierarchy, derived by
considering all tasks except the one in question, tends to drive its value
toward the feasible set. Specifically, for a set-based task σA, let q̇ the
solution obtained from the hierarchy excluding it, and let JA denote its
Jacobian matrix. If JAq̇ > 0 (JAq̇ < 0) the obtained solution would
increase (decrease) the set-based task value. Accordingly, the set-based
task σA can be deactivated if:

σA ≥ σa ∧ JAq̇ < 0, (2.15)

or

σA ≤ σa ∧ JAq̇ > 0. (2.16)
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It is important to emphasize that the inequalities presented above hold
element-wise.

2.4 Control Barrier Functions

In this section, the basic theory of Control Barrier Functions (CBFs) is
provided, which will be used in the following chapters to formalize several
control objectives aimed at assuring constraints such as the safety of the
robot [28]. Consider a general system having the following :

ξ̇ = f(t, ξ) + g(ξ)u, (2.17)

where f and g are Lipschitz-continuous vector fields, ξ ∈ D ⊂ R
l and

u ∈ U ⊂ R
q are the state and the input of the system, respectively.

Let the k-th generic constraint be expressed in the following general form:
hk(ξ) ≥ 0, where hk(·) is a continuous differentiable function in the do-
main D. According to the CBF framework, let Ck ⊂ D be defined as:

Ck = {ξ ∈ R
l : hk(ξ) ≥ 0},

∂Ck = {ξ ∈ R
l : hk(ξ) = 0},

Int(Ck) = {ξ ∈ R
l : hk(ξ) > 0},

(2.18)

implying that the state ξ is required to belong to the set Ck in order
to satisfy constraint k. Function hk is a CBF if an extended class K∞
function αk exists such that, for a dynamic system represented as in
Eq. (2.17), it holds:

sup
u∈U

[Lfhk(ξ) + Lghk(ξ)u] ≥ −φkαk(hk(ξ)), (2.19)

where φk > 0, and Lfhk and Lghk are the Lie derivatives of function
hk with respect to f and g, respectively. Then, the following theorem
holds [28].

Theorem 1. Let function hk : D ⊂ R
l → R be a continuously differen-

tiable function and the corresponding set Ck defined as in Eq. (2.18). If hk
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is a CBF on D and ∂hk

∂ξ
(ξ) 6= 0 ∀ξ ∈ ∂Ck, then any Lipschitz continuous

controller u(ξ) for system in Eq. (2.17) satisfying Eq. (2.19) renders the
set Ck asymptotically stable.

Proof. The proof can be found in [28].

Remarkably, since Eq. (2.19) is affine in the control input u, the latter
can be computed as the result of a convex optimization problem subject
to the constraint:

u⋆ = argmin
u

1

2

(
u− u(·)

)T
Q
(
u− u(·)

)

s.t. sup
u∈U

[Lfhk(ξ) + Lghk(ξ)u] ≥ −φkhk(ξ), ∀ k
(2.20)

where u(·) is any nominal input for the system and Q ∈ R
q×q is a positive

definite weight matrix.

2.5 Hierarchical Quadratic Programming

The Hierarchical Quadratic Programming (HQP) control framework com-
putes the control signal that optimally fulfills a given task hierarchy,
minimizing the error of lower-priority tasks when full accomplishment is
constrained by higher-priority ones. The HQP formulation converts this
hierarchy into a series of Quadratic Programming (QP) problems [29]. In
this setup, the solution to the i-th problem (associated with the task of
priority i) is obtained by treating the solutions of the QP problems for
higher-priority tasks as additional constraints. It is worth noticing that
in [29], the result of this procedure is proven to be equal to the traditional
null-space projection techniques in [30, 31], at least for task hierarchies
containing only equality constraints.

More in-depth, consider a task σ1 that is related to the system velocity
vector q̇ through the Jacobian matrix ∂σ1\∂q = J1(q), and the mini-
mum and maximum desired task velocity

¯
b1 and b̄1, respectively. The

associated QP problem that computes the solution that fulfills the task
can be expressed as:
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min
w1,q̇

1

2
q̇TQ1q̇ +w

T
1Qw1w1

s.t.
¯
b1 ≤ J1(q)q̇ +w1 ≤ b̄1,

(2.21)

where w1 is a slack variable vector associated with the task σ1 to relax
its constraint in case of non-feasibility of the task, Q1 and Qw1 , instead,
are the cost matrices associated with the decision variables vector q̇ and
the slack variables vector w1, respectively. It is worth noticing that in
case

¯
b1 = b̄1 = b1, the bilateral constraint in Eq. (2.21) is equivalent to

an equality constraint (that is J1(q)q̇ +w1 = b1).

Now, consider the case in which there is also a task σ2 (with related
Jacobian J2(q)) to be performed with a strict lower priority than the
task σ1. In this case, to obtain the solution is necessary to solve two
separate QP problems. The first one will be structured as (2.21), the
second one, instead, as follows:

min
w2,q̇

1

2
q̇TQ2q̇ +w

T
2Qw2w2

s.t.
¯
b1 ≤ J1(q)q̇ +w

∗
1 ≤ b̄1

¯
b2 ≤ J2(q)q̇ +w2 ≤ b̄2,

(2.22)

where w∗1 is the solution of the first QP problem, while w2 is the slack
variables vector associated with the task σ2, allowing a solution to be
found even when the two tasks are in conflict. The minimization of w2

in the objective function of Eq.(2.22) aims at reducing the error on the
secondary task σ2 given the fulfillment of the constraints required by the
primary task σ1.

The described approach can be generalized and employed to handle a hi-
erarchy consisting of k arbitrary tasks. By iterating the method described
above, it will be necessary to solve a cascade of k QP problems, with the
i-th problem structured as follows:
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min
wi,q̇

1

2
q̇TQiq̇ +w

T
i Qwi

wi

s.t.
¯
bk ≤ Jk(q)q̇ +w

∗
k ≤ b̄k ∀k ∈ 1, . . . , i− 1

¯
bi ≤ Ji(q)q̇ +wi ≤ b̄i,

(2.23)

It is important to emphasize that the inequalities presented above hold
element-wise.

2.6 Mixed-Integer Linear Programming

A significant part of real-world problems, including, but not limited
to, path planning [32] and scheduling [33, 34], can be formulated as
Constraint Optimization Problems (COPs), which are typically NP-
hard. Linear Programming (LP), Integer Linear Programming (ILP),
and Mixed-Integer Linear Programming (MILP) are among the most well-
established mathematical optimization methodologies and are extensively
employed to address these complex scenarios.

Within optimization theory, mathematical models describing the scenar-
ios under investigation generally comprise an objective function, which
specifies the quantity to be optimized, together with a set of constraints,
which describe the limitations or requirements to be observed. In this
context, Linear Programming (LP) constitutes a well-established math-
ematical optimization method for determining the optimal value, which
can be either the minimum or the maximum, of a linear objective function
subject to a set of linear constraints. In LP, the objective function and
constraints may be formulated as follows

min
x

Z = c1x1 + c2x2 + . . .+ cnxn

s.t. a11x1 + a12x2 + . . .+ a1nxn ≤ (≥,=) b1

a21x1 + a22x2 + . . .+ a2nxn ≤ (≥,=) b2
...

am1x1 + am2x2 + . . .+ amnxn ≤ (≥,=) bm

(2.24)

where c1, c2, . . . , cn ∈ R are the coefficients of the objective function,
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x1, x2, . . . , xn ∈ R are the decision variables, a1,1, a1,2, . . . , am,n ∈ R are
the coefficients of the constraints, b1, b2, . . . , bn ∈ R are the right-hand
side values of constraints, m is the number of constraints, and n is the
number of decision variables.

Integer Linear Programming (ILP) is another well-established mathemat-
ical optimization technique to determine the optimal value of a linear ob-
jective function under a set of linear constraints. However, unlike the pre-
viously discussed technique, ILP relies on distinct resolution procedures
(i.e., Branch-and-Bound and Branch-and-Cut) and to be implemented,
it necessitates that all decision variables take only integer values (i.e.,
x1, x2, . . . , xn ∈ Z).

Finally, Mixed-Integer Linear Programming (MILP) represents another
widely acknowledged mathematical optimization technique for identify-
ing the optimal value of a linear objective function under a set of linear
constraints. Although it relies on resolution procedures analogous to those
of ILP (i.e., Branch-and-Bound and Branch-and-Cut), MILP differs from
ILP in that it permits decision variables to take both integer and contin-
uous values, thereby enhancing its versatility and making it particularly
suitable for addressing complex real-world scenarios. A typical MILP
problem is generally structured as follows

min
x,y

Z = c1x1 + c2x2 + . . .+ cnxn + d1y1 + d2y2 + . . .+ dmym

s.t. a11x1 + a12x2 + . . .+ a1nxn + a′11y1 + a′12y2 + . . .+ a′1mym

≤ (≥,=)b1

a21x1 + a22x2 + . . .+ a2nxn + a′21y1 + a′22y2 + . . .+ a′2mym

≤ (≥,=)b2
...

ak1x1 + ak2x2 + . . .+ aknxn + a′k1y1 + a′k2y2 + . . .+ a′kmym

≤ (≥,=)bk

(2.25)

where x1, x2, . . . , xn ∈ Z are the integer decision variables, whereas
y1, y2, . . . , ym ∈ R are the continuous decision variables [35, 36].
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2.7 Constraint Programming

Constraint Programming (CP) is a logic-based approach that draws on a
wide range of techniques from artificial intelligence, operations research,
computer science, and mathematics [37]. Although mainly used for solv-
ing Constraint Satisfaction Problems (CSPs) [38], i.e., problems con-
cerned with finding values for a set of variables subject to predefined
constraints and/or rules, in recent decades, thanks to the development of
more efficient CP solvers, such as IBM’s CP Optimizer1, its applicability
has expanded to a broader range of domains. In particular, it has been
successfully applied to a variety of Constraint Optimization Problems
(COPs), including timetabling, factory scheduling, and the allocation of
times or resources to events (e.g, assigning exams to timeslots or nurses
to shifts) [39, 40].

A distinctive feature of CP is its ability to handle a wide range of deci-
sion variables, including integer, continuous, and interval variables. In-
terval variables are typically used to model time windows within which
events may occur. The start time of these intervals, and possibly their
duration, are among the unknowns that must be determined. Interval
variables can also be optional, meaning that they may not be included
in the solution and thus be ignored by any constraint or expression in-
volving them. Such variables are commonly used to model optional tasks
(i.e., tasks whose execution may not occur) or to represent alternatives
in tasks and resources (i.e., cases where the same task can be performed
in different ways). In CP, each decision variable is associated with a do-
main, that is, the set of all values it may assume. During the solving
phase, infeasible values are progressively removed from these domains
through an iterative mechanism known as constraint propagation. For
this reason, domains are often regarded as dynamic or living data struc-
tures. In contrast to other approaches, CP is not limited to linear ex-
pressions but also supports non-linear cost functions and constraints. In
addition, it natively handles a wide range of constraint types, including
arithmetic expressions, logical disjunctions, conditional if–then rules, and
global constraints. Global constraints are a special class of constraints
that, unlike local or primitive constraints (e.g., arithmetic expressions),

1https://www.ibm.com/optimization-solver
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are characterized by a non-fixed number of arguments and thus are ca-
pable of capturing relationships among an arbitrary number of variables.
Such constraints are typically semantically redundant, in the sense that
the same relation can also be expressed through the conjunction of multi-
ple local (primitive) constraints. There are two main advantages resulting
from the use of these constraints. First, they facilitate problem model-
ing, as they encapsulate some of those complex logical or combinatorial
concepts commonly found in real-world scenarios (e.g., "everything must
be different" or "tasks must not overlap"). Second, each of them comes
with a specialized filtering algorithm capable of pruning the search space
far more effectively than would occur if the same constraint were imple-
mented using dozens or even hundreds of local (primitive) constraints.
Two representative global constraints are allDifferent(·) and noOverlap(·)
constraints. The allDifferent(·) constraint enforces that the values as-
signed to the specified variables must all be pairwise distinct, whereas
the noOverlap(·) constraint requires that the tasks or events associated
with the listed interval variables do not overlap. More details on CP can
be found in [41].

2.8 Large Language Models

Large Language Models (LLMs) are advanced artificial intelligence sys-
tems built on deep learning architectures, such as the Transformer archi-
tecture, designed to perform diverse natural language processing tasks,
including text generation, translation, question-answering, and summa-
rization. In recent years, these systems have demonstrated significant
capabilities in understanding and generating human-like text. These abil-
ities derive mainly from the intensive training processes performed on vast
quantities of diverse textual data, including books, articles, and other
written materials [42].

In the generative artificial intelligence (AI) field, prompts are essential be-
cause they serve as the primary means of interacting with LLMs, which
are designed to process and generate responses based on them [43]. In
recent years, the research community has devoted increasing attention to
prompts because they provide a lightweight and effective mechanism to
control LLM behavior, thereby minimizing reliance on parameter-tuning
procedures that are typically time-consuming and labor-intensive [44].
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These are generally classified into two main categories: system prompts
and user prompts. The system prompt is typically composed by the de-
velopers or deployers of the architecture and serves to outline operational
conditions and parameters such as the model’s role within the overall sys-
tem, the objectives to be achieved, the constraints to be observed, and
the expected output format. Conversely, the user prompt is generated
by either end-users or connected modules and typically comprises ques-
tions and/or commands related to either the task to be executed or the
mission to be achieved. As the quality of prompts strongly influences
the accuracy of model outputs, their design has become a topic of signif-
icant focus. The discipline of prompt engineering specifically addresses
this need by formulating methodologies, strategies, and best practices for
the design, refinement, and optimization of prompts to improve model
efficacy [42, 43, 44].

Due to their extensive world knowledge and capacity to comprehend and
generate human-like text, LLMs are considered versatile tools applicable
across numerous domains, including medicine and automation. Within
healthcare contexts, for instance, these models are usually employed ei-
ther as diagnostic support systems for disease identification and treatment
planning or as virtual agents for providing essential health suggestions
and addressing patients’ inquiries regarding symptoms [45]. In contrast,
in automation contexts, these models, in addition to being adopted to
enhance the navigation and manipulation capabilities of robotic systems,
are also employed to enhance and facilitate human-robot collaboration
and interaction [46].

As outlined above, LLMs possess advanced reasoning and grounding ca-
pabilities, making them versatile tools that can be deployed in diverse
scenarios. Although these models offer considerable advantages, their
deployment also introduces several critical challenges that need to be ad-
dressed. First, LLMs operate as next token predictors; that is, their
output is not the result of a logical reasoning process, but of a process
based on statistical likelihood, namely, generating text by calculating the
probability of which word is most likely to come next in a sequence, based
on patterns learned from massive amounts of training data. Then, there
is no guarantee about the correctness of the produced output. Moreover,
in complex scenarios, such as those involving the control of robotic sys-
tems operating in dynamic and unstructured environments, an additional
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training process might be necessary for enhancing the efficiency and ca-
pabilities of these models. However, these processes are demanding in
terms of time and resources. Finally, they are highly prone to hallucina-
tion phenomena, that is, they have a pretty good chance of generating
plausible yet incorrect responses [47, 48, 49].
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Chapter 3

A Unified HQP–CBF

Framework for Hierarchical

Control of Redundant Robotic

Platforms

3.1 Introduction

As outlined in Section 1.1, the growing need for flexibility across diverse
production domains has, particularly in recent years, fostered the adop-
tion of increasingly complex automated systems [1]. In contrast to tra-
ditional industrial manufacturing settings, where robots usually perform
repetitive tasks in a controlled and structured environment, these con-
texts usually require the execution of advanced manipulation operations
in unstructured and inherently unpredictable conditions. In more detail,
working in such scenarios requires systems with more complex architec-
tures and enhanced reasoning capabilities compared to those adopted in
traditional manufacturing. This is particularly true in agriculture, where,
owing to the rising global demand for food, more and more dual-arm sys-
tems, potentially mounted on a mobile base, are employed for pruning and
harvesting procedures. Such systems are typically equipped with addi-
tional DoFs, which, although challenging to handle, play an essential role
as they can be exploited to generate internal motions that improve the
robot’s posture. Nevertheless, to make an effective use of them, several
constraints must be managed at the control level, especially for properly
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coordinating the motion of the different parts of the robot and avoiding
collisions among them, such as between arms or between arms and the
mobile base itself.

As outlined in Section 2.2, when a robotic system has more DoFs than
those strictly required to perform a given task, it is usually referred to
as kinematically redundant for that task, and this redundancy must be
properly handled in the computation of the control input, to make an
effective use of the system. In the literature, this problem is typically re-
ferred to as redundancy resolution and has been extensively investigated
for several decades. A widespread approach to address redundancy is to
exploit the additional DoFs to allow the robotic system to perform mul-
tiple tasks simultaneously. Concerning potential conflicts that may occur
among tasks, these are typically addressed by establishing a priority hier-
archy (i.e., by assigning tasks to different priority levels) and computing
the joint velocities that best satisfy the resulting task hierarchy. Some of
the earliest works in this direction include [30, 31, 50], where the authors
proposed the so-called null-space projection technique, which consists in
the projection of the joint velocities of lower-priority tasks into the null
space of the Jacobian matrices of the higher-priority ones. A similar ap-
proach, aimed at overcoming algorithmic singularities, was later proposed
in [51] and then generalized to the multi-task case in [52]. More recently,
the aforementioned class of control frameworks has been further extended
to allow the inclusion, within the hierarchy, of control objectives aimed
at keeping the task value within desired thresholds rather than enforcing
it to take a specific value [53]. As stated in Section 2.3, these tasks are
usually referred to as inequality constraints [54] or set-based tasks [55].

A well-established alternative to the null-space projection method is the
HQP framework (see Section 2.5), in which the joint velocities that sat-
isfy the hierarchy are obtained by solving a cascade of QP problems [29].
Due to the efficiency of modern QP solvers, this approach can now also
be applied to highly redundant systems, such as humanoids [56, 57] and
multi-robot systems [58], with good scalability of execution time with
respect to the number of constraints considered, particularly when com-
pared to other task-priority frameworks. In contrast to traditional null-
space projection techniques, the HQP formulation offers a notable advan-
tage of inherently addressing inequality constraints, thereby facilitating
both the formulation and integration of safety constraints that the system
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must satisfy. In this perspective, a rigorous and powerful mathematical
approach for enforcing system safety are the Control Barrier Functions
(CBF) [28, 59] (see Section 2.4), which are frequently employed in con-
junction with Control Lyapunov Functions (CLFs) [60] within a single
QP problem to realize the so-called safety-critical control [61, 62].

In response to the requirements imposed by modern society outlined at the
beginning of this chapter, a comprehensive control architecture has been
developed, capable of addressing multiple kinematic constraints while en-
abling the generation of internal motions to optimize diverse objective
functions. Specifically, the devised architecture is an HQP-based control
framework suitable for complex systems, such as mobile dual-arm robotic
systems operating in precision agriculture scenarios, that integrates both
equality and inequality constraints to guarantee robust task execution. In
addition to the HQP framework, the proposed architecture also leverages
the CBFs formulation as a formal mechanism for specifying and enforcing
safety constraints, thereby preventing self-collisions and enhancing overall
system reliability.

As previously mentioned, the development of the proposed architecture is
framed within the domain of precision agriculture. Specifically, to validate
the approach, a number of experiments have been conducted in scenar-
ios inspired by the H2020 CANOPIES project1, an EU-funded project
involving robotic platforms engaged in table-grape harvesting procedures
alongside human operators, and aiming to develop novel paradigms for
human–multi-robot collaboration and interaction in agricultural contexts.

It is worth emphasizing that, although the proposed architecture was
developed and validated in the context of precision agriculture, it relies
on a general formulation and can therefore be effectively employed in a
wide range of domains.

The rest of the chapter is organized as follows. Section 3.2 outlines the
architecture and kinematics of a redundant robotic system, specifically
a dual-arm tracked mobile robot. Section 3.3 presents an overview of
the developed control framework and its main components. Section 3.4
discusses the concept of task, including its classification and mathematical
formulation within the proposed framework. Finally, Sections 3.5 and 3.6

1www.canopies-project.eu
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Figure 3.1: Dual-arm tracked mobile robot designed for the EU-funded
project CANOPIES. In particular, it highlights: the head and the wrist cam-
eras, the end-effectors equipped with gripper and cutter, and Force/Torque
(F/T) sensors.

provide detailed descriptions of the simulated and real-world experiments
conducted to validate the effectiveness of the proposed framework.

3.2 Robot Kinematics

Consider a robotic system similar to the one shown in Figure 3.1, that is,
a redundant mobile robot composed of: i) a mobile base, ii) a movable
torso, and iii) a dual-arm system, with nb, nt, and 2na DoFs, respectively.
For a system of this kind, the state is defined as the vector stacking all
the joint position vectors, which can be expressed as:

q =
[
qTb qTt qTl qTr

]T ∈ R
n, (3.1)

where qb ∈ R
nb is the vector gathering joint variables related to the

mobile base, qt ∈ R
nt is the vector gathering joint variables related to

the torso, ql ∈ R
na is the vector of joint variables related to the left arm,

qr ∈ R
na is the vector of the joint variables related to the right arm, and

n = nb + nt + 2na is the number of DoFs of the entire system.
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The velocity of the system, on the other hand, is the vector stacking all
joint velocity vectors. It can be computed by differentiating with respect
to time the state vector of the system in Eq. (3.1) and can be represented
as:

q̇ =
[
q̇Tb q̇Tt q̇Tl q̇Tr

]T ∈ R
n, (3.2)

where q̇b ∈ R
nb is the vector gathering the linear and angular velocities

of the mobile base.

Building on the above considerations, consider the configuration and gen-
eralized velocity vectors of the end-effector i. The former can be repre-
sented as:

xi =
[
pTi oTi

]T ∈ SE(3), (3.3)

where i ∈ {l, r} denotes the quantities associated with left and right
arms, respectively, pi ∈ R

3 represents the end-effector position vector,
and oi =

[
oi,1 oi,2 oi,3 oi,4

]T
=
[
κoi ̺T

oi

]T ∈ SO(3) denotes the end-
effector unit quaternion, i.e., the four-component vector describing the
end-effector orientation, with κoi and ̺oi ∈ IR3 denoting its scalar and
vector components, respectively. In contrast, the latter can be represented
as:

vi =
[
ṗTi ωT

i

]T ∈ IR6, (3.4)

where ṗi ∈ R
3 denotes the end-effector linear velocity vector while ωi ∈

R
3 represents the end-effector angular velocity vector.

By stacking the configuration vectors of the two end-effectors, the follow-
ing expression is obtained:

x =
[
xT
l xT

r

]T ∈ SE(3)× SE(3), (3.5)

which represents the Cartesian configuration of the dual-arm system. On
the other hand, by stacking the generalized velocity vectors of both the
end-effectors, the following expression is obtained:
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v =
[
vTl vTr

]T ∈ IR12, (3.6)

which represents the Cartesian velocity of the dual-arm system.

The differential relationship between the generalized velocity vector v,
describing the Cartesian velocity of the dual-arm system, and the system
velocity vector q̇, describing its joint velocities, can be expressed as

v =

[
vl
vr

]

=

[
Jl(q)
Jr(q)

]

q̇ = Jγ(q) q̇, (3.7)

where Ji(q) ∈ R
6×n, i ∈ {l, r} is the Jacobian matrix relating the joint

velocities of the base (q̇b), torso (q̇t), and arm i (q̇i) to the generalized
velocity vector vi, which describes the linear and angular velocities of
end-effector i.

Based on the above considerations, the overall Jacobian matrix Jγ(q) ∈
R

12×n, namely the matrix relating the generalized velocity vectors of both
end-effectors to the system velocity vector, can be partitioned as follows

Jγ(q) =

[
Jb,l(qb) Jt,l(qt) Ja,l(ql) O6×na

Jb,r(qb) Jt,r(qt) O6×na
Ja,r(qr)

]

, (3.8)

where Jb,i(qb), i ∈ {l, r} is the Jacobian matrix relating the joint velocities
of the base (q̇b) to the generalized velocity vector vi, Jt,i(qt), i ∈ {l, r} is
the Jacobian matrix relating the joint velocities of the torso (q̇t) to the
generalized velocity vector vi, Ja,i(qi), i ∈ {l, r} is the Jacobian matrix
relating the joint velocities of the arm i (q̇i) to the generalized velocity
vector vi, while Ox×y is a zero matrix of size (x× y). The extended form
highlights that the base and torso joint velocities influence the velocities
of both the end-effectors, whereas q̇l and q̇r affect only the velocities of
the left and right end-effectors, respectively.

3.3 Control Framework

Mobile manipulators, regardless of their complexity, are usually equipped
with a built-in velocity interface that allows sending velocity reference
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commands to the robot at a given frequency (e.g., 100,Hz). Building on
this interface, the control scheme shown in Figure 3.2 has been devised,
whose objective is to provide such systems with manipulation function-
alities and allow them to exhibit various behaviors. As illustrated in the
figure, it consists of four modules: i) the Perception System; ii) Trajec-
tory Generation; iii) the High-Level Layer; and iv) the Low-Level Layer.

Figure 3.2: Block diagram showing the schematic of the robot control.

In this section, an overview of the proposed control architecture is pro-
vided.

3.3.1 Low-Level Layer

The low-level layer is designed to track the reference signal generated by
the high-level layer. It employs a proportional (C) and derivative (F)
control action, resulting in the following velocity reference for the built-in
controller:

q̇ = q̇d +Kq(qd − q), (3.9)

where Kq is a diagonal gain matrix. Although structurally simple, this
controller has shown good performance in joint configuration tracking, as
highlighted by the results in Section 3.5.

3.3.2 High-Level Layer

The high-level layer is responsible for combining all elementary con-
trol objectives according to their priority levels, thereby providing the
system with the necessary manipulation functionalities and, in partic-
ular, enabling it to exhibit various behaviors. To this end, multiple
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control schemes were investigated, in particular the Set-Based Closed-
Loop Inverse Kinematics and the Hierarchical Quadratic Programming
approaches, detailed in Sections 2.3 and 2.5, respectively. However, the
HQP was selected because, in comparison with conventional null-space
projection techniques, it has the advantage of intrinsically handling in-
equality constraints, facilitating the formulation of safety constraints that
the system has to respect.

At each time step, the controller computes the reference signals for the
low-level layer that best satisfy all prioritized tasks in accordance with
the given lexicographic order.

3.4 Tasks

Consider a generic task σx of the robotic system expressed as:

σx = fx(qb, qt, ql, qr) = fx(q). (3.10)

As outlined in Section 2.1, the relationship between the system velocity q̇
and the task velocity σ̇x, similarly to that between the system velocity q̇
and the generalized velocity vector v shown in Eq. (3.7), can be expressed
through a Jacobian matrix:

σ̇x = Jx(q)q̇, Jx(q) =





base
︷ ︸︸ ︷

∂fx(q)

∂qb

torso
︷ ︸︸ ︷

∂fx(q)

∂qt

arm left
︷ ︸︸ ︷

∂fx(q)

∂ql

arm right
︷ ︸︸ ︷

∂fx(q)

∂qr



 . (3.11)

As shown in Eq. (3.11), the columns of the Jacobian matrix can be divided
into blocks, each associated with a specific set of DoFs of the system and
describing the relationship between the task velocity (σ̇x) and the DoFs
corresponding to that block. Such a decomposition makes it possible
to activate or deactivate selected degrees of freedom according to the
context, allowing, for example, the base and/or torso to be kept still when
one or more human operators are in proximity to the robot. Specifically,
this is achieved by setting all columns associated with the DoFs to be
deactivated to zero.
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Each task results in an elementary control objective that can be combined,
at different priority levels, with other elementary control objectives to
achieve various robot behaviors. As discussed in Section 2.3, according to
its specific control objective, each task may impose either an inequality
or an equality constraint.

Regarding tasks that impose an inequality constraint, they are typically
characterized by a minimum and/or a maximum admissible value, de-
noted by

¯
σx and σ̄x, respectively. Before being incorporated into the

hierarchy arising from the combination of the elementary objectives that
produce the desired behavior, the constraints resulting from these tasks
are first encoded in proper CBFs hx(q) following the approach recalled in
Section 2.4, and are then included as an inequality constraint according
to Eq. (2.23) and the formulation in Section 2.5.

Regarding tasks that impose equality constraints, it is assumed that a
desired trajectory for the task value σx,d is available (and potentially for
its velocity σ̇x,d and acceleration σ̈x,d).

3.4.1 Safety Task: Joint Position and Velocity

Limits

In addition to the robot kinematic model introduced in Section 3.2, it is
worth highlighting that all joints of the system are subject to physical
limits in both position and velocity. These kinematic constraints can be
expressed as follows:

{

¯
qi ≤ qi ≤ q̄i, i = 1, · · · , n

¯
q̇i ≤ q̇i ≤ ¯̇qi, i = 1, · · · , n, (3.12)

where
¯
qi (

¯
q̇i) denotes the minimum position (velocity) that the i-th joint

can achieve, whereas q̄i (¯̇qi) denotes the corresponding maximum value.
Since these bounds are imposed by the electromechanical structure of
the robot and must therefore be satisfied, this task has to be assigned
the highest priority in the HQP formulation. However, to be included
in the HQP formulation at the desired priority level, as in Eq. (2.23),
these constraints must first be appropriately reformulated and expressed
as functions of the joint velocities.
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Concerning the joint position limits, it is necessary to exploit the CBF
framework detailed in Section 2.4 to formulate a constraint that involves
the joint velocities. By defining the task function for the i-th joint position
as σjp,i = qi, with minimum and maximum admissible values

¯
σjp,i =

¯
qi

and σ̄jp,i = q̄i, the following functions can be formulated:

{

¯
hjp,i(qi) = σjp,i −

¯
σjp,i ≥ 0, i = 1, · · · , n

h̄jp,i(qi) = σ̄jp,i − σjp,i ≥ 0, i = 1, · · · , n. (3.13)

Based on Eq. (2.19), the constraint ensuring the satisfaction of the joint
position limits can be formulated as:

{

q̇i ≥ −
¯
φjp,i

¯
hjp,i(qi) i = 1, · · · , n

−q̇i ≥ −φ̄jp,i h̄jp,i(qi) i = 1, · · · , n. (3.14)

where φ̄jp,i and
¯
φjp,i are positive scalar gains.

By gathering the functions
¯
hjp,i(qi) and h̄jp,i(qi), defined in Eq. (3.13), the

following two function vectors can be defined:

¯
hjp = [

¯
hjp,1,

¯
hjp,2 · · · ,

¯
hjp,n]

T ,

h̄jp = [h̄jp,1, h̄jp,2 · · · , h̄jp,n]
T .

Similarly, by gathering the coefficients
¯
φjp,i and φ̄jp,i, defined in Eq. (3.14),

the following two diagonal coefficient matrices can be defined:

¯
Φjp = diag{

¯
φjp,1,

¯
φjp,2, · · · ,

¯
φjp,n}

Φ̄jp = diag{φ̄jp,1, φ̄jp,2, · · · , φ̄jp,n}.

It is straightforward to verify that Eq. (3.14) can be expressed as:

¯
bjp =

¯
Φjp

¯
hjp(q) ≤ Jjpq̇ ≤ Φ̄jp h̄jp(q) = b̄jp , (3.15)
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with Jjp = In, where In denotes the (n× n) identity matrix.

Regarding the joint velocity limits, they can be straightforwardly reformu-
lated. In fact, referring to Eq. (2.23) and setting

¯
bjv =

¯
q̇ and b̄jv = ¯̇q, the

constraint to be incorporated in the HQP formulation can be formulated
as:

¯
bjv ≤ Jjv q̇ ≤ b̄jv , (3.16)

with Jjv = In.

3.4.2 Safety Task: Virtual Walls

This task allows maintaining the distance between a point along the robot
structure and a given virtual plane above a certain threshold, in order to
avoid self-collisions and/or further constrain the workspace of the robot.

Given a point pj(q) along the robot structure and three non-aligned
points p1, p2, and p3 belonging to a generic virtual plane, the task func-
tion can be expressed as:

σvw,j = n̂
T (pj − p1), (3.17)

where σvw,j is a scalar task function that measures the distance between
the point pj and the virtual plane, while n̂ denotes the unit normal vector
to the plane, which is defined as:

n̂ =
(p2 − p1)× (p3 − p1)
‖(p2 − p1)× (p3 − p1)‖ .

Concerning the Jacobian matrix associated with this task, it is defined
as:

Jvw,j = −n̂TJp,j,

where Jp,j denotes the positional Jacobian associated with the point pj,
i.e., the Jacobian relating the joint velocities with the linear velocities
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of point pj belonging to the robot structure. Denoting the minimum
admissible distance between the point pj and the virtual wall as

¯
σvw,j,

the following CBF can be formulated:

¯
hvw,j = σvw,j −

¯
σvw,j , (3.18)

where
¯
hvw,j represents the barrier function enforcing the maximum ad-

missible distance from the virtual wall for point pj.

The constraint needed to keep the distance above the minimum threshold
is:

Jvw,j q̇ ≥ −
¯
φvw,j

¯
hvw,j(q) , (3.19)

with
¯
φvw,j being a positive scalar gain.

When the number of points along the serial chain to be kept at a minimum
distance from the same virtual plane is L, with L > 1, the constraints
can be grouped by stacking the Jacobian matrices Jvw,j as:

Jvw =
[
JT

vw,1 JT
vw,2 · · · JT

vw,L

]T
,

and the CBFs as:

¯
hvw(q) =

[

¯
hvw,1,

¯
hvw,2, · · · ,

¯
hvw,L

]T
.

By defining the matrix:

¯
Φvw = diag{

¯
φvw,1,

¯
φvw,2, · · · ,

¯
φvw,L} ,

the overall constraint can be expressed as:

Jvw q̇ ≥ −
¯
Φvw

¯
hvw(q) =

¯
bvw , (3.20)

and included in the HQP framework as in Eq. (2.23).
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3.4.3 Safety Task: Self-Collision Avoidance

This task allows avoiding collisions between two generic points of the
robot, e.g., between a point pj(q) belonging to one arm and any point
pl(q) belonging to any other part of the robot. Therefore, the control
objective is to keep the distance between the points pj(q) and pl(q) above
a certain threshold. The corresponding task function, in this case, can be
expressed as:

σsc,j,l = ‖pj − pl‖ . (3.21)

Concerning the Jacobian matrix associated with this task, it is defined
as:

Jsc,j,l = −n̂T
j,l (Jp,j − Jp,l)

where n̂T
j,l is defined as:

n̂T
j,l =

pj − pl
‖pj − pl‖

,

and represents the unit vector connecting the two points, while Jp,j and
Jp,l represent the positional Jacobians of the points pj and pl, respec-
tively. Denoting the minimum admissible distance between the points
pj(q) and pl(q) as

¯
σsc,j,l, the following CBF can be defined:

¯
hsc,j,l =

¯
σsc,j,l − σsc,j,l . (3.22)

The corresponding constraint, ensuring that the distance remains above
the minimum threshold, can be formulated as:

Jsc,j,l q̇ ≥ −
¯
φsc,j,l

¯
hsc,j,l , (3.23)

with
¯
φsc,j,l being a positive scalar gain.

In case there are nc constraints related to the same point pj, they can be
grouped by stacking the Jacobian matrices Jsc,j,i as:
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Jsc,j =
[
JT

sc,j,1 JT
sc,j,2 · · · JT

sc,j,nc

]T
,

the CBFs as:

¯
hsc,j =

[

¯
hsc,j,1,

¯
hsc,j,2, · · · ,

¯
hsc,j,nc

]T
,

and by defining the matrix:

¯
Φsc,j = diag{

¯
φsc,j,1,

¯
φsc,j,2, · · · ,

¯
φsc,j,nc

} .

Similarly, if there are M constraints related to other points of the serial
chain, piling up the corresponding overall task Jacobian matrices as:

Jsc =
[
JT

sc,1 JT
sc,2 · · · JT

sc,M

]T
,

the CBFs as:

¯
hsc =

[

¯
hT

sc,1 ¯
hT

sc,2 · · · ¯
hT

sc,M

]T
,

and the gain matrices as:

¯
Φsc = diag{

¯
Φsc,1,

¯
Φsc,2, · · · ,

¯
Φsc,M} ,

all the constraints can be expressed in a more compact form and incor-
porated within the HQP framework in Eq. (2.23), as:

Jsc q̇ ≥ −
¯
Φsc

¯
hsc(q) =

¯
bsc . (3.24)

3.4.4 Operational task: Cooperative and

Uncooperative Motion

In order to enhance system flexibility in performing the required opera-
tions, two kinds of control tasks have been designed.
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The first, referred to as uncooperative motion, aims at controlling the pose
(i.e., position and orientation) of the two end-effectors independently.
The corresponding Jacobian is represented by the Jγ(q) matrix defined
in Eq. (3.7), which establishes the relationship between the linear and
angular velocities of the two end-effectors and the system velocity. The
task value is the vector obtained by stacking the position and orientation
vectors of the two end-effectors:

σγ =
[
pTl oTl pTr oTr

]T
, (3.25)

where ol and or denote the unit quaternions expressing the orientation
of the left and right end-effectors, respectively.

