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Enhancing Performance in Human-Robot
Collaboration: A Modular Architecture for Task

Scheduling and Safe Trajectory Planning
Andrea Pupa1, Simone Comari2, Mohammad Arrfou3, Gildo Andreoni3, Alessandro Carapia4, Marco Carricato2,

and Cristian Secchi1

Abstract—The integration of robots into shared workspaces
alongside humans is the basis of Human-Robot Collaboration
(HRC). This field of research has changed the paradigm of
the industrial context, making HRC of pivotal importance for
both researchers and the industry. In this context, a suitable
task scheduling and trajectory planning strategy are crucial to
achieve good performances and create a synergy between the two
actors. Indeed, the task scheduling should be able to optimally
distribute the tasks between the actors and recover from possible
failures, i.e. by rescheduling the tasks. The trajectory planning
strategy must comply with the safety standards that impose a
reduction of velocity based on human behaviour. To this end, the
monitoring system must also be safe-certified; otherwise, safety
cannot be guaranteed. This paper proposes a novel architecture
that integrates a dynamic task scheduling module with a dynamic
trajectory planning module that explicitly considers ISO/TS
15066. For this purpose, the framework exploits a secure and
certified monitoring system capable of tracking the human
operator even in case of occlusions. The overall platform has
been extensively validated both in a real and complex industrial
scenario within the context of the ROSSINI EU project, where
a dual-arm mobile robot collaborates with a human operator
in an automatic machine-tending operation, and in a mock-up
scenario.

Note to Practitioners—This paper focuses on the implemen-
tation of a modular and integrated architecture to handle
the challenges associated with effective task scheduling and
trajectory planning, with the aim of improving the performances
of collaborative robots in real HRC scenarios. The proposed
methodology is structured into three distinct layers. Firstly,
the safety layer monitors in real-time the human operator and
provides the other layers with the maximum admissible robot
speed. Secondly, the scheduling layer distributes tasks between
humans and robots efficiently, recovering from possible failures
and rescheduling the tasks, if necessary. Lastly, the flexible
execution layer plans collision-free paths and maximizes the robot
speed while explicitly considering ISO/TS 15066 guidelines. Thus,
it ensures that the robot behaviour is compliant with the safety

This project has received funding from the European Union’s Horizon
2020 research and innovation programme under grant agreement No. 818087
(ROSSINI).

1 Andrea Pupa and Cristian Secchi belong to the Department of Science
and Methods of Engineering, University of Modena and Reggio Emilia, Italy.
E-mail: {andrea.pupa, cristian.secchi}@unimore.it

2 Simone Comari and Marco Carricato belong to IRMA L@B,
a research group under the Department of Industrial Engineering,
University of Bologna, Italy. E-mail:{simone.comari,
marco.carricato}@unibo.it

3 Mohammad Arrfou and Gildo Andreoni belong to
DATASENSING s.r.l., Italy. E-mail: {mohammad.arrfou,
gildo.andreoni}@datasensing.com

4 Alessandro Carapia belongs to I.M.A. Industria Macchine Automatiche
S.p.A., Italy. E-mail: alessandro.carapia@ima.it

standards. Although the overall architecture is fully integrated,
each layer is designed to function independently. Practitioners
have the flexibility to utilize each layer as a standalone module if
desired. Moreover, the architecture has been validated in a real
complex industrial scenario, proving its practical applicability,
robustness, and effectiveness.

Index Terms—Human-robot collaboration, safety, industrial
application, task scheduling, trajectory planning

I. INTRODUCTION

Industrial applications where collaborative robots, also
called cobots, are used in close proximity to human oper-
ators are exponentially increasing [1]. The growing interest
is supported by a market that is gradually but substantially
shifting resources from the production of traditional indus-
trial robots to collaborative robots [2]. In these applications,
humans and robots work in close proximity, sharing the
same workspace and interacting with each other without the
need for a physical barrier. This has led to the emergence
of industrial applications of mobile collaborative robotics.
Thanks to the inherent versatility of having a manipulator
on top of a mobile platform, many research groups focused
their effort on industry-oriented tasks that may benefit from
this combination. First, relevant works about this kind of
integrated mobile robots may be found in [3], [4], but the
topic quickly resonated at the European level, leading to
large projects such as the ROBO-PARTNER project [5] in
the automotive field, the VALERI project [6] in the aerospace
field or the EuRoC competition [7]. More recently, [8], [9]
presented a mobile manipulation system for automated logistic
applications, where the authors changed the picking strategy
switching from lifting to dragging items on board, with the
main benefit of reduced payload requirements on the robotic
arm. A modular design was proposed in [10], in which the
mobile base and the cobot arm can freely couple and decouple,
allowing them to operate either together or independently. A
comprehensive review of similar system architectures and real-
case applications is given in [11], whereas the main challenges
and methods related to safety assurance are discussed in [12].
The lack of a physical barrier between humans and robots
makes it necessary to pay special attention to how to assess and
ensure safety. In fact, the presence of humans in the workspace
can lead to unexpected situations that can compromise the
safety of the human operators. To this aim, several safety
standards have been developed to ensure safety in these
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collaborative scenarios [13]. In particular, ISO 10218-1 [14],
and ISO 10218-2 [15] address this issue by defining a set of
requirements that a robot must satisfy to be considered safe for
Human-Robot Collaboration (HRC). In addition, the technical
specification ISO/TS 15066 [16] provides detailed guidelines
to assess these requirements. However, the mere application
of these regulations drastically reduces the performance of the
robot. To date, indeed, the potential of collaborative robotics is
not fully exploited, making it very often not competitive with
respect to traditional solutions. As a consequence, researchers
have focused their attention on reducing this difference in
performance, trying both to create new safety sensors and to
introduce new control algorithms.

In this paper, we propose a novel approach to improve the
performance of collaborative robots. The idea is to mutually
integrate the task allocation and the motion planning layers
with a suitable safe tracking system. The data coming from
the monitoring system is exploited in real-time to ensure that
the robot’s behaviour is compliant with the safety standards.
Moreover, the proposed scheduling approach is able to adapt to
unexpected events, e.g., errors in task execution, by reschedul-
ing the tasks.

This work is framed in the ROSSINI1 (RObot enhanced
SenSing Intelligence and actuation to Improve job quality
in manufacturing) EU project led by DATASENSING s.r.l.
2 together with the University of Modena and Reggio Emilia
and IMA S.p.A. 3, supported by the University of Bologna.
The broader scope of the ROSSINI project is developing
an inherently safe hardware-software platform for the design
and deployment of HRC applications in manufacturing. To
this end, three different industrial scenarios are proposed,
which employ the architecture proposed in this paper as a
common ground. Among the three scenarios, the one proposed
by IMA is selected and described here due to its higher
complexity and more significant impact. The target application
is analogous to the one presented in the MaXima project
[17], namely the autonomous replacement of raw-material
reels to an automatic tea-packaging machine by means of
a combination of serial manipulators and a mobile platform.
The robotic system developed in MaXima suffered from stops
and failures due to the poor management of environmental
uncertainties and changes. Moreover, strong restrictions over
motions and power were applied to guarantee safety in case of
unexpected collisions. The solution proposed in this paper, on
the contrary, yields a higher level of flexibility, adaptability
and enhanced safety management, thus resulting in a more
resilient system better suited to industrial needs.

In particular, the main contributions of this paper are:

• a novel dynamic scheduling algorithm capable of optimiz-
ing collaboration even in the event of errors or unforeseen
events, such as the request for new tasks;

1For more details, please visit https://www.rossini-project.com/.
2DATASENSING s.r.l. is part of DATALOGIC group. For more details,

please visit https://www.datasensing.com/.
3IMA S.p.A. is a world leader in the manufacturing of automatic machines

for the packaging of pharmaceuticals, cosmetics, food, tea, and coffee. For
more details, please visit https://ima.it/en/.

• a novel adaptive framework that mutually integrates the
task scheduling strategy, a suitable kino-dynamic motion-
planning procedure, and an innovative safe-certified mon-
itoring system, which makes the framework suitable for
real HRC scenarios;

• the validation of the approach both in a real and complex
industrial scenario and in a mock-up one,thereby demon-
strating the robustness and modularity of the framework
under practical conditions.

The paper is organized as follows. Section II presents a
review of the literature, while Section III details the task
scheduling and the task execution problem in a real HRC
scenario, focusing on safety issues. In Section IV, the proposed
overall architecture is presented. The architecture is composed
of two different layers: the safety layer, detailed in Section
V, and the control layer, detailed in Section VI. Lastly,
Section VII provides details regarding the validation process,
encompassing both a real and complex industrial scenario
offered by IMA, nd a mock-up scenario, accompanied by a
comparison with a state-of-the-art algorithm. Finally, Section
VIII addresses conclusions and future works.

