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Abstract of the Dissertation

Robots capable of cooperating to accomplish a common mission, i.e., multi-
robot systems, are emerging to perform complex tasks in different applica-
tion domains, by supporting or automatizing human tasks. The behavioral
workflow of these systems, referred to as mission, can be seen as a sequence
of tasks enabling both robots’ actions and inter-robot interactions. Hence,
considering robots’ behavior at a high level allows for conceptualizing their
missions as process models. In the context of process models, Business Pro-
cess Management (BPM) is the reference discipline that enables their usage
to describe the overall workflow of a system, including its design, enactment,
monitoring, analysis, and refinement.

Using process models in the robotics domain can leverage the techniques
belonging to the BPM discipline. Specifically, two primary approaches can
be employed. A top-down approach involves designing processes to model
the robotic mission, facilitating its execution according to the planned se-
quence. This concept belongs to model-driven approaches, utilizing high-level
modeling languages to facilitate both the modeling and enactment phases.
Differently, a bottom-up approach leverages data generated during robot op-
erations to discover and analyze mission executions. This approach exploits
process mining techniques to automatically extract insights related to the
multi-robot execution.

Although BPM is a well-established discipline, its integration with the
robotics domain has not been sufficiently investigated. Nevertheless, com-
bining process models with robotic systems holds significant potential, light-
ening the effort to program the behavior of robots and their interactions, and
enabling the analysis of different aspects impacting multi-robot executions.
Indeed, process models can provide a robust solution for modeling and en-
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acting the system. Whereas, data captured by these systems can enhance
process models with insights from the physical world.

This thesis focuses on investigating the application of BPM techniques
in the robotics domain, aiming to outline the advantages and challenges of
this integration. The thesis proposes a top-down and a bottom-up approach
to leverage process models for multi-robot systems development and anal-
ysis. The top-down approach consists of a process-driven development of
multi-robot systems by employing business processes to design the system’s
behavior and integrating direct process enactment into the robotic architec-
ture. In the opposite direction, the bottom-up approach offers a methodology
to facilitate the extraction of event logs, which represent robotic activities,
during the execution of robotic systems. These event logs enable the mining
of the process model depicting the system workflow and system analysis from
various perspectives.



List of Publications

[J3]

J2]

1]

|C4]

(C3).

(C2).

C1].

F. Corradini, S. Pettinari, B. Re, L. Rossi, F. Tiezzi. A Technique
for Discovering BPMN Collaboration Diagrams. Software and Systems
Modeling, (2024): 1-21.

F. Corradini, S. Pettinari, B. Re, L. Rossi, F. Tiezzi. Fxecutable
Digital Process Twins: Towards the Enhancement of Process-Driven
Systems. Big Data and Cognitive Computing 7 (3), (2023): 139.

F. Corradini, S. Pettinari, B. Re, L. Rossi, F. Tiezzi. A BPMN-
driven framework for Multi-Robot System development. Robotics and
Autonomous Systems 160, (2023): 104322.

F. Corradini, S. Pettinari, B. Re, L. Ruschioni, F. Tiezzi. Enhanc-
ing Compatibility in QoS Communication for the Internet of Robotic
Things. ER Forum/Posters/Demos, vol. 3618. (2023)

F. Corradini, S. Pettinari, B. Re, L. Rossi, F. Tiezzi. A Methodology
for the Analysis of Robotic Systems wvia Process Mining. Enterprise
Design, Operations, and Computing 2023: 117-133.

F. Corradini, S. Pettinari, B. Re, L. Rossi, F. Tiezzi. An Approach to
Support Digital Process Twin. DASC/PiCom/CBDCom/CyberSciTech
2022: 1-4.

K. Bourr, F. Corradini, S. Pettinari, B. Re, L. Rossi, F. Tiezzi. Dis-
ciplined use of BPMN for mission modeling of Multi-Robot Systems.
Forum at Practice of Enterprise Modeling, vol. 3045, pp. 1-10. (2021)






Contents

Abstract of the Dissertation
List of Publications

List of Figures

List of Tables

I Introduction and Background

1 Introduction

1.1 Motivations . . . . . . . ... ... ...
1.2 Challenges . . . . ... ... ... ...,
1.3 Research Objectives. . . . . . . ... ..
1.4 Research Outcomes . . . . . . . ... ..
1.5 Thesis Structure. . . . . . ... ... ..

2 Background

2.1 Robot Operating System . . . . . . . ..
2.2 Business Process Management . . . . . .
2.3 Process Mining . . . . ... ... .. ..

3 Running Scenario

3.1 System Description . . . . . . ... ...
3.2 Robots Configuration . . . . . ... ...

iii

xi

xiii



viil CONTENTS

II Top-Down Approach 27
4 The FAME Framework 29
4.1 The Framework . . . . . .. . ... 29
4.1.1 Modeling . . ... ... 30

4.1.2 Configuration . . . . . ... .. ... ... 34

4.1.3 Enactment . . . .. . ... ... oL 35

4.2  Communication Compatibility . . . . . . ... ... ... ... 37
4.2.1 QoS Requirements . . . . ... ... ... ... ... 37

4.2.2 QoS Compatibility Approach . . . ... .. ... ... 38

4.3 Related Works . . . . . . .. .. oo 38

5 FAME at Work 43
5.1 FAME Implementation . . . . ... ... .. ... ....... 43
5.1.1 FAME-modeler . . . . ... ... ... ... ... 44

5.1.2 FAME-ROS . . . ... . .. ... 48

5.2  Evaluation in the Running Scenario . . . . . . . .. . ... .. 49
5.2.1 Modeling . . ... ... oo 49

5.2.2 Configuration . . . . . . . ... ... L. 52

5.23 Enactment . . .. . ... .00 56

5.3 Evaluation in the Physical Scenario . . . . . . . .. .. .. .. 59
5.3.1 System description . . . .. ... ... 60

5.3.2 Modeling . . .. ... 60

5.3.3 Configuration . . . . . . ... ... ... L. 61

534 Enactment . . . . . ... ..o 61

5.3.5 Performance evaluation . . . . . .. ... ... ... .. 62

IIT Bottom-Up Approach 67
6 The TALE Methodology 69
6.1 RoboticData . . .. .. ... ... ... 69
6.2 The Methodology . . . . . . . . .. .. ... ... .. ..., 72
6.2.1 Preparation . . . .. ... ... 0L 72

6.2.2 Analysis . . . .. ... 74

6.3 Related Works . . . . . . ... ... 7

7 TALE at Work 79
7.1 TALE Implementation . . . .. ... ... ... ... ..... 79
7.1.1 TALE-preparation . . . . . . . ... ... ... ..... 80

7.1.2 TALE-analysis . . . . . . . .. ... ... ... ..., 80

7.2 Evaluation in the Running Scenario . . . . . . . .. ... ... 85

7.2.1 Preparation . . . ... ... ..o 85



CONTENTS

722 Analysis . . . . ...

IV  Concluding Remarks

8 Concluding Remarks

8.1 Thesis Results
8.2 Discussion . .

8.2.1 On the Integration of MRS with IoeT . . . . ... ...
8.2.2  On the Application of BPMN for MRS Analysis . . . .
8.2.3 On Merging Top-Down and Bottom-Up . . . . . . . ..

8.3 Future Works

Bibliography

X

87

93

95
95
96
97
98
99
102

105






List of Figures

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12
2.13

3.1
3.2

4.1
4.2
4.3

5.1
5.2
5.3
5.4
2.5

ROS nodes interaction . . . . . .. ... ..o 10
Data-centric publish-subscribe model . . . . . . . .. ... .. 12
DDS QoS policy . . . . . . .. 13
Feature model of ROS QoS policies . . . . . . ... ... ... 13
BPMN pools . . . . . . .. 15
BPMN activities . . . . . ... o 15
BPMN signals . . . . .. ... o 16
BPMN gateways . . . . . .. ... 17
BPMN connecting edges . . . . . . . . ... L. 17
BPMN data object . . . . . ... 17
BPMN collaboration diagram example . . . .. .. ... ... 18
The three basic types of process mining . . . . . .. ... ... 20
EKG example . . . . . . .. ... 21
Running scenario . . . . .. .. ... .00 24
ROS architecture of the running scenario . . . . . . .. .. .. 26
The FAME framework . . . . . .. ... ... .. ....... 30
Selected BPMN elements . . . . . . . ... ... ... ... .. 31
QoS compatibility check approach . . . . . . .. ... ... .. 39
The FAME toolchain . . . . . . . ... ... ... ... .... 44
FAME-modeler property panel . . . . . . ... ... ... ... 45
Collaboration diagram of the agricultural scenario . . . . . . . o1
GoTo call activity . . . . . . . . ... ... 52

Field data object configuration . . . .. .. ... ... .... 52



xii

0.6

5.7

0.8

2.9

5.10
5.11
5.12
5.13
5.14
5.15
5.16
0.17
5.18
5.19

6.1
6.2

7.1
7.2
7.3
7.4
7.5
7.6
7.7
7.8

8.1

LIST OF FIGURES

Closest Tractor data object configuration . . . . . . . . .. .. 53
closest_tractor throwing configuration . . . .. .. ... ... 53
closest_tractor catching configuration . . . . . . . . .. . . .. 53
low_battery error configuration . . . . . . . ... .. ... .. 54
10 s timer configuration . . . . . .. ... ... 54
battery full conditional event configuration . . .. . .. ... 55
Update Closest script task configuration . . .. .. ... ... 55
yes flow configuration for tractor availability condition . . . . 56
weed__position signals compatibility check . . . . . . .. ... 57
Running scenario simulation . . . . . . . ... ... ... ... 59
Collaboration diagram of the physical environment MRS . . . 60
Real-life experiment . . . . . . . . .. ..o 63
Resources consumption measurements . . . . . . . . . . .. .. 65
Performances evaluation . . . . . .. ... ... ... .. ... 65
Robotic Example . . . . .. .. .. ... ... 70
The TALE Methodology . . . . . . . ... ... ... . .... 72
TALE-preparation workflow . . . . . ... ... ... .. ... 80
DFG-discovery data uploading . . . . . . . ... .. ... ... 81
EKG-discovery data uploading . . . . . . ... ... ... ... 83
DFG filtered on the drone resource . . . . . .. ... .. ... 87
DFG of the running scenario . . . . . . . ... ... ... ... 88
EKG-discovery aggregation interface . . . . .. .. ... ... 90
EKG of the running scenario . . . . . . . .. .. ... ... .. 91
Enhancement interface . . . . . . . ... ... ... ... ... 92

MRS digital process twin proposal . . . . . . .. .. ... ... 101



List of Tables

4.1
4.2

6.1

7.1

Policy compatibility for the reliability parameter . . . . . . . . 38
Features comparison of the related works . . . . . . . ... .. 41
Robotic event logs granularity . . . . . . ... ... ... ... 71
Excerpt of multi-perspective event log . . . . . . . . .. .. .. 86






Listings

5.1
5.2
2.3
5.4
2.5
2.6
5.7
2.8
6.1
7.1
7.2

Data object schema . . . . . . ... ... ..o 45
Signal throw schema . . . . . .. ... .. ... .. ...... 46
Signal catch schema . . . . . .. ... ... 46
Script task schema . . . . . .. ... ... 46
XOR condition schema . . . . . . ... ... ... .. ..... 47
Call activity schema . . . . .. .. ... .. ... ... 47
QoS policy schema . . . . . ... ... ... L. 48
Fire script task . . . . .. ... oo 61
XES-based schema of multi-perspective event log . . . . . . . 73
Example of event node stucture . . . . . ... ... ... ... 82

Excerpt of tag integration . . . . . .. .. ... ... ... .. 86






Part 1

Introduction and Background






CHAPTER 1

Introduction

Robots are systems capable of sensing, processing, and physically reacting to
information from the real world. Due to their abilities, they can substitute
humans in many fields, from industrial to safety-critical ones [77]. They help
to minimize human errors in repetitive tasks and can improve productivity
and service quality in tasks that involve human interaction [39]. Additionally,
robots offer benefits by reducing the need for humans to perform potentially
dangerous tasks like handling toxic materials or participating in rescue mis-
sions during disasters [29].