In contrast, the second task, referred to as cooperative motion, is designed
to achieve a cooperative control of the two end-effectors through the reg-
ulation of the poses of the absolute and relative frames [63, 64]. The
associated task variable is defined as:

σa,r =
[
pT
a
oT
a
pT
r
oT
r

]T
, (3.26)

where pa an pr denote, respectively, the absolute and relative position
vectors, whereas oa and or represent the quaternions corresponding to
the absolute and relative rotation matrices, Ra and Rr. The absolute
position and orientation are defined as:

pa = αpl + (1− α)pr, (3.27)

Ra = RlR
l
l,r(r

l
l,r, (1− α)ϑl,r), (3.28)

where rll,r and ϑl,r denote the axis-angle representation of the orientation
matrix Rl

l,r, describing the orientation of the right end-effector frame
with respect to the left one in the left end-effector frame. As previously
mentioned, pa represents the position vector of the absolute frame, i.e.,
the reference frame located between the two end-effectors. According
to Eq. (3.27), this frame coincides with the left end-effector frame when
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α = 0, with the right end-effector frame when α = 1, and with the frame
centered at the midpoint between the two end-effectors when α = 0.5.
Conversely, the relative position and orientation are defined as:

pr = pr − pl, (3.29)

Rr = RT
l (rl, ϑl)Rr, (3.30)

and can be regarded as the position and orientation of the right end-
effector frame expressed with respect to the left end-effector frame. Fig-
ure 3.3 provides a graphical representation of the absolute and relative
frames for different values of α.

Figure 3.3: Absolute and Relative frames representation. top-left) Graphical
representation of the absolute frame (α = 0.5); top-right) Graphical represen-
tation of the relative frame (α = 0.5); mid-left) Graphical representation of
the absolute frame (α = 0); mid-right) Graphical representation of the relative
frame (α = 0); bottom-left) Graphical representation of the absolute frame
(α = 1); bottom-right) Graphical representation of the relative frame (α = 1).
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It should be emphasized that the two previously introduced operational
tasks can also be represented as a single operational task. In particular,
by appropriately embedding the mathematical definition of uncooperative
motion into that of cooperative motion, the following formulation can be
derived:

σa,r =

[
σa

σr

]

=







σap

σao

σrp

σro






=







αpl + (1− α)pr
oa

pr − βpl
or






, (3.31)

which identifies the uncooperative motion as a special case of the coop-
erative one. Concerning the variables α and β, the first is defined within
the interval [0, 1] and serves as a balance parameter quantifying the level
of symmetry in the arms’ cooperative motion, while the latter is a binary
coordination parameter that regulates the degree of coordination between
the two arms. Specifically, for β = 1, the formulation in Eq. (3.31) re-
duces to that in Eq. (3.26), which corresponds to a cooperative motion.
In this setting, the parameter α ∈ [0, 1] regulates the degree of symmetry
between the two end-effectors. In particular, α = 0 and α = 1 give rise
to leader–follower schemes (i.e., completely asymmetric behaviors), with
the right end-effector leading when α = 0 and the left end-effector lead-
ing when α = 1, whereas α = 0.5 results in a fully symmetric scheme.
In contrast, when β = 0, the formulation in Eq. (3.31) reduces to that
in Eq. (3.25), which corresponds to an uncooperative motion. In this
case, α = 0, and the arms result in mutually independent movements. It
is worth emphasizing that the parameters α and β may vary over time,
implying that both the symmetry level and the coordination degree may
change over time.

Regarding the task velocity, it depends on the collective end-effector ve-
locity vector introduced in Eq. (3.7) and can be derived as follows [65]:

σ̇a,r =

[
αI6 (1− α)I6
−βI6 I6

]

Jγ(q) q̇ = Ja,r Jγ(q) q̇ = Jσ(q) q̇, (3.32)

where Jσ(q) = Ja,r Jγ(q) ∈ R
12×n represents the task Jacobian matrix,
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which can be employed to formalize a wide range of multi-robot tasks,
such as cooperative transportation [66].

As regards the constraint imposed by this task to be incorporated into
the HQP formulation, it can be expressed as follows:

Jσ(q) q̇ = bσ, (3.33)

with

bσ = σ̇(·),d +Kσσ̃(·), (3.34)

where σ̇d denotes the desired operational task velocity, Kσ is a positive-
definite matrix of gains, and σ̃ represents the task error.

3.4.5 Optimization Task: Swivel Angle

This task aims at controlling the so-called swivel angle of the manipula-
tors, defined as the angle formed between the plane passing through the
base, shoulder, and wrist of a manipulator, and the plane passing through
the shoulder, elbow, and wrist [67]. The rationale behind the implementa-
tion of this task is related to what is outlined in Sections 1.1 and 3.1, i.e.,
robots are increasingly required to operate in collaboration with humans.
Thus, regulating this angle enables robotic arms to adopt configurations
resembling those of human arms, thereby improving the acceptability of
the system and enhancing the predictability of their movements. Fig-
ure 3.4 provides a graphical representation of the swivel angle associated
with the right manipulator of the system depicted in Figure 3.1.

Let pi,e, pi,w, and pi,s denote, respectively, the position vectors of the el-
bow, wrist, and shoulder associated with side i. Considering these vectors
together with the following ones:
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Figure 3.4: Graphical representation of the swivel angle ϕr for the right arm.

ai =
[
0 0 1

]T
, (3.35)

bi = pi,s − pi,e, (3.36)
ci = pi,s − pi,w, (3.37)
di = pi,e − pi,w, (3.38)

with i ∈ {l, r}, the swivel angle associated with arm i can be obtained
through the following relationship:

ϕi = sgn(ai × bi · ci) arccos
(

(ai × ci)(bi × di)

‖ai × ci‖ ‖bi × di‖

)

. (3.39)

In this case, the desired task velocity vector, to be included as an equality
constraint in the HQP formulation, can be expressed as follows:

bsw = ksw

[
ϕl,d − ϕl

ϕr,d − ϕr

]

, (3.40)

where ϕi,d denotes the desired swivel angle for arm i, while ksw denotes
the gain vector.
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As regards the constraint imposed by this task to be incorporated into
the HQP formulation, it can be expressed as follows:

Jswq̇ = bsw, (3.41)

where Jsw denotes the task Jacobian matrix, defined as:

Jsw =





∂ϕl

∂q

∂ϕr

∂q



 . (3.42)

3.5 Validation

The control framework presented in this chapter has been extensively
validated in both controlled laboratory and real-world conditions. The
validation was conducted employing the robotic platform illustrated in
Figure 3.1, a redundant mobile manipulator composed of a tracked mobile
base and a dual-arm manipulator system. The mobile base is an Alitrak
DCT-450P2 equipped with an Nvidia Jetson Orin, which is a compact
energy-efficient AI supercomputer belonging to the Nvidia Jetson Oring
family, an Intel Next Unit of Computing (NUC), and several navigation
sensors, in particular, two Ouster OS1-gen64 3D-Lidars, an Elipse-E In-
ertial Measurement Unit (IMU), and a Septentrio Real Time Kinematic
dual antenna Global Positioning System (GPS-RTK). The dual-arm ma-
nipulator is installed on the top-tail part of the tracked mobile base, which
is provided with unicycle kinematics (nb = 2), and it is a bimanual robotic
system completely designed and developed by PAL-Robotics3. It consists
of a 2-DoF torso (nt = 2) and two 7-DoF manipulators (na = 7). Regard-
ing the torso, it includes a prismatic and a revolute joint that provides it
with the capability of lifting and rotating. Moreover, it is featured with
a speaker and a microphone aimed at promoting and facilitating human-
robot collaboration and interaction. Along with the two manipulators,
there is a head attached to the torso. It includes two joints, which provide
it with the capability of performing pan and tilt movements, and an Intel

2www.alitrak.com/products/dct-450
3https://pal-robotics.com/
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RealSense D435 RGB-D sensor. The arms, instead, are both equipped
with seven revolute joints and are featured with a Force-Torque (FT)
sensor at the wrist and an Intel RealSense D435 RGB-D sensor, which
is mounted on a plastic support fixed up to the wrist next to the FT-
sensor. Moreover, both manipulators are equipped with an end-effector
tool consisting of a cutter and a two-finger gripper, which aims to provide
the robot with the capability to achieve harvesting activities. Tables 3.1
and 3.2 report the robot kinematic constraints, expressed in terms of
maximum and minimum positions and velocities, and the adopted values
for each parameter and gain, respectively.

JOINT LIMITS

q̄b = [∞, ∞, 3.14]T

¯
qb = [−∞, −∞, −3.14]T

q̄t = [3.00, 0.30]T

¯
qt = [−1.60, 0.0]T

q̄l = [1.44, 1.47, 2.41, 1.49, 2.42, 2.03, 1.28]T

¯
ql = [−0.73, −1.45, −2.41, −2.30, −2.42, −2.03, −3.48]T

q̄r = [1.44, 1.47, 2.41, 1.49, 2.42, 2.03, 1.28]T

¯
qr = [−0.73, −1.45, −2.41, −2.30, −2.42, −2.03, −3.48]T

¯̇qt = [0.7, 0.2]T

˙
¯
q
t
= [−0.7, −0.2]T

¯̇ql = [1.95, 1.95, 1.95, 1.95, 1.95, 1.95, 1.95]T

˙
¯
q
l
= [−1.95, −1.95, −1.95, −1.95, −1.95, −1.95, −1.95]T

¯̇qr = [1.95, 1.95, 1.95, 1.95, 1.95, 1.95, 1.95]T

˙
¯
q
r
= [−1.95, −1.95, −1.95, −1.95, −1.95, −1.95, −1.95]T

Table 3.1: Farming robot joint position limits (in [m] and [rad]) and joint
velocity limits (in [m/s] and [rad/s]).

PARAMETER VALUE EQ.

¯
φjp,i,φ̄jp,i 10 Eq. (3.12)

¯
φvw,j 5 Eq. (3.19)

¯
σvw,j,i 0.3m Eq. (3.18)

¯
φsc,j,i 10 Eq. (3.23)

¯
σsc,j,head 0.5m Eq. (3.22)

¯
σsc,j,torso 0.35m Eq. (3.22)

¯
σsc,j,arm 0.2m Eq. (3.22)

Table 3.2: Value of the parameters used for the validation.
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3.5.1 Laboratory Experimens

The following section reports the results of the extensive validation cam-
paign conducted within a controlled laboratory environment. To offer a
comprehensive overview of the validation of the proposed methodologies,
the results are reported separately for the three task categories introduced
in Section 3.4, namely safety, operational, and optimization. A video of
the experiments is available at the following link4.

3.5.1.1 Safety Tasks

In the following, the obtained results of the experiment conducted to val-
idate the safety tasks described in Sections 3.4.1-3.4.3 are reported. The
validation was conducted using a hierarchy with three priority levels and
five tasks, namely four safety tasks and one operational task, organized
as shown in Figure 3.5.

1st Level: Safety Tasks

2nd Level: Safety Tasks

3rd Level: Operational Tasks

Joint Position Limits

Joint Velocity Limits

Self-collision Avoidance

Virtual Wall

Random Sinusoidal Joint Motion

Figure 3.5: The task hierarchy employed to validate the safety tasks intro-
duced in Sections 3.4.1-3.4.3.

For this purpose, a sinusoidal velocity profile was imposed to all joints
through the introduction of an appropriate operational task within the
task hierarchy. This was modeled as an equality constraint with the task
Jacobian matrix J = I and the desired task velocity vector b defined as a

4https://www.youtube.com/watch?v=RbsWzz8vnMo

https://www.youtube.com/watch?v=RbsWzz8vnMo
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vector of sinusoidal functions, each representing the desired velocity pro-
file of a joint. Since the aim of this experiment was to validate the safety
tasks proposed in Sections 3.4.1-3.4.3, the sinusoidal velocity profiles im-
posed to all joints were intentionally designed to violate all safety-task
constraints with higher priority than the operational task, which was as-
signed to the lowest level of the hierarchy (i.e., the third level), and were
computed according to the following equations:







qd = 3 sin
(
2π
25
t
) [

01x3, 01x2, 1 . . . 1
]T

q̇d = 0.75 sin
(
2π
25
t
) [

01x3, 01x2, 1 . . . 1
]T

.
(3.43)

For this experiment, the joint position limits were chosen to match the
actual actuator limits listed in Table 3.1, while the maximum and min-
imum joint velocities were intentionally restricted at ¯̇q = 0.5 rad/s and

¯
q̇ = −0.5 rad/s to prompt the activation of the associated constraint.

Concerning the virtual-wall task introduced in Section 3.4.2, it is a safety
task typically employed to prevent collisions between the manipulators
and the mobile base. Figure 3.6 provides a representation of the virtual
wall introduced by this task through top-down and side views of the robot.
In more detail, the blue surface over the mobile base represents the wall,
while the blue spheres denote the manipulators’ points constrained to
remain at a distance from the wall greater than the specified one. For
this experiment, the minimum safety distance was set at

¯
σvw,j = 0.5m.

Regarding the self-collision avoidance task detailed in Section 3.4.3, it
is, instead, a safety task aimed at preventing collisions between both the
manipulators themselves and the manipulators and the other components
of the bi-manual robotic system, including the torso and the head. For
this experiment, three different thresholds were defined:

¯
σsc,j,arm = 0.2 m

for the manipulators,
¯
σsc,j,head = 0.5 m for the head, and

¯
σsc,j,torso = 0.35

m for the torso. Figure 3.7 provides a representation of points affected
by this task through top-down and side views of the robot. In more
detail, the red spheres and cylinders denote the components from which
a safety distance must be maintained, while the blue spheres represent
the components constrained to remain at a distance from the red ones
greater than the specified one. It is worth noting that, for components
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Figure 3.6: Top-down and side views of the virtual wall introduced by the
safety task described in Section 3.4.2. The horizontal plane over the mobile
base represents the wall, while the blue spheres denote the manipulators’ points
constrained to remain at a certain distance from the wall.

encapsulated in a red cylinder, compliance with the minimum-distance
constraint is ensured by monitoring the position of the nearest blue sphere.

The implemented safety tasks introduced a total of 86 constraints within
the HQP framework. Despite the high number of constraints involved, the
control framework was successfully executed at 100 Hz, which represents
the maximum control frequency supported by the robot actuators. Table
3.2 reports the values of each task parameter and gain.

Figure 3.8 reports the outcomes resulting from this experiment. In de-
tail, Figures 3.8 top-left), 3.8 top-right), and 3.8 bottom-left) show the
time evolution of the distances related to the self-collision avoidance and
virtual-wall tasks (solid blue lines) with respect to the corresponding
threshold values (dashed red lines). Figure 3.8 bottom-right), on the
other hand, reports: in the top part, the time evolution of the normalized
joint positions (solid lines) with respect to the corresponding normal-
ized minimum and maximum threshold values (dashed red lines), and,
in the bottom part, the time evolution of joint velocities (solid lines)
with respect to their corresponding minimum and maximum threshold
values (dashed red lines). Analyzing these figures, it can be observed
that, throughout the entire experiment, both the joint position and ve-
locity limits were successfully observed, and none of the distances related
to the self-collision avoidance and virtual-wall tasks dropped below the
corresponding threshold.
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Figure 3.7: Top-down and side views of the self-collision tasks. The red
spheres and cylinders denote points from which a safety distance must be
maintained. The blue spheres, on the other hand, denote the components
constrained to remain at a distance greater than the specified one.

3.5.1.2 Operational Tasks

In the following, the obtained results of the two experiments carried out
to validate the operational tasks described in Section 3.4.4 are reported.

The first experiment was intended to validate the feasibility of controlling
the manipulators in an uncooperative fashion. To this end, an uncooper-
ative motion profile was designed for the two manipulators. In particular,
the desired position of the left end-effector was set as:

pl,d(t) = pl,i +





0.1
(
1− cos

(
π
4
t
))

0.2
(
1− cos

(
π
4
t
))

0.05
(
1− cos

(
π
4
t
))



 , (3.44)

where pl,i denotes the initial position of the left end-effector. The desired
orientation, on the other hand, was set as follows:

Rl,d(t) = Rl,iR(φ(t), θ(t), ψ(t)), (3.45)

where Rl,i denotes the rotation matrix expressing the initial orientation
of the left end-effector, while R(φ(t), θ(t), ψ(t)) represents the rotation
matrix derived from the following roll-pitch-yaw angles:
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Figure 3.8: Safety tasks validation. Top-left) Distance of three points be-
longing to the arms from the virtual wall placed over the mobile base and
imposed minimum threshold (red-dashed line). Top-right) Distance of three
points belonging to the arms from the torso and the head of the robot, and
imposed minimum threshold (red-dashed line). Bottom-left) Distance between
three points of one of the arms with respect to three points of the other arm and
imposed minimum threshold (red-dashed line). Bottom-right) Normalized joint
positions for left (dotted lines) and right (dot-dashed lines) arms and velocity,
and normalized imposed minimum and maximum thresholds (red-dashed lines).

φ(t) = 0, θ(t) = −π
8

(

1− cos
(π

4
t
))

, ψ(t) = 0. (3.46)

As for the right arm, the desired end-effector position was set as:

pr,d(t) = pr,i +





0.1 cos
(
1−

(
π
4
t
))

0.4
(
1− cos

(
π
4
t
))

−0.05
(
1− cos

(
π
4
t
))



 , (3.47)

where pr,i denotes the initial position of the right end-effector. The desired
orientation, on the other hand, was set as follows:

Rr,d(t) = Rr,iR(φ(t), θ(t), ψ(t)), (3.48)
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where Rr,i denotes the rotation matrix expressing the initial orientation
of the right end-effector, while R(φ(t), θ(t), ψ(t)) represents the rotation
matrix derived from the following roll-pitch-yaw angles:

φ(t) = 0, θ(t) = 0, ψ(t) = −π
8

(

1− cos
(π

4
t
))

. (3.49)

The hierarchy considered for this experiment is the same as the one de-
scribed in Section 3.5.1.1, but with the uncooperative motion task de-
tailed in Section 3.4.4 in place of the random sinusoidal joint motion.
The overall hierarchy is shown in Figure 3.9.

1st Level: Safety Tasks

2nd Level: Safety Tasks

3rd Level: Operational Tasks

Joint Position Limits

Joint Velocity Limits

Self-collision Avoidance

Virtual Wall

Uncoordinated Motion

Figure 3.9: The task hierarchy used to validate the uncooperative motion
operational task described in Section 3.4.4.

Figure 3.10 presents the results of this experiment. Specifically, it shows
the temporal evolution of the position and orientation errors of the two
end-effectors. The results demonstrate the effectiveness of both the pro-
posed framework and the implemented task. In particular, they show
that the end-effectors successfully tracked the desired trajectory in both
position and orientation.

The second experiment, on the other hand, was intended to validate the
feasibility of controlling the manipulators in a cooperative fashion. To
this end, a cooperative motion profile was designed for the system in
terms of absolute and relative pose, with the parameter α set to 0.5. In
particular, the desired absolute position was set as
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Figure 3.10: Uncooperative motion operational task validation. Top-left)
Position error for the left arm. Bottom-left) Orientation error for the left arm.
Top-right) Position error for the right arm. Bottom-right) Orientation error for
the right arm.

pa,d(t) = pa,i +





0.05
(
1− cos

(
π
2
t
))

0.1
(
1− cos

(
π
2
t
))

0.0



 , (3.50)

where pa,i denotes the initial position of the absolute frame. The desired
orientation, in contrast, was maintained constant at the initial value. As
for the relative frame, the desired position was set as

pr,d(t) = pr,i +





0.1
(
1− cos

(
π
2
t
))

0.0
0.1
(
1− cos

(
π
2
t
))



 , (3.51)

where pr,i denotes the initial position of the relative frame. The desired
orientation, on the other hand, was set as follows

Rr,d(t) = Rr,iR(φ(t), θ(t), ψ(t)), (3.52)

whereRr,i denotes the rotation matrix expressing the initial orientation of
the relative frame, while R(φ(t), θ(t), ψ(t)) represents the rotation matrix
derived from the following roll-pitch-yaw angles

φ(t) = 0, θ(t) = 0, ψ(t) = −π
8

(

1− cos
(π

2
t
))

. (3.53)



3. A Unified HQP–CBF Framework for Hierarchical Control of Redundant

Robotic Platforms
53

The hierarchy adopted in this experiment is the same as the previous one,
but with the cooperative motion task detailed in Section 3.4.4 replacing
the uncooperative one. The overall hierarchy is shown in Figure 3.11.

1st Level: Safety Tasks

2nd Level: Safety Tasks

3rd Level: Operational Tasks

Joint Position Limits

Joint Velocity Limits

Self-collision Avoidance

Virtual Wall

Coordinated Motion

Figure 3.11: The task hierarchy used to validate the cooperative motion
operational task described in Section 3.4.4.

Figure 3.12 presents the results of this experiment. Specifically, it shows
the temporal evolution of the position and orientation errors of the ab-
solute and relative frames. The results demonstrate, also in this case,
the effectiveness of the proposed framework and the implemented task, in
particular that the absolute and relative frames successfully tracked the
desired trajectory in both position and orientation.

3.5.1.3 Optimization Task

In the following, the results of the experiment conducted to assess the
effectiveness of the swivel angle task described in Section 3.4.5 are re-
ported.

In this experiment, the manipulators were instructed to maintain their
initial end-effector configurations, both in position and orientation, while
a smooth reference trajectory for the swivel angles was imposed, evolving
from the initial values to a final desired value of π

4
rad. The validation

was conducted using a hierarchy with four priority levels and six tasks,
namely four safety tasks, one operational task, and one optimization task,
organized as shown in Figure 3.13.
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Figure 3.12: Cooperative motion operational task validation. Top-left) Po-
sition error for the absolute frame. Bottom-left) Orientation error for the ab-
solute frame. Top-right) Position error for the relative frame. Bottom-right)
Orientation error for the relative arm

Figure 3.14 presents the results of this experiment. In particular, it shows
the temporal evolution of the swivel angle error for the two manipulators.
The results show that the error converges to zero, demonstrating the capa-
bility of the proposed architecture to generate internal arm motions that
enable the swivel angles to track the desired trajectory while preserving
fixed end-effector configurations.

3.5.2 Real-World Experiments

This section presents the results of the validation campaign conducted un-
der real-world conditions. Validation comprised a harvesting experiment
conducted during the CANOPIES project’s experimental campaigns. A
video of the experiment is available at the following link5.

Regarding the harvesting procedure, successful grape-bunch harvesting
requires the robot to first detect nearby bunches and then precisely
estimate the 3D position of the peduncle to be cut. This is accom-
plished in real time through perception software developed by one of
the project partners, which makes use of data from the RGB-D camera
(Figure 3.15) [68, 69].

Once the collected data have been analyzed and the peduncle position

5www.youtube.com/watch?v=V2dF5SXiKKE

www.youtube.com/watch?v=V2dF5SXiKKE


3. A Unified HQP–CBF Framework for Hierarchical Control of Redundant

Robotic Platforms
55

1st Level: Safety Tasks

2nd Level: Safety Tasks

3rd Level: Operational Tasks

4th Level: Optimization Tasks

Joint Position Limits

Joint Velocity Limits

Self-collision Avoidance

Virtual Wall

Uncoordinated Motion

Swivel Angle

Figure 3.13: The task hierarchy used to validate the Swivel angle task de-
scribed in Section 3.4.5.

Figure 3.14: Optimization task validation. Left) Swivel angle error for the
left arm. Right) Swivel angle error for the right arm.

has been estimated, the harvesting procedure begins. Specifically, a ded-
icated software module generates the desired end-effector position and
orientation trajectories, using trapezoidal velocity profiles to connect a
sequence of waypoints. This enables the robot to: i) move to a pre-grasp
position (see Figure 3.16 top-right), i.e., a location at a predefined dis-
tance from the peduncle; ii) proceed to the grasp position, i.e., move onto
the peduncle; iii) close the gripper to secure the bunch; iv) actuate the
scissors to cut the peduncle; v) move to a pre-release position (see Fig-
ure 3.16 bottom-left), i.e., at a predefined distance from the box where
the grapes must be placed; and vi) deposit the bunch into the desig-
nated container (see Figure 3.16 bottom-right). Once the grape has been
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Figure 3.15: Output of the perception system. The highlighted zones rep-
resent the grapes (yellow zones) and the peduncles (light-blue zones) that the
software has detected, with a confidence score above 0.9.

successfully released, the robot returns the tool to its initial configura-
tion (see Figure 3.16 top-left). It is worth noticing that the success of
this procedure strongly depends on the accuracy of the peduncle position
estimation, which is particularly challenging to achieve due to the vari-
ability in distances between the cameras and the grape bunches, as well
as the potential occlusions caused by leaves or other bunches. Moreover,
it is also worth noticing that the harvesting procedure described above
pertains to the case where the robot’s end-effector is equipped with both
scissors for cutting the peduncle and fingers for grasping the grape.

Figure 3.17 top) shows the time evolution of the actual (solid blue line)
and desired (dashed red line) position of the tool involved in the harvest-
ing procedure, whereas Figure 3.17 bottom) reports the time evolution of
the normalized positions and velocities of the torso and right arm joints
(solid lines) with respect to their normalized limit values (dashed red
lines).

3.6 Conclusions

This chapter introduces a control architecture tailored to address the chal-
lenges of managing robotic platforms with complex kinematic structures
in dynamic and unstructured environments, such as those encountered
in agricultural domains. The architecture presented in this chapter com-
bines the HQP framework with the CBFs methodology, thereby enabling
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Figure 3.16: Top-left) Image of the robot with both harvesting tools in the
home configuration. Top-right: image of the robot with the right harvesting
tool in the pre-grasp position. Bottom-left) Image of the robot with the right
harvesting tool in the pre-release position. Bottom-right) Image of the robot
with the right harvesting tool in the release position.

systems such as bi-manual mobile robots to autonomously manage safety
and internal configurations while performing operational tasks. Exten-
sive experimental validation, conducted in both laboratory and real-field
settings within the EU-funded CANOPIES project, corroborates the ef-
fectiveness and adaptability of the proposed solution.
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Figure 3.17: Top) Time evolution of normalized joint positions (top) and
velocities (bottom) of the right arm (solid lines), shown with respect to their
normalized limit values (dashed red lines). Bottom) x, y, and z coordinates
over time of the actual (solid blue line) and desired (dashed red line) position
of the right end-effector.
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Chapter 4

Adaptive Shared Control for

Human–Robot Collaboration

within a Human-Safety-Oriented

Framework

4.1 Introduction

As anticipated in Section 1.1, in recent years, an increasing number of
sectors have had to deal with the challenge of addressing growing global
demand for goods and services while simultaneously reducing resource
consumption and mitigating environmental impact. As a result of this
situation and recent technological advancements, robots are becoming
increasingly prevalent in humans’ daily lives, appearing in contexts rang-
ing from factories [5] to operating rooms [6], from agricultural fields [7] to
homes [9], where they are more and more often employed to perform tasks
classified as dangerous and/or tedious for humans. However, as robots
become more integrated into society, an important question arises: how
can we share workspaces with robots in a manner that is both safe and
low-invasive for everyone involved?
Regarding safety, current collaborative robots are inherently equipped
with several safety features, including lightweight structures and emer-
gency stop procedures. However, in some cases, such as unstructured and
dynamic environments, these measures may not be sufficient to ensure
that robots pose no risk to humans who enter or share their workspace.
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This means that additional safety strategies must be devised to ensure
a safe yet effective coexistence. In particular, it is essential to guarantee
that, under any operational condition of either the human operator or the
robots, the human operator’s safety level can be assessed and that suit-
able interventions are implemented whenever this safety is at risk of being
compromised. This aspect is already addressed by several industrial stan-
dards. Among these, of particular relevance is the technical specification
ISO/TS 15066:2016 "Robots and robotic devices - Collaborative Robots”,
which defines the safety requirements for industrial robotic systems.
Although ensuring the safety of human operators who enter or share the
robots’ workspace is of utmost importance, it is equally important to
recognize the necessity of enabling robots to effectively accomplish their
assigned tasks while observing their constraints. This implies the need to
find a balance between enabling the robot to perform its activities and
implementing strategies that ensure human safety. In other words, the
implemented safety strategies can not be excessively conservative, as this
could lead to unnecessary interventions that may hinder the robot in ful-
filling its assigned activities.
As previously outlined, robots are becoming increasingly prevalent in hu-
mans’ daily lives. Nonetheless, for such systems, achieving complete au-
tonomy is often infeasible or economically inefficient for the majority of
real-world tasks. Therefore, in recent years, to address this situation,
there has been a growing trend toward integrating human–robot col-
laboration strategies in various industries and domestic environments.
This trend has been primarily driven by the recognition that humans
and robots possess distinct yet complementary capabilities, which, when
properly combined, can enhance task execution and optimize overall pro-
ductivity. This collaboration can assume different forms, including i)
the mere sharing of a workspace, where humans and robots operate on
distinct tasks, and ii) the performance of joint tasks, wherein humans
contribute with their cognitive abilities and deliberately exchange forces
with robots. However, of the two cases mentioned above, the second is
particularly noteworthy, as it underscores the authentic synergy that can
be achieved through human–robot collaboration.
Building upon the considerations discussed above, this chapter pursues
two main objectives: i) to provide a comprehensive analysis of the con-
cepts of human safety and shared control, which represent distinct yet in-
herently interrelated components of human–robot interaction frameworks;
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and ii) to propose effective approaches for addressing these aspects.

4.2 Human Safety Strategies

This section examines the issue of human safety. In particular, it provides
an overview of existing methodologies aimed at ensuring safe coexistence
and collaboration, identifying the principal challenges and limitations as-
sociated with each. Subsequently, it introduces the proposed strategy
designed to achieve a balance between safety and operational efficiency,
while overcoming most of the identified issues.

4.2.1 Existing Approaches and Their Limitations

A widely adopted approach to ensure safe coexistence relies on reactive
evasive strategies: when a human approaches the robot, the robot with-
draws to enhance safety. In this framework, several studies have been pro-
posed. For example, [70] introduces a virtual repulsive force that moves
the robot away from the human, with its magnitude proportional to a dan-
ger index derived from distance, velocity, and inertia parameters. [71], on
the other hand, presents a neural network-based approach for predicting
human behavior, which enables the robot to anticipate potential risks to
humans and implement preventive measures before such risks become im-
minent. [72], instead, introduces a fast method for computing distances
between the robot and moving obstacles with RGB-D sensors, which is
then employed to generate repulsive forces. The problem of computing
repulsive forces for collision-avoidance actions, especially when obstacles
move faster than the robot, has also been investigated in [73], where the
authors formulated a QP problem aimed at minimizing deviations from
the reference trajectory. By contrast, [74] presents an Explicit Reference
Governor framework that exploits both repulsive and attractive forces
to generate trajectories driving the robot toward a desired pose, while
complying with both input and state constraints imposed by the robot’s
nonlinear dynamics. Another approach to ensuring human safety relies on
modulating the robot’s velocity without deviating from the desired path,
while ensuring the speed and separation monitoring (SSM) [75]. This
approach has been extended in [76], where the robot links are modeled
as beams and an optimization problem is formulated to determine the
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velocity scaling factor and joint velocity commands, while ensuring both
a minimum human–robot separation and adherence to the robot’s phys-
ical constraints. This work has been recently extended in [77] to include
an efficient real-time method for computing danger zones, namely the 3D
volumes around the robot’s links where safety constraints are violated.
Conversely, [78] proposes an approach for generating optimal, smooth
stop trajectories for collision avoidance, generated accounting for both
the robot’s dynamics and torque limitations. In contrast, [79] presents a
proactive optimization framework that aims to compute the path mini-
mizing the total execution time under a worst-case safety scenario, con-
sidering both human state and trajectory slowdowns for safety reasons. A
further approach to human safety was introduced in [80], which integrates
depth and thermal cameras with a fuzzy inference system to modulate the
robot’s velocity. Furthermore, [81] addressed the case of multiple mobile
manipulators, proposing a trajectory-scaling strategy that incorporates
both relative distance and velocity information of the robotic team with
respect to human operators.
Despite their efficiency, both categories of the aforementioned approaches,
namely evasive-based and trajectory-scaling-based, entail not only ad-
vantages but also significant disadvantages that should not be underes-
timated. In the case of evasive-based approaches, for example, the main
benefit lies in their ability to mitigate collision risks through timely in-
terventions whenever the separation distance drops below the prescribed
threshold. Nonetheless, an overuse of such interventions may undermine
both the accomplishment of assigned tasks and the overall operational
effectiveness. In contrast, in the case of trajectory-scaling-based ap-
proaches, the main advantage lies in their ability to preserve the nom-
inal path, thus enabling the robot to continue to perform its assigned
tasks while maintaining high operational efficiency. Nevertheless, their
primary limitation is that they do not minimize the risk of collisions. In
particular, without proper calibration of the velocity modulation mod-
ule, namely the component responsible for scaling the trajectory, these
approaches may lead the robot to approach the human too closely, thus
increasing the likelihood of collisions. Another significant drawback of
velocity modulation approaches is their tendency to induce robot halts
and stalls, particularly in situations where a person is stationary on the
designated path.
On the basis of the aforementioned considerations and challenges, a novel
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hybrid approach has been formulated to ensure the safety of humans who
enter or share the robots’ workspace. The approach combines velocity
modulation and path modification, whose relative contribution is deter-
mined through the selection of suitable weights within a properly for-
mulated optimization problem. In this way, the system can leverage the
strengths of both categories of methods previously discussed. Specifically,
through proper velocity modulation and path adaptation, the proposed
approach enables the robot to simultaneously avoid collisions with hu-
mans and ensure continuity in the execution of the assigned operational
activities. Furthermore, the approach has been encapsulated in a ded-
icated module, named Safety Planner, and integrated with the control
architecture outlined in Chapter 3, thereby enhancing its capabilities by
utilizing system redundancy to ensure a higher level of human safety.

4.2.2 Safety Field

Current collaborative robots are typically endowed with several safety
features, including lightweight structures and emergency stop procedures.
Nevertheless, these measures may not be sufficient to ensure that robots
pose no risks to human workers who enter or share their workspace, par-
ticularly in complex, unstructured, and dynamic environments. There-
fore, relying solely on the already implemented safety features may be
insufficient to guarantee a safe yet efficient coexistence. This implies that
in such situations, additional safety strategies must be designed and im-
plemented. A simple yet effective approach is proposed in [81], where a
safety field based on the human–robot relative position is defined. The
proposed formulation considers both the overall robotic structure and an
arbitrary number nh of relevant human points, such as the endpoints of
the links composing the human skeleton, as in [82]. To derive the overall
safety field, a local index that quantifies human safety for a pair of points,
specifically a single point P of the robot structure and a single point Ph

of the human operator, must first be considered. Specifically, let p ∈ R
3

denote the position vector of the point P , ph ∈ R
3 the position vector of

the point Ph, and d = ‖p − ph‖ the Euclidean distance between the P
and Ph; the local safety index can be derived as:

f(p,ph) = χ(d), (4.1)
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where χ denotes a non-negative, continuous, monotonically increasing
Lipschitz function. Based on the local index in Eq. (4.1), the overall
safety field can be derived by integrating it along the robot links and then
evaluating it for each human point. In more detail, as in [81], each robot
link ℓ can be approximated as a line segment starting at p0ℓ and ending
at p1ℓ . Let s ∈ [0, 1] denote the curvilinear abscissa parameterizing the
segment ℓ, with the corresponding point psℓ ∈ R

3 on the segment defined
as:

psℓ = p
0
ℓ + (p1ℓ − p0ℓ)s.

The link safety index can be derived as:

Fℓ

(
p0ℓ ,p

1
ℓ ,ph

)
=

∫ 1

0

f(psℓ,ph) ds. (4.2)

At this point, considering all links of the robotic platform and the j-th
human point ph,j, the safety field that quantifies the interaction safety
between the j-th human point and the complete robot structure can be
obtained as:

F j (q,ph,j) =
n∑

ℓ=1

Fℓ

(
p0ℓ ,p

1
ℓ ,ph,j

)
. (4.3)

Based on the index in Eq. (4.3), and by considering all the nh human
points, the overall safety field can be computed as:

F =
1

nh

nh∑

j=1

F j (q,ph,j) . (4.4)

The above formulation also enables accounting for multiple human oper-
ators by simply adding their respective points in Eq. (4.4). It is impor-
tant to emphasize that, for the computation of the safety field, the robot
must be able to detect and localize the human operator within the shared
workspace. Several methods proposed in the literature can be used for
this purpose, such as [83, 84].
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4.2.3 Human-Safety-Oriented Control Framework

Consider a dual-arm robotic system performing a cooperative task en-
coded by a task function σ, as defined in Eq. (3.31), for which a nominal
desired trajectory σd(t) is provided by a Trajectory Generation module.
Moreover, consider a human operator who shares the workspace with the
robot, monitored through a Perception System, and whose safety level
is assessed by the index F (t) in Eq. (4.4). The objective is to design a
Safety Planner capable of:

1. scaling down the nominal trajectory σd(t);

2. modifying the nominal path of σd(t);

3. exploiting the redundancy of the system to generate internal joint
motions;

so as to generate a safe trajectory σs(t) as in Eq. (4.8), that satisfies the
safety condition:

F (t) ≥
¯
F (t), (4.5)

where
¯
F (t) denotes a time-varying safety threshold, while accounting for

the robot’s kinematic constraints. Figure 4.2.3 shows the integration of
the devised planner into the control framework detailed in Chapter 3.

It is worth pointing out that the proposed formulation requires the defi-
nition of a time-varying safety threshold

¯
F (t). As demonstrated in [81],

it can be selected so as to ensure a minimum safety distance between the
human operator and the robot. Alternatively, it may also be empirically
calibrated by evaluating indicators such as the operator’s stress level and
perceived risk. In this regard, several human biological reactions may be
exploited as valuable measures, as discussed in [85].