It is worth underlining that the safety layer is composed of
an innovative, safe sensing system, which constitutes a side
result achieved while carrying out the main activity. Due to
the confidential nature of the information about the sensing
system, Section V will not delve into all technical details
related to it.

II. RELATED WORKS

To comply with safety regulations, it is crucial to have a
monitoring strategy that can identify and track the human
operator within the scene in a safe way. Conventionally, safety
in work cells is ensured by enclosing the robot with either a
physical or virtual barrier [18] and establishing a sequence of
roles for the robot and the human [19]. However, this approach
limits the benefits introduced by HRC.

To ensure close proximity and continuous collaboration,
several technologies have been utilized to improve safety in
HRC scenarios, including laser scanners [20] and RGB-D
sensors, which have shown an excellent potential in monitoring
human operators.

Despite the large amount of research on 3D-reconstruction
techniques based on RGB-D data [21], to the best of the au-
thors’ knowledge, only one safety-rated solution was available
on the European market at the beginning of the ROSSINI
project: SafetyEYE by Pilz. The system employs a single cam-
era without merging data from multiple sensors. In contrast to
safety laser scanners that cover a planar 2D surface, SafetyEYE
is able to monitor a user-defined 3D volume where it can
detect the presence of a human and adapt the robot behaviour
accordingly. The main limitation of such a solution is the
inability to properly distinguish a human from other objects
present in the monitored area and to fuse information coming
from multiple sensors to minimize occlusions. For the sake of
completeness, we must acknowledge the existence of a new
technology that was released later on in 2021 by Veo Robotics,
which employs 3D time-of-flight sensors and holds a safety
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certification, however, valid only in the North American area.
Their FreeMove® system uses 3D data to identify the work
cell, including the robot, work-piece, human and occlusions, in
order to implement dynamic Speed and Separation Monitoring.

In the literature, safety is addressed not only with the
sensors but also at the control level. In [22], an approach
to estimate the future human occupancy of the workspace
is proposed. The idea is to exploit the data coming from a
3D camera to evaluate the speed of the human and build an
occupancy map assuming a kinematic model of the operator.
The resulting occupancy map is then used by a suitable
control strategy to reduce the speed of the robot in order
to avoid collisions. In [23], a safety framework for multiple
collaborative robots is presented. The authors propose to scale
the robot’s speed to prevent a safety index from falling below
a threshold. The safety index is computed by considering the
distance between the robot and the human and the speed of the
robot. If the scaling procedure is not enough, an emergency
stop is triggered, thus ensuring the safety of the human.

Although these approaches ensure safety, they may fall
short in guaranteeing optimal robot behavior, potentially di-
minishing the competitiveness of cobots compared to industrial
solutions. Indeed, modifying the path online might offer a
more effective strategy to enhance robot performance and
maintain competitiveness in collaborative robotics. To this
aim, other works focused on developing optimization-based
solutions. In [24], the authors exploit the solution of an
optimization problem in real-time to constrain the robot inside
a safe set, evaluating the variation of a safety index. The
concept of safe set and Control Barrier Functions (CBFs) is
also used in [25]. In this work, the ISO/TS 15066 constraint is
approximated with a set of CBFs, and an optimization prob-
lem guarantees that the robot’s behaviour is compliant with
the safety standards. Despite being a promising method for
ensuring safety, CBFs have some limitations. One limitation
is that they require a relative degree of at least one with
respect to the controlled system. This requirement is not met
when dealing with a velocity-controlled robot and a constraint
at the velocity level. Another limitation is that in complex
environments, such as industrial settings, a CBF is needed for
each object in the scene, becoming computational expensive.
Moreover, they usually require an initial trajectory that the
robot has to follow.

An alternative approach to address the planning problem
consists in exploiting kino-dynamic planning techniques [26],
[27], i.e. planning algorithms that take into account also the
dynamics of the robot. However such algorithms are not able
to handle kino-dynamic constraints that change in real-time,
which is the case of the safety standards (e.g. varying operator
positions). Thus the use of kino-dynamic planning algorithms
may lead to inefficient robot behavior.

In this context, in [28], the authors address the problem
by developing an integrated framework that combines dy-
namic planning and a control layer. The planner leverages
the information coming from a suitable monitoring system to
generate a collision-free trajectory for the robot. The control
layer, instead, regulates the robot speed explicitly considering
the constraint imposed by the ISO/TS 15066. Moreover, the

two layers are mutually integrated: if the trajectory becomes
unfeasible or the speed is reduced too much, the planner
dynamically adapts the trajectory.

All proposed strategies, however, rely on the utilization
of precise tracking systems, such as motion-capture sensors.
Furthermore, these works assume that such systems are in-
herently reliable, which is not true. In the context of safety,
it is mandatory that the tracking system itself holds a safety
certification to ensure its reliability and adherence to safety
standards. Thus, all the aforementioned approaches can not
be applied in a real industrial scenario.

To improve the performance of collaborative robotics, safety
is not the only aspect that needs to be focused on. One of
the advantages of collaboration is the possibility of creating a
synergy between humans and robots, allowing the execution of
complex jobs that are not feasible for a single actor. Therefore,
a key role is played by how the tasks are assigned and
scheduled to the human and the robot [29].

A lot of research has been done in this direction, proposing
different approaches. Some works model the problem as a non-
linear optimization problem, see, e.g., [30]–[32]. However, due
to the high complexity of the problem, these approaches are
unsuitable for real-time applications. Indeed, in real collabo-
rative scenarios, both the human and the robot are required to
be reactive to unexpected events.

In [33], a method for efficiently handling Temporal Con-
straint Satisfaction Problems (TCSP) is proposed. The main
idea is to achieve a dispatchable representation of the TCSP,
allowing for dynamic fast scheduling. The approach, however,
does not consider the possibility of switching the tasks online
between the agents, which may be desirable in HRC scenarios.
In [34] the authors introduce “Tercio”, an algorithm for task
scheduling that handles intercoupled temporal and spatial
constraints. However, the obtained solution is suboptimal and
the system was not validated in a real industrial scenario.
In [35], a two-level feed-forward optimization strategy for
offline sub-task allocation for HRC is proposed. Moreover,
the strategy is enriched with an online feedback strategy which
leverages mutual trust to reallocate the sub-tasks. In [36], the
authors present a multi-criteria decision-making framework
for task allocation. The algorithm is capable of handling
unexpected events by rescheduling the remaining tasks. An
unexpected event may also be caused by the human, e.g., by a
different execution time. For this reason, other works like [37],
[38] embed a monitoring system to detect possible deviations
from the expected execution time and reschedule the tasks
accordingly.

To improve task allocation, it would be better to exploit
also the information coming from the planning layer. To
this aim, researchers focused on the Task Allocation and
Motion Planning (TAMP) problem [39]. In [40] the authors
present “GRSTAPS”, an algorithm for efficiently addressing
the TAMP problem. This strategy, however, assumes that task
requirements do not change during the execution, making it
unsuitable for HRC scenarios. In [41], a hierarchical frame-
work composed of two layers is proposed. The top layer
allocates high-level operations without taking into account
their motion primitive, while the bottom layer optimizes the
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execution based on the current scenario. Moreover, to top
layer exploits the information about the feasibility of each
task to adapt the task allocation. In [42], the authors propose
an integrated framework that combines task allocation and
motion planning procedures while fulfilling safety regulations.
The framework leverages the results of motion planning to
reschedule the tasks online. These solutions, however, are
hardly applicable to real HRC scenarios. In fact, they do
not consider many of the limitations or problems that may
arise in a real industrial setting. Above all, since the tracking
system must be safe-certified, the tracking information is not
as detailed as that provided by a motion capture system.
Moreover, to the best of the author’s knowledge, the TAMP
literature lacks integration and validation in real and complex
industrial experiments, such as the one in [17], where a mobile
manipulator is considered.

III. PROBLEM STATEMENT

Consider an industrial collaborative scenario where a human
operator H and a n-DoF velocity-controlled collaborative
robot R have to collaborate in order to perform a job. The job
is composed of a predefined set of tasks (T1, . . . , TN ), each of
which is characterized by a nominal execution time tai and an
intrinsic cost wai, where a ∈ A = {H,R} represents the actor
that executes the task i. The intrinsic cost wai may be used to
encode the actor capabilities or the estimation of the expenses
that should be incurred if the respective actor executes the
task.