In recent years, robots’ capabilities have been combined to perform com-
plex tasks that would otherwise be impossible for one single robot to accom-
plish. This concept is based on using a Multi-Robot System (MRS) where
smaller sub-tasks are distributed to individual robots capable of interacting
with each other to achieve a common objective [39]. From a high-level point
of view, the sequence of tasks that the robots have to perform to accomplish
the objective is referred to as mission [63].

The rest of the chapter introduces the motivations behind the research
presented in this thesis and the challenges of existing methodologies. After
that, it presents the research objectives it aims to achieve and the corre-
sponding research outcomes. Finally, the structure of the thesis is provided.
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1.1 Motivations

An MRS is a group of heterogeneous robots that act on the environment
and interact to accomplish a common mission. A single entity has few func-
tionalities as the real power lies in the cooperation among robots. Unlike
single-robot systems, MRSs can fulfill tasks faster and cheaper, guaranteeing
scalability, reliability, flexibility, and versatility [39]. Therefore, the cooper-
ative mission of the entire system is generated through the behavior of indi-
vidual robots and their interactions, eliminating the necessity for centralized
control. Indeed, depending on the robots’ behavior, how they coordinate
with each other, and different aspects impacting the system, the mission of
the robots may succeed or fail.

From a behavioral point of view, the mission is the core element that
should be taken into account during the specification, execution, analysis,
and enhancement of the overall MRS. This focus, combined with the ability
of an MRS to autonomously execute tasks and interact with the physical
environment in a similar way as human users, enables the mission to be con-
ceptualized as a process model [64]. Specifically, a process model serves as
an abstract representation of the flow of tasks executed by a system over
time. In the context of process models depicting a system workflow, Busi-
ness Process Management (BPM) is the reference discipline. Indeed, BPM
is a well-established discipline that considers business process models as a
core element to refer to the work an organization performs to achieve its
objectives. It provides a lifecycle to circularly support the identification,
discovery, analysis, (re-)design, implementation, execution, monitoring, and
evolution of business process models [32]. Following a top-down approach,
business processes permit modeling the referenced system and enacting its
execution [45]. This concept belongs to model-driven approaches, utilizing
high-level modeling languages like Business Process Modeling and Notation
(BPMN)[68] to facilitate both the modeling and enactment phases. In con-
trast, a bottom-up approach enables the analysis of process-driven and
process-agnostic systems, where data generated from system execution is
used to discover and analyze related processes [91|. This approach exploits
process mining techniques [92] to extract and provide insights into the process
execution automatically.

1.2 Challenges

Considering an MRS mission as a process model, the application of a BPM-
based top-down approach in the robotics domain is in line with the need for
model-driven solutions that support efficient and flexible methodologies for
modeling and enacting robotic systems [67]. The current state of the art em-
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phasizes the necessity of such solutions to track the challenges of specifying
high-level robots’ behavior and interactions [26]. The main motivation for
applying model-driven approaches lies in existing robotic frameworks, which
are used to avoid programming robots from scratch by providing hardware
and application abstraction layers [16]. However, the definition of the MRS
mission using these frameworks demands expertise in low-level programming
and intricate decision-making algorithms from robotic experts. This hin-
ders MRS developers from specifying high-level robots’ behavior and
inter-robot interactions to enable a cooperative MRS. Existing model-
driven approaches proposed to overcome these challenges often lack high-
level abstraction of the entire mission or discard scenarios involving multiple
robots. Utilizing BPMN can address this gap by enabling high-level mis-
sion modeling and enactment [27], thereby facilitating the development of
cooperative MRSs by identifying robots’ behaviors and interactions through
process models.

At the same time, during an MRS execution, relevant data should be
collected and analyzed to determine if the mission is performing as expected.
Applying a BPM-based bottom-up approach in the robotics domain aligns
with the need to propose analysis methodologies to ensure a proper system
workflow [2]. Indeed, the analysis of an MRS should take into account that
the execution of a robot strictly depends on the capability to control several
sensors and actuators in real-time, and on its interaction with the environ-
ment. With the increasing adoption of MRSs, many methodologies have
been developed to enable the analysis of these systems. The most used ones
presented in the literature range from formal verification [57] to quantitative
analysis |2]. Formal verification approaches are mainly exploited to analyze
specific aspects of a mission, such as identifying deadlocks, state reachabil-
ity, or monitoring a particular property during system execution. Neverthe-
less, considering the complex nature of MRSs, the necessity of combining the
analysis of different system perspectives can lead to the state-space-explosion
problem [89]. Differently, quantitative analysis seeks to deploy the system to
observe its behavior. However, performing these approaches on real robots
involves both risks to human life and economic risks to robot hardware, which
could get damaged due to the deployment of incorrect behaviors. Whereas,
running them in simulation environments requires constant monitoring of
system execution, thereby consuming considerable time, and leads to sub-
jective analysis results based on human observations and evaluations. To
overcome these limitations in the analysis of an MRS, the application of
process mining techniques aims at addressing the complexity of under-
standing the behavior of the robots and their interactions 75| while
checking the correctness of the whole system execution [66]. These
would enable the reconstruction of an MRS mission through process models
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extracted from event logs generated during the execution (in a physical or
simulation environment) of the system, and the identification of recurrent
errors, or deviations with respect to the intended mission.

1.3 Research Objectives

The purpose of this thesis is to provide novel solutions for supporting the
modeling and enactment of the MRS mission as well as the analysis of the
MRS executions. To this aim, the thesis considers the MRS mission as a
process model aimed at enhancing system execution [64]. Indeed, adopting
a top-down approach, process models can provide a robust foundation for
developing the MRS in a model-driven fashion [45]. Whereas, following a
bottom-up approach, data collected by an MRS can enable the analysis of
its mission and derive process models enhanced with insights from real-world
observations.

The top-down approach consists of the specification of the high-level
behavior and interactions of MRSs, thus facilitating the development of these
systems via process models. In this approach, the following research objec-
tives have been identified.

(i) Support the representation of the MRS cooperative behavior using
BPMN as a modeling language.

(ii) Enrich the BPMN process model with the information required for the
MRS implementation.

(iii) Assess the usage of BPMN for driving the MRS execution.

The bottom-up approach aims to provide techniques capable of ana-
lyzing, via process models, the behavior performed during an MRS execution,
and the perspectives impacting the system. In this approach, the following
research objectives have been identified.

(i) Support the extraction of robotic data in a process mining-compatible
manner.

(ii) Assess the usage of process mining techniques to discover and analyze
the behavior of the MRS.

(iii) Enhance process mining techniques to deal with multiple perspectives
impacting MRS execution.
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1.4 Research Outcomes

To meet the research objectives for the top-down and bottom-up approaches,
the thesis respectively proposes FAME, a BPMN-driven framework for MRS
development, and TALE, a tag-based multi-perspective methodology.

The FAME framework achieves the top-down approach objectives as
follows.

(i) Support the usage of BPMN by providing a set of guidelines capable
of guiding the MRS designer in the high-level system modeling of the
MRS cooperative behavior.

(ii) Enrich the designed process model by facilitating the enhancement of
its elements with information related to the robotics domain and re-
quired for MRS execution.

(iii) Assess the usage of the process model to directly enact the system by
providing BPMN-engines capable of driving the MRS execution.

The TALE methodology achieves the bottom-up approach objectives
as follows.

(i) Support the extraction of event logs from MRS execution by providing
a methodology for preparing activity-centric event logs.

(ii) Assess the usage of process mining to analyze the MRS by discovering
the executed behavior in the form of a process model.

(iii) Enhance process mining techniques by integrating additional visualiza-
tions that support the analysis of multiple MRS perspectives impacting
system execution.

1.5 Thesis Structure

The thesis is organized into four parts and eight chapters. The structure is
detailed as follows.

Part I - Introduction and Background. The first part introduces the
motivation of the thesis, the background concepts, and the running scenario
used throughout the thesis.

e Chapter 2 provides all the fundamental concepts required for the the-
sis. It includes a detailed description of the robot operating system
framework, the BPM discipline, and process mining techniques.
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e Chapter 3 introduces the multi-robot smart agriculture system designed
to serve as a running scenario.

Part II - Top-Down Approach. The second part describes the top-
down approach for developing an MRS via BPMN collaboration diagrams,
which is based on the FAME framework.

e Chapter 4 presents the FAME framework’s phases that support the
entire MRS development, from the mission modeling to the system
enactment.

e Chapter 5 focuses on the implementation of the tool supporting the
FAME phases, its evaluation in the running scenario, and its evaluation
in a small-scale physical scenario.

Part IIT - Bottom-Up Approach. The third part describes the
bottom-up approach designed to ease data extraction from MRS execution
to perform process mining-based analysis, which relies on the TALE method-

ology.

e Chapter 6 illustrates current challenges in extracting robotic data in an
activity-centric manner. After that, it presents the TALE methodology
and the steps composing it.

e Chapter 7 focuses on the implementation of the tool supporting the
TALE steps and its evaluation in the running scenario.

Part IV - Concluding Remarks. The last part concludes the work.

e Chapter 8 concludes the thesis resuming the contributions, discussing
the obtained results, and providing an overview of future works.