4.2.3.1 Trajectory Modification

Assume that the desired nominal trajectory σd(t) is parameterized with
respect to a time parameter c(t), i.e., σd(c(t)), with c : [t0, tf ] ∈ R →
[t0, tf ] ∈ R, where t0 and tf denote the initial and final instants of the
nominal trajectory, respectively. This formulation makes it possible to



66
4. Adaptive Shared Control for Human–Robot Collaboration within a

Human-Safety-Oriented Framework

Figure 4.1: Overall control architecture. A Trajectory Generation module
generates a nominal trajectory that is then modified by a Safety Planner in
function of the Perception System outputs in order to obtain a reference tra-
jectory. Finally, the latter is given in input to a controller that computes the
control input to be sent to the robot.

modulate the temporal evolution of the trajectory by adjusting c(t), with-
out altering its geometric path. The time derivative of the scaled trajec-
tory σd(c(t)) can then be expressed as:

νd(c(t), ċ(t)) = η(c(t)) ċ(t), (4.6)

with:

η(c(t)) =











∂σap,d

∂c

2E(oa)
∂σao,d

∂c

∂σrp,d

∂c

2E(or)
∂σro,d

∂c











, E(oy) =





−oy,2 −oy,1 −oy,4 oy,3
−oy,3 oy,4 oy,1 −oy,2
−oy,4 −oy,3 oy,2 oy,1



 .

Additionally, suppose that a time-varying term is introduced
∆σ =

[
∆σT

ap ∆σT
ao ∆σT

rp ∆σT
ro

]T ∈ R
14, which enables controlled de-

viations from the nominal path, thus enabling the generation of a safe
trajectory σs(t) (νs(t)). In this formulation, ∆σT

ap and ∆σT
ao represent

the variations applied to the absolute position and orientation variables,
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respectively, while ∆σT
rp and ∆σT

ro represent the variations applied to the
relative position and orientation variables, respectively.

By denoting with ∆ν ∈ R
12 the vector of the deviation velocities, which

is defined as:

∆ν =
[

∆̇σT
ap ∆ωT

a ∆̇σT
rp ∆ωT

r

]T

, (4.7)

the safe trajectory σs(t) (νs(t)) can be computed as follows:

σs(t) =







σap,s

σao,s

σrp,s

σro,s






=







σap,d +∆σap

σao,d ∗∆σ−1ro

σrp,d +∆σrp

σro,d ∗∆σ−1ro






, νs(t) =







σ̇ap,s

ωa,s

σ̇rp,s

ωr,s






= νd(c(t), ċ(t)) + ∆ν, (4.8)

which represents the actual trajectory to be tracked by the robot.

Let ∆ǫ ∈ R
12 denote the vector of position and orientation deviations,

defined as

∆ǫ =
[
∆σT

ap ̺T∆σao ∆σT
rp ̺T∆σro

]T
, (4.9)

where ̺∆σao and ̺∆σro represent the vector components of ∆σao and
∆σro , respectively. The path modification is governed by the following
law:

∆ν = −T∆ǫ+ ζ, ∆ǫ(t0) = 012, (4.10)

where: 0m denotes the m-dimensional zero vector;
T = diag{τapI3, τaoI3, τrpI3, τroI3}, with τ(·) being scalar posi-
tive gains interpretable as the stiffness coefficients of a virtual
spring pushing the safe trajectory towards the nominal one; and
ζ =

[
ζTap ζTao ζTrp ζTro

]T ∈ R
12, where each ζ(·) ∈ R

3 denotes an input
vector to be designed. It is worth noticing that if all the input vectors
ζ(·) are zero-vectors, i.e., ζ(·) = 03, the safe trajectory σs asymptotically
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converges to the nominal trajectory σd. As for their design, the vectors
are defined as

ζ =







ψap 03 03 03

03 ψao 03 03

03 03 ψrp 03

03 03 03 ψro













uap
uao
urp
uro






= Ψ(t)uα, (4.11)

where Ψ ∈ R
12×4 represents any matrix that enables deviation from the

nominal trajectory σd along proper directions ψ(·) ∈ R
3 and may be

selected according to the specific operation to be performed, while the
components of uα (i.e., uap , uao , urp , and uro) are scalar inputs that
modulate the amount of the deviation. It is worth noticing that if c(t) = t
and ∆ǫ = 012, it follows that σd(c(t)) = σd(t). Furthermore, if ċ =
1, then νs(t) = νs(c(t)) = νd(c(t)), which indicates that the system
tracks the nominal reference velocity. The rationale for this design choice
lies in the intention to decouple nominal trajectory scaling from path
modification. Specifically, adjusting the scaling parameter c(t) enables
the online scaling of the nominal trajectory σd(t), whereas changes in
∆σ result in modifications of the path.

4.2.3.2 Safety Planner

To design the Safety Planner mentioned in Section 4.2.3, the time deriva-
tive of the safety field F , defined in Eq. (4.4), must first be derived.
Specifically, in the remainder of this section, it will be proven to be lin-
ear with respect to the derivative of the scaling parameter ċ(t), the path
modification input uα, and the input q̇n in Eq. (??). This property is
exploited to implement the scaling and path modification procedure.

As for the time derivative Ḟ , this can be obtained from the derivative of
f in Eq. (4.1). Specifically, ḟ can be computed as:

ḟ =
∂χ
(
dsℓ,h
)

∂dsℓ,h
ḋsℓ,h, (4.12)
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where dsℓ,h = ‖psℓ − ph‖, i.e., the Euclidean distance between P s
ℓ , which

denotes the point on the robot link ℓ corresponding to the curvilinear ab-
scissa s, and Ph, which represents a generic point of the human operator.
Regarding ḋsℓ,h, this term represents the time derivative of dsℓ,h and can
be derived as follows:

ḋsℓ,h =
(psℓ − ph)T (ṗsℓ − ṗh)

dsℓ,h
, (4.13)

with dsℓ,h 6= 0. At this point, consider the relationship between the linear
velocity of the point psℓ and the robot joint variables q, which can be
expressed as:

ṗsℓ = J
s
ℓ (q)q̇, (4.14)

where J s
ℓ (q) ∈ R

3×n denotes the position Jacobian matrix associated with
the point psℓ, i.e., the first three rows of the Jacobian matrix that relates
the joint velocities to the linear/angular velocity of psℓ. By considering
Eqs.(2.9)-(2.10) and, for the sake of readability, omitting the explicit de-
pendence of the Jacobian matrices on q, Eq. (4.14) can be reformulated
as:

ṗsℓ = J
s
ℓJ
†
σ(νs +Kσσ̃) + J

s
ℓNσq̇n, (4.15)

Substituting Eqs. (4.6)-(4.11) into Eq. (4.14), yields:

ṗsℓ = γ1ċ+ Γ2uα + Γ3q̇n + γ4, (4.16)

which is linear with respect to ċ, uα, and q̇n. As for the coefficients







γ1 = J
s
ℓJ
†
ση,

Γ2 = J
s
ℓJ
†
σΨ,

Γ3 = J
s
ℓNσ,

γ4 = J
s
ℓJ
†
σ[Kσσ̃ − T∆ǫ],

(4.17)
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with γ1,γ4 ∈ R
3, Γ2 ∈ R

3×4, and Γ3 ∈ R
3×n.

At this point, leveraging Eqs. (4.12) and (4.15), the derivative of the
safety index ḟ can be rewritten as

ḟ = λ1ċ+ λ
T
2uα + λT

3 q̇n + λ4, (4.18)

where λ1, λ4 ∈ R, λ2 ∈ R
4, and λ3 ∈ R

3 can be obtained as







λ1 =
∂χ

∂ds
ℓ,h

(ps
ℓ
−ph)

T

ds
ℓ,h

γ1,

λT
2 = ∂χ

∂ds
ℓ,h

(ps
ℓ
−ph)

T

ds
ℓ,h

Γ2,

λT
3 = ∂χ

∂ds
ℓ,h

(ps
ℓ
−ph)

T

ds
ℓ,h

Γ3,

λ4 =
∂χ

∂ds
ℓ,h

(ps
ℓ
−ph)

T

ds
ℓ,h

γ4 − ∂χ
∂ds

ℓ,h

(ps
ℓ
−ph)

T

ds
ℓ,h

ṗh.

(4.19)

By leveraging Eqs. (4.2)-(4.4), the time derivative of the local safety index
can be extended to the entire structure of the dual-arm robot and to all
the relevant human points

Ḟ (t) = µ1(t)ċ(t) + µ
T
2 (t)uα + µT

3 (t)q̇n + µ4(t), (4.20)

where µ1, µ4 ∈ R, µ2 ∈ R
4, and µ3 ∈ R

3 can be obtained as







µ1 =
1
nh

nh∑

j=1

n∑

ℓ=1

∫ 1

0

λ1(p
s
ℓ,ph,j , q, c) ds,

µ2 =
1
nh

nh∑

j=1

n∑

ℓ=1

∫ 1

0

λ2(p
s
ℓ,ph,j , q, c) ds,

µ3 =
1
nh

nh∑

j=1

n∑

ℓ=1

∫ 1

0

λ3(p
s
ℓ,ph,j , q, c) ds,

µ4 =
1
nh

nh∑

j=1

n∑

ℓ=1

∫ 1

0

λ4(p
s
ℓ,ph,j , q, c) ds,

(4.21)
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that, as ḟ in (4.18), is linear with respect to ċ, uα, and q̇n.

By setting ċ = uc and q̇n = un, the overall system dynamics can be
formulated as





ċ
∆ν

Ḟ



 =





0
−T∆ǫ
µ4



+





1 0
T
4 0

T
n

012 Ψ O12×n

µ1 µT
2 µT

3









uc
uα

un



 . (4.22)

Then, by introducing the state vector ξ =
[
c ∆σT F

]T , the overall
system dynamics in Eq. (4.22) can be reformulated as

ξ̇ = f(t, ξ) + g(t, ξ)





uc
uα

un



 = f(t, ξ) + g(t, ξ)uξ, (4.23)

which is structurally equivalent to Eq. (2.17).

Before proceeding, it is useful to briefly recall the role of each component
of the overall input vector uξ ∈ R

n+5

• uc scales down the nominal trajectory σd;

• the components of uα =
[
uap uao urp uro

]T modulate the devia-
tion from σap,d, σao,d, σrp,d, and σro,d, respectively;

• un generates internal joint motions that increase the safety field
value without affecting the operational task value σ.

Building on this, the objective is to design a Planner (more precisely, a
Safety Planner) capable of computing an input uξ that ensures the safety
field value remains, and when necessary is driven, above the prescribed
lower threshold

¯
F , while satisfying additional constraints on uc and uα,

which are detailed below and incorporated into a dedicated QP problem.

Before introducing the dedicated QP problem to be addressed by the
Safety Planner, consider the following CBF

¯
hf = F −

¯
F, (4.24)
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Based on this CBF, the constraint on the decision variables enforcing
Eq. (4.5) can be formulated as

Jfuξ ≥ −kf
¯
hf − µ4 (4.25)

where kf > 0 denotes a scalar gain, whereas Jf is a Jacobian matrix
which, according to Eq. (4.20), is given by

Jf =
[
µ1 µT

2 µT
3

]
. (4.26)

In order to determine an uξ that guarantees the safety field value remains,
and when required is enforced, above the prescribed lower threshold

¯
F ,

while also fulfilling the additional constraints on uc and uα, the Safety
Planner has to solve the following constrained optimization problem

min
uξ

1

2
(uξ − uξ,n)

TQξ(uξ − uξ,n) +
1

2
qww

2
f (4.27)

s.t. 0 ≤ uc ≤ 1, (4.28)

¯
uα ≤ uα ≤ ūα, (4.29)
Jfuξ + wf ≥ −kf

¯
hf − µ4. (4.30)

Regarding the constraints

• Eq. (4.28) constrains the time scaling parameter uc = ċ to lie within
the interval [0, 1]. In particular, the inequality ċ ≥ 0 ensures that
the time parameter c never decreases, thus preventing the trajectory
from being traveled backwards, while the inequality ċ ≤ 1 guaran-
tees that the trajectory is never traveled at a velocity higher than
the nominal one.

• Eq. (4.29) imposes a lower (
¯
uα) and upper (ūα) bound on the devi-

ation velocity. Such constraints are important in practice, as they
prevent abrupt departures from the nominal trajectory. Further-
more, it should be emphasized that, if the application necessitates
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an upper bound on the maximum path deviation ∆σ, such a re-
quirement can likewise be incorporated into the proposed framework
through the use of the CBF approach.

• Eq. (4.30) addresses the human-robot safety according to the three
statements outlined in the introduction of this Chapter. Specifically,
it enables the definition of a virtual input vector that exploits the
system’s redundant degrees of freedom to enhance and maintain the
Safety Field above the prescribed threshold. The introduction of the
slack variable wf is necessary to relax the constraint whenever the
input uα reaches the limits imposed by the constraints in Eq. (4.29).

Concerning the objective function in Eq. (4.27), its purpose is to deter-
mine the input vector uξ =

[
uc uT

α uT
n

]
that is closest to the desired

input vector uξ,d =
[
uc,d uT

α,d uT
n,d

]
, where







uc,d = 1,

uα,d = 04,

un,d = kn
∂F
∂q
,

(4.31)

with kn > 0. In more detail, when uc = uc,d, it follows that ċ = 1, meaning
that the cooperative task is performed at nominal speed. Likewise, uα =
uα,d yields ∆ǫ = 012, which ensures that the nominal path is followed
without deviations. Finally, when un is as close as possible to un,d. i.e.,
proportional to the gradient of the safety field, enables the exploitation
of the system’s redundancy to enhance the Safety Field value.

Concerning qw ∈ R, it is a positive scalar weight related to the scalar
slack variable wf , whereas Qξ ∈ R

(n+5)×(n+5) is a positive-definite weight
matrix that can be tuned to modulate the relative contribution of each
of the three virtual inputs. For instance, assigning a higher value to the
weight corresponding to uc entails that trajectory deviation and internal
motions are prioritized over scaling.

Once the QP problem in Eq. (4.27) has been solved, the Safety Planner
exploits the corresponding solutions in Eq. (4.8) to generate the reference
trajectory σs(t) (νs(t)).

Algorithm 1 outlines the algorithmic procedure of the proposed Safety
Planner. Specifically, at first, the procedure begins with the computation
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of the Safety Field value F according to Eq (4.4); then, the QP prob-
lem (4.27) is solved by taking as input the computed F together with
the nominal trajectory σd(t) (νd(t)). The resulting solutions are then
exploited to derive the reference trajectory σs(t) (νs(t)), according to the
following steps:

• uc is integrated over time to derive c;

• The values of c and uα are then substituted into Eq. (4.10) to com-
pute the deviation velocity ∆ν, which is subsequently integrated
over time to obtain ∆σ;

• Finally, ∆σ, c, and uc are used in Eq.(4.8) to compute the reference
trajectory σs(νs). This trajectory, along with the vector un = q̇n
obtained from Eq.(4.27), is then supplied as input to the controller
in use.

At this point, to also account for higher-priority tasks (e.g., joint posi-
tion and velocity limits), the Safety Planner’s output is integrated into
the HQP framework through the High Control Layer introduced in Sec-
tion 3.3.2. The trajectory tracking can be achieved through a two-step
procedure. The first step consists in properly embedding νs and σs within
the expression of bσ in Eq. (3.34), as illustrated below

bσ = νs +Kσσ̃, (4.32)

with

σ̃ =







σap,s − σap

̺σ̃ao

σrp,s − σrp

̺σ̃ro






, (4.33)

where ̺σ̃ao
is the vector part of the quaternion σao,s ∗ σ−1ao

, while ̺σ̃ro
is

the vector part of the quaternion σro,s ∗σ−1ro
. This error term enables the

tracking of the safe trajectory σs (νs) generated by the Safety Planner.
In contrast, the second step involves the proper integration of q̇n, that
is, the reference describing the desired internal motion. This goal can be
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accomplished by introducing an additional layer into the HQP framework
to manage null-space motions, according to the following approach.

min
w(·),q̇

1

2
q̇TQ(·)q̇ +w

T
(·)Qw(·)

w(·)

s.t. q̇ +w(·) = q̇n

. . .

¯
b1 ≤ J1(q)q̇ +w

⋆
1 ≤ b̄1.

(4.34)

The introduction of this term allows to increase the safety field value
without affecting the operational tasks. It should be emphasized that,
owing to the possible activation of additional constraints related to such
tasks, the null space associated with the higher-priority tasks may differ
from that employed within the Safety Planner to compute q̇n; thus slack
variables must be employed at this stage.

Algorithm 1 Safety Planner algorithm
Require: Nominal trajectory σd(νd), Joint position vector q, Human point positions

ph,1, · · · ,ph,nh
.

Begin

F =SafetyField (q, ph,1, · · · ,ph,nh
)→Eq. (4.4)





uc
uα

un



 = SolveQP (F̄,σd,νd)→Eq. (4.27)

c = Integration (uc)

∆ν = DeviationVelocity (uα, c, uc)→ Eq. (4.10)
∆σ = Integration (∆ν)

[
σs

νs

]

=SafeTrajectory

[
σs

νs

]

=SafeTrajectory (∆σ,∆ν, c)→Eq. (4.8)

Return: Safe trajectory σs(νs), Null-space velocity vector un

End
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4.3 Shared-Control Strategies

This section focuses on the topic of shared control in the context of
human-robot collaboration. It reviews the principal methodologies ap-
plied in situations where humans and robots intentionally exchange forces
to accomplish a joint objective, highlighting their main constraints and
shortcomings. Subsequently, it introduces a novel strategy designed to en-
able the operator to support robotic systems when operational deadlocks
occur.

4.3.1 Existing Approaches and Their Limitations

As anticipated in Section 4.1, collaboration can assume different forms, in-
cluding i) the mere sharing of a workspace, where humans and robots op-
erate on distinct tasks, and ii) the performance of joint tasks, wherein hu-
mans contribute their cognitive abilities and deliberately exchange forces
with robots. In the first scenario, the main objective of the robot control
strategy is to guarantee the safety of humans by preventing any potential
harm that may arise from collisions between the robot and the human [86].
This objective can be achieved through several approaches, including the
implementation of evasive maneuvers to maintain a safe separation dis-
tance [87], or the adoption of dynamic trajectory scaling methods, as
illustrated in [81]. However, as outlined in Section 4.1, of the two cases
mentioned above, the second is particularly noteworthy, as it underscores
the authentic synergy that can be achieved through human–robot collab-
oration. In this context, considerable attention, especially in recent years,
has been directed toward shared control scenarios, which, in certain ways,
are inspired by human–human interaction contexts, as robot autonomy
is retained to a certain degree and equal roles may be assigned to both
robotic and human counterparts. The shared control paradigm is com-
monly employed in teleoperation scenarios [88], where the human opera-
tor provides control inputs through a haptic interface. At the same time,
the robot retains a certain level of autonomy, for example, by adopting
collision-avoidance strategies based on its perceptual abilities. This chap-
ter, however, is particularly focused on shared control within the frame-
work of physical human-robot interaction. Over the past decades, several
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approaches have been proposed in this domain [89]. For instance, [90] in-
troduces a game-theory-based solution, in which both the human and the
robot seek to optimize a common cost function. Within this formulation,
the roles of the human and the robot evolve dynamically according to the
force applied by the human operator. More precisely, the stronger the
force exerted by the human, the greater the influence of the human mo-
tion on the system. In [91], the authors introduce a heuristic agreement
index that regulates the robot’s role according to the degree of alignment
between human and robot forces. Building on this line of research, [92]
presents a data-driven stochastic modeling approach, which handles un-
certainties in human behavior through the formulation of a risk-sensitive
optimization problem. More recently, [93] has achieved a comparable
outcome by adjusting the robot’s trajectory in accordance with the forces
exerted by the human operator. An alternative solution to this prob-
lem is presented in [94]. More in detail, the authors propose a strategy
in which control is determined using a metric derived from a Bayesian
filter, whose value is dynamically adapted based on online sensor mea-
surements while accounting for variations caused by noise. Moreover, the
authors demonstrate the stability of the proposed shared control archi-
tecture, even under communication delays between the human operator
and the robot. In [95], the authors addressed tasks involving interac-
tions with the environment, introducing the notion of corrective shared
autonomy, a novel approach that allows users to refine critical robot state
variables, including position, force, and execution rate. In this study, the
authors demonstrate both the feasibility and the benefits of the proposed
method, such as lowering user effort and physical strain. In the framework
of shared control and physical interaction, the work in [96] investigates
variable admittance by introducing the concept of power envelope regula-
tion, i.e., a mechanism for adapting admittance parameters in accordance
with human intent while safeguarding interaction safety.
Building upon the aforementioned considerations, a practical approach
has been developed to effectively address complex operations, such as
vineyard harvesting tasks, by leveraging human-manipulator interaction.
Specifically, the approach is designed to enhance robotic systems’ capabil-
ities within dynamic, human-shared environments. This goal is realized
through the possibility for human operators to physically intervene when
the system encounters operational stagnation. More in detail, this chapter
envisions the case of a bi-manual mobile robot equipped with advanced
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perception capabilities and F/T sensors (Figure 3.1), whose autonomy
level is dynamically adjusted according to the surrounding environment,
and with perception system outputs employed for bunch detection and
cut-point estimation. Furthermore, the robot is endowed with the abil-
ity to request human intervention in cases of perception or goal-reaching
failure. Such failures typically arise when grape bunches overlap or when
peduncles are wrapped around vineyard canes, conditions that signifi-
cantly hinder the identification of the cutting point. As for the robot’s
autonomy level, it is handled through a variable admittance controller,
whose gains are adapted to permit either the human or the robot to
assume leadership, depending on the perception system’s performance.
This controller is seamlessly integrated into the Hierarchical Quadratic
Programming (HQP) control framework described in Section 2.5, which
enables the robot to accomplish multiple tasks concurrently.

4.3.2 Adaptive Shared Control Framework

This section presents in detail the strategies developed to endow the
robotic systems, controlled by the framework introduced in Chapter 3,
with the capability to physically interact with both human operators
and the surrounding environment, while guaranteeing the integrity of the
robot itself and the safety of operators throughout the interaction.

4.3.2.1 Admittance

The human–robot interaction strategy described below is formulated as
an operational task within the HQP framework introduced in Chapter 3.
Its objective is to enable the controlled system to track a desired end-
effector trajectory while maintaining compliant behavior with respect to
external forces that may arise from contact with human operators or the
environment. Assume that the desired trajectories for the end-effectors
are generated by a dedicated framework component, referred to as the
Trajectory Generation module, and defined as follows:
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ad =
[
p̈Tl,d αT

l,d p̈Tr,d αT
r,d

]T
,

vd =
[
ṗTl,d ωT

l,d ṗTr,d ωT
r,d

]T
,

ρd =
[
pTl,d oTl,d pTr,d oTr,d

]T
,

where p(·),d, ṗ(·),d, and p̈(·),d denote the desired linear position, velocity
and acceleration, respectively, while o(·),d, ω(·),d, and α(·),d denote the
desired orientation quaternion, angular velocity and angular acceleration,
respectively, for the right and left end-effectors.

Assuming that a wrench sensor is mounted at the wrist of both manipu-
lators, the following vector can be defined:

h =
[
hT

l hT
r

]T
=
[
fT
l µT

l fT
r µT

r

]T
, (4.35)

which represents the vector of the external wrenches measured at the end-
effectors, obtained by stacking the forces f(·) and moments µ(·) associated
with both end-effectors. The objective of this strategy is to lead the
system to exhibit the following dynamic:

Km ã+Kd ṽ +Kp ρ̃ = h, (4.36)

where:

ã = ad − a, ṽ = vd − v, ρ̃ =







pl,d − pl
˜̺l

pr,d − pr
˜̺r






, (4.37)

represent the acceleration, velocity, and configuration errors, with ˜̺l and
˜̺r denoting the vector components of the quaternions ol,d ∗o−1l and or,d ∗
o−1r , respectively. While,
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Km =

[
Km,l 06×6

06×6 Km,r

]

∈ R
12×12, (4.38)

Kd =

[
Kd,l 06×6

06×6 Kd,r

]

∈ R
12×12, (4.39)

Kp =

[
Kp,l 06×6

06×6 Kp,r

]

∈ R
12×12, (4.40)

represent the desired virtual mass, damping, and stiffness, respectively,
which may be either constant or time-dependent.

Since the HQP framework in Eq. (2.23) does not allow direct incorpora-
tion of constraints involving acceleration, these must necessarily be refor-
mulated in terms of velocity before being incorporated. On this basis, the
end-effectors’ acceleration can be approximated by numerically deriving
their velocity:

a(t) =
v(t)− v(t− Ts)

Ts
, (4.41)

where v(t) denotes the current velocity, whereas v(t− Ts) represents the
velocity at the previous time step, with Ts indicating the sampling period
imposed by the digital implementation of the control law. In virtue of
the above approximation, Eq. (4.36) can be rewritten as:

Kmad −Km
v

Ts
+Km

v(t− Ts)
Ts

+Kd ṽ +Kp ρ̃ = h, (4.42)

which, in turn, can be reformulated as:

(

−Km

Ts
−Kd

)

v = h− γ, (4.43)

where:

γ =Km ad −
Km

Ts
v(t− Ts)−Kd vd −Kp ˜̺.
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Substituting Eq. (3.7) into Eq. (4.3.2.1) yields:

(
Km

Ts
+Kd

)

J q̇ = −γ − h. (4.44)

By reformulating Eq. (4.44) as:

Jadm q̇ = badm, (4.45)

where Jadm =
(

Km

Ts
+Kd

)

J(q) and badm = −γ − h; it can be be incor-
porated as an equality constraint within the HQP control framework.

4.3.2.2 Hand-Guiding

An alternative human–robot interaction strategy is hand-guiding, which
enables the human operator to manually bring the end-effectors to the
desired positions. This functionality is particularly useful, for instance,
to bring the cutting tool to the grape peduncle when it is obstructed by
leaves. This control strategy can be directly obtained from the admittance
one by imposing Kp = O12×12 and ad = vd = 0 in Eq. (4.36).

As a result of the above substitution, the constraint to be incorporated
within the HQP control framework, to enforce the robot to exhibit the
desired behavior, takes the following form:

Jhg q̇ = bhg, (4.46)

where:

Jhg =

(
Km

Ts
+Kd

)

J(q),

and

bhg = −
Km

Ts
v(t− Ts)− h.



82
4. Adaptive Shared Control for Human–Robot Collaboration within a

Human-Safety-Oriented Framework

4.4 Validation

This section reports the experimental results obtained from the valida-
tion campaigns carried out to evaluate the control strategies described in
Sections 4.2.3 and 4.3.2. Both strategies have been extensively validated.
Specifically, each was first tested in an indoor laboratory environment
and then in a real-world scenario.

4.4.1 Human-Safety Validation

This section presents the experimental results obtained during the vali-
dation of the safety framework described within in Section 4.2.3.
The robot used for validation is shown in Figure 3.1 and described in
Section 3.5. Table 3.1 reports the kinematic constraints applied during
the experiments, expressed as upper and lower bounds on joint positions
and velocities.
The validation was conducted in two scenarios: i) an indoor laboratory en-
vironment, where the robot executed a predefined periodic trajectory co-
operatively and symmetrically with both end-effectors, and ii) an outdoor
environment, consisting in a real vineyard, where the robot performed a
harvesting operation with a single end-effector. In all the experiments,
the robot operated in a shared workspace alongside a human operator,
each carrying out distinct tasks. For instance, in precision agriculture
settings, the human might either conduct inspections of harvested fruit
quality or carry out parallel harvesting activities in the proximity of the
robot as it harvests additional grape bunches. In both cases, safety rep-
resents a paramount requirement, especially given that in such scenarios
robots’ end-effectors are usually equipped with scissors. In all the exper-
iments, the inputs modulating the amount of the deviation in terms of
orientation are set to zero (ψao = 03 and ψro = 03 in Eq. (4.11)), meaning
that the Safety Planner will not modify the orientation throughout the
experiment. Conversely, the inputs modulating the amount of the devia-
tion in terms of position are defined individually for each experiment and
detailed in its description.
Regarding the human point position estimation process, it is managed
by the Perception System module shown in Figure 4.2.3, which relies on
OpenPose [97], a widely adopted framework for human skeleton keypoints
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detection and tracking in the image plane. As in most cases, also in this
case, these 2D keypoints, once obtained, are then projected into Carte-
sian space and converted into 3D coordinates. This process exploits depth
information acquired by the sensor associated with the Perception Sys-
tem Module [98]. Then, for the safety field value computation, only three
relevant keypoints, namely the chest of the human and the left and right
wrists, have been considered. Furthermore, the function χ in Eq. (4.1)
has been set as d. Figure 4.4.1 shows the robot alongside the human
skeleton recognized by OpenPose within the RViz environment, with the
relevant human skeleton keypoints highlighted in red.

Figure 4.2: The robot alongside the human skeleton in the Rviz environment.
The red spheres represent the human points taken into consideration for the
safety field value computation.

Finally, the gains adopted in the HQP controller as well as the Safety
Planner parameters employed throughout the experiments are summa-
rized in Table 4.1. In this table, the variables

¯
uα(·)

and ūα(·)
are used to

denote generic elements of the corresponding vectors
¯
uα and ūα.

4.4.1.1 Laboratory Experiments

In the following, two indoor experiments are presented, where the robot’s
end-effectors perform a cooperative motion to track a nominal segment
with the absolute frame. A video showing the two experiments is available



84
4. Adaptive Shared Control for Human–Robot Collaboration within a

Human-Safety-Oriented Framework

CONTROL SAFETY PLANNER

Parameter Equation Parameter Equation

φi = 2 Eq. (2.19) τ(·) = 2 Eq. (4.10)

Kσ = diag{50 I3, 20 I3} Eq. (4.32) kf = 10 Eq. (4.25)

kn = 1 Eq. (4.31)

¯
uα(·)

= −0.4 Eq. (4.29)

ūα(·)
= 0.4 Eq. (4.29)

¯
F = 0.75 Eq. (4.24)

Table 4.1: Control gains and Safety Planner parameters.

at the link 1. Figure 4.3 shows the laboratory conditions adopted for these
experiments.

Figure 4.3: Two snapshots of the robot performing a cooperative motion
in laboratory environment. On the left, the operator is far enough from the
robot such as the safety field is above the considered threshold. On the right,
the operator gets close to the robot making the robot modify the nominal
trajectory.

In both the experiments, the motion is performed symmetrically by set-
ting α = 0.5 and β = 1 in Eq. (3.31). In this configuration, the task
function σa represents the absolute pose, whereas σr represents the rela-
tive pose. The difference between the two experiments lies in the different
weights assigned to the virtual inputs uc and uα. The purpose is to high-
light the effects of trajectory scaling and path modification on the nominal
trajectory separately. In both experiments, the orientation of the abso-
lute frame is preserved at its initial value, the relative position between
the end effectors is constrained to reach the following target value

σrp,d =
[
0 −0.30 0

]T
, (4.47)

1https://youtu.be/iWa9UofAXWU

https://youtu.be/iWa9UofAXWU
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and the relative orientation is maintained at its initial value. In addition,
in both cases, a human operator enters the workspace and approaches
the robot while it is engaged in the nominal trajectory tracking. This
interaction leads to a reduction in the safety field value, thereby prompt-
ing the Safety Planner to deviate from the nominal path and scale down
the nominal trajectory. In both experiments, the input ζrp is set to 03,
meaning that the Safety Planner does not modify the relative position
between the end-effectors. Conversely, the input related to the absolute
position deviation is set to

ζap
= n̂a

o uαap
=

ph − σap

||ph − σap
|| uαap

, (4.48)

where n̂a

o represents the unit vector that connects the position vectors of
the considered human point to that of the absolute reference frame.

In the first experiment, the components of theQξ matrix in Eq. (4.27) are
tuned such that the Safety Planner, in maintaining the safety field value
above the minimum threshold, prioritizes trajectory deviations rather
than trajectory scaling. This is achieved by decreasing the weight as-
sociated with the virtual input uαap

compared to that assigned to uc.
Figure 4.4 shows the obtained results.

Specifically, Figure 4.4 top-left) reports the temporal evolution of the
safety field value (solid blue line) compared to the imposed minimum
threshold

¯
F (horizontal red-dashed line). For the first 25 seconds of the

experiment, the human operator maintains a certain distance from the
robot while it performs the requested movement twice; afterward, he ex-
tends his right arm toward the robot, causing the safety field value to
decrease. As the robot attempts to reach the waypoints nearest to the
human for the third time, the safety field value approaches the imposed
threshold, thereby causing the activation of the constraints of the QP
problem in Eq. (4.27). At that point, the Safety Planner generates a
deviation from the nominal trajectory that guarantees the safety field
value remains greater than or equal to the imposed minimum thresh-
old. This is particularly evident in Figures 4.4 top-right) and 4.4 mid-
left). In particular, the former shows the nominal (in blue) and safe (in
red) trajectories, whereas the latter reports the computed virtual input
uαap

(bottom part) along with the corresponding ∆σ (top part), which
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Figure 4.4: First experiment, uc weighted more than uα. Top-left) Safety field
value (solid blue line) over time compared to the imposed minimum threshold
(horizontal red-dashed line). Top-right) Nominal (blue line) and safe (red line)
trajectories for the absolute frame. Mid-left) Deviation from the nominal path
and virtual input uα. Mid-right) Parameter c and virtual input uc. Bottom-left)
Normalized joint positions (solid lines) with the imposed minimum and maxi-
mum thresholds (red-dashed lines). Bottom-right) Normalized joint velocities
(solid lines) with the imposed minimum and maximum thresholds (red-dashed
lines).

provides a quantitative measure of the deviation from the nominal tra-
jectory. Conversely, Figure 4.4 mid-right) shows the temporal evolution
of the virtual input uc (bottom part) along with the corresponding c
value (top part). This figure confirms that the scaling input, in this
case, is barely used by the Safety Planner to raise the safety field value,
which is a direct consequence of the relative weight attributed to this
virtual input. Finally, Figures 4.4 bottom-left) and Figure 4.4 bottom-
right) show the temporal evolution of the normalized joint positions and
velocities (solid lines) against their corresponding normalized minimum
and maximum thresholds (red-dashed lines). These figures demonstrate
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that, despite the circumstances, the HQP controller successfully fulfills
the high-priority tasks. Approximately 10 seconds after the previous ac-
tion, the human operator withdraws the arm, thereby allowing the robot
to reach the desired waypoint. This sequence, in which the human ex-
tends the right arm toward the robot and subsequently retracts it after 10
seconds, is repeated multiple times throughout the experiment in order
to demonstrate and validate the effectiveness of the Safety Planner. It
should be emphasized that, throughout the experiment, in addition to
the aforementioned terms, the Safety Planner also computes the virtual
input q̇n, whose purpose is to generate internal motions that increase the
safety field value.

Conversely, in the second experiment, the Qξ matrix in Eq. (4.27) is
tuned so that the Safety Planner prioritizes trajectory scaling rather than
trajectory deviations. This is obtained by assigning a higher weight to
the virtual input uαap

compared to that assigned to uc. The absolute
position waypoints and the human operator’s actions remain identical to
those of the previous experiment. The corresponding results are presented
in Figure 4.5.

In this case as well, the safety field value never falls below the imposed
minimum threshold, as evidenced in Figure 4.5 top-left), which depicts its
temporal evolution (solid blue line) compared to the imposed minimum
threshold

¯
F (horizontal red-dashed line). However, Figure 4.5 mid-right)

reveals that, in this case, unlike what occurred during the previous ex-
periment, the Safety Planner relies more on the virtual input uc. In
particular, the figure shows that, to guarantee that the safety field value
remains greater than or equal to the imposed minimum threshold, the
Safety Planner reduces ċ value until the nominal trajectory is completely
halted, which occurs at t = 27 s and t = 47 s, when ċ = 0. Figures 4.5
top-right) and 4.5 mid-left) corroborate the above observations. Specifi-
cally, they show that, in this case, the deviation from the nominal path
is smaller than in the previous one. Meanwhile, Figures 4.5 bottom-left)
and 4.5 bottom-right) show that, in this case as well, the joint kinematic
constraints are consistently satisfied over the entire experiment duration.
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Figure 4.5: Second experiment, uc weighted less than uα. Top-left) Safety
field value (solid blue line) over time compared to the imposed minimum thresh-
old (horizontal red-dashed line). Top-right) Nominal (blue line) and safe (red
line) trajectories for the absolute frame. Mid-left) Deviation from the nomi-
nal path and virtual input uα. Mid-right) Parameter c and virtual input uc.
Bottom-left) Normalized joint positions (solid lines) with the imposed mini-
mum and maximum thresholds (red-dashed lines). Bottom-right) Normalized
joint velocities (solid lines) with the imposed minimum and maximum thresh-
olds (red-dashed lines).

4.4.1.2 Outdoor Experiments

The following subsection presents the results of the outdoor validation,
obtained from a harvesting experiment conducted during one of the
CANOPIES project’s experimental campaigns. Although harvesting op-
erations were performed in both single- and dual-arm modes, as docu-
mented in the video 23, for the sake of brevity, only the results pertaining
to single-arm harvesting are presented here. The cutting position of the

2https://youtu.be/w0b_ftCX7iQ
3https://youtu.be/8-HFKas2Qho

https://youtu.be/w0b_ftCX7iQ
https://youtu.be/8-HFKas2Qho
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peduncle to be cut has been obtained in real-time using the perception
software developed by one of the project partners [69], which identifies the
bunches to be harvested and outputs the corresponding 3D coordinates
of the cutting point. This task, similarly to the human skeleton detection
and tracking, has been achieved using data collected by the RealSense
D435i RGB-D camera embedded in the robot’s head.

For this experiment, in order to control the pose of the two end-effectors
independently (uncooperative motion) and select right end-effector to ex-
ecute the harvesting task, the parameters in Eq. (3.31) were set as α = 1
and β = 0. Under this configuration, the task function σr describes the
right end-effector pose. The corresponding path deviation input ζrp has
been set as

ζrp = n̂
r

o uαrp
=

ph − σrp

||ph − σrp
|| uαrp

, (4.49)

where n̂r

o represents the unit vector that connects the position vectors of
the considered human point to that of the right end-effector frame.
Regarding the nominal right end-effector position and orientation tra-
jectories, these are produced by the Trajectory Generation module by
interpolating a sequence of proper waypoints with trapezoidal velocity-
profiled trajectories. The waypoints are the following:

• a pre-grasp configuration, located at a predefined distance from the
peduncle to be cut;

• a grasp configuration, which enables the peduncle to be cut and the
corresponding bunch to be secured;

• a pre-release configuration, located at a fixed distance from the
collection box on the mobile base;

• a release configuration, located directly above the box.