In order to accomplish each task, the robot has to follow
a trajectory qdes(t) ∈ Rn that goes from an initial configu-
ration qdes(ti) = qi ∈ Rn to a desired final configuration
qdes(tf ) = qf ∈ Rn. To be considered admissible, the
trajectory qdes(t) must satisfy the following two conditions:

1) it does not collide with the human operator;
2) it is compliant with the safety limits imposed by the

ISO/TS 15066.
In particular, defining m as the number of the human limbs,

the trajectory qdes(t) is considered collision-free when

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

[
ti, tf

]
,

(1)

where σRi(q(t̄)) and σHj(t̄) are functions that encompass the
description and position of the i-th robot link and the j-th
human limb at time t̄, d(σRi(q(t̄)), σHj(t̄)) is a function that
compute the distance between the i-th link and the j-th limb,
i.e. the distance between the two closest points, and dadm is
the minimum admissible distance.

To be compliant with the safety standards, the robot’s
velocity must be lower than an upper bound that depends on
the human-robot distance. Further information can be found
in Section V-A2. To this purpose, it is possible to explicitly
isolate the magnitude of the velocity along the trajectory by
applying a path-velocity decomposition:

qdes(t) = qdes(s(t)) t ∈
[
ti, tf

]
, (2)

Job
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Database
Tasks2Goals

Trajectory
Planner

Trajectory
Scaling

Robot
Controller

RobotRS4
System

Communication
Interface

Human

Scheduling LayerSafety Layer

Flexible Execution Layer

RS4
Sensors

Fig. 1: Proposed overall framework.

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

Differentiating (2) with respect to time, the velocity profile
can be isolated:

q̇des(t) = q′
des(s(t))ṡ t ∈

[
ti, tf

]
, (3)

where q′
des(s(t)) is the vector tangent to the desired path,

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

In this work, we aim to design a modular, fully integrated
and safe dynamic framework that:

• optimally schedules online the task between the robot and
the human, generating two ordered task schedules that
take into account the priority of the tasks, the nominal
execution time and the actor capabilities to minimize the
makespan;

• for each robot task, finds a trajectory that is always
collision-free and compliant with the safety standards by
ensuring the respect of (1) and modulating the magnitude
of the velocity in (3) at run-time;

• integrates these two procedures with a safe-certifiable
RGB-D based 3D vision monitoring system.

IV. ARCHITECTURE

The proposed architecture is represented in Fig. 1, where
three components may be distinguished.

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

2) Scheduling Layer: it is responsible for scheduling the
tasks between the two actors. It firstly builds the optimal
nominal schedule taking as input the job data to be
performed. Subsequently, it adapts the online schedule
to face the possible deviations that may arise during real
collaboration/interaction.
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3) Flexible Execution Layer: it is responsible for planning
the collision-free trajectories for the robot at run-time.
It first exploits the scene and human zone knowledge to
compute the trajectory. Subsequently, the robot speed is
adapted along the path according to the velocity limit
calculated by the safety layer, and, if necessary, the
overall trajectory is re-planned.

The entire procedure starts with defining the data com-
posing the job, i.e. tasks tai and weights wai. The task-
assignment block initially solves an optimization problem
to build a nominal schedule that minimizes the overall cost
while complying with the task precedences and job quality
constraints. Subsequently, the task scheduling assigns at run-
time the tasks to each actor and, if necessary, locally adapts
the nominal schedule considering the change in the job, e.g.
failures, changes in the execution time. The human tasks are
sent to a proper communication interface that allows the user
to interact with the framework. Instead, the robot task is first
stored into a database to convert the single job into a set of
intermediate goals that the robot has to execute. Once the goals
are defined, the planners plan a collision-free trajectory that
the robot could ideally run at maximum speed. Lastly, the
trajectory scaling adapts the velocity along the path at run-
time, ensuring both collision avoidance, i.e. the collision-free
path is not changed, and compliance with the safety regulations
to finally send the desired velocity to the low-level robot
controller. If necessary, e.g., the trajectory becomes infeasible,
the planner may change the trajectory on the fly.

During the overall procedure, the safety layer is permanently
active. It merges the data from different safe sensors to create
two voxel maps, one for the human and one for the robot. The
voxel maps can be used to compute the maximum allowed
robot speed that is exploited by the trajectory scaling to adapt
the robot speed. Moreover, when it is necessary to stop the
robot, the safety layer implements two strategies: sending a
safe stop to the robot controller and a maximum allowed robot
speed equal to 0. In this way, safety in the stop phase of
the robot is in any case guaranteed by the use of the safety
interface of the low-level control, while the correspondence
between the input sent by the trajectory scaling and the real
behaviour of the robot is maintained.

V. SAFETY LAYER

A. Smart Safe Sensing System - RS4

The safety controller RS4, namely ROSSINI Smart Safe
Sensing System depicted in Fig. 2, is developed as part of a
modular and scalable platform for integrating human-centered
robotic technologies in industrial environments. The RS4 sys-
tem reconstructs the monitored environment using sensory data
to detect whether the human operator and robot are too close in
a collaborative zone or if an object is in a restricted zone. If a
collision risk is detected, the RS4 delivers a stop or slowdown
request to the robot. The safety controller integrates sensory
data from devices like 3D safety cameras, laser scanners, radar,
and application-specific safety inputs. It is compliant with
safety standards for Electro-Sensitive Protective Equipment
(ESPE, per IEC 61496-1) and video-based protective devices

RS4 Vision

Sensors

RS4 Radar

RS4 Laser

Cluster

RS4
Data

Fusion

SSM

Forbidden
Zone Manager

Flexible

Execution

Layer
Robot

Controller

RS4 System

Fig. 2: Overview of the RS4 functional blocks

Fig. 3: A 3D area is represented as a voxel map discretized as a set of cubes
that divides the 3D area to monitor. The voxel map resolution is adjusted by
the voxel side length.

using stereo techniques (VBPDST, per IEC/TS 61496-4-3),
through its integration with vision safety sensors.

1) RS4 Data Fusion: Fusing point clouds from different
sensors requires defining sensor poses relative to a reference
frame, a preliminary step called calibration. Depth data fusion
may involve either multiple homogeneous sensors with the
same type and intrinsic parameters or heterogeneous sensors
like laser scanners, RGB-D cameras, or stereo cameras. Depth
sensor data must also be synchronized with precise timestamps
to match the same scene from different perspectives. In a
multi-camera setup, like the one in the experimental campaign
described in Section VII, calibration is often addressed as
camera registration. The pose of each camera is retrieved
with respect to a reference frame during device installation,
leveraging the method in [43]. Additionally, the system uses
a calibration verification strategy [44]. Inertial Measurement
Unit (IMU) devices monitor any camera pose changes, with
periodic checks against known points in industrial scenes.
If a change is detected, manual recalibration is required.
This verification could also extend to automatic calibration
methods, such as in [45], [46].

The heterogeneous data acquired and processed by the RS4

system controller can be divided into three categories:
• Boolean data, that is, simple data coming from physical

buttons, robot controller, RS4 skin;
• 2D data, acquired by RS4 Laser sensors;
• 3D data, acquired by RS4 Vision sensors and RS4 Radar.
While the first category typically does not need a powerful

processing unit, the latter two require sufficient computing
power to handle large data volumes in real-time while mini-
mizing system latency.

Data from vision sensors, further detailed in Section V-B,
is represented in a spatial format called a voxel map, a 3D
space discretization into unit elements known as voxels, this
is illustrated in Fig. 3. Following [47], each voxel represents a
unit volume in a 3D space, similar to pixels in a 2D image, and
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can store occupancy status as free, occupied, or occluded. To
guarantee safety, a conservative approach is always applied
to define the robot’s surrounding space that might cause a
collision. Indeed, both occupied and occluded voxels are
processed by modules detailed in Sections V-A2 and V-A3,
ensuring that even spaces not directly monitored are treated
as potential collision zones.

Once occupancy status is assigned, a meaning label is
applied to each voxel using a human-robot detection algorithm,
labeling each voxel as either human or robot. The minimum
distance is then calculated as the Euclidean distance between
the closest voxels in the clusters representing the human and
the robot, with the robot-human direction given by the unit
vector nRH and computed as:

nRH =
xH − xR

∥xH − xR∥
, (4)

where xH and xR are the position of the closest human and
robot voxel, respectively.

2) Speed and Separation Monitoring: In the Speed and
Separation Monitoring (SSM) operational mode, the robotic
system and operator may move concurrently in a shared
workspace. Risk reduction is always realized by preserving
at least the Protective Separation Distance (PSD) between the
operator and the robot. The PSD is calculated through Eq. (5),
taken from the ISO/TS 15066:

Sp(t0) = Sh + Sr + Ss + C + Zd + Zr, (5)

where Sp(t0) is the PSD at current time t0. Sh is the
contribution to the protective separation distance attributable
to the human’s change in location, Sr is the contribution to
the protective separation distance attributable to the robot’s
system reaction time, and Ss is the one due to the robot’s
system stopping distance. C represents the intrusion distance,
i.e. the distance that a part of the body can intrude into the
sensing field before it is detected. Zd and Zr are the position
uncertainties of the human operator inside the workspace and
of the robot system respectively.