CHAPTER 2

Background

This chapter introduces all the concepts used to fully understand the con-
tribution of this thesis. Firstly, the Robot Operating System (ROS) frame-
work, its architecture, and the advantages of its application are presented.
Subsequently, the BPM discipline is presented, with a focus on the BPMN
standard and collaboration diagrams. Finally, the process mining discipline
and its main concepts are introduced.

2.1 Robot Operating System

Over the years many middleware architectures have been proposed to make
robot development easier and to provide programming abstractions that help
in managing the complexity and heterogeneity of hardware and applications.
Among the existing frameworks, ROS is the most prominent one, which
boasts a big and active community and focuses on the support of MRSs [78].

ROS is an open-source and flexible software framework for programming
robots. It provides an abstraction layer in which developers can build robotics
applications without worrying about the underlying hardware [52|. The core
of this framework is a message-passing middleware in which processes can
communicate and exchange data with each other, even when they are running
on different machines.

The primary goal of ROS is to support code reuse in robotics research
and development. So, it is designed as a distributed framework of executable
processes that can be individually designed and loosely coupled at run-time.
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llaser_scan

Subscribe
Publish

Subscribe

Figure 2.1: ROS nodes interaction

These processes can be grouped into packages and stacks, which can be
easily shared and distributed [38]. Moreover, by exploiting the hardware
abstraction layer, almost all ROS packages can be reused for different robots.
This enables collaborative development, in which developers can join the ROS
community to contribute or find a package for a specific purpose.

More in detail, the independent executable processes composing a ROS
application are called nodes. Each node is designed to fulfill specific func-
tionality, such as collecting data from the distance sensor, which promotes
fault isolation, faster development, and modular and reusable code. The com-
munication between nodes is based on a publish/subscribe model, in which
nodes communicate by passing messages via a topic related to specific data
structures. The nodes use the topic name to identify the content of the mes-
sage. In detail, when a node publishes a message on a topic, a subscriber
to that topic can utilize it. Figure 2.1 shows the interactions between three
nodes. Indeed, the laser node publishes laser data over the /laser scan
topic, whereas, the movement and the obstacle detection nodes subscribe to
it so that they can access laser data. Nodes can be created by leveraging
client libraries, facilitating their development through widely adopted pro-
gramming languages. Although C++ and Python are common choices, these
libraries are also accessible for languages such as Java, JavaScript, and C+#.

In recent years, the Open Source Robotics Foundation developed the
next generation of ROS, to fully support the development of MRSs. The
new version, called ROS2, has been designed to support new functionalities.
First of all, it natively supports the development of MRSs, by improving
the network performance of communication. Additionally, ROS2 not only
runs on Linux systems, but also adds support for Windows, MacOS, RTOS,
and other systems, giving developers more choices. It supports real-time
control, which can improve the timeliness of control and the performance of
the overall robot. Moreover, ROS2 aims to bridge the gap between prototypes
and products, shifting from the scientific research field to the application of
robots, thus enabling to carry ROS2 systems directly to the market.

Specifically, the multi-robot support is enabled by the integration of the
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OMG Data Distribution Service (DDS)! standard. DDS enables reliable,
high-performance, interoperable, real-time, and scalable data exchanges us-
ing a publish/subscribe pattern. It provides a default distributed discovery
system, which is required to use DDS’s publish-subscribe transport. This
allows DDS programs to communicate without the need for a central orches-
trator. In this way, a system becomes more fault tolerant and flexible [61].
Many vendors provide DDS and have several implementation types, so devel-
opers can select an appropriate DDS implementation from various vendors.

In ROS2, DDS is implemented through a special layer, i.e., the ROS
middleware interface layer, in which all DDS-specific APIs and message def-
initions are hidden. The core of DDS is a Data-Centric Publish-Subscribe
(DCPS) model, depicted in Figure 2.2, that creates a global data space ac-
cessible by any independent applications. In this model, several entities can
be identified:

e Participant is a publisher or subscriber and corresponds to a ROS
node.

e Publisher supports the publishing of multiple data types and can be
associated with multiple Data Writers to publish messages on one or
more topics.

e Subscriber receives published data and can be associated with multi-
ple Data Readers and subscribes to messages on one or more topics. It
is responsible for receiving published data and making the data avail-
able.

e Data Writer is an object used by a Participant to publish data
through a Publisher. Each Data Writer corresponds to a specific topic.

e Data Reader is an object attached to a Subscriber. A Participant
can receive and access data such that the type corresponds to the one
of the Data Writer. Each Data Reader corresponds to a specific topic.

e Topic defines a name and a data structure. It is used to identify each
data object exchanged between a Data Writer and a Data Reader.

e Quality of Service (QoS) Policy controls all aspects of the commu-
nication mechanism with the underlying layer, mainly from the aspects
of time limit, reliability, and history to meet user data requirements for
different scenarios.

In the DCPS model, data of a given type is published from one or several
Data Writers to a topic, uniquely identified by its name. One or more Data

Thttps:/ /www.omg.org/omg-dds-portal
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Global Data Space
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Data Data Data Data Data Data
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\ \ A
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Distributed Network

Figure 2.2: Data-centric publish-subscribe model [61]

Readers identify a data object by topic name to subscribe to the topic. After
this transaction, a DataWriter connects to a DataReader using the Real-
Time Publish/Subscribe (RTPS) protocol?>. The RTPS protocol is flexible
and enables communication among publishers and subscribers based on the
QoS policy. Indeed, a QoS policy is used to define the communication re-
quirements a system must provide [83|. Exploiting the DCPS model enables
DDS users to generate code as a Domain Participant, including QoS Poli-
cies using the DDS APIs. Thus, users can focus solely on their purpose and
determine ways to satisfy real-time constraints easily. Figure 2.3 shows an
example of DDS data transport following a QoS policy. The deadline period,
history depth, and communication reliability parameters are configured by
a QoS policy. Focusing on QoS policy, the DDS protocol provides a rich
set of QoS policies for controlling data distribution. These policies refer to
various communication parameters, such as data availability, resource usage,
reliability, and timing. Specifically, ROS implements a subset of the QoS
policies provided by the DDS protocol, as figured out in the feature diagram
in Figure 2.4. This representation describes the policies considered by ROS
with the different values they can assume, as well as the dependencies that
may occur between them.

Finally, robot development goes hand in hand with simulation environ-
ments. Indeed, simulators have played a critical role in robotics research

2https: //www.omg.org/spec/ DDSI-RTPS/2.2/
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as tools to quickly and efficiently test new concepts, strategies, and algo-
rithms [51]. ROS is capable of interaction with many open-source simulators
and 3D environments, in particular, the most used is Gazebo®. The Gazebo
simulator is designed to faithfully simulate the physics and behavior of its
physical counterpart. As a result, a developer can monitor not only the be-
havior of the robot but also the data perceived by sensors and the actions
performed by actuators.

From now on, for the sake of presentation, the framework will be referred
to simply as ROS.

3https://gazebosim.org/
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2.2 Business Process Management

BPM is the discipline that supervises the work conducted by organizations
to ensure consistent outcomes and to take advantage of improvement op-
portunities [32]. In particular, BPM aims to manage the entire chain of
events, activities, and decisions connected to an organization. These chains
are called business processes and BPM includes concepts, methods, and tech-
niques to support their design, administration, configuration, enactment, and
analysis [104].

Business processes derive from the observation of products or services
provided by a company. Business processes are the outcome of several activ-
ities and are the key instrument for organizing these activities and improving
the understanding of their interrelationships. BPM is characterized by a set
of steps that occur cyclically to adapt and improve the model. Hence, BPM
involves a continuous cycle, comprising the following phases: modeling, anal-
ysis, execution, and monitoring.

Over the years, different languages and graphical notations have been
proposed to represent business process models, differing both in the possi-
bility to express aspects related to the organization’s perspectives and in
the level of formality used to define the elements composing the notation.
BPMN 2.0 [68] is currently acquiring a clear predominance. It has been
standardized by the OMG organization and it is now widely accepted both
in industry and academia. Its first goal is to provide a notation that is read-
ily understandable by all business users. This includes the business analysts
in the creation of the initial drafts of the processes to the technical devel-
opers responsible for implementing the technology that will perform those
processes. BPMN’s success comes from its versatility and capability to rep-
resent business processes with different levels of detail and for different pur-
poses. Business process models are expressed in business process diagrams
and each diagram consists of a set of modeling elements. To foster usage and
interchangeability of BPMN between different tools, the OMG permits shar-
ing diagrams in a standard manner. Indeed, it defines unique XML-based
notation in which a business process is described in a tree-structured way,
bringing all the information required for reproducing the elements composing
the diagram, and their style. Indeed, each BPMN element can be mapped
to an XML fragment containing semantic and visual information. The first
part of the fragment depicts the semantic information (e.g., the element id,
the connected sequence flows), while the second part graphically locates the
element in the diagram.

BPMN allows to design of different kinds of diagrams: process, collabora-
tion, choreography, and conversation diagrams. Specifically, collaboration
diagrams can be employed for depicting processes in a distributed system.
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Within these diagrams, various BPMN elements are utilized to model the in-
tended behavior of the referenced system. The following is a description of a
subset of BPMN elements that will aid in comprehending the work presented
in the subsequent chapters.

e Pools (Figure 2.5) are used to represent participants or organizations

involved in the collaboration and include details on internal process
specifications and related elements. Pools are drawn as rectangles, and
they usually have a name. BPMN allows the assignment of a multi-
instance marker (three vertical lines) to a pool, representing multiple
instances playing the same role.

;
= I
Figure 2.5: BPMN pools
e Activities (Figure 2.6) are used to represent a specific work to be per-

formed within a process. They are drawn as rectangles with rounded
corners. A Script Task is an automated activity that contains a script.
When a process execution arrives at this element, the corresponding
script is executed. A Call Activity references a process that is exter-
nal to the process definition. Therefore, the call activity enables the
reusability of a process that can be called from multiple other process
definitions. An Fvent Sub-Process is integrated within a process and is
activated when its start event is triggered. An event sub-process may
be interrupting or non-interrupting. An interrupting sub-process can-
cels any executions in the current scope. A non-interrupting one creates
a new concurrent execution. While an interrupting event sub-process
can only be triggered once for each activation of the scope hosting it,
a non-interrupting one can be triggered multiple times.

.....................................................

Script Task Call Activity Event Sub-Process

[+

.....................................................

Figure 2.6: BPMN activities

e Events(Figure 2.7) are used to represent something that can happen.