In this experiment, a human operator shares the workspace with the
robot while it performs a harvesting operation. The robot tracks the
nominal trajectory and continues until the operator approaches, which
triggers the activation of the constraint in Eq. (4.30). For this case, the
weights related to the two inputs, uαrp

and uc, were chosen to exploit both
contributions. A video showing the experimental validation conducted



90
4. Adaptive Shared Control for Human–Robot Collaboration within a

Human-Safety-Oriented Framework

under representative conditions is available at the link 4. In contrast, the
experimental validation performed under realistic conditions is available
at the link 5. Figure 4.6 shows some snapshots of the the experimental
validation conducted under representative conditions, while Figure 4.7
shows some snapshots of one of the experiments performed under realistic
conditions.

Figure 4.6: Snapshots of human-robot safety experiments in representative
conditions with robot performing a single-arm harvesting operation. Top Left:
results of the grape perception for the planning of the nominal agronomic trajec-
tories. Top Right: the robot starts the agronomic harvesting while the operator
is far away from the robot. Bottom Left: the operator get close to the robot
while it grasps the harvested grape. Bottom Right: the operator moves away
from the robot that releases the grape in the box.

The outcomes of the experiment are presented in Figure 4.8.

Figure 4.8 top-left) shows the evolution of the safety field value (solid blue
line) over time compared to the imposed minimum threshold

¯
F (horizon-

tal red-dashed line). As can be observed, the human operator approaches
the robot twice during the experiment: once around t = 10 s and again
around t = 50 s. Specifically, at t ≈ 10 s, the human approaches the robot
for approximately 10 s, leading to a reduction in the safety field value that

4https://youtu.be/Q9D5Dm-KbjE
5https://youtu.be/ntIx4JtrZ8k

https://youtu.be/Q9D5Dm-KbjE
https://youtu.be/ntIx4JtrZ8k
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Figure 4.7: Snapshots of human-robot safety experiments in realistic con-
ditions with robot performing a single-arm harvesting operation. Top figures
shows the robot performing the grape harvesting without the human interven-
tion. Bottom figures show the human approaching the harvested grape (and
the robot) to taste it.

approaches the imposed minimum threshold. This event mainly results
in a deviation from the nominal trajectory, as can be observed in Fig-
ures 4.8 top-right) and 4.8 mid-left). Approximately 10 seconds after the
initial approach, the human operator steps back, allowing the robot to
resume nominal trajectory tracking without modifications. At t ≈ 50 s,
the human approaches the robot again. This time, the virtual input uαrp

reaches its maximum value, and the virtual input uc is employed to scale
down the trajectory. About 20 seconds after the approach, the human
operator steps back, allowing the robot to resume the nominal trajectory
tracking without modifications.
It should be emphasized that, although the algorithm is designed to max-
imize the safety field value, it does not guarantee adherence to the mini-
mum threshold. Indeed, during the second approach phase, both the vir-
tual inputs reach their respective limits, causing the safety field value to
drop below the imposed minimum threshold. However, even in this case,
the human operator’s safety is ensured, as ċ = 0 implies that the Safety
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Figure 4.8: Field experiment. Top-left) Safety field value (solid blue line)
over time compared to the imposed minimum threshold (horizontal red-dashed
line). Top-right) Nominal (blue line) and safe (red line) trajectories for the
absolute frame. Mid-left) Deviation from the nominal path and virtual input
uα. Mid-right) Parameter c and virtual input uc. Bottom-left) Normalized joint
positions (solid lines) with the imposed minimum and maximum thresholds
(red-dashed lines). Bottom-right) Normalized joint velocities (solid lines) with
the imposed minimum and maximum thresholds (red-dashed lines)

Planner suspends the tracking of the nominal trajectory. Figures 4.8
bottom-left) and 4.8 top-right) demonstrate that the joint kinematic lim-
its are fully satisfied during the entire experiment.

4.4.1.3 Comparison with other Null-Space Based Approaches

To demonstrate its effectiveness, the safety algorithm was additionally
benchmarked against two baseline strategies: an evasive motion baseline
and an emergency stop baseline. In the following, the method presented
in this chapter is referred to as A1, the evasive motion baseline as A2,
and the emergency stop method as A3.
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Algorithm A2 draws on the approach in [87], wherein the control input is
modulated as a function of the danger field. Here, an analogous policy is
applied using the safety field:

q̇ = mq̇σ +
[
I −mJ †J

]
q̇0 (4.50)

where

m =







1 if F ≥ (1 + ǫ)
¯
F

0 if F ≤ (1− ǫ)
¯
F

1

2
+

1

2
sin

π(F −
¯
F )

2ǫ
¯
F

otherwise,
(4.51)

q̇σ denotes the joint-velocity command for accomplishing the operational
task, which can be computed using the closed-loop inverse kinematics
(CLIK) algorithm as q̇σ = J †σ(σ̇s+Kσσ̃), q̇0 corresponds to the gradient
of the safety field, and ǫ < 1 is a design constant introduced to guarantee
smoothness of the control command.

Algorithm A3 is a simple emergency-stop algorithm wherein the robot’s
desired trajectory is halted when the value of the safety field drops below
a certain threshold

¯
F . Within the framework described in Section 4.2.3.1,

this behavior is achievable by adjusting the control input uc according to
the following rule:

uc =

{

0 if F ≤
¯
F

1 if F >
¯
F

(4.52)

while maintaining all the components of the virtual input uα at zero (i.e.,
uα = 0). The comparison relies on the following metrics: (M1) Average
safety field value, (M2) Average path error, defined as the mean deviation
from the nominal path, and (M3) Robot idle time, defined as the amount
of time during which the robot task is interrupted. All the algorithms
have been evaluated under an identical simulation scenario, where the
robot was required to periodically reach two absolute-position waypoints
connected through a trapezoidal velocity profile, while preserving both its
absolute orientation and its initial relative pose. Concurrently, a human
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operator moved from the right side to the left side of the robot, causing the
safety field value to approach the imposed minimum threshold, which was
set to

¯
F = 0.9. It should be emphasized that the mobile base DoFs were

also considered in all three simulations. Figure 4.9 reports the obtained
results.
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Figure 4.9: Comparison. A1 - approach described in this chapter; A2 - evasive
motion; A3 - emergency stop.

Figure 4.9.Top) shows the temporal evolution of the safety field value for
the three algorithms. As can be noticed, with Algorithm A3 the safety
field reaches the lowest value compared to Algorithm A1 and A2; this is
because the human operator gets closer to the robot after it is stopped,
and the algorithm does not foresee any deviation from the nominal tra-
jectory. Conversely, Algorithm A2 moves the end-effectors away from the
human, leading to better results; however, the safety field still falls below
the threshold, which is unavoidable since the method entails no formal
constraint on the safety field value in the formulation. Finally, regard-
ing Algorithm A1, it manages to maintain the safety field value above the
minimum threshold for the whole experiment, this is due to the constraint
on the safety field value included in the corresponding QP formulation.
Figure 4.9.Bottom) shows the temporal evolution of the path error norm
for the three algorithms. As can be seen, Algorithm A3 introduces no
path error, since it exclusively modifies the reference velocity while pre-
serving the nominal path. Concerning the other two approaches, A1
results in smaller deviations from the nominal trajectory than A2. This
is motivated by the fact that, compared to A2, it has additional degrees
of freedom to exploit, whereas the evasive approach can only modify the
path. Table 4.2 presents the values of the evaluation metrics for the three
algorithms across the simulations, highlighting that the method proposed
in this chapter achieves the lowest robot idle time as well.
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ALGORITHM M1 M2 M3

A1 0.99 0.08 0

A2 0.95 0.0 0

A3 0.86 0.16 62

Table 4.2: Comparison metrics. A1 - approach described in this chapter; A2
- evasive motion; A3 - emergency stop. M1 - average safety field value; M2 -
average path error; M3 - robot idle time (%).

4.4.2 Shared-Control Validation

The control strategies described in Section 4.3.2 were extensively vali-
dated under both controlled laboratory and real-world conditions. The
results of this validation are presented below. Table 3.1 provides the robot
kinematic constraints, specified in terms of maximum and minimum po-
sitions and velocities, while Table 4.3 reports the adopted values for each
parameter and gain, respectively.

PARAMETER VALUE EQ.

¯
φjp,i,φ̄jp,i 10 Eq. (3.12)

¯
φvw,j 5 Eq. (3.19)

¯
σvw,j,i 0.3m Eq. (3.18)

¯
φsc,j,i 10 Eq. (3.23)

¯
σsc,j,head 0.5m Eq. (3.22)

¯
σsc,j,torso 0.35m Eq. (3.22)

¯
σsc,j,arm 0.2m Eq. (3.22)

Km,l,Km,r diag{20I3, 3I3} Eq. (4.38)

Kd,l,Kd,r diag{253I3, 27I3} Eq. (4.39)

Kp,l,Kp,r diag{800I3, 60I3} Eq. (4.40)

Table 4.3: Value of the parameters used for the validation.

4.4.2.1 Laboratory Experiments

In the following sub-section presents the results of two experiments con-
ducted in a controlled indoor environment to validate the strategies out-
lined in Section 4.3.2. All experiments took place in the LAI Robotics
Laboratory of the University of Cassino and Southern Lazio.

The first experiment was designed to validate the admittance control
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strategy outlined in Section 4.3.2.1 during simple human–robot interac-
tions, specifically to assess the robot’s ability to exhibit compliant behav-
ior with respect to external forces. To this end, the desired trajectory of
the left end-effector was defined as maintaining its position fixed at the
initial value:

al,d = 0, vl,d = 0, ρl,d =

[
pl,i
ol,i

]

, (4.53)

where pl,i and ol,i represent the initial position and orientation of the left
end-effector frame. The experiment also involved a human operator, who
was instructed to manually displace the end-effector twice, releasing it
after each displacement. The overall hierarchy taken into consideration
for this experiment is shown in Figure 4.10.

1st Level: Safety Tasks

2nd Level: Safety Tasks

3rd Level: Operational Tasks

Joint Position Limits

Joint Velocity Limits

Self-collision Avoidance

Virtual Wall

Admittance

Figure 4.10: The task hierarchy used to validate the operational task de-
scribed in Section 4.3.2.1.

A video showing the indoor experimental validation of the admittance
control strategy is available at the link 6. Figure 4.11 shows the key
moments of the laboratory experiment.

Figures 4.12 and 4.13 show the obtained results. In detail, Figure 4.12
shows the time evolution of the wrench measured by the wrench sensor
mounted at the wrist of the left manipulator, while Figure 4.13 shows the

6https://youtu.be/Fx1ZSfbAGBY

https://youtu.be/Fx1ZSfbAGBY
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Figure 4.11: Screenshot of the video showing the admittance control exper-
iment. Top Left: the human operator starts physically interacting with the
end-effector. Top Right: the human operator pulls down the end-effector. Bot-
tom Left: the human operator stops interacting with the end-effector. Bottom
Right: the end-effector returns to the desired position.

time evolution of the normalized joint positions and velocities (solid lines)
with respect to the corresponding normalized minimum and maximum
threshold values (dashed red lines).

Figure 4.12: Interaction wrench of the end-effector over time during the ex-
periment on admittance control.

The second experiment, in contrast, was aimed to validate the hand-
guiding control strategy outlined in Section 4.3.2.2. The evaluation fo-
cused on assessing the strategy ability to allow manual adjustment of the
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Figure 4.13: Top: normalized joints position over time during the experiment
(solid lines) and their thresholds (red dashedlines); Bottom: joints velocity over
time during the experiment (solid lines) and their thresholds (red dashed-lines)

arm’s configuration. For this purpose, a human operator was instructed
to physically interact with the left end-effector, while the robot was ini-
tialized in a predefined joint configuration with the hand-guiding strategy
enabled exclusively on the left arm and the right arm maintained station-
ary. The overall hierarchy taken into consideration for this experiment is
shown in Figure 4.14.

1st Level: Safety Tasks

2nd Level: Safety Tasks

3rd Level: Operational Tasks

Joint Position Limits

Joint Velocity Limits

Self-collision Avoidance

Virtual Wall

Admittance

Figure 4.14: The task hierarchy used to validate the operational task de-
scribed in Section 4.3.2.2.

A video showing the indoor experimental validation of the hand-guiding
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control strategy is available at the link 7. Figure 4.15 shows the key
moments of the laboratory experiment.

Figure 4.15: Screenshot of the video showing the hand-guiding control ex-
periment. Top Left: the human operator gets close to the robot. Top Right:
the human operator starts physically interacting with the end-effector. Bottom
Left: the human operator pulls up the end-effector. Bottom Right: the human
operator stops interacting with the end-effector and it remains still.

Figures 4.16 and 4.17 show the obtained results. Specifically, Figure 4.16
shows the time evolution of the wrench measured by the wrench sensor
mounted at the wrist of the left manipulator, while Figure 4.17 shows the
time evolution of the normalized joint positions and velocities (solid lines)
with respect to the corresponding normalized minimum and maximum
threshold values (dashed red lines).

4.4.2.2 Real-World Experiments

This section reports the results of the validation campaign carried out
under real-world conditions. The validation consisted of two harvesting
experiments, both carried out during the CANOPIES project’s experi-
mental campaign.

Regarding the harvesting task, as previously described in Section 3.5.2,
in order to harvest a grape bunch effectively, the robot must first detect

7https://youtu.be/He0abs0u0fk

https://youtu.be/He0abs0u0fk
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Figure 4.16: Interaction wrench of the end-effector over time during the ex-
periment on hand-guiding control.

Figure 4.17: Top: normalized joints position over time during the experiment
(solid lines) and their thresholds (red dashedlines); Bottom: joints velocity over
time during the experiment (solid lines) and their thresholds (red dashed-lines)

the bunches within its surroundings and then accurately estimate the
3D position of the peduncle cut-point of each detected bunch. Once the
collected data have been analyzed and the peduncle position has been es-
timated, the harvesting procedure is started. The Trajectory Generation
module then computes the desired end-effector position and orientation
trajectories, connecting a sequence of suitable waypoints through trape-
zoidal velocity profiles. This enables the robot to: i) move to a pre-grasp
position, i.e., a location at a predefined distance from the peduncle; ii)
proceed to the grasp position, i.e., move onto the peduncle ; iii) close the
gripper to secure the bunch; iv) actuate the scissors to cut the peduncle;
v) move to a pre-release position, i.e., at a predefined distance from the
box where the grapes must be placed; and vi) deposit the bunch into the
designated container. It is worth noting that the success of the procedure
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strongly depends on the accuracy of the peduncle position estimation,
which is particularly difficult to ensure owing to the variability in the
distance between the cameras and the grape bunches, as well as occlu-
sions that may be caused by leaves or adjacent bunches. To overcome
these issues, the proposed approach involves performing the estimation
from multiple viewpoints and exploiting the additional RGB-D sensors
available in the system, such as the wrist-mounted ones. Specifically, the
proposed approach first involves the processing of data acquired from the
head-mounted RGB-D sensor to obtain an initial estimate of the bunches
position. Then, if the peduncle of the selected bunch is occluded by leaves
or adjacent grapes, or if the bunch is located too far from the head cam-
era for an accurate estimation, one of the end-effectors is moved closer
to the selected bunch to refine the peduncle position estimation using
the wrist-mounted camera (see Figure 3.1). After this second run of the
perception software, the harvesting procedure is started, provided that a
reliable estimate of the cut-point of the selected bunch peduncle has been
obtained.

However, it is worth noticing that, despite the strategy outlined above, the
estimation procedure may nonetheless fail due to the inherent complexity
of the task. In particular, occlusions caused by nearby bunches, canes, or
leaves may continue to hinder the perception module from detecting the
peduncle, even when multiple cameras and viewpoints are employed. In
such situations, human intervention is required to complete the harvesting
operation. To enhance the effectiveness of the overall harvesting proce-
dure and come with the afore-mentioned challenges, a strategy has been
designed to dynamically adjust the system’s autonomy level according to
the success of the estimation procedure. Specifically, two control modes
have been defined: autonomous mode and semi-autonomous mode.

The autonomous mode relies on the control strategy outlined in Sec-
tion 4.3.2.1 and is employed whenever the perception module is able to
provide an accurate estimation of the 3D postion of the peduncle cut-point
of the selected grape bunch. Under this mode, the robot autonomously
performs all end-effector movements required to accomplish the entire har-
vesting procedure. Conversely, the semi-autonomous mode builds upon
the control strategy described in Section 4.3.2.2 and is activated in case
of failures of the perception system. Under this mode, partial control of
the operation is assigned to a human operator, who is instructed to use
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his/her perceptual and cognitive abilities to support the robot in com-
pleting the harvesting process. More in detail, whenever the perception
module fails to provide an accurate estimation of the 3D position of the
peduncle cut-point of the selected grape bunch, the control framework
first activates the robot’s text-to-speech module to request human in-
tervention and then switches the operational mode from autonomous to
semi-autonomous. As a result of this switch, the admittance parameters
are adjusted to fit the new mode, in particular, to enable the human op-
erator to grab the end-effector and manually position it at the cutting
point. In parallel, the framework retains control over those tasks that
are challenging for the operator to handle, including safety constraints
and internal configuration management. This division of responsibilities
permits the operator to focus solely on the harvesting procedure, while
the system oversees all remaining control objectives. Once the operator
has completed the assigned task, the robot switches back to autonomous
mode and autonomously continues executing the remaining stages of the
harvesting procedure.

Figure 4.18 shows a graphical representation of the Finite State Machine
implementing the strategy devised to dynamically adjust the system’s
autonomy level based on the outcome of the estimation procedure.

4.4.2.2.1 Autonomous harvesting

In the following, the results of the experiment designed to validate the
autonomous harvesting mode described in the first part of Section 4.4.2.2
are reported. The experiment was conducted in a scenario free of occlu-
sions, where the perception system could reliably estimate the position
of the peduncle cut-point of each detected grape bunch. A video showing
the outdoor experimental validation discussed in this section is available
at the link 8.

According to the FSM in Figure 4.18, the procedure begins with the
robot in autonomous mode, executing the perception software to process
the data collected by the RGB-D sensor placed in its head (Figure 3.15).
After completing the analysis of the collected data, the perception system
provides the results of the detection and localization processes to the
control architecture, which then commands the robot to bring its right
harvesting tool to the pre-grasp position (see Figure 4.19 Top-Right).

8https://youtu.be/w0b_ftCX7iQ

https://youtu.be/w0b_ftCX7iQ
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Figure 4.18: State machine describing the sequence of operations for hu-
man–robot collaboration in grape harvesting. The colors of the blocks encode
the robot control mode: autonomous in yellow and semi-autonomous in orange.
The blocks with a white background are related to robot components different
from the manipulators (i.e., RGB-D cameras and end-effectors); thus, they are
not affected by the specific control mode.

Then, the robot brings the tool to the grasping position and completes
the harvesting procedure by closing the gripper to secure the bunch and
actuating the scissors to cut the peduncle. After the grape has been
harvested, the robot brings the grape first to the pre-release position (see
Figure 4.19 Bottom-Left), and then to the release position (see Figure 4.19
Bottom-Right). Once the grape has been successfully released, the robot
returns the tool to its initial configuration (see Figure 4.19 Top-Left).

Figure 4.20 shows the obtained results. Specifically, Figure 4.20.Top)
shows the time evolution of the actual (solid blue line) and desired (dashed
red line) position of the tool involved in the harvesting procedure, whereas
Figure 4.20.Bottom) reports the time evolution of the normalized posi-
tions and velocities of the torso and right arm joints (solid lines) with
respect to their normalized limit values (dashed red lines).
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Figure 4.19: Top Left: image of the robot with both harvesting tools in the
home configuration. Top Right: image of the robot with the right harvesting
tool in the pre-grasp position. Bottom left: image of the robot with the right
harvesting tool in the pre-release position. Bottom right: image of the robot
with the right harvesting tool in the release position.

4.4.2.2.2 Semi-autonomous harvesting

In the following, the results of the experiment conducted to validate the
semi-autonomous harvesting mode described in the latter part of Sec-
tion 4.4.2.2 are presented. The experiment was conducted in a scenario
where most bunches were occluded by leaves (see Figure 4.21 top-left),
which hindered the perception system from accurately estimating the po-
sition of the peduncle cut-point.

According to the FSM in Figure 4.18, the procedure begins with the
robot operating in autonomous mode, executing the perception software
to process the data collected by the RGB-D sensor located in its head
(see Figure 4.21 top-left). As shown in Figure 4.21 top-right), which pro-
vides an example of the perception software output in dense-vegetation
scenarios, dense vegetation and resulting occlusions may not only reduce
the number of detected bunches but also hinder the localization of their
peduncles. In such cases, the control architecture commands the robot
to bring its right end-effector to a pre-grasp position, i.e., a predefined
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Figure 4.20: Top: time evolution of normalized joint positions (top) and
velocities (bottom) of the right arm (solid lines), shown with respect to their
normalized limit values (dashed red lines). Bottom: x, y, and z coordinates
over time of the actual (solid blue line) and desired (dashed red line) position
of the right end-effector.

distance from one of the detected bunches, and then reattempt the detec-
tion procedure with the wrist camera (Figure 4.21 bottom-left). However,
in these scenarios, even after a second attempt performed from a closer
viewpoint, the system may continue to fail to detect the peduncles of
the identified bunches. When this occurs, the framework activates the
robot’s text-to-speech module to request assistance from a nearby hu-
man operator and then switches the operational task from admittance to
hand-guiding, thereby changing the robot’s mode of operation from au-
tonomous to semi-autonomous. As a result of this switch, the admittance
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Figure 4.21: Top Left: image of the grapes from the robot’s head camera.
Top Right: result of the grape recognition and peduncle localization process.
Bottom left: images of grapes taken from the right wrist camera. Bottom
Right: human operator assisting the robot during the harvesting procedure.

parameters are updated according to this mode, allowing the human op-
erator to grab the end-effector and manually place it at the cutting point
(Figure 4.21 bottom-right). As already mentioned, once the operator
has completed the assigned task, the robot switches back to autonomous
mode and autonomously continues executing the remaining stages of the
harvesting procedure.

A video showing the outdoor experimental validation discussed in this
section is available at the link 9.

Figure 4.22 shows the obtained results. Specifically, Figure 4.22.Top)
shows the time evolution of the interaction wrench detected by the F/T
sensor at the right end-effector during the harvesting experiment. As can
be observed, between t ≈ 40 s and t ≈ 60 s, the human operator applies a
force to guide the end-effector toward the cutting point. At the end of this
phase, which occurs when when the end-effector is released and no contact
is detected for more than 3 s, the robot’s mode of operation is reverted

9https://youtu.be/rRs9_ZnKZrE

https://youtu.be/rRs9_ZnKZrE
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to autonomous and the admittance parameters are updated accordingly.
From then on, the robot autonomously complete the remaining steps of
the harvesting procedure. Specifically, it first closes the gripper to secure
the bunch, then actuates the scissors to cut the peduncle (at t ≈ 70
s), subsequently brings the grape first to the pre-release position, and
finally releases it into the collecting box placed at the front part of its
mobile base (at t ≈ 130 s). It is worth noticing that, during this phase,
the measured interaction wrench mainly consists of the gravitational force
resulting from the grape weight (yellow line in the top plot of Figure 4.22).
Figure 4.22.Middle) reports the time evolution of the normalized positions
and velocities of the torso and right arm joints (solid lines) with respect
to their normalized limit values (dashed red lines). Finally, 4.22.Bottom)
shows the time evolution of the x, y, and z coordinates of the actual (solid
blue line) and desired (dashed red line) positions of the right end-effector.
The cyan-shaded region denotes the interval in which the system operates
in semi-autonomous mode.

4.5 Conclusions

This chapter presented a comprehensive control framework designed to
ensure safe and effective human–robot collaboration in real-world scenar-
ios. The proposed architecture integrates the control scheme introduced
in Chapter 3 with two complementary modules: a Safety Planner and a
Shared Control Strategy. The Safety Planner guarantees human safety
by quantifying it through a dedicated safety field and exploiting this mea-
sure to compute optimal trajectory adjustments, either by reducing ve-
locity or deviating from a nominal path, via the solution of a Quadratic
Programming (QP) problem. The resulting commands are incorporated
into the HQP–CBF control framework, thereby allowing the robotic sys-
tem to simultaneously execute multiple tasks while safeguarding human
operators. In parallel, the Shared Control Strategy enables adaptive au-
tonomy modulation in complex kinematic systems, such as dual-arm mo-
bile robots performing harvesting operations. By dynamically adjust-
ing the robot’s admittance parameters according to task conditions esti-
mated by a perception system, the framework allows smooth transitions
between autonomous and collaborative behaviors. This mechanism is
implemented through two distinct admittance behaviors, formulated as
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operational tasks within the HQP framework and coordinated via a finite-
state machine that governs their switching. The integrated approaches
were extensively validated through experiments on a dual-arm robot in
both laboratory and real-field environments. Results demonstrated the
flexibility, robustness, and effectiveness of the proposed architecture in
balancing human safety and task performance.
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Figure 4.22: Top: time evolution of the interaction wrench detected by the
F/T sensor at the right end-effector during the harvesting experiment. Middle:
time evolution of normalized joint positions (top) and velocities (bottom) of
the right arm (solid lines), shown with respect to their normalized limit values
(dashed red lines). Bottom: x, y, and z coordinates over time of the actual
(solid blue line) and desired (dashed red line) positions of the right end-effector.
The cyan background highlights the phase in which the system is in semi-

autonomous mode.
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Chapter 5

A Human-in-the-Loop

Scheduling and Task Allocation

Framework for

Multi-Human–Multi-Robot

Collaboration

5.1 Introduction

Earlier chapters have provided an extensive analysis of the development
of low-level control strategies for complex robotic systems, with particular
emphasis on aspects concerning single robot–single human interactions,
such as ensuring human safety, promoting effective coexistence, and man-
aging physical interactions appropriately. However, the approaches dis-
cussed in the preceding chapters may prove insufficient to guarantee a safe
and efficient human–robot coexistence, particularly in scenarios involving
multiple agents that are required to operate in a coordinated fashion to
achieve a shared objective. Therefore, to achieve coherent collective be-
haviors and enhance the overall system performance, it becomes essential
to implement a higher-level control layer dedicated to multi-agent coor-
dination.
As highlighted in Section 1.1, human–multi-robot teams have shown great
potential in many settings [14, 15, 16, 99], such as logistics, industrial
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manufacturing, healthcare, and precision agriculture. These collabora-
tive systems leverage the unique cognitive strengths of humans and the
physical ones of the robots to enhance productivity and operational ef-
ficiency [13]. However, significant challenges arise from this collabora-
tion due to the complex social dynamics inherent in human-agent inter-
actions [100, 101]. For instance, the presence of humans in the robot
workspace adds complexity to planning and decision-making, as it must
account for the dynamic and subjective nature of human behavior [102].
Within this framework, the chapter addresses the challenge of task al-
location and scheduling in human–multi-robot teams, as illustrated in
Figure 5.1. The strategies and methodologies outlined in this chapter are
designed to achieve a two-fold objective: i) the minimization of quan-
titative performance indicators, including makespan (overall completion
time), waiting time, and robot energy consumption; and ii) the prioriti-
zation of human comfort together with the accommodation of individual
preferences, which may evolve over time. Optimizing these human-specific
aspects is essential in human-robot collaboration to ensure socially accept-
able and effective interactions [18, 19, 20]. This chapter presents a two-
layer framework developed to accomplish the aforementioned objective,
specifically tackling the challenge of task allocation and scheduling within
human–multi-robot teams. In the first layer, a Mixed-Integer Linear Pro-
gramming (MILP) optimization problem is formulated for offline task
allocation and scheduling, assuming constant parameters of the agents,
while explicitly accounting for the stochastic nature of human operation
durations. In the second layer, dynamic adjustments to the plan are made
to account for online human feedback and changes in the working agents’
parameters. In particular, an interactive user interface allows human op-
erators to provide input on high-level factors such as robot velocities when
approaching them, distances between the operator and the service robots,
and waiting times. Human feedback and measurements are used to adapt
MILP parameters and weights online. Based on these updates, the frame-
work determines whether reallocation is required or timing adjustments
are sufficient. This feedback-driven approach ensures that task allocation
and scheduling remain efficient over time, adapting to evolving conditions
and individual human requirements. Moreover, it accounts for inherent
human variability, such as differences in perceived time [103] and spatial
distances [104]. Finally, to handle large-scale systems, an efficient reso-
lution process is proposed that resorts to Constraint Programming (CP)
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and a batch decomposition strategy, mitigating possible computational
issues.

MILP has proven to be particularly effective for task allocation and
scheduling in collaborative settings, as it enables the specification of op-
timal plans while accounting for multiple constraints, including resource
capacities, precedence relations, and temporal dependencies. Such for-
mulations have been widely employed to reduce the makespan in hu-
man–robot systems. In this regard, the work in [105] formulates a MILP
problem for assigning and scheduling given tasks with multiple robots and
a human operator by discretizing the time horizon, which makes the so-
lution inefficient for long-horizon planning or fine discretization settings.
Similarly, the study in [106] considers a discretization of the time horizon
for scheduling the activities in a single-robot single-human setting. In
doing so, ergonomics factors and human fatigue are considered in addi-
tion to the makespan. The limitation of the time-horizon discretization
is addressed in the MILP formulation presented in [107], which adopts
a continuous-time approach. This method introduces additional cost in-
dices that account for workload distribution and quality measures, and
it enables human supervision of robot operations when full robot auton-
omy is not feasible. It is worth noting that the limitation related to
time-horizon discretization is also overcome in the work presented in this
chapter, where continuous scheduling time instants are considered. MILP
formulations have also been applied in the literature to solve balancing
problems [108, 109]: in the former, the minimization of the total number
of humans and robots is considered as a secondary objective beyond the
assignment of tasks to stations, of humans and robots to stations and
the scheduling of the tasks; in the latter, the minimization of the number
of human workers in an assembly line with a fixed number of stations is
addressed by explicitly accounting for the differing capabilities of human
and robotic agents. However, in both works, no changes in online human
parameters and/or preferences are considered.

The previous works, however, do not address the key challenge posed by
the stochastic nature of human behavior. Differently, in [110], a multi-
age concurrent Markov Decision Process framework is considered, and
a MILP formulation is used to approximate action values for task as-
signments. However, the approach in [110] does not account for human
preferences, particularly their dynamic nature, a further key challenge
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in human-robot collaborative settings. The work presented within this
chapter addresses this limitation by resorting to chance programming for
human stochasticity and explicitly adapting the MILP parameters in re-
sponse to continuous online human feedback. Alternatively to MILP, in
the context of optimization-based approaches, the use of CP formulations
has also been explored in [111], where a comparative analysis of these for-
mulations is presented for task allocation and scheduling in human-robot
teams, focusing on minimizing makespan in production and logistics tasks
for aircraft assembly. Still, no consideration of online human changes is
taken into account. As the main drawback of MILP formulations lies
in their computational burden, given that these problems are NP-hard,
existing approaches have explored different decomposition strategies or
hybrid strategies. For instance, in [112], tasks are pre-divided into lay-
ers based on precedence constraints, and the optimization objective is to
allocate and schedule them to minimize the cycle time of these layers.
Similarly, [113] employs a layered task architecture in which task prior-
ities are established according to their dependency hierarchy. However,
sub-optimality generally arises from partitioning tasks into layers when
handling complex scenarios. In contrast, the framework proposed in this
chapter seeks to maintain initial optimality and applies online corrections
to preserve it. A related approach is presented in [114], where a Hun-
garian algorithm is applied for the initial allocation of tasks to agents,
followed by a MILP-based scheduling phase. A combination of different
methodologies is also proposed in [115], where a hybrid approach com-
bines behavior trees with a MILP formulation to achieve sub-optimal task
allocation. This method incorporates general capability costs, account-
ing for factors such as the agents’ kinodynamic properties, task durations,
and human ergonomics.

To further reduce the computational burden (at the expense of optimal-
ity), additional works in the literature have explored the use of meta-
heuristic optimization techniques. For instance, genetic algorithms are
exploited in [116] and [117], while particle swarm optimization with hu-
man supervision is considered in [118]. While these methods are flex-
ible and can adapt to complex environments, they do not guarantee a
global optimum. Moreover, human variability and preferences are not
considered for online rescheduling and reallocation in the above works.
A further common representation used in these collaborative contexts is
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the AND/OR graph [119], a tool for modeling task dependencies, where
AND nodes require all sub-tasks to be completed, and OR nodes indicate
that completing any sub-task is sufficient to proceed. For instance, [120]
employs this framework to design a scheduler that dynamically updates
online to handle failures, ensuring robust task execution, while [121] uti-
lizes an AND/OR graph to support dynamic role allocation in assembly
tasks. At each step, an optimization algorithm identifies the next action
and assigns it to the most suitable worker using real-time quantitative
metrics. However, no consideration of online human preferences is taken
into account in these works.

Finally, a few works in the literature also resort to a data-driven approach
and apply Reinforcement Learning (RL) methods for task allocation and
scheduling in collaborative settings. In this regard, the study in [122]
introduces a Bayesian RL framework for adaptive assembly line balancing
in scenarios with one robot and multiple humans by modeling worker
task proficiencies using Hidden-parameter Markov Decision Processes. In
contrast, the work in [123] presents a chessboard-based framework for
human-robot collaborative task scheduling, modeled as a Markov game
and optimized using deep Q-network-based multi-agent RL. While RL
methods can potentially handle complex scenarios, they generally demand
significant training data and can be computationally expensive.

Hence, most existing approaches i) neglect human-specific challenges such
as behavior variability and evolving preferences; ii) are limited in the
number of agents they can handle; iii) do not necessarily guarantee op-
timal solutions; iv) consider only a limited number of factors in the opti-
mization process, such as makespan; and v) offer limited scalability. More-
over, current task allocation and scheduling approaches do not explicitly
address the problem setting examined in this chapter. The proposed
contribution advances the state of the art by introducing a MILP-based
framework developed to achieve optimal task allocation and scheduling in
human-robot collaborative teams, accommodating arbitrary numbers of
human and robotic agents and modeling the human inherent stochasticity.
Unlike existing methods, the proposed approach accounts for two critical
aspects at execution time: i) human parameters variability, including dif-
ferences in task execution times and locations, and ii) human preferences
that may evolve over time. By addressing these factors, the framework
ensures both adaptability and efficiency, enabling it to handle complex
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collaborative scenarios with diverse and changing conditions. Addition-
ally, an extension is proposed to address large-scale systems by relaxing
the requirement for exact optimality in favor of improved computational
traceability.

An example of problems that can be tackled using the above-mentioned
framework is presented below.

Problem 1. Consider a system with a set of working agents A, including
human operators in the set H and working robots in W, performing op-
erations O in the environment, and a set of service robots which perform
services for each operation of the working agents. Assume that each hu-
man operator a ∈ H is equipped with a device to provide feedback on the
perceived quality of service for each operation τ oa,i. Consider that the du-
rations of the working agents’ operations δoa are stochastic. At the same
time, the service locations and the human feedback vary over time, re-
quiring the system to adapt accordingly. The objective is to dynamically
allocate and schedule the assistance tasks for service robots so that all
operations are served while minimizing optimality metrics that account
for various aspects of the assistance activities and accommodating time-
varying human operators’ preferences and parameter variations.

The rest of the chapter is organized as follows. Section 5.2 introduces the
scenario under consideration, detailing both the agents involved and the
tasks performed by the team. Section 5.3 presents the proposed frame-
work, outlining its architecture and offering a comprehensive mathemat-
ical formulation of the optimization problem designed to address the dy-
namic allocation and scheduling of assistance tasks. Section 5.4 specifies
the quantities monitored in real time and explains how their variations
dynamically affect the parameters of the MILP formulation presented in
Section 5.3.1. Section 5.5 describes the strategies implemented for the on-
line adjustment of the plan. Section 5.6 examines approaches tailored for
large-scale instances, where the MILP formulation may become compu-
tationally prohibitive owing to the NP-hardness of the problem. Finally,
Sections 5.7, 5.8, and 5.9 describe in detail the simulated and real-world
experiments conducted to validate the effectiveness of the proposed frame-
work.
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5.2 Scenario

This section introduces the scenario under consideration, detailing both
the agents involved and the tasks performed by the team. The nota-
tion introduced herein will be employed throughout the remainder of the
chapter. Calligraphic capital letters denote sets, non-calligraphic capital
letters denote binary variables, while lowercase letters are used otherwise.
For a set S = {s1, s2, . . . , sn}, the notation i ∈ S refers to the i th ele-
ment of the set, and |S| to its cardinality. When the elements of the set
are indexed by two indices, such as S = {s1,1, s1,2, . . . , sn,m}, the nota-
tion (i, j) ∈ S indicates the element si,j. Table 5.1 summarizes the main
notation and variables.

5.2.1 Environment

Figure 5.1: Illustration of the collaborative scenario with several working
agents and service robots in a vineyard environment.