Analyzing Eq. (5), it is possible to expand the first three
terms as:

Sh =

∫ t0+Ts+Tr

t0

vh(t) dt, (6)

Sr =

∫ t0+Tr

t0

vr(t) dt, (7)

Ss =

∫ t0+Ts+Tr

t0+Tr

vs(t) dt, (8)

where Ts represents the robot stopping time and Tr is the
robot’s reaction time. vh and vr are the directed speed of the
human operator towards the robot and the one of the robot
towards the human operator, respectively. vs is the speed of
the robot during the stopping phase.

Let us assume that the velocity of the robot is constant
during the robot-reaction time, that the acceleration remains
constant during the stopping phase, and that the dynamics of

Fig. 4: Maximum allowed robot velocity towards the human operator in case of
vh(t0) = 2m/s, amax = 7.5m/s2, Tr = 0.002 s, C+Zd+Zr = 1.3m.

the human operator are slower than the robot dynamics, which
is usually the case in a generic HRC application. Under these
assumptions, the Eq. (6) – (8) can be approximated as follow:

Sh = vh(t0)(Ts + Tr), (9)

Sr = vr(t0)Tr, (10)

Ss = vr(t0)Ts − amax
T 2
s

2
, (11)

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

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

vr(t0)
amax

, it is possible
to further expand Eq. (9) – (11) as:

Sh = vh(t0)(
vr(t0)

amax
+ Tr), (12)

Sr = vr(t0)Tr, (13)

Ss =
vr(t0)

2

2amax
. (14)

By substituting Eq. (12) – (14) into Eq. (5), an upper bound
for the robot velocity can be obtained [48]:

vrmax
(t0) =

√
vh(t0)2 + (amaxTr)2 − 2amaxK(t0)+

−amaxTr − vh(t0),
(15)

where K(t0) = C + Zd + Zr − Sp(t0).
Using Eq. (15), one can derive the safety limit imposed

by the ISO/TS 15066, i.e. the maximum velocity that the
robot can reach in the direction of a human operator. Fig. 4
shows a realistic trend of the velocity limit vrmax

(t0) as
a function of the actual separation distance Sp(t0) between
the human operator and the robot. In this example, vh is
chosen according to ISO standards, Tr is an arbitrary robot
reaction time purely chosen for illustration purposes. Whereas
the values for the remaining parameters are taken from the
technical specifications of the devices (i.e. cobot + position
tracking system) employed in the experimental setup described
in Section VII .

3) Forbidden Zone Manager: The Safety-rated Monitored
Stop (SMS) robot feature is used to halt the robot’s motion
when an operator enters a specific predefined workspace, as
described by the ISO/TS 15066. In general, a predefined area
around the robot is called a forbidden zone when any intrusion
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(a) (b)

Fig. 5: Depth and grayscale images from the RS4 Vision sensor

must trigger a robot stop or a slow down in case the robot
supports PFL modality. This is ensured by the RS4 controller,
which is responsible for conveying safety information to the
low-level controller of the robot. Indeed, the RS4 System
controller is configured to monitor an area that meets the
requirements of ISO 13855 for the realization of the forbidden
zone monitoring and can detect the presence of an operator
therein following the data flow as seen in Fig. 2. Sensory data
from the vision sensor or RS4 laser scanner cluster are used
in this case to execute zone violation verification.

B. RS4 Vision Sensor

The RS4 vision sensor, conceived and developed within the
ROSSINI project, is a prototype of a 3D safety-compliant
camera that monitors an area shared by humans and robots. Its
main objective is to exploit 3D vision sensors for SSM imple-
mentation by integrating multiple safety-rated vision devices in
an overall system with a safety controller. This is achieved by
tracking the motion of objects inside the monitored area where
occlusions are minimized thanks to a suitable set of camera
perspectives that guarantee redundancy of the measurements
and avoid blind spots. The design focus has been centered
on human detection capability and the latency of the image
acquisition and elaboration pipeline in order to reduce the
reaction time of the overall system.

The main high-level features implemented in the RS4 vision
sensor are described in the following.

• Onboard depth map creation: the creation of a depth
map of the monitored environment is computationally
expensive, so this step is performed directly on the RS4

vision sensor. This approach eliminates the need for
further processing on the device receiving images, as
3D information is already available. It also enables the
distribution of processed data to multiple devices when
using more than one camera. An example of a RS4 depth
image is shown in Fig. 5a.

• High-speed industrial communication interface: the
device features a fast communication interface that is able
to transmit with low latencies the images coming from
the sensor and generated onboard to multiple receivers.

• Grayscale image: on top of the depth map, the camera
can provide a standard grayscale image at a wavelength
within the 400 nm to 1500 nm range (visible light
spectrum). This feature can simplify future tasks, such
as marker detection and object identification, which are
not yet implemented. An example of a RS4 grayscale
image is shown in Fig. 5b;

• Synchronized triggering: multiple cameras could be
linked to a central controller for synchronous triggering
in order to be able to fuse the retrieved images related
to the same instant. A typical RS4 system is composed
of a set of cameras that are connected to a controller
which was developed during the ROSSINI project. For
an exhaustive understanding of the system, please refer
to the associated patent application [49]. Synchronous
triggering of sensors is a common technique that is
typically used in sensors to ensure a synchronous working
of sensors, and can be achieved via hardware or software.
Though it is not a novel feature it is worth mentioning
for its importance, particularly in critical safety systems.
The benefit of having synchronous cameras lies in their
ability to assess the scene concurrently at the same times-
tamp of data images taken from different perspectives.
Otherwise, Without this synchronization, data could be
associated with disparate timestamps, potentially leading
to erroneous measurements.

The RS4 vision sensor is developed to have arm or body
detection capabilities. Note that the terms “human arm” and
“body” denote detection capabilities, not distance range, as
outlined in IEC 61496-4-3 standards. This is a standardized
way to describe vision-based protective devices (VBPD) in
the industry. According to IEC 61496-4-3, a VBPD can be de-
scribed with finger, hand, arm, and body detection capabilities.
For instance, using a VBPD with body detection capability
requires to consider an additional intrusion distance C of
850 mm; according to ISO 13855. Two camera models with
distinct features were developed. The first model offers higher
detection capability up to the size of a human arm but covers a
smaller volumetric zone coverage due to sensor and processing
limitations. This model is suited for scenarios requiring high
detection in close human-robot interaction areas. The second
model covers a larger volume but with reduced detection
capability, focusing on detecting the human body. In the
proposed experimental setting (described in Section VII), the
need to monitor a large area led to the use of cameras with
body detection capability. In this case, also wide coverage
is mandatory, and thus multiple cameras with body detection
capabilities are employed, positioned to partially overlap and
maximize the monitored volume.

VI. CONTROL LAYER

A. Scheduling Layer

The goal of the scheduling layer is to allocate and schedule
the tasks among the two actors, minimizing the total makespan
and improving collaboration. This is achieved in two different
steps. The first one is performed by the task assignment block,
which exploits the job data , e.g. the task execution time
of each actor, to optimally assign the tasks between the two
actors. The output of this step is a first nominal schedule that is
compliant with the desired job quality constraint and with the
precedence constraint. The second step, instead, is performed
by the dynamic scheduler, which exploits the real execution
times and the changes in the job to reschedule the tasks. It is
worth pointing out that this part is inspired by our previous
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work in [50] and presents an innovative dynamic scheduling
strategy. This strategy takes into account the occurrence of
unforeseen tasks caused by various factors, such as unexpected
machine stoppages or issues. Indeed, in these cases it may be
convenient to change the job data, e.g. task execution time,
and the reallocation of the tasks between the actors. The
methodology proposed in [50] necessitates the interruption
of the framework and reevaluation of the optimal schedule,
leading to potential time loss in real industrial scenarios. In
this work, instead, this procedure is directly incorporated into
the dynamic scheduler, ensuring the adaptability of the overall
framework.