An event can be a Start Event representing the point from which a pro-
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cess starts, an Intermediate Fvent indicates that something has hap-
pened (i.e. intermediate throw events), or waits and reacts to certain
events (i.e. intermediate catch events), or an End Event representing
the process termination. Moreover, Terminate end event triggers the
termination of all the active instances in the process. Events are drawn
as circles. Specifically, events can be of different types.

None events are unspecified events, also called “blank” events.
Timer events are events triggered by a defined timer.

Conditional events define an event that is triggered if a given
condition is evaluated as true.

Error events model the deviations of a process workflow to react
to errors.

Signal events reference a signal. Broadcasting a signal triggers
all signal events with a matching name. The broadcast iterates
over subscriptions, creating a process instance if the broadcasted
signal’s name matches the name of the signal start event.

O 0 0O @

Start Intermediate Terminate

O O 6@ W v

None Timer Conditional Error Signal

Figure 2.7: BPMN signals

e Gateways (Figure 2.8) are used to manage the flow of a process. Gate-
ways are drawn as diamonds. Different types of gateways are available.

Exclusive (or XOR) gateway is used to create alternative paths
within a process flow. For a given instance of the process, only
one of the paths can be taken.

Parallel (or AND) gateway is used to represent two tasks in a busi-
ness flow. A parallel gateway is used to visualize the concurrent
execution of activities.

Fuvent-based gateway allows making decisions based on events. It
must have at least two outgoing sequence flows. Each sequence
flow must be connected to an intermediate catch event. When an
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event-based gateway is entered, the process instance waits at the
gateway until one of the events is triggered. When the first event
is triggered, the outgoing sequence flow of this event is taken. No
other events of the gateway can be triggered afterward.

XOR Gateway AND Gateway Event-based Gateway

Figure 2.8: BPMN gateways

e Connecting Edges (Figure 2.9) are used to connect process elements
inside different pools. Sequence Flow are solid connectors used to spec-
ify the internal flow of the process, thus ordering elements in the same
pool. Differently, Data Association is used to associate data elements
to activities.

» e >

Sequence Flow Data Association

Figure 2.9: BPMN connecting edges

e Data Objects(Figure 2.10) allow showing and storing data flowing
through a process by passing information into or out of an activity.
They are depicted as a document with the upper-right corner folded
over, and linked to activities with a data association arrow. The direc-
tion of the data association is used to establish whether a data object
is an input or output for a given activity.

Figure 2.10: BPMN data object

The execution semantics of BPMN is token-based [68, Sec.7.1.1]. A
token traverses, from a start event, the sequence edges of the process and
passes through its elements enabling their execution, and finally, an end event
consumes it when it terminates. Process elements acquire one or more tokens
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Figure 2.11: BPMN collaboration diagram example

from incoming sequence flows for execution. Once finished, they may produce
one or more tokens on outgoing sequence flows, depending on their behavior.
Referring to the example depicted in Figure 2.11, the collaboration diagram
contains two pools, i.e., Participant 1 and Participant 2. Specifically, the
collaboration execution starts with two tokens in both the start events of the
pools. The token in the Participant 1 can immediately start the execution,
whereas the token in Participant 2 is in an idle state waiting to receive the
corresponding signal. Therefore, the token in the start 1 event of Participant
1 executes in parallel the script task A and the call activity D and terminates
by throwing signal end event signal A. This signal is caught by the start
event signal A in Participant 2 that executes in sequence the call activity B
and the script task C' and ends once it reaches the end event end_ 2. Notably,
the activity B produces the data object data_obj that is taken as input by
the activity C.

Following the execution semantics, BPMN process models can be directly
executed by BPMN engines. These engines can consume and execute pro-
cesses provided in the correct format. Standardization of the format and
semantics by BPMN ensures that the execution behavior remains consistent
across different engines [40].
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2.3 Process Mining

The process mining research field is spreading to analyze processes using
event logs generated by information systems, to discover, monitor, and im-
prove the overall system [90]. Indeed, by combining event data and process
models, process mining techniques provide insights, identify bottlenecks and
deviations, anticipate and diagnose performance and compliance problems,
and support the automation or removal of repetitive work [95]. The key
input for process mining is an event log, i.e., the set of events representing
the executed process. Each event in the log records data coming from sys-
tems’ executions in an activity-centric manner, reporting at least the activity
name and the timestamp. Further attributes can be included in the events
to provide context data that provides information about other perspectives.
Events referring to the same system execution are grouped into traces of
events ordered by time. Within the event log, the system execution identifier
is referred to as case.

As depicted in Figure 2.12, event logs can be firstly used to conduct three
basic types of process mining analysis.

e Process discovery techniques take an event log and create a process
model that adequately describes the underlying process. Nevertheless,
the correctness of the result depends both on the log completeness and
on the used discovery algorithm. Usually, process discovery techniques
resort to many notations to describe processes, ranging from Directly-
Follows Graphs (DFGs) to BPMN and Petri nets [95].

e Conformance checking relates events in the event log to activities
in the process model and compares both. The goal is to enable the
analysis of the quality of a process model discovered from event data,
the identification of potential deviations, and the projection of real
traces onto process models [14].

e Process enhancement aims at changing or extending an existing pro-
cess model. Specifically, process extension techniques aim to incorpo-
rate different perspectives to achieve a high-precision model. Whereas,
process improvement techniques are a supervised way to modify an ex-
isting model, by producing a model that properly reflects reality [28].

Recently, object-centric process mining has been proposed to group
the event logs not based on the case notion, but to explore and filter the
behavior contained in the logs considering different classes of objects and
their interaction [8]. In this context, Event Knowledge Graphs (EKGs) are a
flexible and expressive event data model that captures and connects different
aspects of the distributed behavior of the system [33]. EKGs are built on
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Figure 2.12: The three basic types of process mining: (a) discovery, (b)
conformance, and (c) enhancement [90].

the concepts of events, entities (i.e., objects), and relations, which are inter-
connected to represent the analyzed system accurately. Moreover, EKGs can
be queried to manipulate and navigate the resulting graph, facilitating the
extraction of desired insights.

Specifically, an EKG is a data structure designed to represent event tables
that encompass multiple entity types and maintain the order of events for the
correlated entities [34]. EKGs are built upon labeled property graphs, but
they have a limited set of node and relationship labels. In an EKG, each event
is represented as a node with the label Fvent containing at least the identifier
of the performed activity and at which time it has been performed, and each
entity is represented as a node with the label Entity and a property defining
its entity type. The directly-follows relationship denotes the sequential order
between events associated with the same entity and is labeled as df. Whereas,
the relationship between an event and its correlated entity is labeled as corr.
More in detail, an event e; directly follows an event eq if (i) they are both
correlated to the same entity n, (i7) e; occurred before ey and (iii) there is
no other event occurred between e; and ey correlated with n. Considering
all the df-relationships between events correlated to the same entity, the
path along them corresponds to a trace of a traditional event log [34], i.e.,
an entity identifier serves as a case to create a group of events. Figure 2.13
depicts an example of an EKG, where events are represented with a rectangle,
entities as circles, corr-relationships as dashed edges, and df-relationships as
solid edges. For instance, the df-path for entity r1, with type resource, is

o1 = {(el,e2), (e2,¢e6)).
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CHAPTER 3

Running Scenario

In the continuously advancing agricultural domain, the integration of robotic
technologies has become essential for improving efficiency and minimizing
operational costs. Indeed in this domain, autonomous mobile robots can be
used in a variety of operations. Their applications range from the facilita-
tion of capturing and processing high quantities of data to the capabilities of
operating both at crop level and at field level [74]. Considering the promis-
ing and emerging application of robotic systems, this thesis considers as a
running scenario the application of an MRS in an agricultural field aiming
to improve crop productivity. Notably, ROS is the reference framework for
the implementation of robots in the running scenario. However, the concepts
and proposals presented in this thesis can be adapted for MRSs built upon
other frameworks.

This chapter illustrates all the concepts useful for understanding the run-
ning scenario and its capabilities. First of all, it describes the MRS running
scenario applied in an agricultural context and its components. After that,
the ROS-based architecture of the involved robots is presented.

3.1 System Description

The multi-robot agriculture scenario, designed as a running scenario, de-
scribes an autonomous system where a drone collaborates with two Auto-
mated Guided Vehicles (AGVs) to automate the identification and removal
of weed grass. To better decline the AGVs in the agricultural domain, from
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now on they will be referred to as tractors.

The proposed scenario consists of two tractors and one drone that coop-
erate to identify and remove weed grass in farmland to increase field pro-
ductivity. The drone is the first robot that can start its behavior. At the
system start-up, it receives the field’s boundaries to inspect and starts the
exploration. During the overflight of the area, the drone can recognize weed
grasses and, when found, it sends to the tractors the coordinates. This
triggers the tractors, which store the weed grass coordinates and send their
distance to the weed grass area back to the drone. The drone can hence elect
the closest tractor and notify it. At this point, the selected tractor starts
moving towards the field. Once it reaches the weed, it activates the blade to
cut the weed and stops its process until it receives a new position from the
drone.

More in detail, the robots composing the scenario are composed as follows.

e The drone is equipped with a battery and several sensors to identify
the weed grass, and can autonomously navigate the agricultural field.
Its primary task is to explore the field and communicate the position
of the identified weeds to the tractors.

e The tractors are equipped with a battery and several sensors for nav-
igation and obstacle avoidance in the field. Moreover, each tractor is
equipped with a blade enabling weed grass removal. To properly per-
form the operations, tractors can communicate with the drone that
shares the position of the identified weeds and manages the coordina-
tion between them.

Within the field, distinct areas serve specific purposes. The cultivated
area is dedicated to the operation of the robots. The drone base station
serves as a taking-off, landing, and charging area. Differently, the tractors’
base station contains the charging area. A high-level system representation
is depicted in Figure 3.1.

Figure 3.1: Running scenario
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3.2 Robots Configuration

Robots participating in the running scenario run the ROS framework and
expose several high-level functionalities that ease the development of their
behavior.

The implementation of the drone exploits the tello-ros2' model that
exposes the following topics for implementing the running scenario. The
data published by the drone and useful for continuous monitoring are the
/battery topic for drone battery status, the /odom topic for retrieving drone
position, orientation, and speed, and /range topic that publishes the distance
of the drone from the ground. Differently, other topics enable the control of
the drone. Specifically /takeoff and /land trigger the taking off and landing
respectively, and /emd_wvel controls horizontal the movement of the drone

The implementation of the tractor model exposes the following topics
useful for implementing the running scenario. The data published by the
tractor and useful for continuous monitoring are the /battery topic for bat-
tery status, the /odom topic for retrieving current position, orientation, and
speed, /laser topic that publishes data read by a 360° lidar sensor, and
/range topic that publishes data read by the ultrasonic sensor. Differently,
other topics enable the control of the tractor. Specifically /emd_wvel controls
the movement of the tractor, while /blade_ force controls the activation of the
blade enabling weed removal. Moreover, tractor functionalities are enriched
with autonomous navigation capabilities.