This chapter addresses a scenario characterized by a collection of hetero-
geneous working agents (Figure 5.1), A, each engaged in a sequence of
ordered operations, together with a set of heterogeneous mobile service
robots,M, that support them in their tasks. The set of working agents A
includes both working robots, composing the set W , and human opera-
tors, composing the set H; thus, A = H ∪ W . Let nm, na, nh, and nw
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VARIABLE MEANING

nm(nw, nh, na) Number of service robots (working robots, human
operators, working agents)

M,W,H,A,O Sets of service robots, working robots, human op-
erators, working agents and operations of A

xs
a (xw

a,m) Position for serving (waiting for) the working
agent a

xd
m Base position of the service robot m

lda,m (lga,m) Length of the path from xd
m to xs

a (xw
a,m)

lpa,m Length of the path from xw
a,m to xs

a

vcmin,m (vcmax,m) Minimum (maximum) speed of the robot m

µm Physical factor of robot m

τoa,i Operation i performed by the agent a

τga,i(τ
w
a,i, τ

p
a,i, τ

s
a,i, τ

d
a,i) Going (waiting, proximity, serving, depositing) task

related to the operation (a, i)

Sa,i,m Binary variable for the assignment of the assistance
activity (a, i) to the robot m

za,i (za,i) Start (end) time of the robotic assistance phase z
for the activity (a, i), with z ∈ {g, ws, p, s, d}

oa,i (oa,i) Start (end) time of agent operation (a, i)

δoa Time for the agent a to perform an operation mod-
eled as δoa ∼ N (ϕa, σa)

δsm, δdm Time required by robot m to serve an agent, to
perform any action at the deposit station

wo
a,i Waiting time for the operation (a, i)

eza,i Energy-like term for task z related to activity (a, i)

vza,i,m Velocity for task z related to activity (a, i) and per-
formed by robot m

cM (cǫ) Arbitrary large (small) positive constant

α, β, γ, κ Cost function weights

ρsa, ρea, ηwa,i, η
v
a,i Working severity index, efficiency index, satisfac-

tion index for the waiting time and the velocity

fv
a,i (fw

a,i) Human feedback on the velocity (waiting time)

ι Relative optimality index

bs Batch size

ωz Adaptation index related to z (with z ∈ {w, v})

Table 5.1: Main notations introduced in the paper.

denote the numbers of service robots, working agents, human operators,
and working robots, respectively. Consequently, |M| = nm, |A| = na

with na = nh + nw, |H| = nh, and |W| = nw. In such a setting, distribut-
ing service activities among the robots and scheduling them effectively is
essential to the overall performance of the system. This is particularly
relevant when multiple working agents are involved, as it affects their idle
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times and workload balance. The main objective, therefore, is to sched-
ule the service robots’ activities so that they provide timely, personalized,
and adaptable support.
According to Figure 5.1, the environment comprises two main areas: a
depot and a working area. Regarding the depot area, each service robot
m ∈ M is assigned a specific location in it, referred to as the base posi-
tion and indicated with xdm. The base position represents both the robot’s
starting location and the point to which it must return after completing a
service activity, enabling it to perform subsequent service activities. For
instance, the robot can release a load at the depot, ensuring it is ready
to pick up additional loads afterward.
Regarding the working area, each working agent a ∈ A operates in it
and requires services to be performed (at the end of each completed op-
eration) at the designated service location xsa. The path length required
to reach xsa from the depot position of the service robot m is denoted
by lda,m. Additionally, for each agent a ∈ A, a desired distance lpa,m is de-
fined, representing the position at which the service robot m is required to
wait, if necessary. The associated waiting location, xwa,m, lies at a distance
lpa,m from xsa. This constraint ensures that, when the service robot must
remain near a working agent until the latter completes an operation, it
does not stand too close. Otherwise, the robot’s proximity may create
discomfort for the human operator and hinder him/her from performing
the task effectively and/or safely. Furthermore, the path length required
to reach xwa,m from the depot position of the service robot m is denoted
as lga,m. It is worth noting that working agents can generally change their
working location over time. In such cases, the service and waiting loca-
tions and the path lengths are updated accordingly. In Figure 5.1, the
depot is represented by the grey area, where yellow boxes are released
and stored, while the working area is the part in brown comprising the
vineyard and working agents.

5.2.2 Operations and Assistance Activities

For each working agent a ∈ A, an ordered set of operations is defined and
denoted by Oa = {τ oa,1, . . . , τ oa,qa}, where τ oa,i denotes the i-th operation of
agent a, and qa represents the total number of operations performed by
agent a. According to this structure, each operation τ oa,i must be carried
out before τ oa,i+1, for all i ∈ {1, . . . , qa−1}. These sets are contained within
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a global set, formally defined as O = {O1∪ . . .∪Om}. In the agricultural
case study, which is the one considered in this chapter, an operation con-
sists of filling a box with fruits within an agricultural context. In contexts
similar to the one addressed in this chapter, the duration is usually re-
garded as a stochastic variable. More specifically, it is commonly modeled
by means of a Gaussian distribution, δoa ∼ N (ϕa, σa), where ϕa and σa
represent the mean and standard deviation associated with agent a. This
modeling paradigm is extensively adopted in the literature, as evidenced
in [124, 125, 126, 127], and [128].
For each operation τ oa,i ∈ O, a corresponding assistance activity that a
service robot m must carry out to enable agent a to perform the sub-
sequent operation τ oa,i+1 is defined. The assistance activity requires the
service robot to reach an area close to the working agent, possibly wait for
him/her/it to complete the operation, approach him/her/it and perform
the service, and finally return to the depot. In the case study consid-
ered in this chapter, the service consists of replacing a box filled with
harvested fruits with an empty one, thereby enabling the working agent
to continue the harvesting mission. Accordingly, the assistance activity
can be decomposed into five consecutive phases, hereafter referred to as
tasks:

1. a going phase τ ga,i, where the service robot, starting from its depot,
navigates the field to go close to the working agent a in the position
xwa,m. Start and final times of this phase are denoted as g

a,i
and ga,i,

respectively;

2. a waiting phase τwa,i, where the robot waits in xwa,m for the end of
i-th operation of the agent a to carry out the service. Start and
final times of this phase are denoted as ws

a,i and ws
a,i, respectively;

3. a proximity phase τ pa,i, where the robot approaches the agent to
reach the service location xsa. Start and final times of this phase are
denoted as p

a,i
and pa,i, respectively;

4. a serving phase τ sa,i, where the robot performs the service for the
working agent, with a minimum duration equal to δsm. Start and
final times of this phase are denoted as sa,i and sa,i, respectively;

5. a depositing phase τ da,i, where the robot returns to the base position
at the depot and performs any conclusive action with duration δdm,
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if needed (e.g., releasing a load at the depot). The start and final
times of this phase are denoted as da,i and da,i, respectively.

Figure 5.2 shows all the phases of the assistance activity carried out by
the service robot m in support of the working agent a.

Figure 5.2: Illustration of the phases of an assistance activity.

5.2.3 Service robots and working agents

For each service robot m, both the minimum and maximum cruising ve-
locities required to traverse the field are defined. Specifically, they are
denoted as vcmin,m, with vcmin,m > 0, and vcmax,m, with vcmax,m ≥ vcmin,m,
respectively, and may differ among robots. The maximum velocity is
constrained by the robot’s physical capabilities, whereas the minimum
velocity depends not only on these physical limitations, such as overcom-
ing high friction on challenging terrain, but also on the necessity to reduce
the robot’s presence within the working area. Limiting the time spent by
service robots in the working area is thus essential to avoid interference
with the operations of both working agents and other service robots. Ac-
cordingly, the global minimum and maximum allowed velocities across
all service robots can be formally expressed as vcmin = min

m∈M
vcmin,m and

vcmax = max
m∈M

vcmax,m, respectively. For the proximity phase involving hu-

man operators a ∈ H, additional velocity constraints that depend on
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the specific human operator are imposed. These bounds are denoted
as vpmin,a,m and vpmax,a,m, respectively. It follows that vpmin,a,m ≥ vcmin,m,
and vpmax,a,m ≤ vcmax,m, ∀a ∈ H. The rationale for implementing differ-
ent velocities during the proximity phase is to give the human operator
greater control over the robot’s behavior, particularly its velocity, when
operating nearby. Notably, this is crucial, as the robot’s velocity directly
impacts the human operator’s sense of safety and comfort. In the case
study discussed in this chapter, the proximity velocities are initialized as
vpmin,a,m = 0.8vcmin and vpmax,a,m = 0.75vcmax. Further details regarding the
online update of these bounds are provided in Section 5.4. For each ser-
vice robot m, a positive parameter µm, hereafter referred to as physical
factor, is defined to account for the robot’s intrinsic physical properties,
including mass and size. The larger µm is, the more physically massive
the robot. Moreover, it is assumed that a low-level controller is available,
ensuring that robot m can reliably track prescribed plans. Regarding
the human operators, for each operator a ∈ H, the following indices are
defined

1. an Efficiency Index ρea ∈ [0, 1], with 1 denoting the highest efficiency
level and 0 the lowest within the human counterpart of the team.
This index can, for instance, be defined as

ρea =
ϕa

mina∈Hϕa

.

In the case study discussed in this chapter, this index represents
the ratio between the box-filling time of human agent a and the
minimum box-filling time observed among all humans in the set H;

2. a Working Condition Severity Index ρsa ∈ [0, 1], where 1 corresponds
to maximum discomfort. This index may, for example, account
for ergonomic strain, exposure to direct sunlight, or variations in
perceived temperature.

The indices, along with task duration and service location, are assumed
to be measurable. Although their estimation is beyond the scope of this
chapter, it can be addressed by leveraging existing methodologies, such
as those reported in [129] and [130]. Furthermore, it is assumed that
each human operator is equipped with a device capable of reporting feed-
back on the perceived quality of service, thus facilitating the adaptive
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mechanisms outlined in Section ??.

5.3 Optimization Framework

Figure 5.3: Schematic illustration of the framework.

In order to solve Problem 1 and to perform the dynamic allocation and
scheduling of assistance tasks, a two-layer framework has been designed
(Figure 5.3). In the first layer, a MILP optimization problem is for-
mulated for offline allocation and scheduling, where the optimal solu-
tion is computed using the initial parameters of the working agents. To
handle uncertainty in task durations, chance-constrained programming is
adopted, while the remaining parameters are treated as constant. In the
second layer, the plan is dynamically adjusted to accommodate human
feedback and to respond to variations in the parameters of the working
agents. To this end, the framework integrates a monitoring module that
continuously tracks agent activities and gathers human feedback, which
is then employed to update the parameters of the MILP formulation.
The framework then determines whether task reallocation is necessary,
considering both temporal adjustments and reassignment of tasks to ser-
vice robots. If reallocation is not required, temporal adjustments are
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performed through an updating module to ensure compliance with the
imposed constraints. If reallocation is required, the MILP problem is re-
solved with the updated parameters, typically resulting in changes to both
task timings and robot assignments, thus producing a plan that is better
aligned with the evolving needs of the human operators. The second-layer
iterative procedure is carried out until the completion of all operations
performed by the working agents, thereby ensuring continuous adapta-
tion to human feedback and delivering more tailored support to the oper-
ators. For large-scale scenarios, an efficient solution approach combining
CP and batch decomposition is introduced in Section 5.6. This approach
is based on iteratively computing allocation and scheduling while keep-
ing the problem dimension fixed, thereby ensuring that the associated
computational complexity remains fixed and tractable.

Before introducing the MILP-based formulation and presenting a formal
solution to Problem 1, it is necessary to introduce the relevant decision
variables. Specifically, let Sa,i,m be a binary decision variable that equals
1 if service robot m executes the assistance activity associated with op-
eration τ oa,i, and 0 otherwise. Within this framework, the task allocation
objective consists in determining the set of binary decision variables Sa,i,m,
∀(a, i) ∈ O, m ∈ M. The task scheduling objective, on the other hand,
requires specifying the continuous decision variables related to the start
and completion times of each task, namely g

a,i
, ws

a,i, p
s
a,i

, sa,i, da,i, oa,i,

ga,i, w
s
a,i, p

s
a,i, sa,i, da,i, and oa,i.

5.3.1 MILP-based Formulation

This section presents the MILP optimization problem for task allocation
and scheduling, which involves defining the binary variables Sa,i,m and the
continuous variables representing the start and completion times of each
task and operation. Before presenting the formulation, the optimality
metrics relevant to the context under investigation in this chapter are
formally introduced. Specifically, these include:

• Waiting time of the working agents, whose reduction enables conti-
nuity of operations with minimal interruptions.

• Energy consumption of the service robots, whose minimization en-
hances efficiency and extends operational capacity.
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• Overall makespan, whose reduction shortens the total completion
time of all tasks in the system.

Let the scaled makespan be denoted as ∆ and defined as

∆ =
max(a,i)∈O da,i

|O|(ldmax + lgmax + lpmax)/vcmin + |O|(δsmax + δdmax)
,

where this definition accounts for the fact that the last task is always
a depositing one, and a scaling denominator is introduced to ensure the
comparability of the factors. Specifically, ldmax,l

g
max, and lpmax represent

the longest distances for the depositing, going, and proximity phases,
respectively; vcmin denotes the minimum cruising velocity within the team;
and δsmax and δdmax indicate the maximum durations of the service and
depositing phases, respectively.

Let the scaled waiting time associated with the operation τa,i be denoted
as wo

a,i and defined as

wo
a,i =

(
oa,i+1 − oa,i

)

(lgmax + lpmax)/vcmin

with i > 1,

where the denominator corresponds to the maximum time required to
reach the working agent a from any deposit station and acts as a scaling
factor. Moreover, the average cruising velocities vga,i,m, v

p
a,i,m, v

d
a,i,m are

introduced to formally characterize the motion of service robot m during
the execution of the assistance tasks τ ga,i, τ

p
a,i and τ da,i, respectively, and

are defined as follows

vga,i,m =
lga,m

ga,i − ga,i
, vpa,i,m =

lpa,m
pa,i − pa,i

,

vda,i,m =
lda,m

da,i −
∑

m∈M Sa,i,mδdm − da,i
.

(5.1)

On the basis of these quantities, the energy consumption associated with
each phase z ∈ {g, p, d} of the assistance task τ za,i, which involves robotic
motion, can be formally defined. To this purpose, the variable ∆z

a,i is



126
5. A Human-in-the-Loop Scheduling and Task Allocation Framework for

Multi-Human–Multi-Robot Collaboration

introduced, denoting the duration of the motion in phase z of the assis-
tance task τ za,i (i.e., the denominators in Eq. (5.1)). Following the physical
modeling of energy consumption for mobile robots proposed in [131] and
[132], the power consumption pza,i,m for each robot m performing the task
τ za,i can be modeled as

pza,i,m = ̺1m + ̺2mv
z
a,i,m + ̺3mv

z2
a,i,m (5.2)

where ̺1m denotes the static component, associated with computing units,
sensors, communication devices, and internal electrical losses, and is typi-
cally considered to exhibit negligible fluctuation. The velocity-dependent
terms capture the effects of friction and inertia, characterized by the con-
stants ̺2m and ̺3m, respectively, incorporating the physical factor µm.
Assuming that each robot moves at a constant cruising velocity, and ac-
cording to Eq. (5.1), the total energy spent to travel a distance lza,m can
be derived as

eza,i,m =

∫ ∆z
a,i

0

pza,i,mdt = pza,i,m∆
z
a,i

= ̺1m∆
z
a,i + ̺2ml

z
a,m + ̺3mv

z
a,i,ml

z
a,m.

(5.3)

The expression is linear in both the task duration ∆z
a,i and the robot

velocity vza,i. Moreover, lza,m remains constant once specified the task z,
the robot m, and the agent a. Based on Eq. (5.3), the aggregated energy-
like term associated with each assistance task z (z ∈ {g, p, d}) can be
formally defined as

eza,i =

∑

m∈M Sa,i,me
z
a,i,m

max
m∈M

(

̺1m
lzmax

vcmin

+ ̺2ml
z
max + ̺3mv

c
maxl

z
max

) ,
(5.4)

where the denominator serves as a scaling term.

Based on the quantities introduced above, the optimization problem for-
mulated in this chapter aims to minimize the following cost function
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C =
∑

(a,i)∈O,
a∈H

αa,iw
o
a,i + β

∑

(a,i)∈O,
a∈W

wo
a,i+

+
γ

3

∑

(a,i)∈O

(
ega,i + ζa,ie

p
a,i + eda,i

)
+ κ∆

(5.5)

where αa,i, ζa,i, with (a, i) ∈ O, β, γ and κ are positive weights. The
cost function is thus formulated as a weighted sum comprising: i) the
waiting times wo

a,i, distinguished between human and robotic agents; ii)
the energy terms related to the service robots eza,i, with z ∈ {g, p, d} and
the proximity-phase energy terms scaled by the coefficients ζa,i; and iii)
the makespan ∆. The relative importance/contribution of each term is
established through the assigned weight. In this regard, as outlined in
Section 5.4.2, the weights αa,i and ζa,i are updated adjusted over time on
the basis of human operators’ feedback, thereby ensuring a more effective
alignment with their needs.

In order to ensure appropriate task allocation and scheduling, the follow-
ing constraints are taken into account

1. Assignment of the assistance tasks:

∑

m∈M Sa,i,m = 1, ∀(a, i) ∈ O. (5.6)

This equality guarantees that every operation (a, i) associated with
a working agent is assigned to exactly one service robot.

2. Duration of the going tasks:

ga,i − ga,i ≥
∑

m∈M

Sa,i,m

lga,m
vcmax,m

, (5.7a)

ga,i − ga,i ≤
∑

m∈M

Sa,i,m

lga,m
vcmin,m

, (5.7b)

∀(a, i) ∈ O. These inequalities ensure that the duration of each
going task τ ga,i is consistent with the speed limitations of the robots.
Specifically, the first inequality requires that the scheduled duration
of the going task τ ga,i, i.e., ga,i − ga,i, is no less than the minimum
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travel time for the assigned robot m (i.e., with Sa,i,m = 1) to cover
the distance lga,m at its maximum admissible speed vcmax,m, under the
assumption of constant travel velocity. The second inequality, by
contrast, constrains the scheduled duration not to exceed the max-
imum time required by the assigned robot m to cover the distance
lga,m at its minimum speed vcmin,m. It is worth noting that robots
with Sa,i,m = 0 do not influence the duration of the task.

3. Duration of the proximity tasks:

pa,i − pa,i ≥
∑

m∈M

Sa,i,m

lpa,m
vpmax,a,m

, (5.8a)

pa,i − pa,i ≤
∑

m∈M

Sa,i,m

lpa,m
vpmin,a,m

, (5.8b)

∀(a, i) ∈ O. Analogous to the constraints in Eq. (5.7), these inequal-
ities enforce that the scheduled duration of each proximity task τ pa,i
respects the velocity range of the assigned robotm (with Sa,i,m = 1),
namely vpmax,a,m and vpmin,a,m. As discussed in Section 5.2.3, the prox-
imity velocity limits are always consistent with the robot’s physi-
cal capabilities, namely vpmax,a,m ≤ vcmax,m, vpmin,a,m ≥ vcmin,m and
vpmax,a,m > vpmin,a,m, ∀a,m.

4. Duration of the depositing tasks:

da,i − da,i ≥
∑

m∈M

Sa,i,m

(

lda,m
vcmax,m

+ δdm

)

, (5.9a)

da,i − da,i ≤
∑

m∈M

Sa,i,m

(

lda,m
vcmin,m

+ δdm

)

, (5.9b)

∀(a, i) ∈ O. These constraints, like the previous ones, bound the
duration of the depositing tasks τ da,i, accounting for both the veloc-
ity limitations of the assigned service robots and the distance to be
traversed. The task duration further accounts for the final deposit-
ing action, denoted as δdm. As detailed in Section 5.2.2, in the case
study considered in this chapter, δdm denotes the time required by
service robot m to exchange a filled box with an empty one at the
depot.
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5. Order of the assistance tasks:

ws
a,i = ga,i, p

a,i
= ws

a,i, (5.10a)

sa,i = pa,i, da,i = sa,i, (5.10b)

∀(a, i) ∈ O. These constraints are formulated to enforce the correct
sequencing of the assistance phases, ensuring that the end time of
one phase coincides with the start time of the subsequent phase.
Specifically, for each operation τ oa,i, the equations establish that the
waiting phase begins immediately after the conclusion of the go-
ing phase (first equation), which is then followed by the proximity
phase (second equation), the service phase (third equation), and,
ultimately, the depositing phase (fourth equation).

6. Timing of service tasks:

sa,i = sa,i +
∑

m∈M Sa,i,mδ
s
m, (5.11a)

sa,i ≥ oa,i, (5.11b)

∀(a, i) ∈ O. These constraints regulate the timing of service tasks
associated with each operation τ oa,i. In particular, the first constraint
defines the task duration as a function of the service time δsm of the
assigned agent m, whereas the second guarantees that the initiation
of the task occurs exclusively after the completion of the operation.

7. Sequence of operations of working agents:

oa,1 = t0, ∀a ∈ A (5.12a)

oa,i ≥ sa,i−1, ∀(a, i) ∈ O, (5.12b)

oa,i − oa,i ≥
√
2σaerf−1(2 prmin − 1) + ϕa, ∀(a, i) ∈ O (5.12c)

where t0 represents the time at which the optimal solution is de-
termined, erf(·) denotes the error function, and prmin ∈ (0, 1) rep-
resents the required minimum probability. These constraints for-
malize the temporal structure of the operations assigned to each
working agent a ∈ A. Specifically: i) constraint (5.12a) establishes
that the start time of the initial operation aligns with the moment
the optimal solution is computed, This is motivated by the fact that,
since at the beginning the working agents are in the environment, it
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is reasonable for them to start executing their operations immedi-
ately; ii) constraint (5.12b) enforces that each operation can start
only after the previous service has completed; and iii) constraint
(5.12c) models operation durations through a chance-constrained
approach [133], thereby capturing the stochastic nature of execu-
tion times. In this regard, it can be shown that the constraint is
equivalent to enforcing

Pr(oa,i − oa,i ≥ δoa) ≥ prmin, ∀(a, i) ∈ O, (5.13)

meaning that, with probability no less than prmin, the duration
allocated to each operation (a, i) ∈ O is sufficient for its completion.
A detailed explanation is available in [133].

8. Execution of one task at a time:

zb,k − ua,i ≥−cM(2− Sa,i,m − Sb,k,m)−cM(1−Quz
a,i,b,k,m),

(5.14a)

zb,k − ua,i ≥−cM(2− Sa,i,m − Sb,k,m)−cM Quz
a,i,b,k,m, (5.14b)

∀(a, i), (b, k) ∈ O, m ∈ M with (a, i) 6= (b, k), where cM is an
arbitrarily large constant, Quz

a,i,b,k,m ∈ {0, 1} is an auxiliary binary
decision variable, and u, z ∈ {g, ws, p, s, d}. This notation indicates
that, for example, when u = g, the variable ua,i coincides with
g
a,i

. The inequalities (5.14a)-(5.14b) guarantee that each service
robot m executes only one task at a time, meaning it cannot assist
multiple working agents simultaneously. To explain this, consider
the case in which a service robot m is assigned to support two
operations, (a, i) and (b, k) (i.e., Sa,i,m = Sb,k,m = 1), with z = p and
u = d. Under these conditions, the constraints enforce that either
the proximity task of (b, k) is executed after the completion of the
depositing task of (a, i), i.e., p

b,k
≥ pa,i with Qpd

a,i,b,k,m = 1, or the

reverse, i.e., p
a,i
≥ pb,k with Qpd

a,i,b,k,m = 0. Conversely, Eqs. (5.14a)
and (5.14b) impose no restrictions on the relative start and end
times of operations (a, i) and (b, k) when the service robot is not
assigned to both tasks, that is, when either Sa,i,m = 0 or Sb,k,m = 0.
Extending this reasoning to all assistance phases and operations,
the constraints guarantee coherent task allocation and sequencing
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for every service robot.

Combining the above cost function and constraints, the following MILP
formulation is derived, whose solution determines the optimal allocation
and scheduling variables

min Cost function (5.5) (5.15a)
s.t. Constraints (5.6)-(5.14) (5.15b)

It is worth noticing that, although the case study presented in this chapter
focuses on an agricultural domain, the proposed formulation is not limited
to this context. Rather, it exhibits versatility and applicability to a broad
spectrum of service tasks in diverse environments. For example, it can be
adapted to industrial domains, such as assembly processes, where service
robots assist human operators in complex production workflows.

5.4 Online Monitoring and Adaptation

Based on Human Feedback

This section specifies the quantities monitored in real time and explains
how their variations dynamically affect the parameters of the MILP for-
mulation presented in Section 5.3.1.

5.4.1 Online Monitoring

As stated in Problem 1, both the parameters related to the working agents
and the human feedback may vary over time, thereby influencing multiple
parameters of the MILP formulation. Consequently, the online monitor-
ing module is responsible for

• measuring and updating the positions of the working agents and the
actual durations of their operations. As outlined in Section 5.2.1,
whenever a working agent moves within the environment, the cor-
responding service and waiting locations, together with the path
lengths, are updated accordingly. Without loss of generality, it is
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assumed that positions remain unchanged during the waiting, prox-
imity, and service phases, as the service robot is already approaching
or in the vicinity of the working agent in these stages;

• acquiring human feedback regarding the perceived quality of service
associated with each operation.

Specifically, for the last point, each human operator a ∈ H, provides the
following feedback concerning the i th operation served by the robot m

• Waiting time feedback, denoted as fw
a,i ∈ [−1, 1]. This metric cap-

tures the perceived appropriateness of the waiting time. A value
of −1 denotes that the waiting period is insufficient from the hu-
man perspective, suggesting that the human feels pressured by the
service robot. In contrast, a value of 1 indicates that the waiting
period is excessively long, suggesting a perceived inefficiency in the
robot’s assistance.

• Proximity velocity feedback, denoted as f v
a,i ∈ [−1, 1]. This metric

reflects the human perception of the robot’s approach velocity. A
value of −1 denotes that the robot is perceived as approaching too
quickly, causing a sense of unsafety and discomfort. In contrast, a
value of 1 indicates that the approach is perceived as excessively
slow, suggesting inefficiency in the robot’s assistance.

• Desired waiting distance, denoted as f l
a,i ∈ [−D,D], with D de-

noting a positive constant. This metric specifies the preferred ad-
justment in the waiting distance between the service robot and the
human. In combination with the velocity feedback, it serves to im-
prove the human’s perceived safety and sense of control during the
interaction with the robot.

On the basis of the feedback collected over time regarding both waiting
time and velocity, two satisfaction indices are defined for human a: ηwa,i,
referring to waiting time, and ηva,i, referring to proximity velocity, formally
defined as

ηza,i = g(f z
a,i, η

z
a,i−1), with i > 1

where z ∈ {w, v} and g(·) represents a function encoding the “satisfaction
dynamics" and is such that ηza,i ∈ [−1, 1]. As in the previous case, ηwa,i
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assumes positive values when the waiting time is perceived as excessively
long across consecutive assistance operations, and negative values when
it is perceived as too short. Analogous considerations hold for ηva,i. For
the case i = 1, the index ηza,1 is initialized to f z

a,i, with z ∈ w, v. One
possible implementation of the function g(·) is

ηza,i = θf z
a,i + (1− θ)ηza,i−1,

where θ ∈ [0, 1] is a parameter that regulates the relative importance of
the current feedback f z

a,i with respect to the preceding satisfaction index
ηza,i−1. This function describes how the satisfaction index changes over
time, combining the effect of the latest feedback with a weighted memory
of past experiences. When θ is close to 1, the current feedback f z

a,i the
satisfaction index is primarily influenced by the current feedback. In
contrast, when θ is close to 0, the previous index ηza,i−1 prevails, leading
to slower variations in the overall satisfaction level.

5.4.2 Parameters Adaptation

Based on human feedback for operation (a, i), the following MILP param-
eters are updated

• the weights αa,k and ζa,k associated with future operations k of the
human a (see (5.5));

• the velocity limits vmin,a,m and vmax,a,m ∀m ∈ M for the proximity
phases of subsequent human operations;

• the waiting positions xwa,m ∀m ∈ M, which, in turn, influence the
parameters lpa,m.

For this purpose, two weighted satisfaction indices of the human agent a
are defined

νza,i = (ρea + ρsa) η
z
a,i,

with z ∈ {w, v}, which weight the baseline satisfaction measure ηza,i by
both the efficiency ρea and severity condition ρsa. The rationale behind
these weighted indices is that the more efficient humans are and/or the
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more severe the conditions under which they operate, the more their pref-
erences should be prioritized. In other words, the more efficient humans
are, or the more severe their working conditions, the more critical their
perception of the robot’s performance becomes. Accordingly, their satis-
faction should carry greater weight in assessing the robot’s service. The
adaptation procedure for the parameters mentioned above is presented
below.

5.4.2.1 Weights Adaptation

The update of the weights is governed by a law that incorporates both
the previous weight values and the weighted satisfaction indices.

Specifically, the weights αa,k associated with the waiting times of human
agent a for subsequent operations k, where k > i, are updated as follows

αa,k = max{αa,i + kαη
w
a,i, 0}, ∀k : k > i, (a, k) ∈ O, (5.16)

where kα is a positive constant. Eq. (5.16) encodes the idea that an in-
creased magnitude of the weighted human satisfaction index related to
the waiting time (ηwa,i) should result in larger variations of the weight
αa,k associated with future waiting-time contributions in the cost func-
tion. It should be recalled that ηwa,i takes positive values when the wait-
ing time is perceived as long, and negative values when it is perceived as
short. Therefore, positive values of ηwa,i increase the corresponding weight,
thereby assigning higher priority to minimizing waiting times in the MILP
resolution. Conversely, negative values reduce the weights, reflecting a di-
minished importance of waiting-time minimization. The maximum func-
tion guarantees that the updated weight αa,k is non-negative.

The gains ζa,k associated with the energies spent to assist the operations
k, with k > i, of the human agent a, are updated as follows

ζa,k = max{ζa,i − kζηva,i, 0}, ∀k : k > i, (a, k) ∈ O (5.17)

where kζ is a positive constant. The rationale behind the Eq. (5.17) is
similar to that of Eq. (5.16). Specifically, ηva,i assumes positive values
when the robot is perceived as too slow and negative values when it is
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perceived as too fast. Since the robot’s energy consumption is directly
proportional to its velocity (see Eq. (5.4)), positive values of ηva,i should
entail a reduction of future weights relative to the current ones. This
adjustment lowers the priority assigned to energy minimization during
proximity phases, thereby enabling faster robot motion. Conversely, neg-
ative values should entail an increase in future weights with respect to the
current ones, thus reinforcing the priority given to energy minimization
during proximity phases and promoting slower robot motion.

It is worth noting that the usage of the weighted satisfaction indices ηwa,i
and ηva,i in the weight adaptation process provides a systematic mechanism
for prioritizing among human operators when required. This approach
enables decisions to be dynamically adapted to different levels of urgency
and significance, thereby ensuring that the system’s behavior remains
consistent with human needs.

5.4.2.2 Velocity Bounds Adaptation

As the cost function C is expressed as a weighted sum of several contri-
butions, certain types of feedback may be suppressed in favor of others.
Such suppression is undesirable in the case of the robot’s velocity during
the proximity phase, owing to its significant impact on the human per-
ception of safety. To mitigate this and to guarantee adherence to human
preferences, an algorithm for adapting the velocity bounds is introduced,
as detailed in Algorithm 2.

The procedure begins by identifying the robot m∗ that has most recently
served human a, namely the one satisfying Sa,i,m∗ = 1. Subsequently, it is
verified whether the human prefers an increase or a decrease in the robot’s
velocity. If the human expresses no preference (ηva,i = 0), i.e., he/she is
satisfied with the velocity, the velocity bounds remain unchanged. When
the human expresses a preference for faster motion (i.e, ηva,i > 0), the
procedure checks whether the assigned robot is already the fastest within
the team. If this condition holds (line 2 of Algorithm 2), weight adap-
tation within the cost function alone is insufficient to satisfy the human
preference, necessitating an update of the proximity velocity bounds. Ac-
cordingly, the bounds of the assigned robot m∗ are modified as follows.
The maximum proximity velocity bound, vpmax,m∗,a, is increased by a factor



136
5. A Human-in-the-Loop Scheduling and Task Allocation Framework for

Multi-Human–Multi-Robot Collaboration

(1 + ηva,i), while ensuring it does not exceed the maximum cruising veloc-
ity vcmax,m∗ (line 3). The minimum proximity velocity bound vpmin,m∗,a,
on the other hand, is also increased by (1 + ηva,i), but is saturated at
(1 − cǫ)vpmax,m,a (line 4), with cǫ denoting a small positive constant. For
the remaining robots in M, the adaptation of the bounds is propagated
by considering their physical factors with respect to m∗. More specifically,
for each robot m ∈ M, with m 6= m∗, a scaling factor rm is introduced,
defined as the ratio of the physical factors µm∗/µm and is capped at a
maximum of 1 (line 6). This definition implies that rm < 1 when robot
m has a greater mass than m∗, and rm = 1 otherwise. Using this scaling,
the upper velocity bound of robot m is updated by a factor (1 + rmη

v
a,i)

(line 7). This mechanism modulates the bound adaptation according to
physical properties, in particular, when robot m is heavier than m∗ (i.e.,
the robot associated with the feedback ηva,i), the increment factor is at-
tenuated by rm, producing a more conservative update. The rationale is
that heavier robots may be perceived by humans as more imposing and
potentially less safe, and thus their velocity bounds should be increased
more cautiously. Conversely, robots with mass equal to or less than that
of m∗, the full adjustment factor ηva,i is adopted. The same logic applies
to the update of the lower bound (line 8). When the human indicates a
preference for slower motion (i.e., ηva,i < 0), a similar approach as above is
applied. The procedure first verifies whether the slowest feasible robot has
been assigned (line 9). If so, both the maximum and minimum proxim-
ity velocity bounds of robot m∗ are decreased, while ensuring compliance
with the physical velocity constraints (lines 10–11). Subsequently, for
each robot m ∈ M, with m 6= m∗, an additional scaling factor r̂m is
then introduced, defined as the ratio µm∗/µm and constrained to a min-
imum of 1 (line 13). According to this formulation, r̂m > 1 when robot
m has greater mass than m∗, whereas r̂m = 1 otherwise. The minimum
velocity bound vpmin,m,a is reduced by the factor (1 + r̂mη

v
a,i), while en-

suring it remains no lower than the physical minimum limit vcmin,m (line
14). It is worth noting that when ηva,i < 0, the term r̂mη

v
a,i is negative,

implying that the multiplicative factor is strictly less than 1. This design
ensures that, for robots m more massive than m∗, the reduction in speed
is proportionally larger, as their greater physical presence may negatively
affect human safety perception, thus necessitating a more cautious veloc-
ity profile. The maximum bound vpmax,m,a is updated analogously (line 15).
In both cases, the scaling factors are intentionally formulated to enforce
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conservative updates, thereby applying more restrained modifications to
heavier robots.

In conclusion, the proposed algorithm adapts the velocity bounds dynam-
ically, taking into account both the robots’ physical characteristics and
human feedback, with the objective of balancing operational efficiency
and human comfort. Furthermore, the formulation guarantees compli-
ance with the robots’ physical limitations, namely vpmax,a,m ≤ vcmax,m and
vpmin,a,m ≥ vcmin,m ∀a,m.

Algorithm 2 Velocity Bounds Adaptation
Require: Human a, operation i concluded by a, velocity satisfaction ηva,i, variables

Sa,i,m, ∀m, threshold cǫ
1: m∗ ← assigned robot(Sa,i,m, ∀m) ⊲ with Sa,i,m∗ = 1
2: if ηva,i > 0 and vpa,i,m∗ = maxm∈M(vpmax,m,h) then ⊲ Human asks for faster robot

3: vpmax,m∗,a ← min{(1 + ηva,i)v
p
max,m∗,a, v

c
max,m∗}

4: vpmin,m∗,a ← min{(1 + ηva,i)v
p
min,m∗,a, (1− cǫ)vpmax,m∗,a}

5: for each m ∈M, m 6= m∗ do

6: rm ← min{µm∗/µm, 1}
7: vpmax,m,a ← min{(1 + rmη

v
a,i)v

p
max,m,a, v

c
max,m}

8: vpmin,m,a←min{(1 + rmη
v
a,i)v

p
min,m,a, (1− cǫ)vpmax,m,a}

9: else if ηva,i < 0 and vpa,i,m∗ = minm∈M(vpmax,m,h) then ⊲ Human asks for slower
robot

10: vpmin,m∗,a ← max{(1 + ηva,i)v
p
min,m∗,a, v

c
min,m∗}

11: vpmax,m∗,a ← max{(1 + ηva,i)v
p
max,m∗,a, (1 + cǫ)v

p
min,m∗,a}

12: for each m ∈M, m 6= m∗ do

13: r̂m ← max{µm/µm∗ , 1}
14: vpmin,m,a ← max{(1 + r̂mη

v
a,i)v

p
min,m,a, v

c
min,m}

15: vpmax,m,a←max{(1 + r̂mη
v
a,i)v

p
max,m,a,(1+ cǫ)v

p
min,m,a}

5.4.2.3 Waiting Position Adaptation

Given the desired increase/decrease of the proximity distance f l
a,i provided

by human a and the assigned robot m∗, i.e., such that Sa,i,m∗ = 1, the
waiting distance lpa,m∗ is updated as

lpa,m∗ = lp
−

a,m∗ + f l
a,i,

where lp
−

a,m∗ represents the waiting distance before adaptation. For the
propagation to the remaining robots, the physical factors are once more
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taken into account. Specifically, for each service robot m 6= m∗, the
waiting distance is updated as follows

lpa,m =

{

lp
−

a,m + r̂mf
l
a,i, if f l

a,i ≥ 0

lp
−

a,m + rmf
l
a,i, if f l

a,i < 0
(5.18)

where rm and r̂m denote the scaling factors defined in lines 6 and 13
of Algorithm 2, respectively. The rationale is as follows: whenever the
distance requires an increase (f l

a,i ≥ 0), this indicates that the human
perceives the situation as unsafe or obstructed; consequently, a larger
increase is applied if robot m is more massive than robot m∗. In contrast,
when the distance requires a reduction (f l

a,i < 0), a smaller decrease
is applied if robot m is more massive than robot m∗. Following these
adjustments, the waiting locations xwa,m are modified accordingly, ∀m ∈
M.