1) Task Assignment: Focusing on the task assignment pro-
cedure, it takes as input the data of the collaborative job to
be performed. The job is represented as a directed acyclic
graph G = (T,E) where each vertex represents the task
Ti ∈ T and each directed edge Eij ∈ E represents the
precedence constraint, i.e. Ti must be executed before Tj .
This is illustrated in Fig. 6a. Intuitively, some tasks may be
executed in parallel in order to improve performance. To this
aim, the overall graph G can be redrawn, grouping together all
the parallel tasks into several sets called levels Ll, as shown
in Fig. 6b. This allows representing merely the precedence
relations among the overall tasks. Some tasks, however, may
be independent of others, meaning that their execution order
is irrelevant and can be assigned at all levels. This is the
case of T1 and T3 in the illustrated graph since there is
no path that goes from T1 to T3 and vice-versa. Therefore,
the task assignment problem is translated into defining which
actor should execute each task and how the tasks should
be distributed among the levels. This can be obtained by
solving the following multi-objective Mixed Integer Linear
Programming problem:

min
x,cl

L∑
l=1

N∑
i=1

∑
a∈A

waixail +
1

tmax

L∑
l=1

cl

s.t.
L∑

l=1

(xRil + xHil) = 1 ∀i ∈ {1, . . . , N},

N∑
i=1

taixail ≤ cl ∀l ∈ {1, . . . , L},

∀a ∈ A,

∑
a∈A

L∑
l=1

l · xail <
∑
a∈A

L∑
l=1

l · xajl ∀i→ j,

Km ≤ Km,max ∀m ∈ {1, . . . ,M},

Km,av ≤ Km,av,max ∀m ∈ {1, . . . ,M},

(16)
where wai > 0 represents the cost required by the actor a, i.e.
human or robot, to execute Ti. These costs are used to embed
all the relevant factors that the user what to consider in the
task assignment procedure, e.g. electrical cost, tool wear, and
actor capability. Thus, the calculation method of these costs is
a design parameter, e.g., [51], [52]. Moreover, the cost of the

T1

T3T2

T5T4

T6 T7

(a)

T1 T3

T2 T5

T4

T6

T7 Level 1

Level 2

Level 3

Level 4

(b)

Fig. 6: Fig. 6a shows the directed acyclic graph of a job composed by seven
tasks, while Fig. 6b shows the division into four levels.

human wHi may be a combination of both the process costs
and the human job quality parameters. This allows embedding
the job quality in the scheduling procedure, trying to optimize
it. The Boolean variable xail ∈ {0, 1} determines if Ti is
assigned to actor a at the level l. tai > 0 represents the
nominal execution time of the actor a in executing Ti, while
tmax is the maximum of these nominal times. cl > 0, instead,
denotes the cycle time of the lth level. Km and Km,av are
quantitative parameters used to evaluate a desired qualitative
job quality metric m, where M is the number of analyzed
metrics. Further details on the definition of these parameters
can be found in [50].

The first constraint in Eq. (16) guarantees that each task
is executed only once and by only one actor. The second
constraint imposes the maximum parallelism criterion for each
level. It ensures that, at each level, the execution time of each
actor is less than or equal to the cycle time of the level cl.
However, since cl is an optimization variable and the cost
function requires to minimize the sum of cl, the optimization
problem will choose a schedule such that the two actors will
work in parallel as much as possible, i.e. penalizing unnec-
essary idle times. The third constraint guarantees compliance
with the precedence relation by imposing that the precedence
tasks are assigned to a higher level. By definition of the graph
G, this means that the precedence tasks are executed before
the successor tasks. The last constraints impose that the job
quality metrics for the human operator will not violate the
upper bounds.

In the MILP problem (16), a great role is played by the
selection of the maximum number of levels L. A small number
of levels may cause the infeasibility of the problem, i.e. the
number of levels can not ensure all precedences. A very large
number of levels, however, may require a higher unnecessary
computational cost. For this purpose, it is convenient to choose
L slightly higher than the number of nodes that belong to the
longest path of the graph representing the job. In other words
terms, utilizing the SoA algorithm, i.e. topological sorting
[53], on the graph G allows us to determine the longest path
LP , where each edge is assigned a unit weight. Consequently,
L can be selected as L = LP + 1.

The result of the optimization problem (16) is the two
nominal schedules SH and SR, i.e. the ordered set of tasks
that must be executed by each actor.

2) Dynamic Scheduler: Starting from the result of the task
assignment, the dynamic scheduler schedules the tasks at run-
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time for each actor. To this aim, it exploits both the data
coming from the communication interface and the flexible
execution layer to understand when each actor has completed
the scheduled task, i.e. the actor is free to execute a new
job. However, during the collaboration, some deviations may
arise from the expected behaviour. In fact, it may happen that
some tasks are not performed correctly. Or still, some machine
could face a micro stoppage, i.e. a short-latency stops due to
a temporary problem, and the help of one of the two actors is
required. In these cases, a rescheduling procedure is needed
that tries to maintain the optimality of the schedule.

The dynamic scheduler procedure is implemented according
to the pseudo-code reported in Alg. 1. The algorithm takes as

Algorithm 1 DynamicScheduler()

1: Require: SH ,SR

2: EndH , EndR ← false
3: Fail← false
4: l← 1
5: while l ≤ L do
6: for a ∈ A do
7: if Enda then Ta ← next(Sa)
8: end if
9: (Enda, Fail)← checkEnda()

10: if Fail then
11: ∆JD ← setChangeJobData()
12: end if
13: end for
14: ∆JD ← checkChangeJobData()
15: if ∆JD then
16: (SH , SR)← reschedule()
17: end if
18: if TH = ∅ and TR = ∅ then
19: l← l + 1
20: end if
21: end while

an input the two nominal task schedules SH and SR (Line 1).
Firstly, it sets to true the two variables EndH and EndR,
meaning that the two actors are ready to start a new task, and
set to false the variable Fail, which is used to identify when
one task is failed (Lines 2 - 3). At this point, the scheduling
procedure is initialized at the first level, and the algorithm
starts a loop to iterate through all the levels of the schedule
(Lines 4 - 5). Inside the loop, the dynamic scheduler checks
for each actor if they are free to execute a task and if this is
the case, it assigns the next task in their schedule (Line 7).
If no tasks are available in the level, the function next(Sa)
returns ∅. Then, it checks the end of the tasks that the actor is
performing, and, in case of failure, a variation in the job data is
triggered (Lines 9-11). This variation is used to encompass the
best method to recover from the task. For instance, if an error
occurs for which a recovery procedure has been established,
the recovery task can be added to the list with the highest
priority. Alternatively, if the robot encounters an unknown
error, the robot’s weight and nominal execution time values
for the task may be greatly increased, reallocating the task
to a human operator. The method to recover from the task

depends on the error, and it is possible to exploit a strategy
already proposed in literature [54].

Subsequently, the dynamic scheduler analyzes if there have
been any other changes in the job to be performed (Line 14).
For example, this could involve an unexpected need for assis-
tance from a machine that was not previously planned, or, if an
external procedure identifies that an actor is consistently late,
an adjustment to their nominal execution times. If a change
is detected, a rescheduling procedure is applied (Line 16).
Since the number of tasks is generally small for the scenario
analyzed in this work, the procedure is carried out by solving
again the optimization problem (16). In case the number of
tasks increases, e.g. an assembly HRC scenario, Alg. 1 can
be extended with the solution proposed in [42]. Lastly, the
algorithm checks if both actors have performed all the tasks
in the level to move on with the schedule until the last level.

B. Flexible Execution Layer

Once the dynamic scheduler computes which is the best
task that the robot may execute at the moment, the task is
sent to the database, which returns the final configuration
qf that the robot has to reach. At this point, the flexible
execution layer takes care of both planning and executing the
trajectory. The goal of the flexible execution layer is to ensure
the correct execution of the tasks, i.e. generating collision-
free trajectories that comply with the safety regulations. Since
the environment of an HRC scenario is highly dynamic, and
the safety regulations take into account the real position of
the human operator in the scene, the overall procedure is
divided into two steps. Initially, the trajectory planning plans a
collision-free trajectory taking into account only the robot joint
limits, i.e. a maximum speed trajectory. In this initial phase,
the human operator is not considered because the goal is to
understand if an admissible trajectory exists. Subsequently, the
trajectory scaling regulates at run-time the velocity along the
path, resulting in a trajectory that is compliant with the safety
regulations. Moreover, during the execution, the trajectory
planner remains active and replans the trajectory if necessary.

In particular, the flexible execution layer is an extension
of our previous work in [28]. The trajectory planner has
been enhanced to handle cases where the trajectory is ideally
feasible, but temporarily obstructed by a dynamic obstacle,
i.e. in this case the human operator, or if the goal is not
reachable in the current setting. Additionally, trajectory scaling
has been integrated with safety signals to address real-time
issues. Indeed, thanks to the use of a safe certifiable monitoring
system, i.e. the RS4, it is possible to enrich the flexible
execution layer with the relevant safe information, e.g. human-
robot distance or robot status. This is further detailed in
Section VI-B2.