The ROS architecture of the running scenario is illustrated in Figure
Figure 3.2. Here, nodes are represented by rectangles labeled as s, a, or
¢ to denote whether they function as sensor, actuator, or controller nodes,
respectively. Whereas topics flowing across nodes are represented by dotted
rectangles. Specifically, sensor nodes manage robots’ low-level functionalities
to retrieve perceived data, such as positioning data. The actuator nodes
define the operation of robots’ physical functionalities, such as the activation
of propellers. Controller nodes compute the information received from the
sensor nodes to trigger the actuator nodes, such as autonomous navigation, or
manage the communication between robots, such as weed handling. Notably,
while the functionalities of sensor and actuator nodes are exposed by robots’
models, the operations of the controller nodes must be defined by an MRS
developer.

thttps://github.com /tentone/tello-ros2
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CHAPTER 4

The FAME Framework

Following a top-down approach, this chapter presents the usage of BPMN
collaboration diagrams to enable the modeling and enactment of an MRS
mission. The proposed solution is the FAME (BPMN-driven FrAmework for
Multi-robot systEms development) framework which relies on a model-driven
approach and comprises three phases enabling an MRS designer to develop
a BPMN-driven MRS. In particular, the chapter introduces the phases com-
posing the framework, from the system behavior modeling to the direct en-
actment of the process models inside each robot. After that, an additional
module to enhance multi-robot communication is presented. Finally, a com-
parison with already existing model-driven approaches for robotic systems is
provided.

4.1 The Framework

This section presents the FAME framework development phases defined for
developing a BPMN-driven MRS. Figure 4.1 depicts the framework and high-
lights the supported development phases: modeling, configuration, and en-
actment.

The modeling phase corresponds to the first step in developing an MRS
using the FAME framework. It disciplines the use of BPMN for the definition
of collaboration diagrams to represent the behaviors and interactions of an
MRS at a high level of abstraction. The configuration phase enriches the
modeled collaboration with all the information needed for its execution. It
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Figure 4.1: The FAME framework

produces as output an executable MRS collaboration diagram used in the
following phase to command each robotic behavior, thus guaranteeing a dis-
tributed execution of the MRS. The last phase is the enactment phase
which consists of the execution of the BPMN collaboration directly on each
involved robot, without the need for any direct translation into code. This
is made possible through BPMN engines, deployed in each robot, that en-
act only the process associated with each considered robot. As a result of
this phase, the framework enables a distributed BPMN-driven MRS mission
execution.

4.1.1 Modeling

To enable the modeling of a robotic system via BPMN collaboration dia-
grams, a set of guidelines has been provided to guide an MRS designer in
the modeling of the desired system mission [10]. Initially, a subset of BPMN
elements suitable for describing robotic missions is identified. The subset of
BPMN elements utilized in this approach is illustrated in Figure 4.2. The se-
lection of these elements resulted from extensive discussions aimed at choos-
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Figure 4.2: Selected BPMN elements

ing the most suitable ones from a list of over 85 elements, aligning them
with the requirements of MRSs. The decision-making process was influenced
both by considerations driven by the modeling activities conducted in various
application scenarios and by considerations that emerged from experiments
involving ROS implementations through the Gazebo simulator.

The BPMN elements subset selection is matched with a list of guidelines
driving their disciplined use to compose a collaboration diagram that specifies
the actions and interactions of each robot in an MRS.

G1. Robots as pools. Robots involved in an MRS are abstracted by pools,
representing the participants in the collaboration.

G1.1 Heterogeneous robots as single-instance pools. Heteroge-
neous robots, i.e., robots of a different kind or robots with different

missions, are abstracted by single-instance pools.

G1.2 Homogeneous robots as multi-instance pools. Homoge-
neous robots, i.e., robots of the same kind with the same mission,
are abstracted by multi-instance pools. This simplifies the result-
ing diagram, as a multi-instance pool represents many robots in
terms of several instantiations of the same process, avoiding re-
peating the same robot process into different pools.

G2. Mission as a process. The mission to be performed by a robot
is abstracted by a process diagram within the pool of the considered
robot. The process diagram expresses the control flow of the mission.
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Actions as activities. A robot mission is mainly made up of a
set of actions; these actions are abstracted by activities within the
mission process diagram. Based on the complexity of the action,
an activity in the model can be either a call activity or a script
task.

G2.1.1 Complex actions as call activities. Complex actions, e.g.,

navigation, perception, and control, that can be decomposed
into several steps and/or reuse already modeled procedures,
are abstracted by call activities. Indeed, a call activity can
be used for referencing another process diagram or other ex-
isting activities. This enables the modularisation of diagrams
and reduces their size, speeding up the modeling of the MRS
through the reuse of already modeled behaviors.

G2.1.2 Simple actions as script tasks. Simple actions, which

G2.2

G2.3

G24

G2.5

G2.6

G2.7

do not require any further decomposition, are abstracted by
script tasks. This element refers to a piece of code! to be
executed by the considered robot.

Event handlers as event sub-processes. Procedures handling
an event (such as the expiration of a timer, the satisfaction of a
condition, the occurrence of an error, or the reception of a signal)
are abstracted by event sub-processes. Indeed, this element trig-
gers a handling process concurrent to the main process describing
the robot mission. Based on the event type, the main process can
be interrupted or not.

Concurrent behaviors via AND gateways. Concurrent be-
haviors in a robot mission are rendered by means of AND split
gateways.

Conditional choices as XOR gateways. Conditional choices
in a robot mission are rendered by XOR split gateways.

Event-based choices as event-based gateways. Choices
driven by events in a robot mission are abstracted using event-
based gateways.

Missions activation as start events. The beginning of a mis-
sion is abstracted by a start event. In more detail, a none start
event fires immediately the robot mission. The other event types
activate the mission when specific circumstances occur.

Missions shutdown as end events. The end of a mission is
abstracted by an end event. The none end event stops only the

!The code can be of any programming language supported by the robot’s software.
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incoming execution flow, while the terminate end event stops any
execution flow still active?.

Communication via signal events. Intra- and inter-robot commu-
nications, even in the presence of a payload, are abstracted by signal
events. The sending of a message corresponds to a throwing signal
event, and the receiving of a message is modeled by a catching signal
event. The correlation between one or more senders and one or more
receivers is established through the event name.

Execution errors via error events. Errors that can occur during
the execution of the robotic mission are abstracted using error events.
These events enable the designer to consider and react to potential
errors that may arise during execution.

Delays and timers via timer events. The evolution of the mission,
driven by time-based data, is abstracted with timer events. Timer
events introduce a time-based dimension to the execution, enabling
the introduction of a time delay within the process.

Conditions via conditional events. Boolean conditions that need
to be evaluated during the execution are abstracted with conditional
events. Conditional events are related to certain conditions being met
or specific data values being observed.

Data as data objects. The data used during the execution of the
robot’s mission are abstracted by data objects. They provide storage in
which activities and signal events can read or write information. The
model should explicitly represent in terms of data objects, only the
information used to drive the decision-making and the data exchange
in the mission execution. Of course, at the implementation level, other
data will be required. However, since they are confined within low-level
pieces of code and do not play any role at the abstraction level of the
model, they are omitted. This permits reducing the complexity of the
diagram.

The modeling phase also includes the possibility to access and leverage
pre-defined and reusable processes, i.e., building blocks. Indeed, following
the BPMN standard, a call activity serves as a reference to another process
defined in a different BPMN diagram. This element facilitates the struc-
turing of models, particularly those that are large and complex, in terms
of decoupled, reusable processes. This element enables the modularity of

2Notably, more than one execution flow in a model can be active due to an AND
gateway (see G2.3).
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a process, breaking down intricate processes into manageable, independent
components. These modular building blocks offer an advantage in terms of
reusability. Indeed, once created, they become versatile tools that can be
easily referred to in various processes. This not only saves time but also
ensures consistency and reliability among MRS designers. The efficiency of
this approach lies in its capacity to simplify processes, minimize redundancy,
and reduce the possibility of errors. By integrating the concept of building
blocks, the FAME framework keeps consistency with the characteristics of
modularity and reusability of the ROS.

4.1.2 Configuration

The output of the modeling phase is a collaboration diagram that can be ex-
ecuted through engines that implement the execution semantics of BPMN.
Such engines reproduce the marking evolution of the model. However, to
create a collaboration diagram compliant with the ROS framework, an MRS
designer needs to enrich the diagram with additional information. This infor-
mation is mapped in each configured BPMN element as extension elements.
Indeed, the extension element is part of the BPMN metamodel [68, 8.2.3] and
is designed to store additional attributes while ensuring compliance with the
standard. This enables the integration of domain-specific XML tags inside
the collaboration diagram.

The elements involved in the configuration phase are data objects, events,
script tasks, and XOR gateway, and are extended to include the following
information.

e Data Objects. As prescribed in guideline G7, data objects are con-
tainers for information used by the process elements. Therefore, the
designer has to use such elements to instantiate the necessary variable
names. Variables can be associated with predefined values or with dy-
namically updated values in the form of ${variable id}. Other process
elements can refer to a variable value using the variable name.

e Signal Events. In ROS, the communication, i.e., the publication or
subscription of messages over a topic, is specified using: a topic name,
a type, and a payload. Concerning the topic name, it is inferred by
looking at the signal event name defined by the designer during the
modeling phase. While the types of the message (e.g., string, float,
bool) and its payload need to be manually selected.

e Error Events. Similarly to signal catch events, an error event initial-
izes a ROS subscription. The topic name is inferred by looking at the
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error event name, whereas the type of the message is automatically set
to the Empty message type?.

e Timer Events. The designer needs to incorporate in a timer event
the definition that specifies the delay to be applied to the execution.
Consequently, a timer includes the specification that instructs the flow
to wait for the desired amount of time. As prescribed by the BPMN
standard |68, p.274], the configuration of a timer event can be based on
the time date (e.g., 2023-10-01T12:00:00Z: trigger on 1 October 2023),
time duration (e.g., PT1H30M: wait 1 hour and 30 minutes), and time
cycle (e.g., R5/PT10S: repeat every 10 seconds, up to five times).

e Conditional Events. The configuration of a conditional event out-
lines the specific conditions managing its activation. Whenever the
condition definition is assessed as true, the conditional event is con-
sumed. Therefore, the designer must add the conditional expression
evaluated during the execution. The condition expression is in the
form of {expression) (e.g., processVariable > 0).

e Script Tasks. Depending on the desired outcome, the designer has to
include in each script task the lines of code to be executed at runtime
by the corresponding robot. Therefore, a task contains the code that
makes the robot perform the desired computation. It is worth noting
that, although the integration of handwritten code can complicate the
system design and may lead to some errors, this is significantly less
impactful than developing the entire MRS behavior from scratch.