5.5 Online Plan Update

Once the parameters are updated according to the procedures outlined
in the previous section, the plan must be adapted as needed. This online
adaptation is carried out in two steps:

1. Re-scheduling : a heuristic-based re-scheduling procedure is imple-
mented, which exploits the updated parameters to refine the timing
of tasks and operations, thereby preserving feasibility.

2. Re-allocation: when the re-scheduling procedure alone results in
significant suboptimality due to substantial parameter changes, a
comprehensive re-allocation, including re-scheduling, is performed
to obtain an optimal plan according to the MILP formulation de-
scribed in Section 5.3.1.

The adoption of this two-step procedure is motivated by the substantial
computational complexity of the MILP formulation, which is NP-hard
and therefore inappropriate for frequent real-time re-computation in dy-
namic contexts. Therefore, MILP-based solutions are employed only when
strictly required. For large-scale systems, complexity is additionally re-
duced through the strategy presented in Section 5.6.
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5.5.1 Online re-scheduling

The heuristics-based online updating algorithm modifies the scheduling
of tasks and operations to preserve compliance with the imposed con-
straints. Let tupd denote the time instant when the current plan was last
updated, and tmod the time instant when the new parameters are ob-
tained. Moreover, let δoa,min =

√
2σaerf−1(2 prmin− 1)+ϕa, ∀a ∈ A be the

minimum duration assigned to the operations of agent a. Algorithm 3
outlines the updating procedure for the case in which the working agent
a∗ experiences parameter modifications.

For simplicity, tmod is used whenever the time variable is omitted. The
algorithm proceeds as follows

1. Initialization: at tmod, the plan is initialized using the most recent
plan (tupd) (line 1).

2. Updating Tasks: for each operation (a∗, i) that is completed at tmod

or thereafter, the algorithm identifies the corresponding robot m∗

(line 4). Operations close to completion are also considered, since
late-stage modifications may still necessitate adjustments to related
robot assistance tasks. The analysis then proceeds depending on
whether a timing violation or a change in the agent’s position has
occurred.

The first case arises when the start time of the service task is earlier
than the completion of the associated operation (line 4), indicating
that agent a∗ required more time than initially scheduled. As a
result, the service is initiated prematurely, i.e., prior to the opera-
tion’s conclusion. In this case, the algorithm sets both the end time
of the waiting task (which is extended) and the start time of the
proximity task to oa∗,i (line 5). The subsequent phases associated
with operation (a,i) are then updated accordingly (lines 6–7), and
a procedure is also invoked to shift, i.e., delay, subsequent tasks if
needed (line 8). It is important to note that the robot’s velocity
during the proximity phase is deliberately preserved, as any modi-
fication could adversely affect the human’s perceived safety.

When a position variation occurs, the algorithm first verifies
whether the current timings are compatible under the assumption
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of maximum velocity during the going phase (line 11). Here, com-
patibility denotes that the timings of the tasks linked to operation
(a∗, i) can be modified without affecting the final proximity phase
time pa∗,i. If incompatibility is detected, the going phase is ex-
ecuted at the maximum feasible velocity, the subsequent timings
are adjusted accordingly (lines 12–14), and the procedure to delay
subsequent tasks is invoked when required (line 15). Conversely, if
compatibility holds, the timings are simply adapted, without shift-
ing subsequent tasks (line 17).

3. Final Adjustments: once all operations of agent a∗ have been re-
scheduled, the start and end times of the operations associated with
every other working agent a are updated by applying the minimum
duration δoa,min (lines 18–20). Subsequently, tupd is set equal to tmod

to register the most recent modifications to the plan.

4. Procedure for Shifting Consecutive Tasks: for the current operation
(a∗, i), the procedure verifies whether the subsequent operation of
the agent is scheduled to start before the completion of the preceding
service. If so, the start time is updated, and the corresponding end
time is adjusted on the basis of the minimum duration δoa,min (lines
1–3 of the procedure HandleShift).

Subsequently, the algorithm verifies whether the acceleration of the
robot during the depositing phase is feasible while maintaining da∗,i
unchanged, thereby avoiding modifications to subsequent tasks (line
4). If acceleration is infeasible, the current depositing end time is
stored in the variable d

prev

a∗,i (line 5), and a new depositing end time
is computed under the assumption of maximum robot velocity (line
5). The shifting quantity φ = da∗,i − d

prev

a∗,i is then calculated (line
7), and all consecutive assistance tasks are uniformly delayed by
φ. More precisely, for each service robot r, the set Tr of ordered
assisted operations is retrieved (line 9). For every operation (ar, ir)
consecutive to (a∗, i), each related assistance task is shifted by φ,
postponing both start and end times accordingly. Importantly, this
shift preserves the original operation order and does not violate any
constraints, as it simply postpones the scheduled times to accom-
modate the updated parameters.
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Algorithm 3 Re-scheduling Algorithm
Require: agent a∗ with updated parameters, current time tmod, previous plan at time tupd
1: plan(tmod)←plan(tupd)
2: for each i ∈ {1, . . . , qa∗} and oa∗,i ≥ tmod do

3: m∗ ←assigned robot
(

Sa,i,m, ∀m
)

4: if sa∗,i < oa∗,i then ⊲ Agent slower than planned

5: ws
a∗,i, p

a∗,i
← oa∗,i

6: pa∗,i ← p
a∗,i

+ lp
a∗,m∗/v

p
a∗,i,m∗

7: sa∗,i ← pa∗,i, sa∗,i ← sa∗,i + δsm∗ , da∗,i ← sa∗,i

8: call HandleShift(a∗, i)
9: else if xs

a(tmod) 6= xs
a(tupd) then ⊲ Agent changes position

10: if pa∗,i ≤ g
a∗,i

+
l
g

a∗,m∗

vc
max,m∗

+
l
p

a∗,m∗

v
p

a∗,i,m∗

then ⊲ cannot speed up going phase

11: ga∗,i ← g
a∗,i

+ lg
a∗,m∗/vmax,m∗

12: ws
a∗,i, w

s
a∗,i, pa∗,i

← ga∗,i

13: pa∗,i ← p
a∗,i

+ lp
a∗,m∗/v

p
a∗,i,m∗

14: sa∗,i ← pa∗,i, sa∗,i ← sa∗,i+δsm∗ , da∗,i ← sa∗,i

15: call HandleShift(a∗, i)
16: else ⊲ speed up going phase
17: ga∗,i, w

s
a∗,i, w

s
a∗,i, pa∗,i

← update times

18: for each (a, i) ∈ O with i > 1 do

19: if oa,i < sa,i−1 then

20: oa,i ← sa,i−1, oa,i ← oa,i + δoa,min

21: tupd ← tmod

Procedure HandleShift (a∗, i)
1: if i < qa∗ and oa∗,i+1 < sa∗,i then

2: oa∗,i+1 ← sa∗,i

3: oa∗,i+1 ← oa∗,i+1 + δoa∗,min

4: if da∗,i − da∗,i ≤ lda∗,m∗/vcmax,m∗ + δdm∗ then ⊲ cannot speed up depositing phase

5: d
prev

a∗,i ← da∗,i

6: da∗,i ← da∗,i + lda∗,m∗/vcmax,m∗ + δdm∗

7: φ← da∗,i − d
prev

a∗,i ⊲ shifting quantity

8: for each r ∈ M do

9: Tr ← ordered assistance operations robot (r, S)
10: for each (ar, ir) ∈ Tr consecutive to (a∗, i) do

11: plan ← postpone assistance tasks (ar, ir, φ)

12: else ⊲ speed up deposit phase
13: da∗,i ← update time

5.5.2 Online re-allocation

Once the updated schedule has been obtained using Algorithm 3, the re-
sulting plan is compared against the preceding optimal solution. If the
difference in cost between the two schedules exceeds a predefined thresh-
old, the MILP solution is recomputed. In this context, topt represents
the time at which the most recent optimal solution was obtained, while
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C+(t) denotes the cost associated with the unstarted tasks based on the
parameters available at time t. The relative optimality index

ι , |C+(topt)− C+(tupd)|/C+(topt) (5.19)

is introduced to capture the change in the cost of unstarted tasks when
comparing the parameters at topt with those at tupd. This index provides
a quantitative measure of the deviation of the updated schedule from the
previously optimal plan. Whenever ι exceeds the positive threshold ιt,
the MILP problem in (5.15) is recomputed, using the updated parame-
ters and weights, to re-allocate and re-schedule tasks. This mechanism
ensures that re-optimization is triggered only when the current plan is
substantially degraded compared to the most recent optimal plan. During
this process, additional constraints ensure that tasks already in execution
remain assigned to their respective service robots, thereby maintaining
operational consistency and preventing unnecessary disruptions. Upon
completion, topt is updated to tch.

5.6 Extension to Large-Scale Settings

For large-scale instances, the MILP formulation may become computa-
tionally prohibitive owing to the NP-hardness of the problem. To address
this limitation, two complementary strategies are introduced

1. Reformulating the problem within a Constraint Programming (CP)
framework [134].

2. Applying a batch decomposition approach to partition operations
and service tasks.

5.6.1 Constraint Programming Reformulation

As anticipated in Section 2.7, Constraint Programming (CP), and in par-
ticular Constraint Optimization Problems (COPs), is particularly well
suited to model scheduling scenarios characterized by temporal and logical
constraints [39, 134]. CP accommodates diverse variable domains, such
as integers, Booleans, and intervals, which are particularly suitable for
temporal modeling, and supports a broad spectrum of constraint types,
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including arithmetic, logical, conditional, and global constraints over sets
of variables (such as allDifferent(·) and noOverlap(·)). These features
facilitate the representation of complex scheduling rules. For a detailed
treatment of CP, see [134].

In order to fully exploit the strengths of the CP paradigm, the constraints
and variables defined in Section 5.3.1 must be reformulated to exploit
key CP features, such as interval variables and global constraints, while
maintaining the original cost function. Therefore, a set of non-optional
interval variables τ za,i, (a, i) ∈ O, z ∈ {o, g, w, p, s, d} is introduced to rep-
resent the operations executed by each agent a ∈ A and the phases of the
corresponding assistance activities. Furthermore, optional interval vari-
ables ψz

a,i,m, z ∈ g, p, s, d are defined for each service robot m ∈M, where
their inclusion in the solution denotes the assignment of robot m to the
assistance activity associated with operation (a, i) ∈ O. Concerning the
constraints, the following subsection presents the reformulation of some
key constraints selected from Section 5.3.1, since the others are either
immediate or rely on similar patterns. For instance, consider constraints
(5.14a)-(5.14b), which ensure that each service robot m performs at most
one task simultaneously. Within the CP framework, these constraints can
be reformulated by means of the noOverlap(·) global constraint, namely,

noOverlap([ψz
a,i,m]

z∈{g,p,s,d}
a∈A,i∈{1,...,qa}

), m ∈M

As for constraint (5.6), which guarantees that each operation (a, i) of a
working agent is served by one service robot m ∈M, it can be expressed
in the CP formulation using the alternative(·) global constraint, i.e.,

alternative(τ ga,i, [ψ
g
a,i,m]m∈M), a ∈ A, i ∈ {1, . . . , qa}

Finally, concerning constraints (5.7)-(5.9), which define the duration of
each going, proximity, and depot phase, they can be expressed by com-
bining the presenceOf(·) basic constraint with the ifThen(·) global con-
straints as follows

ifThen

(

presenceOf(ψz
a,i,m), lengthOf(τ za,i) =

lza,m
vza,i,m

+ δzm

)
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where presenceOf(ψz
a,i,m) ∈ 0, 1 indicates whether the specified optional

interval variable is present in the solution, i.e., whether the assistance
activity associated with the operation (a, i) is assigned to the service
robot m or not.

5.6.2 Batch Decomposition Strategy

In order to address large-scale systems more effectively, a batch decom-
position strategy is introduced. This method divides operations and their
associated service tasks into fixed-size batches, which are then solved in an
iterative manner. Such an approach, widely adopted in the literature to
enhance scalability in complex optimization settings [135, 136, 137, 138],
achieves a balanced compromise between computational feasibility and
solution quality. The strategy relies on first ordering operations accord-
ing to a specified criterion (e.g., distance or heuristic measures) and then
progressively adding new tasks to the planning process after each serving
phase is completed. The overall procedure is summarized in Algorithm 4.

Given the batch size bins and the operation set O, operations are first or-
dered into a list LO (line 1). The current time variable tcurr is initialized
to zero (line 2), and the first bins operations are extracted from LO (line
3) to define the working set O∗ and to construct the initial plan plancurr

(line 4). The algorithm then iteratively proceeds until LO is empty (line
5). At each iteration, the earliest service completion time strictly greater
than tcurr within O∗ is identified and assigned to tcurr. A set Pfixed, repre-
senting the operations and tasks that must remain fixed in the subsequent
optimization step, is initialized as empty, and the batch size bs is reset
to the initial input value bins (lines 7–8). Subsequently, each operation in
O∗ is inspected: if the corresponding service task has been completed by
tcurr, the operation together with all its assistance phases is fixed (line
11). If the service is ongoing but the operation has started, only the op-
eration is fixed, and bs is decremented by one (lines 13–14). Furthermore,
if the going phase of the assistance is already in progress, the remaining
assistance tasks are fixed as well (line 19). After completing the process-
ing of all operations in O∗, the algorithm inserts the first bs operations
from LO into O∗ and removes them from the list (line 20). Subsequently,
the optimization algorithm is applied to the updated set O∗, while all
activities in Pfixed remain unchanged (line 21). This procedure facilitates
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progressive planning, guarantees consistency with previously scheduled
tasks, and maintains computational tractability.

Algorithm 4 Batch Decomposition Strategy
Require: bins , O
1: LO ← sort(O)
2: tcurr ← 0
3: O∗ ← pop(LO, 1 : bins )
4: plancurr ← optimization algorithm(O∗)
5: while LO 6= ∅ do

6: tcurr ← next service end time({sa,i}(a,i)∈O∗ , tcurr)
7: Pfixed ← ∅
8: bs ← bins
9: for all (a, i) ∈ O∗ do

10: if sa,i ≤ tcurr then

11: Pfixed ← add(τoa,i, τ
g
a,i, τ

w
a,i, τ

p
a,i, τ

d
a,i)

12: else if sa,i > tcurr and oa,i < tcurr then

13: Pfixed ← add(τoa,i)
14: bs ← bs − 1

15: if g
a,i
< tcurr then

16: if τoa,i /∈ Pfixed then

17: Pfixed ← add(τoa,i)
18: bs ← bs − 1

19: Pfixed ← add(τga,i, τ
w
a,i, τ

p
a,i, τ

d
a,i)

20: O∗ ← add(pop(LO, 1 : bs))
21: plancurr ← optimization algorithm(O∗,Pfixed)

22: return plancurr

5.7 Simulation Validation

The proposed framework was validated within a simulated agricultural
case study involving a table-grape vineyard with human and robotic
agents at work. As illustrated in Figure 5.1, human operators, together
with robots equipped with manipulators, are tasked with harvesting grape
bunches and placing them in boxes. Meanwhile, the service robots assist
them by replacing the filled boxes with empty ones and transporting them
to a depot. To provide feedback, humans interact through a customized
graphical user interface (GUI).
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5.7.1 ROS Architecture and Human Interface

Figure 5.4: Schematic illustration of the ROS architecture.

The proposed architecture was designed and implemented on Ubuntu
20.04 under the ROS (Robot Operating System) Noetic Ninjemys frame-
work. As illustrated in Figure 5.4, four main nodes were developed: i) a
human feedback module, realized using Matlab, which handles the inter-
action with the human via a GUI, ii) a MILP computation node, realized
again using Matlab, which solves the optimization problem using the
10th version of the Gurobi solver [139] as well as handles the online plan
update, iii) a low-level controller, realized in C++, which provides the ve-
locity commands to the robots based on the high-level plans, and iv) the
hardware interface nodes which move the robots according to the velocity
commands. In case of large-scale systems, the strategy in Section 5.6 is
adopted, replacing the MILP computation node with a CP-based one,
developed in Python and using the IBM ILOG CPLEX CP solver (ver-
sion 22.1.1.0). The communication among the nodes was handled through
ROS by introducing two custom ROS messages to share the plan and the
human feedback.

Regarding the human feedback module, the graphical user interface (GUI)
shown in Figure 5.5 was developed. The interface enables the monitoring
of workers’ parameters and the collection of their feedback after each ser-
vice, thereby allowing the framework to adapt dynamically to individual
needs and preferences. More in detail, each human a is provided with
a GUI accessible via a tablet or laptop. The interface includes an in-
formational area where real-time updates and notifications addressed to
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Figure 5.5: GUI for human feedback and measurement.

humans are displayed. For instance, it can display messages about an ap-
proaching robot, the expected end time of the operation, or other relevant
notifications. Then, a feedback section is available that enables users to
provide feedback on the waiting time, fw

a,i, the proximity velocity, f v
a,i, and

the desired waiting distance, f l
a,i. Each feedback type is presented as a set

of five selectable options. In the case of waiting time, the available choices
are Too Short, Short, OK, Long, and Too Long. These options are mapped
to numerical values within the range [−1, 1], where selecting Too Short
corresponds to fw

a,i = −1 and Too Long corresponds to fw
a,i = 1. Similarly,

for the velocity the options are Very fast (mapped into f v
a,i = −1), Fast,

OK, Slow, and Very Slow (mapped into f v
a,i = 1), while for the desired

waiting distance the options are Very far (mapped into f l
a,i = −1), Far,

OK, Close, and Very close (mapped into f l
a,i = 1). This intuitive design

ensures that users can easily express their preferences in real-time.

Finally, the GUI also features a measurement section that allows users
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to manually record key time metrics, specifically the Box Filling Time
and the Serving Time. This is achieved by clicking the respective Start
and Finish buttons. While this manual approach is straightforward and
effective for the study presented within this chapter, it is worth noting
that alternative methods, such as automated measurements using camera-
based data [140], could also be employed. However, integrating such
automated approaches falls beyond this chapter’s scope, which is focused
on exploring how to use these measurements to adapt the plan properly.

The low-level controller ensures the tracking of desired trajectories and
avoids collisions among serving robots for unicycle-like kinematics. In
particular, trajectories are generated as cubic splines through the APIs
provided by the Alglib library, and their tracking is achieved through an
input/output feedback linearization control law [141, Chapter 11]. Con-
cerning obstacle avoidance, this is achieved through a standard control
strategy based on artificial potentials [142] that envisages the addition of
a repulsive velocity for each robot i when the distance to another robot
in the team is below a positive threshold dth, which it was set equal to
3 m.

5.7.2 Simulation Setup

The simulations were obtained by running all the components of the pro-
posed architecture on the same machine, a commercial laptop equipped
with an NVIDIA GeForce RTX 3070 Ti GPU, an Intel Core i7H CPU,
and 32GB RAM. They were carried out in a Unity-based virtual reality
environment developed for the CANOPIES project, which can realisti-
cally reproduce a vineyard scenario. Figures 5.6.a) and 5.6.b) provide an
overview of the simulation environment and the scenario adopted for the
simulation experiments. As depicted in Figure 5.6.a), simulations took
place in a table-grape vineyard made up of seven rows, each 3 m large and
15 m long, and involved four working agents, specifically three humans
and one working robot, which were arranged as shown in the figure. The
working robot comprised an Alitrak DCT-350P as the lower part and a
dual-arm system as the upper part. Moreover, as shown in Figure 5.6.b),
the two service robots considered were Alitrak DCT-350P mobile bases
(without upper-body). To demonstrate the potential of using heteroge-
neous robots, the simulations were conducted with different values of the
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(a)

(b)

Figure 5.6: Simulative agricultural scenario with the working agents (3 hu-
mans and 1 robot) and the service robots.

physical µ factor for each service robot. To demonstrate the potential of
using heterogeneous robots, the simulations were conducted with different
values of the physical µ factor for each service robot. In particular, the
parameters were set to µ1 = 0.75 and µ2 = 1. Regarding the velocities,
the general velocity limits and the proximity phase velocity limits were
set as follows: vcmin,m = 0.05 m/s, vcmax,m = 0.2 m/s, vpmin,a,m = 0.04 m/s,
and vpmax,a,m = 0.15 m/s, ∀m ∈ M and ∀a ∈ A. The robots deposit base
were located for m1 at xd1 = [−10.4, 7.0] and for m2 at xd2 = [−14.4, 7.0].
The severity factor ρsa of each of the three human workers in the simu-
lation was initialized differently. In particular, they were set as follows:
ρs1 = 0.5, ρs2 = 0.75, and ρs3 = 1. The humans’ filling times were initialized
to 250 s, ∀a ∈ H and modeled as a Gaussian distribution N (ϕa, σa), with
ϕ1 = 204, ϕ2 = 275, and ϕ3 = 213 and σa = 0.1ϕa ∀a ∈ H. The desired
minimum probability was set to prmin = 0.9. The agents service position
were as follows, xs1 = [1,−1.375], xs2 = [2.3,−4.125], xs3 = [1,−9.625],
xs4 = [2.3,−15.125]. The waiting distances were initialized as lpa,m = 1 m,
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∀m ∈M and ∀a ∈ H.

5.7.3 Simulation Results

A high-resolution video showing the simulation outlined in this section is
available in the accompanying video and at the link1.

Figure 5.7: Simulation case study. First offline allocation with initial param-
eters.

ID Waiting Distance lpa,m Waiting Feedback fw
a,1 Velocity Feedback fv

a,1

h1 lp1,1 = 0.5 m (Far) fw
1,1 = 0.5 (Long) fv

1,1 = 0.5 (Slow)

h2 lp1,1 = 1 m (OK ) fw
2,1 = −0.5 (Short) fv

2,1 = 0 (OK )

h3 lp1,2 = 1 m (OK ) fw
3,1 = −0.5 (Short) fv

3,1 = 0.5 (Slow)

Table 5.2: Summary of the feedback provided by the three humans regarding
the first operation service.

Figures 5.7-5.8 and Tables 5.2-5.3 contain the results obtained for the
simulation. In particular, Figure 5.7 shows the first allocation plan, i.e.,

1https://youtu.be/Bxg8cMFbyNo - Notably, the video does not visually show box
filling or exchanging operations, as the simulator did not support these. However,
their timing was simulated for replanning purposes, so this omission does not affect
the validity of the results, which focus on high-level coordination and are independent
of platform-specific execution details.

https://youtu.be/Bxg8cMFbyNo
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Figure 5.8: Simulation case study. Online reallocation with measured param-
eters and feedback.

ID Op. End Time αa,1 ζa,1
h1 o1,1 = 230 s α1,1 = 1.73 ζ1,1 = 1.69
h2 o2,1 = 310 s α2,1 = 0.93 ζ2,1 = 1.19
h3 o3,1 = 240 s α3,1 = 0.92 ζ3,1 = 1.78

Table 5.3: End times of the operations and values of the weights after each
human has given the first feedback.

the allocation plan formulated by the framework using the configuration
described at the beginning of this section. From left to right, the schedules
for the service robots m ∈ M, the human operators h ∈ H, and the
working robot w ∈ W are shown. In particular, the length of the lines
accounts for the duration of the tasks. For the service robots, thicker
lines represent the going phase, and the color coincides with the one
used for the respective operation of the working agent. The subsequent
phases are represented with thinner lines of different colors to be able
to distinguish their different durations. As an example, the first task
assigned to the service robot m1 is the going one for assisting h2, and
both τ g2,1 and τ o2,1 are colored in red. Figure 5.8, instead, displays the
re-allocation plan generated after the 3 humans gave their feedback at
the end of the service as collected in Table 5.2 and through the interface
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described in Section 5.7.1.

By following the initial plan, the human h1 finished the first filling opera-
tion at time o1,1 = 230 s and the respective service, which was performed
by the robot m1, ended at τ s1,1 = 495.3 s. At this point, the human
used the GUI to provide the following feedback: Long for the waiting
time (fw

1,1 = 0.5), Slow for the velocity of the robot during the proximity
phase (f v

1,1 = 0.5) and the waiting distance was considered Far. This led
to adapting the weights according to the procedure described in Section
5.4.2. The resulting weights are reported in Table 5.3, which shows that
for the human 1 after the first service, it holds α1,k = 1.73 and ζ1,k = 1.69,
with k > 1. As a consequence, re-allocation was triggered and, as shown
by comparing Figures 5.7 and 5.8, the waiting was reduced for the next
task from wo

1,1 = 245.3 s to wo
1,2 = 20.5 s to accommodate the feedback

given for the waiting time. Additionally, the waiting distance was reduced
to lp2,2 = 0.5 m, and the duration of the proximity phase was maintained at
13.5 s, which, combined with a shorter distance to travel, led to a higher
velocity. For h2, the first filling was completed at o2,1 = 310 s and the
respective service was concluded at τ s2,1 = 323.3 s by the robot m1. The
human feedback reported Short for the waiting time (fw

2,1 = −0.5), OK
for velocity during the proximity phase (f v

2,1 = 0), and OK for waiting
distance. The weights values were α2,k = 0.93 and ζ2,k = 1.19, with k > 1.
Consistent with the feedback provided by h2 for a longer waiting time,
the waiting time for the next task was increased from wo

2,1 = 13.7 s to
wo

2,2 = 269.5 s. Moreover, the waiting distance during the proximity phase
remained lp2,2 = 1 m, while the proximity phase duration was maintained
at 21 s. Concerning h3, he/she completed the first filling at o3,1 = 240 s,
and the associated service was accomplished at τ s3,1 = 263.7 s by the robot
m2. In this case, the sent feedback reported Short for the waiting time
(fw

3,1 = −0.5), Slow for velocity during the proximity phase (f v
3,1 = 0), and

OK for waiting distance. After this service, the weights were α3,k = 0.92
and ζ3,k = 1.78, with k > 1. The reallocation led to an increased waiting
time for the next task from wo

3,1 = 23.7 s to wo
3,2 = 786 s, addressing the

feedback for longer waiting time. The robot’s waiting distance during the
proximity phase remained lp3,2 = 1 m, and the proximity phase duration
was reduced to 14 s for a faster approach. The remaining two operations
of the four working agents until the final time t = 2394.5 s are shown in
the video. As for the effectiveness of the simplified version of Algorithm
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3, it was thoroughly validated in the study presented in [143].

5.7.4 Human Preference Validation

In order to demonstrate the capability of the proposed framework in ad-
dressing human needs, an evaluation metric, referred to as the adaptation
index and denoted by ωz (with z = w for the waiting time wo

a,i and z = v
for the proximity velocity vpa,i,m), is introduced. This index is evaluated
after the reallocation process and quantifies the quality of the alloca-
tion, thereby capturing the degree to which the system adapts to and
incorporates human feedback. Higher scores indicate improved alignment
with human preferences. The update mechanism governing this index
is formalized in Algorithm 5. The algorithm takes as input the human
feedback f z

a,i, which indicates a preference for increasing or decreasing
the parameter z, as well as the previous adaptation index denoted as
ωz
prev and initialized as 1. In the algorithm, vpa,i represents the velocity

parameter associated with the robot performing the assistance task (a, i)
during the proximity phase. Positive feedback (f z

a,i > 0) corresponds to
a request for shorter waiting times (z = w) or higher velocities (z = v),
while negative feedback (f z

a,i < 0) indicates a preference for longer waiting
times or lower velocities. In the following, the case z = w is examined;
nonetheless, analogous considerations apply to the case z = v as well.
If the feedback f z

a,i < 0 (with z = w), the algorithm checks whether
the current parameter value za,i is greater than or less than its previous
value za,i−1. An increase in za,i (line 2) indicates that the framework has
correctly adjusted to the expressed human preference, leading to an in-
crement of ωz proportionally to the feedback value (line 3). Conversely, a
decrease in za,i results in a corresponding reduction of ωz, which denotes
that the adaptation diverges from the provided human feedback (line 5).
In contrast, when f z

a,i > 0 (line 6), a decrease in za,i is expected. When the
parameter change is consistent with this expectation, ωz is incremented to
acknowledge successful adaptation (line 10); otherwise, it is decremented
to indicate misalignment with the feedback (line 8).
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Algorithm 5 Adaptation index computation
Require: feedback variable z with z ∈ {w, v}, human feedback fza,i, previous adapta-

tion index ωz
prev

1: if fza,i < 0 and z = w) or (fza,i > 0 and z = v) then

⊲ Human asks for longer waiting time (z = w) or faster robot (z = v)
2: if za,i > za,i−1 then

3: ωz ← ωz
prev +

∣
∣
∣

1
fz
a,i

za,i
−za,i−1

za,i

∣
∣
∣

4: else if za,i < za,i−1 then

5: ωz ← ωz
prev −

∣
∣
∣

1
fz
a,i

za,i−za,i−1

za,i

∣
∣
∣

6: if (fza,i > 0 and z = w) or (fza,i < 0 and z = v) then

⊲ Human asks for shorter waiting time (z = w) or slower robot (z = v)
7: if za,i > za,i−1 then

8: ωz ← ωz
prev −

∣
∣
∣

1
fz
a,i

za,i−za,i−1

za,i

∣
∣
∣

9: else if za,i < za,i−1 then

10: ωz ← ωz
prev +

∣
∣
∣

1
fz
a,i

za,i−za,i−1

za,i

∣
∣
∣

This chapter also presents a comparison between the proposed frame-
work, which reallocates activities in response to human feedback, and a
baseline version that neither incorporates feedback nor executes realloca-
tions. For this purpose, 30 independent simulation runs were conducted,
progressively increasing the number of human agents from 2 to 6, while
fixing the number of boxes to be filled (qa, ∀a = 3) and the number of
service robots (nm = 2). Human positions and feedback were randomly
assigned: positions were uniformly sampled by varying the x and y coor-
dinates in the interval [3, 10], and feedback values were randomly chosen
from the five alternatives illustrated in Figure 5.5.

Figure 5.9 shows the average and standard deviation values for ωw ob-
tained over the 30 runs (Similar results were obtained for ωv). Specifically,
the blue line describes the evolution of the index ωw related to the pro-
posed framework across the considered scenarios, while the orange line
describes the evolution of the index ωw associated with the framework
that does not integrate human feedback. In the latter case, it can be ob-
served that the index ωw does not change significantly and remains nearly
constant at a value of 1, indicating that the system fails to accommodate
human needs. In contrast, with the proposed framework, the index ωw

exhibits an initial value of approximately 3.5 for nh = 2 and gradually
decreases to 2.3 as nh reaches 6, thereby reflecting a more responsive
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Figure 5.9: Comparison of the adaptation index with and without considering
human feedback.

adaptation to human requests/feedback. The obtained results highlight
two main points: i) the incorporation of human feedback has enabled the
framework to effectively accommodate human needs, yielding a consis-
tently higher adaptation index, and ii) as the number of human agents
increases, the framework is subject to increasing difficulty in meeting all
demands owing to the fixed and limited availability of service robots.

5.7.5 Human Stochasticity

In order to validate the proposed chance-constrained programming for-
mulation for addressing uncertainty in human agents, a series of simu-
lations was carried out with na = 4 working agents, each responsible
for processing qa = 3 boxes and assisted by nm = 2 service robots.
For each agent a, the processing time was modeled with a mean of
ϕa = 250 + 10a and a standard deviation of σa = 0.1ϕa. Six confi-
dence levels, prmin ∈ {0.6, 0.7, 0.8, 0.9, 0.95, 0.99}, were tested. For each
level, 50 duration samples per agent were generated according to the cor-
responding Gaussian distribution. Each sample was evaluated against
the scheduled duration specified in the plan. Two performance indicators
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were then computed: i) the feasibility rate (ranging from 0 to 1), i.e.,
how often the allocated duration was adequate to ensure task comple-
tion, and ii) the mean deviation between actual and planned durations
for the feasible cases. Table 5.4 summarizes the results and shows that
increasing the confidence level leads to a rise in both the feasibility of the
allocated duration and the deviation from the actual task duration. This
is because, as prmin increases, the strategy becomes more conservative
in assigning task durations, ensuring a higher probability of successful
operation completion at the expense of longer planned durations.

prmin Feasibility Deviation [s]
0.6 0.60 27.924± 20.252
0.7 0.69 33.986± 22.087
0.8 0.79 39.871± 24.817
0.9 0.91 48.305± 28.620
0.95 0.96 57.399± 28.688
0.99 0.99 77.815± 31.530

Table 5.4: Impact of confidence level on duration feasibility and deviation
from actual values.

5.7.6 Scalability Analysis

This section first evaluates the efficiency of the CP formulation relative
to the MILP formulation, and then validates the batch decomposition
strategy for large-scale systems. With regard to the first point, a com-
parative analysis was conducted by assigning single operations to each
working agent, while task durations for the service robots were generated
randomly. Both the MILP and CP formulations used identical duration
vectors and the IBM ILOG CPLEX solver to guarantee methodological
fairness. The number of working agents (na) and service robots (nw) was
systematically varied, and the two formulations were evaluated in terms
of objective function values and computation times. Table 5.5 summa-
rizes the comparative analysis. The results show that: i) both formula-
tions consistently produce the same objective value, confirming that the
CP-based approach preserves optimality; and ii) the CP formulation con-
sistently requires less computation time than the MILP formulation. For
example, as na increases from 1 to 10, MILP time grows sharply (from
0.001 s to 150.7 s), while CP remains efficient (from 0.001 s to 0.08 s).
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Conversely, increasing nw has minimal impact on computation time, since
additional resources simplify the assignment.

# Agents Computation time Cost
na nm CP MILP CP MILP
1 2 0.001 0.001 273 273
2 2 0.01 0.001 273 273
3 2 0.05 0.12 441 441
4 2 0.03 0.17 444 444
5 2 0.03 0.40 650 650
6 2 0.04 0.70 691 691
7 2 0.05 1.03 844 844
8 2 0.05 1.13 919 919
9 2 0.07 68.51 1071 1071
10 2 0.08 150.71 1154 1154
4 3 0.03 0.09 411 411
4 4 0.01 0.01 217 217
4 5 0.001 0.01 217 217
4 6 0.01 0.001 217 217
4 7 0.001 0.01 217 217
4 8 0.01 0.01 217 217
4 9 0.01 0.01 217 217
4 10 0.02 0.02 217 217

Table 5.5: Comparison between MILP and CP formulations.

As for the batch decomposition strategy, it was compared with the global
approach, which allocates and schedules all activities simultaneously on
relatively small instances solvable in a single run. For larger-scale systems,
the computational performance of the batching strategy was further ex-
amined to evaluate its scalability. All experiments were carried out using
the CP-based implementation, with two service robots and a single op-
eration per working agent. In the decomposition strategy, the batch size
was fixed at bs = 4, and operations were ordered based on their average
distance to the deposit stations of the service robots. Table 5.6 reports
the results as the number of working agents increases, which constitutes
the most computationally demanding scenario, as previously discussed.

For the global method, only the computation time and the non-normalized
cost function were reported. In contrast, the batch method included the
mean and standard deviation of per-batch solution times as well as the
relative error of the total objective value with respect to the global op-
timum. The results show that the batch strategy achieves consistently
low relative error (always below 0.04) while significantly reducing com-
putation time. For instance, at na = 10, the global approach takes about



158
5. A Human-in-the-Loop Scheduling and Task Allocation Framework for

Multi-Human–Multi-Robot Collaboration

Global Batch
na Time [s] Cost Time [s] Relative Cost Error
5 0.350 829.700 0.330± 0.255 0.0004
6 1.220 940.450 0.207± 0.032 0.0434
7 2.730 1088.333 0.323± 0.283 0.0008
8 4.770 1213.558 0.405± 0.233 0.0012
9 7.950 1376.055 0.317± 0.535 0.0017
10 41.750 1480.800 0.746± 0.984 0.0099

Table 5.6: Comparison between the global solution and the batch decompo-
sition strategy.

41.8 s, whereas the batch method requires less than 0.75s per batch. Ta-
ble 5.7 reports times for larger systems (na = 15 to 30), where computing
the global solution is impractical. Even in these cases, the batch method
remains efficient, with average computation times under 8 s, confirming
its scalability.

na Computation time [s]
15 0.640± 0.745
20 5.015± 6.771
25 4.596± 7.0416
30 7.757± 10.142

Table 5.7: Results with large-scale systems.

5.8 Real-world Experiments

This section presents the real-world laboratory validation of the proposed
framework using the same agricultural scenario as in the simulation case
study. The validation has been conducted within the laboratories of Roma
Tre University as part of a collaboration.

The experiment involved two human workers performing harvesting tasks
and two service mobile robots. The ROS architecture, human interface,
and low-level controller used in the real-world setup were identical to
those employed in the simulation. Unlike the simulations, the compo-
nents were distributed across multiple machines in this case. Specifically,
each low-level controller was run on the machine mounted on the corre-
sponding service robot, a NUC with an Intel Core i7 CPU, and 16GB
RAM. As shown in Figure 5.10, two TurtleBot2 platforms were used as
service robots, whose localization was obtained through an OptiTrack
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system capable of estimating position and orientation with an accuracy
of about 10−4 m.

The waiting distances were set to lp1,m = lp2,m = 1 m, while the humans’
filling times were modeled as a Gaussian distribution N (ϕa, σa), with
ϕ1 = ϕ2 = 97, σa = 0.1ϕa ∀a ∈ H, and the minimum probability was set
as prmin = 0.9. Since homogeneous robots are employed, the parameters
µ1 and µ2 were both set to 1. Furthermore, the general velocity limits
and the proximity phase velocity limits of both robots were set as follows:
vcmin,m = 0.05 m/s, vcmax,m = 0.2 m/s, vpmin,a,m = 0.04 m/s; and vpmax,a,m =
0.15 m/s, ∀m ∈ M and ∀a ∈ H. Regarding the severity factors, it
was assumed that both humans involved in the experiment experienced
the same level of discomfort. Accordingly, the values were set to ρs1 =
ρs2 = 0.5. Both humans perform three box-filling operations throughout
the entire experiment. Finally, the cost function weights were defined as
follows: α = β = γ = ζ = κ = 1. The robots deposit bases were located
for m1 at xd1 = [2.08, 1.48] and for m2 at xd2 = [−1.33,−2.14]. The
humans’ service positions were as follows, h1 at xs1 = [−0.5,−1.2] and h2
at xs2 = [0.5, 0.63].