1) Trajectory Planner: The dynamic trajectory planning
procedure is implemented according to the pseudo-code re-
ported in Alg. 2. The algorithm starts from the actual initial
configuration qi and the final desired configuration qf , which
comes from the custom database (Line 1). It immediately
plans a collision-free trajectory qdes(t) considering only the
joint limits of the robot and the static obstacles inside the
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Algorithm 2 TrajcetoryPlanner()

1: Require: qi,qf

2: (qdes(t), Admissible)← plan(qi,qf , static)
3: send(qdes(t))
4: qc ← qi

5: while qc ̸= qf and Admissible do
6: valid← checkTraj(qc, hP )
7: if not valid then
8: (qdes(t), tmpFail)← replan(qdes(t),qfree,qf )
9: send(qdes(t))

10: if tmpFail then
11: Timer ← 0
12: end if
13: end if
14: if Admissible and tmpFail and Timer ≥ T then
15: (qdes(t), tmpFail)← plan(qc,qf , dynamic)
16: send(qdes(t))
17: Timer ← 0
18: end if
19: (qc, Admissible)← update()
20: end while
21: if Admissible then
22: (EndR, Fail)← (true, false)
23: else
24: (EndR, Fail)← (false, true)
25: end if
26: send(EndR, Fail)

scene, i.e. a trajectory that the robot could ideally execute
at maximum speed (Line 2). The function plan() is imple-
mented exploiting planning algorithms already available in the
literature, e.g., [55]–[57]4, and requires as input an argument
defining which maps of the environment should be considered,
static or dynamic. If no trajectories are found, the returned
trajectory qdes(t) is empty, and the variable Admissible
is set to false. On the contrary, if a feasible trajectory is
found, it means that at least one solution exists, and the
variable Admissible is set to true. Unlike previous work in
[28], distinguishing between the static and dynamic maps
helps determine whether a planning failure is recoverable, e.g.
waiting for the human operator to move, or whether the goal is
in general unreachable, triggering a failure. Subsequently, the
trajectory is forwarded to the trajectory scaling block, and the
actual robot state qc becomes equal to the initial configuration
(Lines 3 - 4). At this point, the algorithm starts a loop until the
trajectory is completed or becomes unfeasible, e.g. the robot
transitions to a safety stop. Inside the loop, the planner starts
to take into account also the zone occupied by the human
operator and continuously checks if the trajectory is still
collision-free (Line 6). Since, in general, an HRC scenario is
highly dynamic, it may happen that a collision-free trajectory
suddenly becomes a colliding one and vice-versa. To this aim,
the checking procedure is performed only on a predefined
horizon of the trajectory hP , starting from the actual robot
configuration qc. When a colliding configuration is found,
qdes(t) is updated through the function replan() (Line 8).

4In this paper, the RRT-Connect algorithm was exploited for its simplicity.

The replan() function takes care of planning a new collision-
free trajectory that goes from a desired configuration (in this
case, the last collision-free robot configuration qfree) to the
desired final configuration. Furthermore, the new trajectory is
merged with the previous one, thus ensuring continuity for the
trajectory scaling block, which is blind to these replannings.
Such a continuity is guaranteed for both path, velocity, and
acceleration. If the replan() function fails, it means that
the human operator is actually hindering the robot, e.g. the
human is exactly over the object that the robot has to pick.
However, the robot is still able to perform and complete
the task, i.e. the variable Admissible is still true. In this
case, the algorithm sets to true the variable tmpFail, which
indicates that the failure of the replanning is temporary, and
starts a Timer and, after a desired amount of time T , a new
planning procedure is tried (Lines 11 - 15). It is worth pointing
out that, in this case, the function plan() uses the dynamic
map, i.e. the map with the human operator. At this point, the
actual robot configuration qc and the variable Admissible are
updated, exploiting the information coming from the trajectory
scaling. When the trajectory has been completed, or no feasible
trajectories have been found, the algorithm exits the while loop
and sets the variable EndR accordingly.

2) Trajectory Scaling: After receiving an admissible trajec-
tory to be performed, the trajectory scaling block takes care of
generating the control inputs such that the robot behaviour is
compliant with the safety constraint imposed by the ISO/TS
15066 standard, as shown in Eq. (15). This is achieved by
regulating only the magnitude of the velocity ṡ of the trajectory
without modifying the planned path that is always collision-
free. The procedure is implemented according to the pseudo-
code in Alg. 3. The algorithm takes as input the desired

Algorithm 3 TrajectoryScaling()

1: Require: qdes(t)
2: (qdes(s(t)), ṡ(t))← pvDec(qdes(t))
3: while q ̸= qf do
4: (vmax,nRH , δs)← receiveSSM()
5: vmax ←min(vmax,filter(vmax))
6: (q, q̇)← readRobotState
7: q̇cmd ← scale(vmax,nRH , δs,q, q̇)
8: send(q̇cmd)
9: send(qc)

10: end while

trajectory qdes(t) to be executed (Line 1). It firstly applies
the path-velocity decomposition as shown in (2)–(3). Subse-
quently, it obtains from the safety layer the maximum allowed
robot speed towards the human operator vmax, the unit vector
nRH representing the robot-human direction and δs which is
a safety signal that is equal to 0 when a safety stop is required
and 1 otherwise (Line 4). Later, it is applied a low-pass filter
to vmax and the final value is overwritten with the minimum
between the actual value and the filtered one. This procedure
allows to have a profile of vmax with fewer discontinuities
but still compliant with the safety regulations. Afterwards, the
algorithm reads the state of the joints and computes the optimal
scaled velocity q̇cmd to be commanded to the robot (Lines 6
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- 8). The scale() procedure is implemented according to our
previous work [28], with some differences that are detailed
below. Lastly, the trajectory scaling block forwards the robot
configuration qc to the dynamic planner.

The function scale() solves online the following optimiza-
tion problem:

min −α

s.t.
Jri(q)q

′(s)ṡα ≤ vmax ∀i ∈ {1, . . . , n},

q̇min ≤ q′(s)ṡα ≤ q̇max,

q̈min ≤
q′(s)ṡα− q̇

Tr
≤ q̈max,

0 ≤ α ≤ δs,

(17)
where α ∈ [0, δs] is the optimization variable, and it is used
to represent the scaling factor. Jri(q) ∈ R1×n is a modified
Jacobian that maps, for each link, the joint velocities to the
scalar velocity towards the human operator, i.e. the velocity
along the robot-human direction nRH . Further details can be
found in [28]. vmax ∈ R is the velocity limit imposed by
the ISO/TS 15066. q̇min ∈ Rn and q̇max ∈ Rn are the joint
velocity lower bounds and the joint velocity upper bounds,
respectively. While q̈min ∈ Rn and q̈max ∈ Rn are the
acceleration limits. q̇ ∈ Rn is the actual robot velocity and
Tr is the robot control time.

The optimization problem (17) is a convex problem and,
therefore, computationally cheap. The only factor that affects
the convergence is the problem dimension, i.e. the number of
joints and links, which is low for a general HRC application.
Furthermore, the minimum found by the solver is always a
global minimum, i.e. the scaling factor minimizes the speed
reduction. Moreover, the problem has always a feasible so-
lution. When the human-robot distance is high, the robot is
allowed to follow exactly the desired trajectory, i.e. α = 1.
When the distance decreases, the safety regulations impose a
reduction of the velocity up to, in the worst-case scenario, a
full stop of the robot. This is guaranteed by the solution α = 0.

Then, the optimal safe velocities are commanded to the
robot:

q̇cmd = q′(s)ṡα, (18)

and the curvilinear abscissa s is updated accordingly:

snew = s+ ṡαTr, (19)

Lastly, the new robot configuration that is given to the dynamic
planner for the replanning procedure (see Alg.2, Line 19) is
equal to:

qc = q′(snew). (20)

It is worth noting that, as explained in Sec. V-B, the safety
layer computes only one robot-human direction nHR. This
is due to the fact that the low-level controller of the robot
does not provide the joint states with a safety communication
interface, meaning that the actual robot configuration can not

(a) The local storage wagon.
1 is the filter-paper reel, 2 is
the tag reel, 3 is the outer-
envelope reel, and 4 is the VL-
shaped marker.

(b) The ROSSINI AMR.

(c) The C24-E automatic machine.

Fig. 7: Elements of the work cell.

be directly exploited by the safety layer. Thus, differently from
the approach in [28], in this work, all modified Jacobians rely
on the same robot-human directions, i.e. the direction between
the two closest voxels.