¢ XOR Conditions. The sequence flows leaving the XOR gateway
should be configured to guide the control flow along a choice. Specifi-
cally, the designer must add a conditional expression evaluated during
the execution. The condition is in the form of next(null, {expression)).

Once these configurations have been done, the BPMN collaboration can
be deployed and the MRS executed.

4.1.3 Enactment

The enactment phase consists of the deployment of the BPMN collaboration
in the robotic system and of its execution on real or simulated systems. The
first step in the deployment is the splitting of the BPMN collaboration into
several process models, one for each robot. This is because the framework is
defined to realize a distributed execution of the MRS. The splitter component
extracts the pools from the collaboration diagram and associates them with

3https://docs.ros2.org/foxy /api/std _msgs/msg/Empty.html
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the corresponding robot. Notably, to bind a pool to a robot, the same name
is utilized for the robot namespace in ROS and the pool in the diagram.
In the case of a multiple instance pool, the splitter component searches for
namespaces starting with the pool name, followed by the symbol “ ” and
ending with some digits. This permits automatically determining the number
of robots corresponding to the multi-instance pool, in this way, the same
model can be used in scenarios with a different number of robots.

Following the distributed architecture of ROS, where a robot is a collec-
tion of nodes, a node implementing a BPMN engine has been incorporated
into the robots. Each of these nodes receives the pool to execute from the
splitter component and exploits a BPMN execution engine on top of the
robotic environment. Thus, the engines enable the robots to perform com-
putations and communicate with each other. Since the splitter deploys every
single process separately, the designer can change at run-time the behavior
of all robots or a subset of them, even of those that have been previously
instantiated with a multi-instance pool. The enactment of the modeled col-
laboration can be done in the same way in real scenarios or in the Gazebo
simulator, thanks to the ROS infrastructure which considers Gazebo as a
node in the DDS network. Therefore, the MRS developer can decide to exe-
cute the collaboration directly on the real robots or simulate the scenario to
spot potential issues.

At the startup of the MRS system, each engine fires the execution of
its process model following the BPMN execution semantics. Every time an
engine triggers a BPMN element that involves the performing of an action
by the robot (i.e., a script task or a signal event), the code embedded in
the element is evaluated at run-time by the robotic framework. The other
elements instead are entirely interpreted by the engine; for example, when
an engine executes a XOR split gateway, it drives the control flow toward
the sequence flow with the true condition without sending any command to

the ROS framework.

In the case a process or an activity is interrupted during its action, like
when a terminate end event is fired or there is the need to deploy a new
process at run-time, the engine forces the termination of any action the robot
is performing. This, of course, may provoke risky situations. Therefore, the
MRS designer must include in the model an event sub-process that brings
the robot to a safe state before the engine kills the execution. As an example,
a safe state sub-process may include a set of activities executed to bring the
robot back to the base station.

Notably, the FAME framework identifies a minimal subset of elements
necessary for describing MRS scenarios. However, this does not imply that
other elements in the BPMN standard can not be useful in other scenarios.
The benefit of using an engine allows for the addition of elements to the
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model that are not indicated in the guidelines, as long as they are supported
by the engine. In contrast, a model-to-code approach would require mapping
new elements to the corresponding code whenever a new element is used.

4.2 Communication Compatibility

In addition to the proper development of the behavioral model of robots,
communication is one of the main features that enable cooperation in an
MRS system. Indeed, the interconnections created inside an MRS generate
a dynamic and heterogeneous system where robots can share information,
coordinate actions, and provide intelligent services. Therefore, efficient and
reliable communication within an MRS is crucial to achieving the full po-
tential of these systems. Robots’ communication should be guaranteed by
integrating QoS policies that allow the specification of the communication
needs, supporting time-aware, context-aware, and content-aware communi-
cations [102], thus impacting the overall system performance. However, while
QoS policy integration enhances communication, ensuring effective communi-
cation requires devices to integrate these policies in a compatible manner |72].

This section tackles the integration of QoS policies in the FAME frame-
work to ensure communication compatibility among the system’s devices,
thus obtaining a BPMN-driven approach that can handle the complexity of
selecting and guaranteeing compatible QoS policies.

4.2.1 QoS Requirements

In the context of distributed applications, QoS policies are used for control-
ling data distribution. These policies refer to various communication param-
eters, such as data availability, resource usage, reliability, and timing [69].
During the development of ROS-based systems, QoS policies can be config-
ured by associating within each publisher and subscriber a QoS profile, i.e.,
a set of predefined QoS policies, or by manually choosing them. However,
the manual setup implies the developer must properly configure QoS policies
to ensure compatibility. More in detail, the communication between ROS
publishers and subscribers is established only if all the QoS policies are com-
patible, following the compatibility rules defined in the ROS documentation®.
Notably, multiple subscriptions can be connected to a single publisher simul-
taneously even if their policies are different. An example of compatibility
between QoS policies for the reliability parameter is shown in Table 4.1.

4https://docs.ros.org/en /rolling/ About- Quality-of-Service- Settings.html
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Publisher Subscriber Compatible

Best effort Best effort Yes
Best effort Reliable No
Reliable Best effort Yes
Reliable Reliable Yes

Table 4.1: Policy compatibility for the reliability parameter

4.2.2 QoS Compatibility Approach

The proposed approach, depicted in Figure 4.3, is directly tied with the
FAME configuration phase. Indeed, thanks to the modular structure of
FAME, additional modules that extend framework functionalities can be eas-
ily integrated. During the configuration phase the MRS designer configures
the signal events (see Section 4.1.2) by relating publishers and subscribers.
In this phase, the designer can select and specify the set of QoS policies that
guide the communication.

The configuration of the policies triggers the compatibility checker. In-
deed, the C-QoS module ensures that the chosen policies are compatible
with each other. This phase integrates a checker capable of assessing commu-
nication compatibility. It ensures that for each matched publisher and sub-
scriber, the corresponding policies comply with the standards set by ROS for
effective communication. The output of this phase is feedback returned to the
MRS designer stating if the checking has been successful or not. Specifically,
if incompatible policies have been detected, the designer receives feedback
highlighting the need to fix the communication issues in the model.

This approach enhances the communication among the various robots,
contributing to the overall performance of the system. Additionally, the
module implementing the approach enables the configuration of the system
communication requirements, the identification of communication incompati-
bilities, and ensures feedback to the MRS designer during the system’s design
phase.

4.3 Related Works

In the literature, many works face the model-driven development of robotic
systems considering the different stages that lead from systems modeling to
execution in real contexts. In this regard, these works show different levels of
maturity and provide contributions mainly focused on: (i) modeling robotics
missions, and enacting the obtained models via a central control unit, (i7)
deploying and enacting the models inside the robots, and (iii) developing
model-to-code translations leading to the execution.



CHAPTER 4. THE FAME FRAMEWORK 39

. <

<

MRS Designer
return

configure feedback

Configuration phase

MRS collaboration yomm e e .
diagram 1 0 X
1
DN S S S Pub QoS Incompatible
: trigger—>

‘ @ Checker

N e e e e e o . Sub QoS Compatible
C-QoS module

seoeepe-e-

Figure 4.3: QoS compatibility check approach

Considering the approaches focused on the model execution managed by a
central control unit, in [11] the authors describe a tool for the mission spec-
ification for a team of multicopters and the generation of a detailed flight
plan, using a DSL that is translated into an intermediate language repre-
senting the basic actions of an aerial vehicle. These actions are combined to
define the drones’ mission using a finite state transition system where each
transition corresponds to an action. Exploiting the same tool, in [17] the
authors define a set of DSLs to specify the civilian missions for unmanned
aerial vehicles. The mission specification and enactment are done through
a web-based graphical interface, that communicates with some ROS-based
controllers sending commands to the vehicles. Notably, using custom DSLs
may require time to learn them. This effort could be mitigated using a stan-
dard modeling language, like the BPMN notation used in FAME. Indeed,
BPMN is a well-accepted standard applied to fit a wide variety of process
modeling purposes [50], thus resulting familiar to many users. Its notation
is easy to understand and learn [53|, especially considering that FAME con-
siders only a subset of elements. On the other hand, the modeling guidelines
support the application of BPMN for modeling the mission of an MRS shift
BPMN from a general-purpose notation to a domain-specific one. Even if
this means that the designers should learn the guidelines, the effort to learn
them is not high. Indeed, they do not introduce any new element to the nota-
tion and do not associate different semantics with the BPMN elements. The
guidelines just provide disciplined arrangements of BPMN elements, linking
them to the corresponding MRS concepts. In [105] the authors propose a
laboratory survey to enable the co-creation of DSL solutions for robots. It
aims to reduce the complexity and the necessary technological background
that is required to develop a robotic application. The proposed tool running
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externally from the robot can use BPMN models to abstract the implemen-
tation of one single robot, and to generate and execute the related mission.
Another integration of the BPMN standard with an autonomous robot is
presented in [73]. The authors develop and automatize a warehouse pro-
cess by implementing a human-robot cooperation system managed by a web
interface able to control the entire process in real-time. These approaches
exploit an external device to enact the process and send commands to the
robot, thus making this central device a single point of failure for the robotic
system. The FAME approach, instead, is fully distributed; hence, it is more
suitable in a multi-robot context. Nevertheless, in cooperative scenarios, the
behavior of the robots can be interrelated. Thus, it may happen that if a
robot fails, the entire mission can not be carried on. In those cases, the MRS
designer should prevent this situation by modeling an alternative behavior
that reacts to a robot failure.

Moving on to the interpretation of the model executed directly by a robot,
the authors in [27] describe the TRACE tool to tailor BPMN to the robotics
domain to model a sequence of robotic activities. This approach aims to
understand what will happen after an unplanned event and check if it will
compromise the mission. The authors applied their proposal to a single robot
equipped with ROS1, which can execute its tasks and autonomously react
to unexpected events. In the same direction, in [54], the authors present an
application of the TRACE tool to a multi-robot scenario. The mission is
specified in a BPMN file, uploaded inside all the vehicles, and each block
of the model corresponds to a robot’s behavior. The system uses the ROS1
framework with an open-source package that allows custom message-passing
among multiple master nodes. Such message passing creates a decentralized
communication among ROS nodes implementing an ad-hoc communication
mechanism that, unlike FAME, fails to exploit the distribution brought by
the powerful DDS standard. Moreover, since the robots share the same
mission, but cannot communicate with each other, the authors highlight
that a human operator must be involved in assigning robots to different
areas. Exploiting the FAME tool, it would be easier to add an automatic
coordinator to manage area coverage. At the same time, robots could handle
this problem independently by leveraging distributed DDS communication.