Figure 5.10 shows the key moments of the laboratory experiment, while
Figure 5.11 shows the first allocation plan, i.e., the allocation plan formu-
lated by the framework using the configuration described at the beginning
of this section, and Figure 5.12 displays the plan resulting from the re-
allocation phase after both humans gave their feedback.

More in detail, Figure 5.10.a) shows the robots at the deposit station at
the beginning of the experiment. The second picture, i.e., Figure 5.10.b),
depicts Robot 1 at the service position related to Human 1. During this
phase, the exchange ends at t = 71 s. Then, the human provides feedback
about the robot’s service. The feedback on the robot’s arrival was Very
Fast (f v

2,1 = −1) with a ζ1,k = 1, but the waiting time was considered
Too Long (fw

1,k = 1) leading to α1,k = 1.97 with k > 1. Additionally,
Human 1 requested that the robot wait Closer, providing the feedback
Far. Therefore, the distance was updated to lp1,m = 0.5 m and the prox-
imity phase duration, i.e., p1,2 − p1,2 was 25 s leading to a slower robot.
The filling phase for the second task began at t = 153 s to accommodate
the waiting time feedback. Meanwhile, Robot 2 is shown in the waiting
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position, standing for Human 2 to finish filling. The final picture, Fig-
ure 5.10.c), shows Robot 1 in the going phase as it returns to the depot,
while Robot 2 is completing its service at 162 s. Human 2 is also provid-
ing feedback, stating that the robot was Very Slow (f v

2,1 = 1) during the
proximity phase, which led to a ζ2,k = 1.94 with k > 1. The waiting time
was perceived as Too Short (fw

2,1 = −1) leading to α2,k = 0.84 with k > 1,
and the waiting distance was Close, indicating a preference for the robot
to wait slightly farther away. Based on these preferences, the allocation
and scheduling were recomputed to adapt to this feedback, leading to
a proximity phase duration updated to 14.24 s for a faster robot and a
waiting distance lp2,m = 1.5 m. The velocity bounds were also modified
as follows according to Algorithm 2: vpmin,2,1 = 0.036 and vpmax,2,1 = 0.135.
Regarding the waiting time, the filling phase for the second task began
at t = 170 s to increase the waiting time for the Human 2.

5.9 Conclusion

This chapter presents a dynamic framework for task allocation and
scheduling, designed to enhance human-robot collaboration within the
domain of precision agriculture. By employing a MILP formulation, the
framework optimally assigns tasks to service robots while reducing waiting
times, makespan, and energy consumption. The principal contributions
of this study reside in the explicit integration of human stochasticity and
real-time feedback, which allow the system to adapt to evolving operator
requirements and to scale effectively to larger and more complex environ-
ments. Validation was conducted through both simulations and field trials
in agricultural contexts, demonstrating the framework’s effectiveness and
robustness in environments characterized by variability in human behav-
ior and external conditions. Future research will focus on integrating
vision-based systems for behavioral interpretation and action prediction,
thereby enhancing the framework’s ability to better accommodate human
needs and preferences.
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(a) The two robots are at the deposit station.

(b) Robot 1 is serving while Robot 2 is waiting.

(c) Robot 1 is going back to the depot while Robot 2 is serving.

Figure 5.10: Key moments of the laboratory experiment.
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Figure 5.11: Laboratory experiment. First allocation using initial parameters
for the human timings.

Figure 5.12: Laboratory experiment. Online schedule adjustment based on
updated human parameters after the first operation.
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Chapter 6

A Hybrid LLM-CP Framework

for Reliable Task Planning in

Heterogeneous Multi-Agent

Systems

6.1 Introduction

As extensively discussed in Chapter 5, the introduction of a higher-level
control layer dedicated to multi-agent coordination is essential to address
many of the challenges associated with the deployment of such systems,
especially those integrating multi-human–multi-robot. More in detail,
the previous chapter emphasized that two of the most critical challenges
emerging from the deployment of multi-agent systems (MASs) are: i)
the inherent unpredictability of human behavior, often shaped by factors
such as stress, fatigue, environmental context, and inter-agent trust; and
ii) the heterogeneous nature of these systems, whose components, in ad-
dition to exhibiting complementary capabilities, also differ in perception,
decision-making, and task execution. To address these challenges and
fully benefit from the advantages resulting from their deployment, an op-
timal allocation and scheduling framework was introduced, capable of dy-
namically reallocating and rescheduling tasks across agents in such a way
as to: i) optimize multiple performance metrics, including the comple-
tion time and energy consumption of robotic agents; ii) meet all specified
constraints; and iii) reflect human preferences. However, fundamental
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challenges remain, including the translation of high-level, often ambigu-
ous, natural language instructions from human operators into a series of
efficient and executable plans for these diverse agents [144, 145]. Up to
recent years, this problem has been addressed through a variety of formal
planning methods, which are capable of providing provably optimal or
near-optimal solutions, and a comprehensive survey of cooperative multi-
agent planning can be found in [146]. These approaches, including clas-
sical planners based on Planning Domain Definition Language (PDDL),
Constraint Programming (CP), and Mixed-Integer Linear Programming
(MILP), offer strong formal guarantees regarding plan correctness, feasi-
bility, and resource allocation [147, 148, 149]. However, they require that
the problem domain, agent capabilities, and task dependencies are for-
mally encoded according to a rigid, structured formalism. For example,
a PDDL-based framework, as seen in the work of [150], requires the man-
ual formulation of domain and problem files, along with the definition of
action costs, which are then fed into a planner to generate an optimal
plan. Similarly, other multi-stage approaches, like the one proposed by
[151], rely on a multi-stage procedure to facilitate the objective allocation
of activities based on agent capabilities. This reliance on explicit, man-
ually created domain models and formal knowledge remains a significant
bottleneck to the adoption of these formalisms in complex real-world sce-
narios. This manual formalization process not only entails considerable
effort and deep expertise in logic and planning languages but also imposes
several limitations on flexibility and scalability. [152, 145].
In recent years, the rapid advancement of Large Language Models (LLMs)
has opened a new paradigm for robot task planning, paving the way for
a more flexible and intuitive approach. As emphasized in Section 2.8,
LLMs possess a remarkable capacity for natural language understanding
and high-level reasoning, allowing them to directly interpret human in-
structions and generate task plans with high flexibility [144, 153]. They
can decompose complex missions into hierarchical trees [153], generate
plans, allocate tasks, and even facilitate multi-agent coalition formation
[144]. These LLM-driven frameworks, such as the one in [154], which
translates natural language into action sequences for an embodied agent,
provide a powerful and intuitive interface that allows non-expert users to
utilize them within MAS scenarios. Other works, such as those by [155],
[156], [157], and [158], have explored similar concepts, demonstrating the
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potential of LLMs to enhance the capabilities of MASs. However, a ma-
jor challenge persists: plans generated by LLMs alone often lack formal
correctness and feasibility, presenting logical inconsistencies that can lead
to unsafe or inefficient robot behavior [159, 160]. For instance, an LLM
might generate a plan that is physically impossible due to spatial con-
straints or agent capabilities that are not properly considered, making
their reasoning unreliable [161, 162].
The absence of formal guarantees and the potential for unreliable, or
even “hallucinated”, outputs generated by LLMs highlights the inherent
limitations of a purely data-driven approach, especially when employed
for real-world applications. For example, an LLM might generate a plan
that violates critical safety constraints, propose a sequence of actions
that is not physically executable, or allocate a task to an agent that lacks
the necessary skills or resources. As highlighted by [159], ensuring that
task plans and allocation outputs from LLMs are adequately examined
and refined is crucial for maintaining system integrity and safety. These
models lack a formal grounding mechanism, i.e., a robust mechanism for
reasoning over complex spatiotemporal constraints, which may result in
generating plans that are inefficient or physically unfeasible, or could lead
to system malfunctions and/or resource waste. Despite their promise, a
purely LLM-based approach is still not able to tackle complex Operations
Research problems [163, 164].
To address the inherent limitations of both traditional formal methods
and LLM-only techniques, this chapter introduces a two-layer hybrid ar-
chitecture that combines the advantages of both approaches. In detail,
the outlined framework is designed to synergistically combine the high-
level semantic reasoning and flexibility of LLMs with the formal guaran-
tees and optimization capabilities of CP. The first layer, powered by an
LLM, is responsible for interpreting a natural language mission descrip-
tion and semantically decomposing it into a structured, ordered sequence
of tasks. The second layer takes this structured plan and formulates it
as a CP problem, enabling the efficient allocation of tasks and scheduling
of actions across a heterogeneous team of agents while respecting tempo-
ral, resource, and agent-specific constraints. By exploiting the CP solver
for the complex, combinatorial optimization and correctness checks, the
framework ensures that the final executable plan is not only logically
sound and feasible but also optimized according to the given metrics.
The framework has been validated against two baseline approaches in a
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multi-agent scenario [165, 166], demonstrating that the presented hybrid
approach significantly improves plan reliability, feasibility, and optimal-
ity while leveraging the natural language flexibility and generalization
capabilities of LLMs.

An example of problems that can be tackled using the above-mentioned
framework is presented below.

Problem 2. Consider a heterogeneous MAS comprising human, H, and
robotic, R, agents endowed with diverse skills. Consider a set of objects
O available in the shared workspace, where each object is characterized
by distinctive properties. A high-level instruction, formulated in natural
language, provides a description of the scenario, the team, and the overall
mission to be accomplished. The framework goal is twofold: i) to formally
establish the mission context, i.e., derive the set of tasks, T , required for
mission completion and identify the respective set of physical (e.g., prop-
erties of objects and/or tools to be employed) and temporal (e.g., possible
precedence) constraints, and ii) define the optimal allocation and sched-
ule of the agents’ activities to accomplish the mission while minimizing a
cost function accounting for the energy of robotic agents, the workload of
human operators, and the overall makespan, while fulfilling all execution
constraints.

The rest of the chapter is organized as follows. Section 6.2 outlines the ref-
erence scenario, providing details about the agents and the tasks carried
out by the team. Section 6.3 introduces the proposed framework, detailing
its architecture and formalizing the optimization problem formulated to
manage the allocation and scheduling of tasks. Finally, Sections 6.4, 6.5,
and 6.6 report and discuss the simulated and real-world experiments con-
ducted to validate the effectiveness of the proposed framework.

6.2 Scenario

This section details the problem under consideration, as well as the corre-
sponding scenario. The notation (re-)introduced in this and subsequent
chapters is summarized in Table 6.1.

As emphasized in Section 6.1 and later in Problem 2, a scenario compris-
ing a set of heterogeneous agents, denoted by A, cooperating within a
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VARIABLE MEANING
k ∈ K k-th element of the generic set K.
|K| Cardinality of a generic set K.

A, R, H, O, T Sets of agents, robot operators, human operators, objects, and
tasks.

Sa Set of primitive actions that the agent a is able to perform.
pa (po) Base location of agent a (object o).
mo, Fo Mass and feature set of object o.

Mτ , Fτ , sτ Motion path instructions, Feature set of the required object, and
Primitive action for task τ .

da,τ,o Distance that agent a has to travel while performing task τ with
object o.

dmax Maximum travel distance.
δa,τ,o Time needed by agent a to cover the distance da,τ,o.

vr,min (vr,max) Minimum (Maximum) velocities of robot r.
vh(s, o) (vh,max) Actual operating speed (Maximum velocity) of human h.

vmin Overall minimum velocity.
∆τ Interval decision variable for task τ .

∆a,τ Optional interval decision variable related to assigning task τ to
agent a.

Xτ,o Binary decision variable related to assigning object o to task τ .
µ Normalized Makespan.

ωh,τ,o Workload of the human h while performing task τ with object
o.

ωh Overall normalized workload of the human h.
ωh,max Maximum workload of the human h.
ρr,τ Power consumption of the robot r for the execution of task τ .
er Overall normalized energy of robot r.

β, γ, ν Cost function weights.
bs Batch size.

ǫm (ǫM ) Minimum (Maximum) relative error.

Table 6.1: Main notations (re-)introduced in the chapter.

shared environment to fulfill a common mission is considered. In the gen-
eral case, this set may include both human operators, forming the set H,
and robotic agents, forming the set R; thus, it holds A = H ∪R. More-
over, the scenario comprises a set of objects, denoted as O. Each object
o ∈ O is located at a certain place at planning time, has a certain mass,
and is characterized by distinctive features (e.g., shape, color, material).
In detail, the object’s position vector is denoted by po ∈ R

3, its mass by
mo, and its feature set by Fo.
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Regarding the agents, each agent a ∈ A is associated with: i) a base loca-
tion, denoted as pa ∈ R

3, and ii) a set of skills, denoted as Sa, representing
all primitive actions that the agent is able to perform. A primitive action
may or may not involve an object in the environment. A few examples of
primitive actions are pick-and-place, opening/closing, inspection, clean-
ing, approaching, mapping, and pouring operations. While the position
of each agent within the environment may vary over time, it is assumed
that every action begins with the agent located at its base position. For
each skill s ∈ Sa of the agent a, the time to perform it is assumed to
consist of two components: a constant term, denoted as δa,s, e.g., for
opening/closing the gripper, and an additional variable term, taking into
account the distance that the agent has to traverse, e.g., to reach or ma-
nipulate an object, and the kinematic and dynamic constraints of the
agent. For each robotic agent r ∈ R, in addition to the previous parame-
ters, its minimum and maximum velocity intensities are also considered,
which are simply referred to as minimum and maximum velocities, respec-
tively, in the following. These are denoted as vr,min and vr,max, respectively,
and it holds vr,max ≥ vr,min > 0. The minimum velocity is due to several
factors, such as, for example, effects of friction [167] and quantization of
sensors’ information [168], which are particularly relevant for motor servos
at low speed, while the maximum velocity is related to the physical capa-
bilities of the robot. Similarly, for each human operator h ∈ H, his/her
maximum operating speed vh,max is considered. Then, the actual operat-
ing speed of the human h generally depends on different factors, like the
primitive action involved s ∈ Sh (e.g., a welding operation may require
slow and precise motion) and the type of possible object involved o ∈ O
(e.g., handling a heavy object might lead to a slow motion). Hence, this
actual operating speed is denoted as a function of the skill and object as
follows vh(s, o), for which it holds that vh(·) ≤ vh,max. Clearly, if no object
is involved in the task performed by the human, the speed only depends
on the skill, in addition to the specific agent. Based on the above velocity
quantities, the overall minimum velocity of the agents can be defined as
vmin = min

r∈R,h∈H,s∈Sh,o∈O
{vr,min, vh(s, o)}.

As stated in Problem 2, in this scenario, the agents cooperate to complete
a common mission. A mission can be viewed as a set of tasks, denoted
as T , where each task corresponds to the execution of a primitive action,
using certain path motion directives and possibly involving an object.
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Specifically, for each task τ ∈ T , the corresponding primitive action sτ is
defined, along with the set of motion path instructionsMτ , collecting for
instance the relevant poses to traverse and/or the type of path to realize
(e.g., circular, linear), and the feature set of the involved object Fτ , which
is empty if no object is involved. Furthermore, to assess if an agent a ∈ A
is able to perform a task, a function ca(sτ ,Mτ ,Fτ ) ∈ {0, 1} is introduced,
which evaluates the capability of the agent to carry out the task τ . This
returns 1 if the agent is capable, and 0 otherwise. Additionally, in order
to accomplish a given mission, it is often necessary to enforce temporal
constraints among the tasks. Following the layering approach in [169], the
concept of ordered layers is introduced, denoted as L1,L2, ...,LnL

, with
nL denoting the number of total layers. Each layer Li consists of a set of
mutually independent tasks, i.e., they can be executed in parallel, and all
tasks in Li must be completed before any task in Li+1 can start. Based
on these layers, a layer assignment function l(τ) is defined that associates
each task τ in the set T with a respective priority level. Given two tasks
τ, ρ ∈ T , the notation l(τ) ≻ l(ρ) is used to denote that ρ is assigned a
lower priority layer than τ .

6.3 Optimization Framework

…

Figure 6.1: Overview of the proposed architecture

To solve Problem 2, a two-layer framework has been designed (Figure 6.1),
composed of: i) a Context Generator, an LLM-based module designed to
decompose the high-level mission into tasks and arrange them into a hier-
archical structure; and ii) a CP-based Optimizer, an optimization module
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dedicated to modeling and solving the constrained optimization problem
to define the optimal allocation and scheduling of the tasks while fulfilling
all execution constraints. This architecture enables the user to express
high-level missions for the heterogeneous multi-agent system in natural
language, while formally preserving optimality and feasibility properties
of the task allocation and scheduling solution. This architecture allows the
user to express high-level missions for the heterogeneous MAS in natural
language, while formally preserving optimality and feasibility properties
of the task allocation and scheduling solution. As extensively demon-
strated in Section 6.4, this hybrid approach, which integrates the general
knowledge of LLMs with the guarantees provided by optimization, consis-
tently outperforms purely LLM-based solutions that do not include any
explicit optimization phase. In the following, a detailed description of
each module of the aforementioned framework is provided.

6.3.1 Context Generator

As previously mentioned, the first layer is responsible for decomposing
the overall mission, provided by the user in natural language, into a se-
quence of tasks and arranging them into a hierarchical structure. This
overall process is referred to as context generation. The procedures in this
process are carried out by leveraging the world knowledge of pre-trained
LLM models. The description of the mission, along with the scenario
description and the set of directives to be observed, is reported in the
prompt files, i.e., the user and system prompts, supplied as input to the
LLM model. More in detail, the user prompt is structured as a natural
language description of the mission to be accomplished, while the system
prompt is designed as a JSON-like natural language description, including
details of the scenario and the directives. The system prompt is organized
into three sections: i) scene, ii) actions, and iii) directives. The scene
section provides a taxonomy of the key elements in the environment, in-
cluding a formal description of the spatial locations where objects can
be processed or actions performed, as well as a structured representa-
tion of the available objects and their distinctive properties (e.g., shape,
color, instances, position). The actions section lists the primitive actions
that can be performed within the scene. The directives section contains
rules guiding the LLM in generating the plan. Specifically, these can pro-
vide specific constraints that must be fulfilled to successfully complete
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the mission (e.g., objects cannot overlap) and specify the required output
structure and format (i.e., JSON). Figure 6.2 contains an illustrative ex-
ample of both the user and system prompts, with each section highlighted
in a different color. The generation of prompt files lies beyond the scope
of the activity presented within this chapter; thus, they are assumed to
be already available. Their design, however, follows reasonings similar to
those discussed in [170, 160].

Figure 6.2: A schematic representation of the system and user prompts, with
each section highlighted in a different color.

Once the prompt files have been generated, the LLM generates the context
for the CP-optimization module. More in detail, the output of the LLM-
based context generator module is: i) the decomposition of the mission
described in the user prompt into a set of tasks (T ), where for each task τ
the corresponding primitive action (sτ ) and motion instructions (Mτ ) are
provided; ii) the definition, for each task τ , whether it involves or not an
object and, if so, specifying the set of features Fτ it must possess; and iii)
the organization of the tasks into a hierarchical structure, specifying their
execution order and identifying those that may be performed in parallel.
The outcome of this procedure is employed to derive the layer assignment
function l(τ), ∀τ ∈ T .
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6.3.2 CP-Based Optimizer

As stated above, the second layer of the architecture in Figure 6.1 is
tasked with modeling and solving the constrained optimization problem
that aims to define the optimal allocation and scheduling of the tasks
given the agents and objects in the environment. In particular, this layer
aims to define, for each task, the start and end times, the specific object to
be used among those in the scene (if required), and the agent assigned to
its execution. In doing so, an objective function, formulated as a weighted
sum of relevant cost indices (e.g., makespan, workload, energy consump-
tion), is optimized while ensuring compliance with predefined constraints
(e.g., agents’ capabilities) and constraints inferred by the LLM during the
context generation process (e.g., execution order). A formal definition of
decision variables is now introduced: i) an interval variable ∆τ , ∀τ ∈ T ,
representing the time interval during which the task τ takes place; ii)
a binary variable Xτ,o, ∀τ ∈ T , o ∈ O, encoding whether the object o is
assigned to (or equivalently involved in) the task τ (Xτ,o = 1) or not
(Xτ,o = 0); iii) an optional interval variable ∆a,τ , ∀τ ∈ T , a ∈ A, speci-
fying whether the agent a is responsible for the execution of the task τ ;
and iv) a continuous variable vr,τ , ∀τ ∈ T , r ∈ R, representing the veloc-
ity of the robotic agent r for the task τ , which takes values in the range
[vr,min, vr,max] if r is assigned to its execution (presenceOf(∆r,τ ) = true),
and equals 0 otherwise (presenceOf(∆r,τ ) = false). Regarding the op-
tional variables, as mentioned in Section 2.7, these are typically employed
to represent tasks that may or may not be executed. Instead, in our work,
they are used to model alternative execution modes. For each task τ , a
non-optional interval variable is introduced, representing its execution in-
terval, along with a set of optional interval variables corresponding to
the potential executing agents (∆a,τ , ∀a). Among these, only the vari-
able corresponding to the agent selected for execution will be included in
the solution and will have the same values as the main interval variable
of the task, while the remaining optional variables will be absent from
the solution. Based on the context generator outputs, this layer encodes
the constraints that the scheduling and allocation processes must satisfy
and defines the cost function to be minimized. Finally, by leveraging the
provided CP solver (e.g., IBM ILOG CPLEX1), it solves the formulated
constraint optimization problem. Once the problem has been solved and

1https://www.ibm.com/it-it/products/ilog-cplex-optimization-studio

https://www.ibm.com/it-it/products/ilog-cplex-optimization-studio
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the corresponding decision variables have been determined, the execution
of the generated plan can begin. During this phase, the robots’ trajecto-
ries are progressively computed, while humans are gradually notified of
the tasks assigned to them. Due to the intrinsic unpredictability of human
behavior and the variability of real-world conditions, deviations from the
nominal conditions considered in the planning phase may occur during
the execution of the generated plan. For example, one or more agents
may become unavailable or unable to complete specific operations. In
such cases, one possible corrective measure for preserving the initial level
of optimality as much as possible is the adoption of online re-allocation
and re-scheduling strategies, such as those introduced in Chapter 5. It
is worth pointing out that, in some cases, the formulated problem may
turn out to be infeasible. This may occur when the plan generated by
the LLM includes, as a result of hallucination phenomena, actions not
specified in the system prompt or objects not available in the scene. In
such cases, the entire procedure is restarted from the context generation
process until a feasible plan is found.

6.3.2.1 CP-based formulation

The CP-Based Optimizer module addresses the allocation and scheduling
procedure, i.e., determines the values of the binary variables Xτ,o, the
interval variables ∆τ and (the optional ones) ∆a,τ , and the floating-point
variables vr,τ . To determine the optimal allocation of objects to tasks, the
assignment of tasks to agents, and the scheduling of task start and end
times, the following optimality indices are considered: i) the makespan,
which denotes the overall execution time, i.e., the total time required to
complete all tasks in the plan and fulfill the mission specified in the user
prompt; ii) the overall workload, defined as the total “effort” of the human
operators; and iii) the cumulative energy consumption, which is defined
as the total energy expended by all robotic agents while performing their
assigned tasks.
For clarity of presentation and to avoid repeatedly distinguishing two
similar cases, it is in the following assumed that each task τ involves an
object, i.e., Fτ 6= ∅. The case without an object can be derived analo-
gously. Furthermore, a distance function da,τ,o is introduced to denote the
distance traveled by an agent a ∈ A in performing the task τ involving
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object o. The maximum possible distance traveled is denoted as dmax.
The normalized makespan, indicated as µ, is computed as

µ =
max
τ∈T

endOf(∆τ )

|T | (δmax + dmax/vmin)
, (6.1)

with δmax = max
a∈A,s∈Sa

δa,s and endOf(·) providing the final time of the

corresponding time interval variable. With regard to human workload, let
ωh,τ,o ≥ 0 be the workload sustained by human agent h while performing
task τ with object o. The overall normalized workload experienced by
the human agent h over the plan execution is defined as follows

ωh =
1

ωh,max

∑

τ∈T , o∈O

[presenceOf(∆h,τ ) ∧Xτ,o] ωh,τ,o, (6.2)

where ωh,max is a normalization factor representing the maximum work-
load that human h could face when performing a task. In the numerator,
for each task and object, if the human h is responsible for performing the
task τ (presenceOf(∆h,τ ) = true), involving the object o (Xτ,o = 1), then
the respective workload ωh,τ,o is included in the human workload.
To formalize the robots’ energy consumption, the physical model govern-
ing the energy dynamics of each robot is first presented. Let ρr,τ be the
power consumption of the robotic agent r resulting from the execution of
task τ . According to [131, 132], it can be modeled as

ρr,τ = ̺1,r + ̺2,rvr,τ + ̺3,rv
2
r,τ , (6.3)

where ̺1,r is a constant term representing the power consumption due to
internal devices (e.g., computing units and sensors) and internal electric
losses, while ̺2,r and ̺3,r are constants modeling the effects of friction and
inertia. Assuming that each robotic agent moves at a constant velocity,
the overall energy expenditure of robot r over the distance dr,τ,o, where
o denotes the object assigned to task τ (i.e., such that Xτ,o = 1), can be
computed as
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er,τ,o =

∫ δr,τ,o

0

ρr,τ dt = ρr,τδr,τ,o =

= ̺1,rδr,τ,o + ̺2,rdr,τ,o + ̺3,rvr,τdr,τ,o,

(6.4)

where δr,τ,o denotes the time needed by robot r to cover the distance dr,τ,o
and is defined as follows

δr,τ,o =
dr,τ,o
vr,τ

Xτ,o. (6.5)

The resulting expression is linear in both the motion duration δr,τ,o and
the robot velocity vr,τ . Building on (6.4), the overall normalized energy
expenditure of robot r can be formulated as follows

er =

∑

τ∈T ,o∈O

[presenceOf(∆r,τ ) ∧Xτ,o] er,τ,o

̺1,r
dmax

vr,min
+ ̺2,rdmax + ̺3,rvr,maxdmax

. (6.6)

In the numerator, for each task and object, if the robot r is responsible for
performing the task τ (presenceOf(∆r,τ ) = true), involving the object o
(Xτ,o = 1), then the respective energy er,τ,o, quantified using Eq. (6.4),
is included in the cumulative energy consumption of robot r. The de-
nominator serves as a normalization factor and represents the maximum
energy consumption that robot r could experience performing a task un-
der worst-case conditions, that is, when a task is executed at the lowest
admissible traveling velocity (vr,min) and the maximum distance is tra-
versed (dmax).

According to Problem 2 and based on the above-defined quantities, the
aim is to minimize a cost function J structured as a weighted sum of
terms comprising the workload ω(·) of each human agent, the energy con-
sumption e(·) of each robotic agent, and the overall makespan µ

J = β
∑

h∈H

ωh + γ
∑

r∈R

er + ηµ, (6.7)

where β, γ, and η are non-negative weighting factors. The proposed struc-
ture aims to achieve a balance among minimizing human effort, energy
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consumption, and completion time, according to their respective weights.
To ensure a consistent allocation and scheduling of all tasks, the following
constraints are defined.

C1) Task execution order:

ifThen(l(τ) ≻ l(ρ), endBeforeStart(∆τ ,∆ρ)), ∀τ, ρ ∈ T , τ 6= ρ. (6.8)

Equation (6.8) imposes that tasks must be executed in the order provided
by the context generator module. Specifically, for any two distinct tasks
τ, ρ ∈ T , if ρ is assigned a lower priority level than τ (l(τ) ≻ l(ρ)), then
the execution of ρ can start only once τ has been completed (encoded by
the function endBeforeStart(∆τ ,∆ρ)).

C2) Object allocation to tasks:

ifThen
(

Fτ 6= ∅, sumOf([Xτ,o]o∈O′
τ
) = 1

)

∀τ ∈ T , (6.9)

where O′

τ = {o ∈ O | Fτ ⊆ Fo} represents the subset of O comprising
only those objects that exhibit all the features required for task τ , while
[Xτ,o]o∈O′

τ
denotes the vector of decision variables associated with poten-

tial object assignments for the task τ , i.e., it includes only the binary
variables Xτ,o corresponding to objects endowed with all the features de-
manded by the task τ . Equation (6.9) enforces that, exactly one object
(sumOf(·) = 1) is assigned to each task τ and is selected from those meet-
ing the condition Fτ ⊆ Fo.

C3) Object allocation limitation:

sumOf([Xτ,o]τ∈T ′
o
) ≤ 1, ∀o ∈ O, (6.10)

where T ′

o = {τ ∈ T | Fτ ⊆ Fo} denotes the subset of tasks requiring the
features provided by the object o (Fτ ⊆ Fo), while [Xτ,o]τ∈T ′

o
represents

the vector of decision variables modeling the possible object–task assign-
ments. Equation (6.10) guarantees that each object o ∈ O is assigned to
at most one task. This constraint is implemented by enforcing, for each
object o ∈ O, that the sum of the binary decision variables modeling its
assignment to a task ([Xτ,o]τ∈T ′

o
) is less than or equal to one.

Remark 1. Note that in constraint C3, it is assumed that each object
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can be associated with at most one task. However, if a single object can
be reused across multiple tasks, the proposed formulation can be easily
extended. In this case, the object–task assignments should be modeled as
optional interval variables. Moreover, a noOverlap constraint (similar
to C5 introduced in the following) must then be applied to prevent the
simultaneous use of the same object by different tasks. For clarity of
presentation, binary assignments are considered.

C4) Agent assignment to tasks:

alternative(∆τ , [∆a,τ ]a∈A′
τ
), ∀τ ∈ T , (6.11)

where A′

τ = {a ∈ A | ca(sτ ,Mτ ,Fτ ) = 1} denotes the subset of agents ca-
pable of carrying out the task τ , while [∆a,τ ]a∈A′

τ
represents the vector of

decision variables modeling the possible agent–task assignments. Specif-
ically, it includes only the optional interval variables ∆a,τ corresponding
to agents able to perform the task τ ∈ T under consideration. Equa-
tion (6.11) guarantees that each task τ is assigned to exactly one agent, se-
lected from those able to perform it (ca(sτ ,Mτ ,Fτ ) = 1). This constraint
is implemented using the alternative global constraint (alternative(·)),
which relies on a filtering algorithm that requires as input: i) the non-
optional interval variable modeling the temporal window of the task under
consideration (∆τ ); and ii) the set of optional interval variables represent-
ing the possible executing agents ([∆a,τ ]a∈A′

τ
). Based on this input, and in

compliance with the other constraints defined within the problem model,
the algorithm selects an interval from the set of optional intervals to be
included in the solution. The agent associated with the selected interval
will be responsible for the execution of the specified task.

C5) No concurrent executions:

noOverlap([∆a,τ ]τ∈T ′
a
), ∀a ∈ A, (6.12)

where T ′

a = {τ ∈ T | ca(sτ ,Mτ ,Fτ ) = 1} is the subset of tasks that agent
a is able to perform, while [∆a,τ ]a∈A′

τ
represents the vector of decision

variables modeling the possible agent–task assignments. Specifically, it
includes only the optional interval variables ∆a,τ corresponding to tasks
that the agent a under consideration is able to perform. Equation (6.12)
enforces that each agent a ∈ A can not execute more than one task at
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a time. This constraint is implemented using the noOverlap global con-
straint, which relies on a filtering algorithm that requires as input the
set of optional interval variables modeling the possible task assignments
for agent a under consideration. Based on this input, and in compliance
with the other constraints defined within the problem model, the algo-
rithm refines the start and end times of the interval variables included in
the solution to ensure non-overlapping execution.

C6) Robot velocities:

ifThen( presenceOf(∆r,τ ), vr,τ ≥ vr,min), ∀r ∈ R ∩A′

τ , τ ∈ T
′

a ,

(6.13a)

ifThen( presenceOf(∆r,τ ), vr,τ ≤ vr,max), ∀r ∈ R ∩A′

τ , τ ∈ T
′

a ,

(6.13b)

ifThen( presenceOf(∆r,τ ) = false, vr,τ = 0), ∀r ∈ R ∩A′

τ , τ ∈ T
′

a .

(6.13c)

Equations (6.13a)-(6.13b) constrain vr,τ to be greater than zero and to
take values within the interval [vr,min, vr,max] when robot r is responsi-
ble for executing task τ (presenceOf(∆r,τ ) = true). Conversely, Equa-
tion (6.13c) constrains vr,τ to be equal to 0 when robot r is not responsible
for executing it (presenceOf(∆r,τ ) = false).

C7) Minimum duration:

ifThen

(

presenceOf(∆r,τ ) ∧Xτ,o, lengthOf(∆τ ) ≥ δr,sτ +
dr,τ,o
vr,τ

)

,

∀τ ∈ T , r ∈ R ∩A′

τ , o ∈ O
′

τ ,

(6.14a)

ifThen

(

presenceOf(∆h,τ ) ∧Xτ,o, lengthOf(∆τ ) ≥ δh,sτ +
dh,τ,o

vh(sτ , o)

)

,

∀τ ∈ T , h ∈ H ∩A′

τ , o ∈ O
′

τ .

(6.14b)

Equations (6.14a) and (6.14b) specify the minimum duration of each task
in the plan. Specifically, Equation (6.14a) establishes that if o is the
object involved in the execution of task τ (Xτ,o = 1) and r is the robotic
agent responsible for executing it (presenceOf(∆r,τ ) = true), then the task



6. A Hybrid LLM-CP Framework for Reliable Task Planning in

Heterogeneous Multi-Agent Systems
179

duration must not be less than the sum of the times needed by robot r: i)
the constant term associated with the primitive action (δr,sτ ); and ii) the
variable term modeling the time to complete all displacements at velocity
vr,τ (dr,τ,o/vr,τ ), where vr,τ denotes the velocity assigned to robot r for
task τ . Equation (6.14b) enforces an analogous constraint, but addressing
the scenario in which task τ is assigned to a human operator rather than
a robotic agent.

6.3.3 Batch decomposition strategy

In the case of large-scale systems involving several agents, tasks, and ob-
jects, the CP-based resolution might become computationally intensive,
potentially compromising the practical usability of the method. To this
end, a batch decomposition strategy, extending the one in Chapter 5, is
proposed to partition tasks into fixed-size batches and solve them itera-
tively. The batch decomposition is a commonly used approach to improve
scalability in complex optimization [135, 136, 137, 138], providing a prac-
tical balance between computational efficiency and solution quality. The
idea behind the proposed strategy is to order the tasks within each layer
according to a selected criterion, such as distance or heuristic evaluation,
and progressively incorporate them into the planning procedure.

Algorithm 6 summarizes the main steps of the decomposition strategy.
Given the batch size bs and the sets T , A, and O, the first step involves
sorting the tasks within each layer Li, with i ∈ {1, . . . , nL}, according to a
specified criterion (e.g., the base duration of the corresponding primitive
action) and collecting them into an ordered vector VT . After that, the
first bs tasks are extrated from VT to generate the vector VT ∗ (line 2) and
initialize three sets, DTfix, DAfix, and DOfix, as empty (line 3). These sets will
contain the decision variables whose values have been determined and are
consequently constrained to remain fixed throughout the following opti-
mization stages. At this point, the CP-based optimization algorithm is
executed considering the tasks in vector VT ∗ , and the available agents (A)
and objects (O) (line 4). Subsequently, an iterative procedure is executed
until the vector VT is empty (line 5). Briefly, in each iteration, the al-
gorithm examines every task τ ∗ within the vector VT ∗ (line 6), fixes the
corresponding decision variables to prevent any modification in later op-
timizations, then selects other bs tasks for allocation and scheduling, and
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executes the optimization algorithm on them. The fixing process is real-
ized by adding the interval variable ∆τ∗ to DTfix (line 7), then adding the
optional interval variable ∆a,τ∗ of the assigned agent a to DAfix (lines 8-11),
and finally, if the task τ ∗ involves the use of an object, adding the binary
variable Xτ∗,o of the assigned object o to DOfix (lines 12-15). The assigned
object is also removed by the set of available objects O (line 16) to pre-
vent it from being used multiple times. After these steps, the algorithm
transfers the first bs tasks from VT to VT ∗ (line 18). The optimization al-
gorithm is then re-executed by considering the vector VT ∗ , the agent and
object sets A and O, respectively, and the sets comprising all decision
variables already computed and thus fixed in value, DTfix, DAfix, and DOfix

(line 19). This mechanism enables progressive planning while preserving
consistency with previously scheduled tasks and ensuring computational
tractability.