VII. EXPERIMENTS

A. IMA Industrial Scenario

To prove the efficacy of the outlined system architecture, the
work is deployed in the real-case industrial scenario offered
by IMA within the ROSSINI project. The work cell includes a
C24-E automatic machine (Fig. 7c), a local storage wagon5 (or
simply wagon in the following) (Fig. 7a) and an Autonomous
Mobile Robot (AMR) (Fig. 7b). Specifically, the AMR features
the following components:

1) two UR10e by Universal Robots, a 6DoF serial arm,
light-weighted (33.5 kg), with 10Kg payload and re-
duced dimension (1.3m reach), and classified as a
collaborative robot; one UR10 (i.e. #1) mounts a 3-
finger adaptive gripper by Robotiq (Fig. 8a) to take
care of light and sophisticated manipulations, whereas
the other UR10 (i.e. #2) is equipped with an indus-
trial monochrome 2D camera by Matrix Vision and
a GEH6060IL gripper by Zimmer (Fig. 8b), and is
in charge of inspection/detection tasks and heavy-reel
manipulation;

2) a MiR500 by MiR, an Autonomous Guided Vehicle
(AGV) with 500 kg of payload and an advanced nav-
igation system that allows the vehicle to orient itself

5An intermediate storing station between the warehouse and the automatic
machine where enough reels for a whole shift can be stocked.
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(a) UR10e #1: adaptive finger. (b) UR10e #2: indus-
trial camera + electrical
gripper with custom fin-
gers.

Fig. 8: AMR tools detail.

in a mapped environment and safely halt whenever an
unexpected object appears too close;

3) an Industrial PC by B&R, running Linux Ubuntu 18.04
OS and in charge of all vision-related computations
as well as the management of the camera signals and
advanced communication with both the URs and the
MiR platform;

4) a group of safety Programmable Logic Controller
(PLCs), antennas and relays that take care of parsing
and distributing emergency signals among all system
components.

Both the wagon and the automatic machine were equipped
with 3D VL-shaped markers (Fig. 7a) to help the AGV
navigation system precisely locate the objects in the map
and perform an accurate docking (±5 mm with respect to
horizontal axes, ±1 degree around the vertical axis).

On top of these components, three safety cameras (i.e. RS4

sensors) were placed at three corners of the shop floor, and
two ground stations were used to deploy the RS4 system and
the scheduling layer. They are named, respectively, the RS4

controller and the ROSSINI workstation, which also behaves
as the central unit of the overall system. With reference to Fig.
1, Fig. 9 illustrates how the different blocks are practically de-
ployed in the work cell. It is important to notice that the safety
layer communicates on two separate levels that, in turn, use
two dedicated and suitable channels. The safety signals, in fact,
are directly forwarded from the RS4 controller to the AMR
safety PLCs via a safety Wi-Fi network supported by Siemens.
The safety PLCs are then responsible for distributing the safety
signal to all the AMR devices according to the situation. In
parallel, a standard LAN, comprehensive of a dedicated Wi-
Fi to connect the AMR with the ground stations, is used to
transfer high-level commands, feed-backs and general-purpose
data among all the workstations involved. ROS and ROS2 are
employed as a common communication protocol to transfer
all information and to develop different software packages.

The macro-tasks that the AMR can perform are organized
into missions. They are executed by a mission server running
on the onboard workstation alongside the cobots’ drivers (e.g.
robot controller that allows sending commands to the actual
robot’s low-level controller in a dedicated control box) and
the flexible execution layer. A simple task generator running
on the ROSSINI workstation is manually launched to emulate
the requests that may come from one (or more) automatic
machine(s). The tasks accounted for by the scheduling layer in

Fig. 9: ROSSINI network architecture.

TABLE I: List of tasks. w stands for intrinsic cost, t for time, h for human
and r for robot.

ID Name wH tH [s] wR tR [s]
0 Micro-stoppage 0.4 120 9999 9999
1 Change Left Filter Paper Reel 0.6 120 0.6 120
2 Change Left Tag Reel 0.4 120 0.4 120
3 Change Left Outer Envelop Reel 0.8 120 9999 9999
4 Change Right Filter Paper Reel 0.6 120 9999 9999
5 Change Right Tag Reel 0.4 120 9999 9999
6 Change Right Outer Envelop Reel 0.8 120 9999 9999
7 Mission For Operator 0.1 100 9999 9999
8 Mission Assistance 0.1 100 9999 9999
9 System Shutdown 0.1 0.1 9999 9999

the experiments and their relative costs and expected execution
times are listed in Table I. The costs were defined heuristically.
Alternatively, one can use automatic methods available in the
literature [29], [58]. Missions with ID ≥ 7 are artificial tasks
that are triggered by the task manager either according to
some internal logic or due to an anomaly that occurred and
was raised by the AMR while performing an action.“Mission
for operator” (ID=7), in particular, is used to send a human
operator to either check if the UR10e #2 arm mounts the right
set of fingers or to complete the manual splicing operation
required after a successful reel loading. Setting a high cost for
the robot practically prevents the task manager from assigning
that task to the AMR. As a consequence, the only tasks which
the AMR may handle are the ones with ID equal to 1 or 2.

Upon reception of either of the two tasks, the AMR will
leave the charging station and execute the task as illustrated
by the flowchart in Fig. 10. In this scheme, only the procedure
for a paper-reel substitution is given (ID=1). The procedure
for a tag-reel substitution (ID=2) is similar except for the
reel-core disposal step, which is, instead, handled by the
UR10e #2 while the UR10e #1 will move away to leave
more manoeuvring space for the other arm. Thanks to the
eye-on-hand camera, it is possible to include either the wagon
or the C24-E machine in the planning scene considered for
obstacle-free trajectory planning. The accurate spawning of
these objects with respect to the AMR is done resorting to
visual ChAruko boards6 placed in a known position with re-
spect to the stationary elements (e.g. wagon and machine) and
exploiting their 3D CAD model. The observed reels instead

6A ChAruko board is a combination of a chessboard pattern and an ArUco
board. The latter contains many ArUco markers, synthetic square markers
composed of a wide black border and an inner binary matrix which determines
its identifier. This allows a swift board detection even if some markers are
occluded.



13

are added to the scene thanks to a vision-based detection and
pose estimation discussed in [59].

For the sake of simplicity, the scheme does not show the
fallback procedures7 in detail. In general, if an erroneous
behaviour is controllable and reversible, such as the missed
detection of a marker or an unexpected self-collision when
manipulating the reel, the robot will:

1) in case the reel is attached to the gripper, autonomously
try to place it back to the picking-up point (wagon or
on-board buffer);

2) move back to idle pose (both arms safely retracted,
grippers closed);

3) move to the charging station;
4) request a “Mission Assistance” task (ID=8) for the

operator to restore any anomaly in the scene (e.g. reel on
board, reel core wrongly placed, etc.) and/or complete
the task.

If any stage fails, the system will raise an error and stop
completely. At this moment, the manual intervention of an
experienced user is the only way to revert and reset this
state, and it is notified by requesting a “System Shutdown”
task (ID=9). However, as explained in Sec. VI-A, the overall
collaborative job is not stopped; ideally, it could continue by
assigning all the remaining tasks to the human operator, see
Alg. 1 Line 11.

When the AGV moves, the safety layer and the flexible
execution layer remain idle because the arms are retracted
and blocked, and the safety handling is passed to the MiR500
technology. Thanks to the laser scanners on opposite corners
of the platform and the stereo camera at its front, in fact,
the presence of a human can be promptly detected. This will
trigger either a replanning of the path that reaches the target
work location or a safety-monitored stop in case the obstacle is
too close. In all other cases, i.e. when the AGV is not moving
and the robotic arms are in motion, the safety layer ensures
that the AMR halts when a human is too close to the robot.
At the same time, the flexible execution layer ensures that
the scene’s current obstacle is avoided while modulating the
operative speed as described in Sec. V-A2.

Video 1 shows a portion of a collaborative job composed
by four tasks: the reel-change task of a filter-paper reel T1

and of a tag reel T2, both on the right-side mandrels of the
automatic machine, identified by the mission ID 1 and 2, and
the respective manual splicing tasks T3 and T4, both identified
by mission ID 7. According to the costs in Tab. I, the Task
Assignment assigns to the robot T1 and T2, while the human
operator must perform the task T3 and T4. In Fig. 11, a few
snapshots of the former video are displayed and capture the
most salient moments of the full cycle. It is worth emphasize
that, in the video, the human operator deliberately hinders
and disturbs the robot during execution, instead of waiting
for the robot to finish its task. This allowed to show the full
potentiality of the safety features to be shown. Furthermore, T3

and T4 should be executed after the robot finishes its task. This

7An operation that reverts a failed change of state and brings the system
back to the original one.

Fig. 10: Paper-reel substitution procedure. Dashed blocks define obstacle-free
trajectory motions computed on-the-fly using the flexible execution layer. Dot-
dashed blocks identify simple linear trajectory motions executed up to stroke
or the desired distance is reached without considering the planning scene.

is why they are not shown in the video, which would depict
the human performing the task while the robot is stopped.