Other approaches develop model-to-code translations for system execu-
tion. In [56] the authors provide an automatic method to verify the task-level
control in autonomous robotic systems using Petri Nets as input language for
a model-checking tool. A DSL is used to define the robot’s behavior and all
the constraints that must be satisfied. Each global action is then translated
into a Petri Net and verified to check system fairness and efficiency. The
approach uses a single-vehicle scenario, equipped with ROS1. In [35] the
authors present a methodology for the description of a multi-robot mission
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and the related application to a ROS-based system, using Hierarchical Petri
Nets. The proposal is extended in [36], in which a 6-layer Petri Net is used to
describe the activity of the robotic system at a different level of abstraction.
The resulting model is used to verify the system’s safety and liveness, and
finally to generate ROS-executable code for controllers. In [44] the authors
present a model-driven approach to support the systematic engineering of
MRSs thus facilitating the definition, implementation, and analysis of these
systems. The proposed framework is based on the ATLAS DSL, for the
team structure and mission objectives specification, and on a code generator
engine. The latter enables communication and coordination among system
components, creates an interface for direct interaction with a robotic simula-
tor, and produces the related configuration files. Finally, in [65] the authors
propose a platform to develop multiple robots using a user-friendly model
editor. The editor is based on ROS1 so that users can graphically repre-
sent the system mission, automatically translated into an executable Python
source file. The works described above are based on translations of models
into code, which limits dynamic changes to the mission of an MRS. On the
other hand, FAME relies on the interpretation of models by a BPMN engine,
which is more suitable to support change at run-time to the MRS mission.

[ Paper [ Purpose’ [ Modeling Language [ ROS Version [ #Robot [ Architecture ]

11 M MML ROS1 Multi Centralized
17 M, E MML ROS1 Multi Centralized
|105] M, E BPMN ROS1 Single Centralized
73 M, E BPMN ROS1 Single Centralized
27 BPMN ROS1 Single Centralized
54 M, E BPMN ROS1 Multi Decentralized
56 M, E TDL ROS1 Single Centralized
[35] [36] M, E Petri Net ROS1 Multi Centralized
44 M, E ATLAS ROS1 Multi Centralized
65 M, E Domain-Specific ROS1 Single Centralized
FaAME M, E BPMN ROS2 Multi Distributed

Table 4.2: Features comparison of the related works
(1) M: Modeling E: Execution

The analysis of the literature review has been summarized in Table 4.2.
The comparison shows that all the approaches exploit version 1 of ROS,
therefore the communication is managed by a master node. This creates a
centralized architecture with a single point of failure, making it unsuitable
for the development of MRS applications. Indeed, many of these works do
not consider MRSs at all. Furthermore, many approaches execute the sys-
tem by exploiting the model-to-code translation instead of the execution of
the model. This implies that the mission of the robots has to be uploaded
offline and any modification of the model leads to the need to interrupt the
system and load the new code generated by the translation. All these short-
comings are considered in the design of the FAME framework. Specifically,
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distributed communication among robots is achieved with the adoption of
the ROS2 middleware, and a direct enactment of the model is obtained with
the deployment of a BPMN engine inside each robot.



CHAPTER 5

FAME at Work

This chapter presents the tools implemented to support the FAME framework
phases. After that, the application of the FAME phases to the running
scenario of Chapter 3 is presented. Additionally, FAME is evaluated in a
physical environment to analyze framework performances in relation to direct
code execution.

5.1 FAME Implementation

The FAME framework is supported by a toolchain composed of software and
artifacts, developed for experimenting with the BPMN-driven development
approach for ROS-based MRSs. The modeling, configuration, and enactment
phases can be fully automated through the use of the provided toolchain.

Specifically, two packages support the FAME framework. The FAME-
modeler is a web application facilitating the modeling and configuration
phases, whereas FAME-ROS is a ROS package that contains the scripts for
deploying the splitter node and the engine node. This design enables the
reuse and integration of these packages with different robots and scenarios.
Communication between packages is enabled by the ros2-web-bridge®, which
provides a JSON interface to ROS, allowing any client to publish or subscribe
to ROS topics. The FAME toolchain is depicted in Figure 5.1 and the source
code of software tools is available on the project page?.

Thttps://github.com/Robot WebTools /rosbridge suite
Zhttps://pros.unicam.it /fame
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Figure 5.1: The FAME toolchain

5.1.1 FAME-modeler

For the modeling and configuration phases, the designer can exploit a cus-
tomized BPMN modeler built upon the bpmn-js toolkit®. Indeed, the FAME-
modeler interface, depicted in Figure 5.2, embeds the BPMN modeling en-
vironment and the following functionalities aimed at supporting the MRS
designer.

e The palette contains the BPMN graphical elements used to design a
process model.

e The canvas is where BPMN elements are placed to form the process
model.

e The property panel provides a space for viewing and modifying prop-
erties or attributes of selected elements, i.e., for configuring them.

e The C-QoS module checkbox indicates whether or not activating the
QoS compatibility checker.

e The ROS connection button initializes the connection with the ROS
network.

Notably, the FAME-modeler exploits the BPMN extension element tag
to include additional data and message exchange information in the .bpmn
file. This approach ensures compatibility with other modeling tools while
allowing FAME to enrich the BPMN representation with specific details.
In this regard, the BPMN property panel plays a key role in enriching the
model with this information. Therefore, the FAME-modeler implements all
the functionalities of a BPMN modeler while supporting the configuration of
the elements presented in Section 4.1.2 through an extended and customized
property panel.

3https://bpmn.io/toolkit /bpmn-js
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Figure 5.2: FAME-modeler property panel

Property panel. The configuration of the collaboration diagram compli-
ant with the FAME framework is facilitated by the extension of the property
panel for the elements that require specific configurations. More in detail,
data objects property panel provides the flexibility to select an arbitrary
number of variables in the format name-value. If the value is undefined,
i.e., the value is generated by the execution of one element in the process,
the system automatically assigns the variable value equal to ${name}. The
extension of a data object is in the form of Listing 5.1.

<bpmn:dataObjectReference id="DataObjectReference_17784gh"
dataObjectRef="DataObject_0wt07gj">
<bpmn:extensionElements>
<data:parameters>
<data:parameter name="variable_1"
value="${variable_1}" />
<data:parameter name="variable_2" value="50" />
</data:parameters>
</bpmn:extensionElements>
</bpmn:dataObjectReference>

Listing 5.1: Data object schema

Signal events definition is facilitated by the incorporation of a ROS tab
in the property panel that enables the selection of predefined ROS message
types. Additionally, for throwing signals, i.e., ROS publishers, the tab is en-
riched with auto-generated payload fields associated with the chosen message
type. For instance, if the message is of type Vector3, three fields, i.e., z, vy,
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and z, are added to the property panel and can be associated with predefined
values or dynamic variables. A throwing signal XML schema is in the form
of Listing 5.2, and a catching signal is in the form of Listing 5.3.

<bpmn:intermediateThrowEvent id="Event_00tbg5g"
name="topic_name">
<bpmn:extensionElements>
<ros:message type="geometry_msgs/msg/Vector3" />
<ros:payload>
<ros:parameter name="x" value="5.0" />
<ros:parameter name="y" value="2.1" />
<ros:parameter name="z" value="0.0" />
</ros:payload>
</bpmn:extensionElements>
</bpmn:intermediateThrowEvent>

Listing 5.2: Signal throw schema

<bpmn:intermediateCatchEvent id="Event_lorgyuv"
name="topic_name">
<bpmn:extensionElements>
<ros:message type="geometry_msgs/msg/Vector3" />
</bpmn:extensionElements>
</bpmn:intermediateCatchEvent>

Listing 5.3: Signal catch schema

For script tasks and conditional choice, the property panel does not
need additional extensions. However, to facilitate the designer, the property
panel defines JavaScript as the predefined language for script tasks, while
allowing language customization to meet designer requirements. Whereas,
the condition configuration is supported by the automatic generation of the
needed structure. A script task is in the form of Listing 5.4 and a condition
is in the form of Listing 5.5.

<bpmn:scriptTask id="Activity_Ocwtgkh" name="Script"
scriptFormat="JavaScript">
<bpmn:script>

var text = "hello!";
console.log (text);
next () ;

</bpmn:script>
</bpmn:scriptTask>

Listing 5.4: Script task schema
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<bpmn:sequenceFlow id="Flow_1fleb5r" name="yes"
sourceRef="Gateway_08xvyud" targetRef="Activity_Ocwtgkh">
<bpmn:conditionExpression
xsi:type="bpmn:tFormalExpression">
next (null , variable 2 > 10);
</bpmn:conditionExpression>
</bpmn:sequenceFlow>

Listing 5.5: XOR condition schema

Finally, the property panel for call activities has been extended to lever-
age a database with reusable processes and provides the flexibility to create
new ones as needed. Indeed, the process referenced by the call activity can be
chosen from a database of processes or the designer can define a new process
and save it in the call activities database. A call activity is in the form of
Listing 5.6.

<bpmn:callActivity id="Activity_lrktg6o" name="GoTo"
calledElement="GoTo">
<bpmn:extensionElements>
<callActivity:process process="<bpmn:process
id=’Process_GoTo’ isExecutable=’"true’ ..." />
</bpmn:extensionElements>
</bpmn:callActivity>

Listing 5.6: Call activity schema

C-QoS module. This module has been integrated into the framework
to ease the specification of communication requirements and to ensure their
compatibility. It consists of two main components embedded in the FAME-
modeler: a property panel extension and a rule checker. The property panel
extension allows the association of a set of QoS policies with each signal el-
ement. The policy values selected are stored in the diagram, thus enriching
the behavioral model with additional information driving robots’ communi-
cation. An excerpt of the QoS-enhanced BPMN signal is shown in Listing 5.7.

The rule checker is integrated within the modeler using the node-rules*
library, a rule-engine library that enables real-time control of the inserted
QoS policies. Following the ROS-based QoS compatibility specification, a
specific set of rules is defined to take as input each paired publisher and
subscriber and the respective QoS policies to assess their compatibility. An
event-based function monitors changes in signal nodes that can occur either
when the communication topic changes or when QoS parameter values are
modified. Then, the rule engine takes the changed signal node information

4https://github.com /mithunsatheesh /node-rules
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as input and assesses whether the publisher policy parameters align with the
one required by the corresponding subscriber. Specifically, as prescribed by
the ROS framework, the compatibility is determined based on the request vs
offered model, which allows connections only when the publisher’s policies
align with the subscriber’s policies. Whenever there is a change in the QoS
policy of a signal node, the modeler triggers the rule engine mechanism to
evaluate the updated parameters.