Algorithm 6 Batch Decomposition Strategy
Require: bs, T , A, O
1: VT ← sort(T , [Li]i∈{1,...,nL})

2: VT ∗ ← pop(VT , 1 : bs)
3: DT

fix
, DA

fix
, DO

fix
← ∅

4: ∆τ∗ , ∆a,τ∗ , Xτ∗,o (∀τ∗ ∈ LT ∗ , a ∈ A, o ∈ O) ← optimization algorithm(VT ∗ , A, O)
5: while VT 6= ∅ do

6: for all τ∗ ∈ VT ∗ do

7: DT
fix
← ∆τ∗

8: for all a ∈ A do

9: if presenceOf(∆a,τ∗ ) = true then

10: DA
fix
← ∆a,τ∗

11: break

12: if Fτ∗ 6= ∅ then

13: for all o ∈ O do

14: if Xτ∗,o = 1 then

15: DO
fix
← Xτ∗,o

16: O ← remove(o)
17: break

18: VT ∗ ← pop(LT , 1 : bs)
19: ∆τ∗ , ∆a,τ∗ , Xτ∗,o (∀τ∗ ∈ LT ∗ , a ∈ A, o ∈ O) ← optimization algorithm(VT ∗ ,A,O,DT

fix
,DA

fix
,DO

fix
)

20: return ∆τ , ∆a,τ , Xτ,o (∀τ ∈ T , a ∈ A, o ∈ O)

6.4 Simulation validation

This section presents the simulation results, which validate the proposed
architecture. As illustrative case studies, object sorting and letter assem-
bly missions involving a heterogeneous team of agents were considered for
validation purposes.



6. A Hybrid LLM-CP Framework for Reliable Task Planning in

Heterogeneous Multi-Agent Systems
181

Figure 6.3: Simulation scenario overview.

6.4.1 Setup description

The considered simulation scenario, depicted in Figure 6.3, comprises
two fixed-base collaborative manipulators and a human agent oper-
ating on a workbench. The latter is divided into two lateral re-
gions and a central region, highlighted in orange and blue, respec-
tively. The lateral regions represent the picking areas, containing the
objects that can be assigned to tasks. The central region, on the
other hand, serves as the working area, and its content is strictly de-
termined by the specific case study under consideration. For example,
it may contain an n-by-n grid, as in the letter assembly case study
(see Figure 6.4-left), or a set of boxes, as in the object sorting case
study (see Figure 6.5-left). Without loss of generality, each agent was
assumed to be capable of reaching any location on the workbench.

Color Shape Mass
[Kg]

Size

R
C 0.12 1
P 0.36 3

Y
C 0.09 1
P 0.27 3

B
C 0.06 1
P 0.18 3

G
C 0.03 1
P 0.09 3

Table 6.2: Specifics of the ob-
jects.

The presence of 64 colored blocks on the
workbench was assumed: 40 cubes (C)
and 24 parallelepipeds (P). Specifically, in
each picking area, it was assumed that
there were 5 cubes and 3 parallelepipeds
for each of the following colors: red (R),
green (G), yellow (Y), and blue (B). These
objects formed the set O and followed
the specifications provided in Section 6.2.
Specifically, each object o ∈ O: i) was as-
signed to a specific picking area and lo-
cated at a random position po ∈ R

3 within
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that area; ii) had a mass mo, chosen ac-
cording to its shape and color (see Ta-
ble 6.2); and iii) was characterized by a set of distinctive features Fo,
including shape, color, and size, where the size denoted the number of
grid cells occupied by the object on an n-by-n grid whose cells were each
of dimensions 0.1m× 0.1m.

Regarding the agents, each robotic agent r ∈ R: i) occupied a posi-
tion pr ∈ R

3 close to the working area, as shown in Figure 6.3; ii) was
able to perform the pick-and-place primitive action, i.e., Sr = {PaP};
and iii) was characterized by a minimum and a maximum velocity
set to vr,min = 0.1 m/s and vr,max = 0.25 m/s, respectively. Conversely,
each human agent h ∈ H: i) was located at a position ph ∈ R

3 close
to the working area, as shown in Figure 6.3; ii) was able to perform
the pick-and-place, box opening, and box closing primitive actions, i.e.,
Sh = {PaP, opening, closing}; and iii) was characterized by a maximum
operating speed vh,max set to 0.3 m/s. Concerning the actual operating
speed of the human operator h, performing the primitive action s with
the object o, it was computed as follows

vh(s, o) = κs
vh,max

1 + α(mo −mmin)
, (6.15)

where κs ∈ [0, 1] is a scaling factor depending on the primitive action,
α ≥ 0 is a gain, and mmin represents the minimum mass among all the
objects, i.e., mmin = min

o∈O
mo. According to this formulation, the oper-

ating speed: i) decreases as the mass of the object involved in the task
increases; and ii) depends not only on the mass of the object, but also on
the specific primitive action performed by the agent.

As for the workload sustained by human agent h when executing task τ
with object o involved, it was computed as follows

ωh,τ,o = lengthOf(∆τ )mo =

(

δh,sτ +
dh,τ,o

vh(sτ , o)

)

mo, (6.16)

meaning that the workload increases with both the object mass and the
duration of the motion. It is worth pointing out that the modeling of
human operating speed and workload was beyond the scope of the activ-
ity presented in this chapter, and that the adopted models were intended
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Figure 6.4: Overview of the simulation scenario at the beginning (left) and
the end (right) of a letter assembly scenario, in which the objective is to arrange
the objects in the scene to form a letter on an n-by-n grid. As an example, the
capital letter “H” is shown on the right.

solely to demonstrate the generality and flexibility of the proposed ap-
proach.

6.4.2 Missions’ description

As previously stated, the validation was carried out through the analysis
of two case studies: i) letter assembly and ii) object sorting.

In the letter assembly case study, illustrated in Figure 6.4, the objective
was to position objects in a 5-by-5 grid placed at the center of the working
area to reproduce the structure of the desired letter as accurately as pos-
sible while using as few objects as possible. The assembly was required
to proceed from the 5-th row toward the 1-st, with the 5-th row situated
next to the human and the 1-st row located next to the robots. With-
out loss of generality, the capital letters “D” and “H” were considered as
reference structures.

In the object sorting case study, on the other hand, which is depicted in
Figure 6.5, the objective was to transfer objects into four boxes located
within the working area. Each box was initially empty and had to be
filled with one object of each color and at least one parallelepiped.
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Figure 6.5: Overview of the simulation scenario at the beginning (left) and
the end (right) of an object-sorting scenario, in which the goal is to organize
some objects into four sealed boxes of distinct colors (red, yellow, blue, and
green).
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Order
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Figure 6.6: Overview of the ROS-based implementation.

6.4.3 Implementation details

The proposed framework relies on the ROS (Robot Operating System)
Noetic Ninjemys middleware. As depicted in Figure 6.6, the architecture
is composed of a GUI module and three main nodes: i) a context gener-
ator node, implemented in Python and capable of interfacing with either
a local or a remote LLM, ii) a CP-based optimizer node, implemented in
Python and responsible for formulating and solving the CP optimization
problem described in Section 6.3.2.1, and iii) a robot control node, imple-
mented in C++ and responsible for generating the velocity commands for
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the manipulators. In more detail, the context generator node is responsi-
ble for sending the textual prompts to the selected LLM and handling its
responses. The CP-based optimizer node is responsible for implement-
ing the CP optimization problem described in Section 6.3.2.1, using the
context information provided by the previous node, and determining the
optimal task allocation and scheduling. To this aim, it resorts to ver-
sion 22.1.1 of IBM ILOG CPLEX, a state-of-the-art optimization solver
widely recognized for its efficiency in handling constrained optimization
problems [171, 172]. Finally, the robot control node is responsible for
generating the joint velocity commands for manipulators, whereas the
GUI module is responsible for displaying the planned tasks to human
operators.

Concerning the CP optimization problem, the weighting coefficients of the
cost function in Eq. (6.7) were set to β = 4, γ = 1, and η = 10, whereas
the batch size bs was set to 4.

The described architecture was entirely developed on a commercial laptop
equipped with an Intel Core i7− 12700H CPU (up to 4.90 GHz), 32 GB
DDR5 RAM, and a 2 TB SSD.

6.4.4 Baselines and evaluation metrics

Each case study was evaluated using three approaches: the proposed one
and two baselines.

• In the proposed approach, referred to as LLMCG+CPA,S, the LLM-
based module acts exclusively as a context generator (CG), identi-
fying the set of tasks (T ) required to complete the assigned mission
and their hierarchical relationships (Li, i ∈ {1, ..., nL}). The CP-
based module, on the other hand, handles: i) the allocation (A)
procedures related to the identified tasks, which involves defining
the value of the binary variables Xτ,o and the optional interval vari-
ables ∆a,τ ; and ii) the scheduling (S) procedures, which, in contrast,
involve defining the value of the interval variables ∆τ and the con-
tinuous variables vr,τ .

• In the first baseline, referred to as LLMCG,A+CPS, the LLM-based
module is responsible not only for context generation but also for
allocation procedures. Specifically, in addition to identifying the set
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of tasks (T ) required to complete the assigned mission and their hi-
erarchical relationships (Li, i ∈ {1, ..., nL}), it also defines the value
of the binary variables Xτ,o and the optional interval variables ∆a,τ .
As for the CP-based module, in this case, it is responsible only for
the scheduling procedures, namely defining the value of the interval
variables ∆τ and the continuous variables vr,τ .

• In the second baseline, referred to as LLMCG,A,S, an approach simi-
lar to that proposed in [173] is adopted. Specifically, in this case,
the LLM-based module handles the entire pipeline for producing
the final plan, with the CP-based module excluded from all stages.
In more detail, in this case, the LLM-based module performs the
following operations: i) generates the context, identifying the set of
tasks (T ) required to complete the assigned mission and their hier-
archical relationships (Li, i ∈ {1, ..., nL}); ii) handles the allocation
procedures, which involve defining the value of the binary variables
Xτ,o and the optional interval variables ∆a,τ ; and iii) manages the
scheduling procedures, which, on the other hand, involve defining
the value of the interval variables ∆τ and the continuous variable
vr,τ .

As stated in Section 6.3.1, when decomposing the mission described in
the user prompt into a set of tasks (T ), for each task τ , the LLM also
provides a set of motion instructions (Mτ ), in addition to the corre-
sponding primitive action (sτ ). In the considered setting, this set Mτ

comprises only the relevant positions. Specifically, for the proposed ap-
proach (LLMCG+CPA,S), it contains the final position of the operation,
while for the two baselines it contains two positions, representing the fi-
nal position of the operation and the initial position of the object to use,
respectively.

For each method, two variants were considered, differing in the LLM
model used as the backbone. The models employed are Gemini 2.5 Pro
and Claude 4.5 Sonnet.

Concerning the prompts for the LLM-based module, they were structured
as shown in Figure 6.2 for the proposed method, while some changes were
introduced for the two baselines. In both cases, these changes were in-
tended to provide additional information to the LLM-based module to
correctly carry out the allocation and scheduling procedures. In detail, in
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the system prompt, the positions of each object, grid cell, and box in the
scene were introduced, and the “action” section was replaced with a more
detailed “agents” section. The latter specified a complete description of
each agent in the scene, including its ID, spatial position, list of primi-
tive actions it could perform, and velocity limits. Moreover, additional
directives were added. Each directive corresponded to the natural lan-
guage translation of a constraint from the CP formulation presented in
Section 6.3.2.1. The number and type of directives introduced for each ap-
proach depended strictly on the procedures that the LLM-based module
had to handle. In detail, for baseline LLMCG,A+CPS, the natural language
translation of all constraints related to the allocation procedures (e.g.,
Eq. (6.12)) was introduced, whereas for baseline LLMCG,A,S, the natural
language translation of all constraints related to the scheduling proce-
dures (e.g., Eq. (6.8)) was also introduced. A possible natural language
translation of the constraint in Eq. (6.12) is “An agent cannot carry out
multiple tasks simultaneously”, while for the constraint in Eq. (6.8) it is
“The start and end times of each task must be determined according to its
position within the task hierarchy. Specifically, any task at level i cannot
commence before the completion of all tasks at lower levels”. Finally, as
for the template specifying the desired structure for the final plan, it was
extended in both cases. In particular, it was introduced: i) an “objec-
tID” field, in which the LLM was required to specify the ID of the object
associated with the task; ii) an “agentID” field, in which the LLM was
required to report the ID of the agent responsible for task execution; and
iii) “startTime” and “endTime” fields, in which the LLM was required
to specify the start and end times of the task. The latter two fields
were included only for baseline LLMCG,A,S. Regarding the user prompt,
for both baselines, it was extended to include, in addition to the mission
description, details about the additional procedures to be handled by the
LLM and the cost function to be optimized. Specifically, for the baseline
LLMCG,A+CPS case, the following instruction was introduced: “For every
action, assign an available object (“objectID”) that matches the required
shape and colour, and an agent (“agentID”) such that human workload,
robot energy use, and total makespan are all minimized”. Whereas, for
the baseline LLMCG,A,S, the following instruction was introduced: “While
preserving the original plan, allocate a start and end time to each action
according to the directives, minimizing the makespan, human workload,
and robotic energy consumption”. Some illustrative examples of prompts



188
6. A Hybrid LLM-CP Framework for Reliable Task Planning in

Heterogeneous Multi-Agent Systems

are available at the link.2.

Due to the stochastic variability inherent in the LLMs’ outputs [174, 175],
multiple tests were conducted to assess the performance of each method.
Specifically, for each case study, 3 sets of objects were considered, differing
in their initial positions on the workbench. For each set, 10 tests were
executed for each approach, based on which statistics were computed for
the performance metrics detailed below.

To evaluate the performance of each method, different metrics were in-
troduced. Let J b

i,k and J i,k denote the values of the objective function
in Eq. (6.7) obtained from the generic baseline under consideration and
the LLMCG+CPA,S method, respectively, at the end of the k-th trial on the
i-th object set. The corresponding relative error ǫbi,k was defined as

ǫi,k =
J b
i,k − J̄i,k
J̄i,k

, (6.17)

which is positive when the proposed method outperforms the baseline in
terms of optimality and negative otherwise. Note that the higher the
error, the better the performance of the LLMCG+CPA,S method compared
to the baseline. Based on this quantity, the minimum and maximum rel-
ative errors (denoted as ǫm and ǫM , respectively) were computed over the
10 trials for each baseline and object set. Moreover, a feasibility met-
ric was introduced to evaluate whether a plan satisfies all the directives
listed in the system prompt and meets all the constraints defined in the
constraint programming formulation (see Section 6.3.2.1). Based on this,
the feasibility percentage (f%), i.e., the percentage of feasible plans on
the 10 trials, was evaluated for each object set and method. For each
object set and method, the mean values of the following parameters were
also derived from the outcomes of the 10 trials: i) the objective function
(J); ii) the overall makespan (µ); iii) the cumulative energy consump-
tion of robotic agents (denoted as e); iv) the overall workload of human
agents (denoted as ω); and v) the cumulative computation time of the
LLM-based and the CP-based modules.

2https://git.new/ZR6l5jr

https://git.new/ZR6l5jr
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6.4.5 Performance evaluation

This section first presents an illustrative example of the proposed method
(LLMCG+CPA,S) for assembling the capital letter “H”. Then, the results of a
general performance comparison between the proposed approach and the
two baselines, for both the assembly and sorting missions, are presented.

Regarding the example, it began with the context generation by the LLM-
based module, which, as previously stated, is responsible for identifying
the tasks necessary to accomplish the mission and their hierarchical re-
lationships. The textual prompts used during this stage are the same as
those shown in Figure 6.2. A graphical representation of the generated
output is shown in Figure 6.7.
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Figure 6.7: Simulative validation. Graphical representation of the output
generated by the LLM-based module for the example assembly case of the
capital letter “H”.

The LLM decomposed the mission into 11 tasks and, to fulfill the row-
ordering directive specified in Section 6.4.2, organized them into a 5-level
hierarchy. Each of the identified tasks involved handling an object and
executing a pick-and-place action. The involved object set comprised 10
cubes and 1 parallelepiped. The context generation phase was followed by
the optimization phase, during which the CP-based module formulated
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and solved a constrained optimization problem to allocate and schedule
tasks. A graphical representation of the resulting output is provided in
Figure 6.8.

Figure 6.8: Simulative validation. Example of an optimal plan for assembling
a capital letter “H”, generated from the output of the LLM-based module shown
in Figure 6.7.

The figure contains a set of colored bars, each associated with an agent
and distinguished by a color. Each bar represents a specific task and
contains details of the corresponding task, including the task ID, the
corresponding hierarchical level, the primitive action to be performed
by the agent, and, when necessary, the specific object to be used. For
example, consider the first bar associated with the human agent h1, which
represents the first task assigned to him/her. The task τ associated with
this bar: i) corresponds to the second element of the set T ; ii) is located at
the first level (L1) of the task hierarchy; and iii) involves executing a PaP
action with the green cube labeled “green-cube1”. As can be observed, the
human agent was primarily responsible for the PaP operations involving
the lightest objects in the scene, whereas the robots were responsible for
those involving the heaviest ones. This choice was the result of several
factors, such as: i) the relative distance of the objects from the agents; ii)
the relative distance of the objects from their designated final locations;
iii) the mass of the objects; and iv) the values assigned to the weighting
coefficients of the cost function components. Regarding the weights, as
stated at the end of Section 6.4.3, the value assigned to the workload
weighting coefficient (β = 4) is higher than that assigned to the energy
consumption weighting coefficient (γ = 1), thus encouraging the lightest
objects to be assigned to the human agent rather than to the robots.

The performance results obtained from the different methods over all
missions are now presented and analyzed. These values are presented in
Tables 6.3–6.8. More in detail, Tables 6.3–6.5 report the results obtained



6. A Hybrid LLM-CP Framework for Reliable Task Planning in

Heterogeneous Multi-Agent Systems
191

using Gemini 2.5 Pro, whereas Tables 6.6–6.8 report the outcomes ob-
tained with Claude 4.5 Sonnet. In all tables, each macro row is related to
a set of objects, whose “ID” is specified in the first column, and presents,
for each approach, the evaluation metrics resulting from the outcomes of
the 10 trials conducted with that set.

First, an analysis of Table 6.3 is provided, which collects the outcomes
obtained with Gemini 2.5 Pro for the assembly of the capital letter “H”.
The table overall confirm the effectiveness of the proposed approach and
its superiority over the two baselines for the considered mission. For ex-
ample, consider the column associated with the feasibility rate (f%) of
generated plans. It can be observed that both the baseline LLMCG,A+CPS

and the proposed approach (LLMCG+CPA,S) achieved a feasibility rate of
100% across all object sets. Conversely, the baseline LLMCG,A,S, which
relies exclusively on the LLM-based module, achieved lower feasibility
rate values across all object sets, ranging from 60% to 40%. This indi-
cates that the baseline LLMCG,A,S is not reliable in terms of feasibility,
highlighting the need for a hybrid planning approach. Regarding the
computation time (CP + LLM (s)), it can be observed that the proposed
approach required less time than the other two to produce a solution.
Specifically, the proposed approach required ≈ 24s in total, the baseline
LLMCG,A+CPS required ≈ 36s, whereas the baseline LLMCG,A,S required
≈ 46s). Concerning the minimum and maximum relative errors (ǫm, ǫM),
it can be noticed that, for both baseline approaches, the minimum and
maximum relative errors took positive values across all the object sets.
Specifically, the baseline LLMCG,A+CPS exhibited a minimum (maximum)
relative error ranging from 0.23 to 0.44 (0.95 to 1.70), while the baseline
LLMCG,A,S exhibited a minimum (maximum) relative error ranging from
0.32 to 0.49 (0.91 to 2.26). Two observations can be derived from this: i)
both baselines underperform compared to the proposed approach across
all object sets; and ii) the baseline LLMCG,A+CPS outperforms the base-
line LLMCG,A,S. This is motivated by the fact that the first baseline resorts
to an optimization procedure for scheduling, enabling it to achieve more
optimal results than the LLM-only baseline and further confirming the
effectiveness of hybrid approaches. The previous observations are further
confirmed by the results in the column associated with the average cost
function (J), where it can be noticed that the proposed approach yielded
plans with lower cost function values compared to those produced by the
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two baselines. This behavior can be primarily attributed to the fact that
both baselines yielded, on average, plans with greater makespan and en-
ergy consumption values compared to those produced by the proposed
method. For example, in the case of the first set of objects, the average
normalized makespan (energy consumption) was 0.11 (0.50), with the
proposed approach, 0.15 (2.28) with the baseline LLMCG,A+CPS, and 0.22
(1.83) with the baseline LLMCG,A,S. This shows that the plans generated
by the two baseline approaches have a higher cumulative duration and in-
volve a greater energy consumption than those generated by the proposed
approach. This behavior, which holds for all object sets, can be primarily
attributed to a suboptimal management of task allocation and velocity
generation processes by the two baselines. As for the workload (ω), it
can be observed that the two baseline approaches yielded solutions with
similar normalized workload values, which are lower than those associated
with solutions produced by the proposed approach. This behavior sug-
gests that the LLM tends to prioritize optimizing the workload of human
agents over other parameters.

The observations made throughout the analysis of Table 6.3 are further
supported by Table 6.4, which reports the evaluation metrics obtained
from simulations focused on the assembly of a capital letter “D”. Similar
observations can also be derived from Table 6.5, which provides the results
of the object sorting mission. Specifically, it can be observed that a
larger performance gap exists between the proposed approach and the two
baselines for this case study, with the proposed approach outperforming
them. This trend is particularly evident for baseline LLMCG,A,S. Indeed,
analyzing the feasibility rate (f%) column, it can be noticed that, even in
this case, the baseline LLMCG,A+CPS and the proposed approach continued
to perform equivalently in terms of feasibility, generating feasible plans
in all cases, whereas the baseline LLMCG,A,S performed worse than the
previous cases. In particular, the average feasibility rate of its plans
decreased significantly, reaching a range from 50% to 10%. This suggests
that a pure LLM approach may struggle to optimally handle all the phases
of the process described in Section 6.3, particularly in the case of more
complex missions. As for baseline LLMCG,A+CPS, it can be observed that
its performance remained quite stable across the considered case studies.
This suggests that, unlike baseline LLMCG,A,S, the performance of baseline
LLMCG,A+CPS does not appear to degrade significantly as the mission



6. A Hybrid LLM-CP Framework for Reliable Task Planning in

Heterogeneous Multi-Agent Systems
193

complexity increases. However, as can be noticed, it continued to be
outperformed by the proposed approach.

Regarding the results obtained with Claude 4.5 Sonnet on the three case
studies, summarized in Tables 6.7–6.8, observations analogous to those
made on solutions generated by Gemini 2.5 Pro can be derived. However,
comparing the metrics obtained from solutions generated by Gemini 2.5
Pro with those from solutions produced by Claude 4.5 Sonnet, it can be
observed that, in the letter assembly case study, Claude outperformed
Gemini on average, producing more feasible solutions and lower relative
error values. Conversely, in the object sorting case study, Gemini per-
formed better than Claude. This is particularly evident in the baseline
LLMCG,A,S case, where no feasible solutions were generated across any of
the considered object sets.

ID Case f(%) CP + LLM (s) ǫm ǫM J µ ω e

1
LLMCG+CPA,S 100 11.97 + 11.37 - 2.80 0.11 0.28 0.60
LLMCG,A+CPS 100 1.52 + 33.07 0.27 0.95 4.14 0.15 0.08 2.28

LLMCG,A,S 60 0.00 + 46.05 0.32 0.91 4.37 0.22 0.08 1.83

2
LLMCG+CPA,S 100 11.74 + 12.50 - 2.80 0.10 0.26 0.73
LLMCG,A+CPS 100 2.97 + 33.29 0.23 1.51 5.72 0.20 0.14 3.18

LLMCG,A,S 60 0.00 + 49.52 0.45 2.26 6.06 0.28 0.14 2.67

3
LLMCG+CPA,S 100 11.46 + 12.15 - 2.59 0.10 0.24 0.65
LLMCG,A+CPS 100 2.16 + 34.19 0.44 1.70 4.96 0.18 0.12 2.64

LLMCG,A,S 40 0.00 + 43.52 0.49 1.49 5.06 0.28 0.12 1.78

Table 6.3: Comparison of the proposed method against the two baselines
(LLMCG,A+CPS,LLMCG,A,S) in the simulations for assembling the capital letter
“H”, employing Gemini 2.5 Pro.
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ID Case f(%) CP + LLM (s) ǫm ǫM J µ ω e

1
LLMCG+CPA,S 100 11.15 + 13.64 - 2.24 0.10 0.18 0.54
LLMCG,A+CPS 100 2.02 + 33.21 0.14 1.88 3.96 0.15 0.23 1.56

LLMCG,A,S 40 0.00 + 43.52 0.24 2.09 4.28 0.25 0.23 0.86

2
LLMCG+CPA,S 100 11.00 + 12.02 - 2.18 0.10 0.16 0.61
LLMCG,A+CPS 100 2.01 + 29.45 0.11 1.19 3.35 0.14 0.09 1.57

LLMCG,A,S 70 0.00 + 42.44 0.22 1.45 3.69 0.22 0.09 1.09

3
LLMCG+CPA,S 100 10.62 + 14.88 - 2.20 0.09 0.21 0.43
LLMCG,A+CPS 100 1.98 + 35.17 0.12 1.40 3.58 0.15 0.13 1.52

LLMCG,A,S 50 0.00 + 44.22 0.23 1.65 3.87 0.23 0.13 1.05

Table 6.4: Comparison of the proposed method against the two baselines
(LLMCG,A+CPS,LLMCG,A,S) in the simulations for assembling the capital letter
“D”, employing Gemini 2.5 Pro.

ID Case f(%) CP + LLM (s) ǫm ǫM J µ ω e

1
LLMCG+CPA,S 100 24.32 + 17.22 - 3.14 0.08 0.23 1.41
LLMCG,A+CPS 100 15.85 + 42.63 0.23 0.97 4.53 0.17 0.04 2.70

LLMCG,A,S 20 0.00 + 60.05 0.20 1.04 5.11 0.14 0.04 3.59

2
LLMCG+CPA,S 100 24.63 + 14.16 - 3.02 0.08 0.21 1.34
LLMCG,A+CPS 100 16.32 + 42.28 0.19 0.55 3.86 0.15 0.03 2.24

LLMCG,A,S 10 0.00 + 77.20 0.20 0.20 3.63 0.18 0.03 1.73

3
LLMCG+CPA,S 100 23.42 + 15.37 - 3.09 0.08 0.24 1.29
LLMCG,A+CPS 100 17.62 + 38.17 0.25 1.00 4.37 0.11 0.38 1.78

LLMCG,A,S 50 0.00 + 68.50 0.09 1.17 4.51 0.10 0.38 1.98

Table 6.5: Comparison of the proposed method against the two baselines
(LLMCG,A+CPS,LLMCG,A,S) in the simulations for the object-sorting, employing
Gemini 2.5 Pro.
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ID Case f(%) CP + LLM (s) ǫm ǫM J µ ω e

1
LLMCG+CPA,S 100 12.76 + 16.66 - 2.80 0.11 0.29 0.58
LLMCG,A+CPS 100 1.55 + 24.55 0.36 0.90 4.63 0.18 0.10 2.44

LLMCG,A,S 80 0.00 + 50.49 0.84 1.31 5.79 0.13 0.10 4.12

2
LLMCG+CPA,S 100 12.14 + 15.53 - 2.80 0.11 0.28 0.62
LLMCG,A+CPS 100 2.32 + 23.77 0.26 0.93 4.78 0.17 0.18 2.30

LLMCG,A,S 90 0.00 + 50.72 0.44 1.39 5.82 0.12 0.18 3.84

3
LLMCG+CPA,S 100 11.72 + 17.08 - 2.61 0.10 0.24 0.66
LLMCG,A+CPS 100 2.16 + 25.20 0.25 1.06 4.32 0.17 0.09 2.30

LLMCG,A,S 80 0.00 + 48.58 0.61 1.61 5.37 0.12 0.09 3.86

Table 6.6: Comparison of the proposed method against the two baselines
(LLMCG,A+CPS,LLMCG,A,S) in the simulations for assembling the capital letter
“H”, employing Claude 4.5 Sonnet.

ID Case f(%) CP + LLM (s) ǫm ǫM J µ ω e

1
LLMCG+CPA,S 100 10.96 + 13.08 - 2.14 0.09 0.17 0.59
LLMCG,A+CPS 100 0.92 + 31.81 0.11 0.25 2.51 0.11 0.06 1.18

LLMCG,A,S 100 0.00 + 39.93 0.18 0.41 2.76 0.10 0.06 1.54

2
LLMCG+CPA,S 100 11.72 + 15.77 - 2.15 0.09 0.15 0.68
LLMCG,A+CPS 100 1.10 + 32.10 0.05 0.44 2.65 0.11 0.09 1.19

LLMCG,A,S 90 0.00 + 38.91 0.14 0.70 2.91 0.09 0.09 1.64

3
LLMCG+CPA,S 100 12.13 + 15.14 - 2.09 0.10 0.15 0.55
LLMCG,A+CPS 100 0.97 + 27.09 0.00 1.01 2.57 0.11 0.09 1.16

LLMCG,A,S 80 0.00 + 38.19 0.16 0.65 2.79 0.09 0.09 1.53

Table 6.7: Comparison of the proposed method against the two baselines
(LLMCG,A+CPS,LLMCG,A,S) in the simulations for assembling the capital letter
“D”, employing Claude 4.5 Sonnet.
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ID Case f(%) CP + LLM (s) ǫm ǫM J µ ω e

1
LLMCG+CPA,S 100 46.89 + 18.84 - 3.05 0.09 0.19 1.38
LLMCG,A+CPS 100 53.05 + 27.15 0.21 1.96 6.09 0.14 0.65 2.13

LLMCG,A,S 0 - - - - - -

2
LLMCG+CPA,S 100 44.86 + 17.82 - 3.29 0.10 0.21 1.48
LLMCG,A+CPS 100 51.72 + 28.05 0.16 0.41 4.15 0.13 0.19 2.07

LLMCG,A,S 0 - - - - - -

3
LLMCG+CPA,S 100 36.05 + 16.26 - 3.21 0.10 0.22 1.35
LLMCG,A+CPS 100 52.50 + 27.54 0.35 0.84 4.98 0.16 0.25 2.42

LLMCG,A,S 0 - - - - - -

Table 6.8: Comparison of the proposed method against the two baselines
(LLMCG,A+CPS,LLMCG,A,S) in the simulations for the object-sorting, employing
Claude 4.5 Sonnet.
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6.5 Laboratory experiment

This section presents the real-world validation of the proposed approach.
The validation was carried out in a laboratory environment through an
assembly mission with the capital letter “L” as the reference structure. A
high-resolution video of the experiment is available at the link3.

The experiment involved 2 agents, one human operator and one 7-
DoF Kinova Jaco2 manipulator, as depicted in Figure 6.9. Human

Realsense D435i 
camera

Picking 
area

Figure 6.9: Real-world validation setup.

and robotic agents were characterized by the same set of skills as in
the simulation case, while the minimum and maximum velocities were
defined as vh,max = 0.08 m/s for humans, and as vr,min = 0.05 m/s and
vr,max = 0.06 m/s for robots. The considered scenario comprised one pick-
ing area and a set of 12 objects, with three cubic-shaped objects for each
of the following colors: red (R), yellow (Y), blue (B), and green (G).
Mass and size of the objects were as in Table 6.2. The description of
these objects, specifically their positions and features, was obtained us-
ing a dedicated perception module composed of a sensor camera and a
detection-recognition model. Specifically, the images of the scene were
acquired through an Intel RealSense D435i camera, whereas the iden-
tification and characterization of the objects were performed through a
YOLO [?] network trained to detect and recognize colored building blocks.
The same ROS-based architecture used in the simulation case study was
employed in the real-world setting, with the addition of two nodes: one

3https://youtu.be/56z4UdbLYe0

https://youtu.be/56z4UdbLYe0


198
6. A Hybrid LLM-CP Framework for Reliable Task Planning in

Heterogeneous Multi-Agent Systems

handling the camera and the other handling the YOLO identification net-
work. Additionally, Gemini 2.5 Pro was used for the LLM-based module,
and the weighting coefficients of the cost function (6.7) were chosen as in
the simulation case, i.e., β = 4, γ = 1, and η = 10.

The experiment for assembling the capital letter “L” began with the con-
text generation using the LLM model. The textual prompts used in this
step were similar to those shown in Figure 6.2, with some adjustments to
reflect the scenario and mission considered in the experiment. Specifically,
in the system prompt, the content of the “Scene” section was modified to
provide a detailed description of the real-world environment, and no direc-
tive about the row filling order was included. The user prompt remained
almost the same, with the only difference being the request for assembling
a capital letter “L” instead of a capital letter “H”. A graphical represen-
tation of the output of the LLM-based module is shown in Figure 6.10.
The LLM decomposed the mission into 6 tasks and organized them at

Task – 2

Task – 1

Task – 3

Task – 4 Task – 5 Task – 6

Figure 6.10: Graphical representation of the output generated by the LLM-
based module during the real-world experiment for the assembly of the capital
letter “L”.

the same level of the task hierarchy, meaning that all could be executed
in parallel. Each of the identified tasks involved handling a colored cube
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and executing a pick-and-place action to compose the desired letter. This
information was then exploited by the CP-based module to allocate and
schedule the identified tasks while minimizing the cost function (6.7). A
graphical representation of the resulting plan is provided in Figure 6.11.
The figure shows the tasks assigned to each agent (with the human at
the top and the robot at the bottom) and their timing. For each task,
the ID, the corresponding hierarchical level, the primitive action to be
performed by the agent, and the allocated object are shown. It can be
observed that, as in the assembly case of the capital letter “H” presented
in Section 6.4.5, the human agent was, in this case as well, primarily
responsible for the PaP operations involving the lightest objects in the
scene. This can primarily be attributed to the fact that the value assigned
to the workload weighting coefficient (β = 4) is higher than that assigned
to the energy consumption weighting coefficient (γ = 1). As discussed
for the simulation case study, this configuration encourages the assign-
ment of the operation involving the lightest objects in the scene to the
human and those involving the heaviest ones to the robots. Figure 6.12

Figure 6.11: Optimal plan resulting from the real-world laboratory experi-
ment for the assembly of the capital letter “L”.

shows key moments of the experiment. Specifically, Figure 6.12 top-left)
provides an overview of the scenario at t = 0s, with all objects located
at their starting positions. Figure 6.12 top-right) shows the execution
at t ≈ 90s, where the human operator and the robot were performing
the PaP of the “green-cube2” and the “yellow-cube2”, respectively. Fig-
ure 6.12 bottom-left) highlights the phase of the plan corresponding to
t ≈ 130s, in which the human operator was awaiting the next task and
the robot was completing the PaP of the “yellow-cube2”. Finally, Fig-
ure 6.12 bottom-right) provides an overview of the final configuration of
the scenario, which reflects the desired letter assembly.
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Figure 6.12: Screenshots from the real-world experiment.

In conclusion, the experiment validated the effectiveness of the method in
realizing collaborative allocation and scheduling, given a natural language
description of the desired mission.

6.6 Conclusions

This chapter presented an architecture designed to optimize task allo-
cation and scheduling in scenarios involving heterogeneous multi-agent
teams. In detail, by leveraging the world-knowledge capabilities of LLMs,
a Context Generator transforms the natural language mission description
into an ordered and structured sequence of tasks. Subsequently, a CP-
based Optimizer formulates and solves a constraint optimization problem
to achieve an optimal task allocation and scheduling, consistent with tem-
poral, resource, and agent-specific constraints. The effectiveness of the
proposed architecture was first assessed in simulation against two baseline
approaches, across missions of different complexity and LLM models, and
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then in a laboratory environment with human-robot teams. The experi-
mental results demonstrated the superiority of the proposed framework,
which produced more optimal solutions in terms of makespan, energy con-
sumption, and human workload, while requiring less computation time.
Furthermore, the findings highlighted the critical limitations of a purely
LLM-driven approach, which exhibited a high rate of plan infeasibility,
thereby confirming that a formal optimization layer is essential for ensur-
ing safety and reliability in real-world applications.
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Chapter 7

Conclusions and Future Works

The work presented in this thesis introduced a series of control and
decision-making strategies integrated into a comprehensive two-layer ar-
chitecture, consisting of a control layer and a task coordination layer.
At the control layer, the proposed architecture combines Hierarchical
Quadratic Programming (HQP) and Control Barrier Functions (CBFs)
to enable robots to autonomously manage internal configurations while
ensuring operational safety during task execution. To promote safe yet
effective human–robot collaborations, the architecture also integrates a
Safety Planner and a Shared Control Strategy. The Safety Planner guar-
antees human safety by quantifying it through a dedicated safety field and
using this measure to compute optimal trajectory adjustments—either by
reducing velocity or deviating from a nominal path—through the solution
of a Quadratic Programming (QP) problem. Conversely, the Shared Con-
trol Strategy provides smooth modulation of the system’s autonomy level
by dynamically adjusting the robot’s admittance parameters.

At the task coordination layer, the architecture incorporates a dynamic
framework for task allocation and scheduling, employing a Mixed-Integer
Linear Programming (MILP) formulation to optimize resource usage and
performance under human variability and real-world uncertainties. The
integration of stochastic human models and real-time feedback enables the
framework to adapt the plan in response to evolving operator conditions
and external factors, effectively balancing objectives such as makespan,
waiting time, and energy consumption.

In addition to this framework, a second one is introduced at the same
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layer, designed to manage large-scale problems and bridge the gap be-
tween ambiguous human instructions and the generation of feasible, opti-
mal, and reliable plans. This framework combines Large Language Mod-
els (LLMs) with Constraint Programming (CP). Specifically, it leverages
the natural language understanding and reasoning capabilities of LLMs
to process ambiguous human inputs, while relying on CP to ensure the
generation of optimal and constraint-compliant plans.

The proposed architecture has been extensively validated across sim-
ulation, laboratory, and real-world environments. Real-world experi-
ments were conducted within the context of the H2020 EU-funded project
CANOPIES. Future research will focus on: i) further integrating LLM-
based reasoning into the architecture, particularly at the control layer,
to enhance the system’s autonomy and decision-making capabilities; ii)
incorporating LLM-based or EMG-based methodologies to enable online
adaptation of admittance parameters according to both human and robot
states; and iii) integrating vision-based systems at the task allocation
layer for behavioral interpretation and action prediction, thereby improv-
ing responsiveness to human needs and preferences.
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