The video 2, instead, illustrates an example of dynamic
replanning where the non-safety information coming from the
RS4 sensors is used to generate a dynamic obstacle (in green)
representing the human agent. In this video, it is also possible
to better appreciate the flexible execution layer at work. The
replanning occurs every time the collision object is updated, in
this case, at an average rate of 15 Hz, if a collision is detected
within 20 steps ahead of the current trajectory. Regarding
computing time, replanning takes 20 ms on average, like any
trajectory planning in this framework. A few snapshots of this
video are proposed in Fig. 12. Fig. 13 proves that the proposed
scaling strategy always guarantees that the robot speed is
always lower then the imposed upper bound. Furthermore,
when the human operator and the robot are really close it is
better for the safety to stop the robot in any case, i.e. imposing
δs = 0. This can be noted from t = 50 s to t = 75 s, and
from t = 120 s to t = 150 s.

It is worth to emphasize that the trajectory scaling works at
the same frequency as the robot, i.e. 500 Hz. Indeed, thanks
to its convexity, the optimization problem in (17) can be
easily solved in less than 1 ms. Furthermore, this optimization
problem is the only one that must be solved in real-time [60],
[61], while the planner can work at slower frequencies. Indeed,
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(a) Robot point cloud in red (b) Human point cloud in blue

(c) Pick-up step: reel-scan phase (d) Pick-up step: reel picking

(e) Loading step: reel-core removal (f) Loading step: reel loading

(g) Example of reduced speed (h) Example of safety-monitored stop

Fig. 11: Snapshot from video 1 of a filter-paper reel change task. The safety-
cameras stream is displayed on the left side of each image. In the bottom
right corner, the live view from an external camera. In the background, the
planning scene with augmented information, such as the human/robot point
clouds.

as mentioned in Section VI-B1, when a replanning occurs, the
new trajectory is merged with the previous one to ensure con-
tinuity. Consequently, the scaling block remains unaffected by
the trajectory change and continues to solve the optimization,
incrementing the curvilinear abscissa s according to eq. (19).

(a) (b)

(c) (d)

Fig. 12: Snapshot from video 2 of a replanning example.

B. Mock-up Scenario

In the industrial scenario provided by the IMA company,
the scheduling layer has not shown its full potential. This

Fig. 13: Real robot speed towards the human operator, vRH , with the
respective upper bound, vmax.

Fig. 14: Setup of the mock-up scenario.

is because the number of tasks to be scheduled during the
experiments is limited, i.e. 4 tasks. As the number of tasks
increases, it becomes crucial to have a scheduling strategy
that can ensure optimality. Thus, for this purpose, a mock-
up scenario has been set up to stress the scheduling layer
and compare it with a state-of-the-art method available in
the literature. In this scenario, the human operator has to
collaborate with a UR5e robot in order to fill two boxes with
3D printed shapes. In the end, each box must contain 3 white
shapes and 6 black shapes. The entire setup is illustrated in
Fig. 14, while a detailed description of the tasks is provided in
Tab. II. Fig. 15, instead, shows the directed acyclic graph of the
job, highlighting the precedences constraints, i.e. the arrows
as detailed in VI-A. It is worth noting that for this specific
scenario, the Flexible Execution Layer has been deactivated8,
proving also the modularity of the overall architecture.

As the collaborative job starts, the Task Assignment solves
online the optimization problem defined in eq. (16). The
resulting schedule is the following:

• SH = {[], [11− 16], [], [], [17− 22], []},
• SR = {[1], [5− 7], [3], [2], [8− 10], [4]}.

In particular, the human operator has three empty levels, this
means that while the robot is performing T2, T3, and T4, there
are no other tasks that can be executed in parallel. The overall
schedule is also represented by the Gantt Chart in Fig. 16a.

8The human operator is not detected inside the scene, i.e. the robot
behaviour is not always safe

TABLE II: List of tasks. P&P stands for Pick and Place.

Ti Description wH tH [s] wR tR [s]
1-2 P&P of empty box 0.8 20.0 0.2 15.0
3-4 P&P of full box 0.8 20.0 0.2 15.0
5-10 P&P of white 3D shape 9999 9999 0.5 16.0

11-22 P&P of black 3D shape 0.5 8.0 9999 9999
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Fig. 15: Directed acyclic graph of the collaborative job performed in the
mock-up scenario.

Nominal Schedule

l1 l2 l3 l4 l5 l6

H T11T12T13T14T15T16 T17T18T19T20T21T22

R T1 T5 T6 T7 T3 T2 T8 T9 T10 T4

15s 63s 78s 93s 141s

(a)

Rescheduled

l1 l2 l3 l4 l5 l6 l7

H T11T12T13T14T15T16 T3 T17T18T19T20T21T22

R T1 T5 T6 T7 T24 T2 T8 T9 T10 T4

15s 63s 70s 90s 105s 153s

(b)

Fig. 16: Gantt Charts of the mock-up scenario. li stands for the i-th level.

At this point, the robot starts the job by picking and placing
the box, i.e. T1. Subsequently, the two actors fill the box
terminating all the tasks in the second level. Then, the robot
starts executing T3, but it fails in the picking phase and the
gripper reaches the maximum closure. This triggers a change
in the job data ∆JQ: w3R = 9999 and a new task with
maximum priority is added T23. This new task can only
be executed by the robot, i.e. high weights for the human
operator, and allows to move the robot in a safe home position.
According to Alg. 1 this causes a reschedule, see Line 16. The
updated schedule is obtained in 0.03 seconds and it is equal
to:

• SH = {[], [3], [], [17− 22], []},
• SR = {[24], [], [2], [8− 10], [4]},

which is also represented by the Gantt Chart in Fig. 16b.
As a consequence, the robot immediately moves in the home
position and the task T3 is executed by the human operator.
From this point the two actors conclude the programmed
schedule.

The entire collaboration, the online rescheduling, and the
results can also be appreciated in the accompanying video 3.

To prove the novelty of the proposed work, the results have
been compared with the task scheduling algorithm proposed
in [62], where, to have a more faithful comparison, the
rescheduling trigger has been changed with the one proposed
in this paper. The obtained schedule is the same as the one
obtained with the proposed algorithm, i.e. the one in Fig. 16a.
As before, the two actors start collaborating, but during the
execution of T3 the robots makes an error and the reschedule
procedure starts. Also after the reschedule the result is the
same, i.e. the new schedule is the one obtained in Fig. 16b.
However, the algorithm proposed in [62] requires 31.6 seconds
to obtain the solution. This is shown in the second part of video
3. It is worth noting that both optimization problems have
been solved by exploiting an open-source solver available in
the literature, i.e. Coin-or branch and cut (CBC) [63].

VIII. CONCLUSION AND FUTURE WORKS

In this paper, we presented a dynamic architecture that
addresses the Task Allocation and Motion Planning problem
for real and complex industrial Human-Robot Collaboration
scenarios, explicitly handling the safety issues and possible
errors that may arise at run-time. Firstly, the architecture
assigns tasks between the human operator and the robot,
maximizing the parallelism between the actors and reducing
collaboration costs. Subsequently, during the execution, the
proposed framework leverages a safe-certifiable monitoring
system to detect the human operator in the working area.
This information is exploited to dynamically adapt the robot’s
velocity along the planned path or replan a new one. The
architecture has been validated in a use case provided by IMA
s.p.a., where the human operator and the robot have to change
and load the reels of an industrial machine. The experimental
part focuses on the tasks performed by the robot, i.e. validation
of the recovery from the errors and the safety trajectory scaling
implementation.

Future works will aim at improving all presented strategies.
The safety monitoring system can be enriched with non
safe certified sensors and algorithm that allow to track the
human operator inside the working area, e.g. AI techniques
for skeleton tracking. The information coming from these
sensors can then be exploited for non safe features, such
as rescheduling tasks based on the human execution time
[50]. The dynamic scheduling strategy can be improved by
including other important data that impact the collaboration
like the human fatigue [64] or the transition time between
tasks [65]. Furthermore, there is potential to deeply integrate
the task scheduling procedure with trajectory execution. This
integration would enable the robot to optimize for tasks with
minimized collision risks, and it would open the door to
extending the study to multi-robot systems. Regarding the
trajectory execution strategy, it is mainly based on the Speed
and Separation Monitoring imposed by the ISO/TS 15066.
Still, the performances can be improved considering also the
limit imposed by the PFL collaborative mode. However, this is
not trivial. As explained in [66], [67], the PFL limit depends
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on the closest human-body part: detecting and identifying such
a part in a safe-certified way is challenging, and it is not
currently possible with the proposed monitoring system. This
work could be further enhanced by conducting a statistical
analysis on a meaningful real-world use case, comparing it
with other works in the literature, such as [33], [34], [40]. This
would also provide the industry with a more comprehensive
evaluation of safety.
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