<bpmn:intermediateCatchEvent id="Event_lorgyuv"
name="topic_name">
<bpmn:extensionElements>
<ros:message type="geometry_msgs/msg/Vector3" />

<qos:policy name="history" value = "keep_last" />

<qos:policy name="depth" value = "5" />

<qos:policy name="reliability" value = "reliable" />

<qos:policy name="durability" value = "transient_local"
/>

<qos:policy name="deadline" value = "2" />

<qos:policy name="1lifespan" value = "10" />

<qos:policy name="liveliness" value = "automatic" />

<qos:policy name="lease_duration" value = "10" />

</bpmn:extensionElements>
</bpmn:intermediateCatchEvent>

Listing 5.7: QoS policy schema

ROS connection. This component facilitates the establishment of a
connection with the ros2-web-bridge, enabling the integration of the BPMN
collaboration within the ROS network. The connector plays a key role in
sharing the executable MRS collaboration, allowing it to be published across
the ROS network. Indeed, this component creates a ROS publisher over
the /collaboration diagram topic and can extract the process model in a
string format. Therefore, the designer can exploit the facilities of the FAME-
modeler to easily establish communication within the ROS network and share
the collaboration diagram with other ROS nodes. It is worth noticing, that
this component necessitates an active instance of the ros2-web-bridge package
to function properly.

5.1.2 FAME-ROS

The automation of the enactment phase is supported by the FAME-ROS
package implementing the splitter and the BPMN engine as ROS nodes.
Firstly, the splitter node implements a submission to the ROS topic named
/collaboration _diagram for receiving from the modeler the collaboration
diagram. Subsequently, it can extract from the received diagram the involved
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processes and send them in the form of a string over ROS topics named
/robot _name/bpmn__process. Notably, if there are pools in the collaboration
marked as multi-instance pool, the splitter node scans the ROS network to
extract the number of robots’ occurrences matching the pool name. Therefore
it publishes the related process as many times as the number of identified
homogeneous robots.

The BPMN engine node is a customized version of the JavaScript-based
bpmn-engine® library. It is integrated into the ROS architecture, making
possible the interpretation of BPMN models configured as prescribed in the
FAME approach. The integration of the engine within ROS has been done
without any limitation by exploiting the rclnodejs client library® for interpret-
ing nodes written in JavaScript. Notably, some of the engine features have
been extended to support the FAME framework as follows. The initialization
of the engine creates a scope of variables, named environment, containing the
model and the ROS engine node itself. Moreover, the activation of a data
object adds the data it stores in the environment. In line with the discus-
sion in Section 4.1.1, communication is handled through signals mapped into
ROS topics. To align the engine’s functionalities with the ROS communica-
tion model, triggering a throw signal creates a ROS publisher characterized
by the information retrieved from the model. On the other hand, a catch
signal and an error signal result in a subscription to the related ROS topic.
The message exchange on ROS topics facilitates communication between sig-
nals executed in different engines, by producing the termination of the catch
signal when the subscriber receives a message.

5.2 Evaluation in the Running Scenario

This section presents the application of the FAME phases to the running
scenario presented in Chapter 3 and executed in the Gazebo simulator. No-
tably, a detailed system setup and the configured collaboration diagram are
illustrated in the online documentation.

5.2.1 Modeling

Starting from the system description, the BPMN collaboration depicted in
Figure 5.3 is a possible result of the application of the guidelines proposed
in Section 4.1.1.

As prescribed by guideline G1, the scenario is modeled using two pools: a
single-instance pool for representing the drone (G1.1), and a multi-instance
pool for representing the tractors (G1.2). In turn, these pools contain the

Shttps://github.com /paed01/bpmn-engine
Shttps://github.com /RobotWebTools/rclnodejs
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robots’ mission specifications in the form of processes (G2). For instance,
the process contained in the drone pool depicts the sequence of activities
that the robot has to perform, from the taking off to the landing. The
other guidelines are then used in the modeling of each process which finally
results in a composition of process elements (activities, gateways, and events)
connected via sequence flows. As prescribed by G2.1.1, call activities are
used for representing complex actions that are specified in external BPMN
diagrams, and that can be possibly reused several times in different parts of
the collaboration, for instance, the GoTo call activity appears four times in
the collaboration. Specifically, this call activity refers to the process depicted
in Figure 5.4 and is composed of a script task implementing the desired
algorithm that implements autonomous navigation, continuously checking
for robot position, and when the desired destination is reached, stops the
movement.

Differently, simple actions that cannot be further decomposed are ren-
dered as script tasks (G2.1.2), for instance, the script task Update Closest
performs simple mathematical operations to calculate the tractor closest to
the weed. Finally, as indicated in G2.2, an event sub-processes is used for
representing the procedure to handle a specific situation. For instance, End
Handler is an interrupting event sub-process that is performed by the robots
whenever a low_battery error or field cleaned signal is caught. Concern-
ing the gateways, in the tractor’s pool, an example of conditional choice is
the decision taken by the tractor to determine whether or not to stop its
execution, this is rendered as a XOR gateway with two possible outcomes
(G2.4). Notably, the label of the XOR gateway is used to improve the read-
ability of the model. As prescribed by the BPMN standard, the conditions
of XOR gateways are provided as boolean expressions specified as attributes
of the elements during the configuration phase. Whereas, an event-based
choice happens when a robot waits for an event, for instance when a tractor
waits for a closest tractor signal. Indeed, if the signal is not received within
30 seconds, the timer event is triggered (G5), routing the execution to an-
other path in the model. This is rendered through an event-based gateway
(G2.5) followed by two catching events: the signal and the timer. Regard-
ing the events, guideline G2.6 guides the use of a none start event at the
system start-up in the main process of the drone, while a signal start event
is used for the tractors, which indeed are enacted only when they receive
a weed_ position signal. This happens when a signal with the same name
is thrown, like for the signal event in the drone pool (G3). Similarly, the
low battery error event has been used to trigger the event sub-process of
a robot that spots the end of the battery charge (G4). Additionally, data-
driven workflow is defined using conditional events (G6). For instance, the
tractor event sub-process handling the low battery, integrates a battery full
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signal to pause the process workflow until the battery is fully charged. In
conclusion, as prescribed in G7, the data used along the robot’s process are
represented through data objects, as for data object Weed Position which
contains the coordinates of the grass to be removed.
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tractor? g
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g D 30 sec.
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field_cleaned no active tasks +H "
battery_ful

Figure 5.3: Collaboration diagram of the agricultural scenario
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destination
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Figure 5.4: GoTo call activity

5.2.2 Configuration

The MRS execution described in the previous section lacks a concrete link
with the robotic ecosystem. To obtain a BPMN collaboration executable
directly by robots, the MRS designer has to provide in the BPMN file ad-
ditional details. These aspects can be specified by configuring the BPMN
directly in the FAME-modeler. As prescribed by the configuration phase
(see Section 4.1.2), the elements requiring a configuration are data objects,
events, scripts, and conditional choices.

e Data Objects. Data objects store information used in the process
and can contain predefined values or dynamic ones. Considering the
running scenario, the data object Field stores the predefined coordi-
nates representing the boundaries of the agricultural field (see Fig-
ure 5.5). Differently, the data object Closest Tractor is marked as
output data, therefore it is automatically associated with the value
${closest_tractor}. Indeed, this value will be dynamically updated by
the script task Update Closest (see Figure 5.6).
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Figure 5.5: Field data object configuration
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Figure 5.6: Closest Tractor data object configuration

e Signal Events. Depending on their nature, i.e., throwing or catching,
signal events are configured to act respectively as ROS publishers or
subscribers. Considering the inter-robot communication via the clos-
est_tractor signal, the message throwing is configured by selecting the
ROS message type, i.e., string, and the content of the message, i.e.,
the value stored by the Closest Tractor data object (see Figure 5.7).
Whereas, the corresponding catching signal is only configured to be
able to receive a string message type (see Figure 5.8).
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Figure 5.7: closest_tractor throwing configuration
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Figure 5.8: closest tractor catching configuration
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e Error Events. Error events act as ROS subscribers over the topic
with the same name as the event. Considering the low battery error,
the configuration of this event only requires the setup of the error event
name (see Figure 5.9).
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low_battery
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@ - General e >
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C =
low_battery ¢ ] Error e v
4 Global error reference
low_battery v
Name
m low_battery

Figure 5.9: low battery error configuration

e Timer Events. Following the BPMN standard, timer events should
be configured with the desired amount of waiting time. For instance,
the 10 s timer is configured with a time duration of 10 seconds (see
Figure 5.10).
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000 o0
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Figure 5.10: 10 s timer configuration

e Conditional Events. The usage of conditional events requires the
setup of the expression managing the triggering. Taking as an example
the battery full conditional event, it is configured to evaluate when the
battery is fully charged (see Figure 5.11).
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Figure 5.11: battery full conditional event configuration

e Script Tasks. A script task contains the code that makes the robot
perform the desired computation. As an illustrative example, the Up-
date Closest script task is configured to compute if the position of the
current tractor is the one closest to the weed. The output of this com-
putation updates the closest_tractor variable value (see Figure 5.12).

script
dler Format
Closest Tractor Javascript
Type
FARRERRi R 1 Inline script
: O H seript
OD : const env = this.environment.variables;
_O [ H const x_weed = env.x_target;
. const y weed = env.y target;
if ( env.closest tractor == null ) {
¥ are an : -
Fvaliiale tractor? . env.x closest = env.x tractor;

env.y closest = env.y tractor;

env.closest tractor = env.tractor name;

}

else {

var d_tractor = Math.sqrt(Math.pow({env.x_tractor - x weed), 2) + Math.pow ((env.y tractor — y weed), 2)};
var d_closest = Math.sqrt(Math.pow ((env. x closest - x weed), 2) + Math.pow((env.y closest - y weed ), 2));
if( d_tractor < d_closest ){

env.closest_tractor = env.tractor_name;

}

}

next ();

closest_tractor

Figure 5.12: Update Closest script task configuration

e XOR Conditions. The configuration of the sequence flows leaving a
XOR gateway guides the control flow along a choice. For instance, when
the drone checks the presence of an available tractor for performing the
weed removal, the yes flow is configured to check if the closest tractor
variable has been associated with a non-null value (see Figure 5.13).
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Figure 5.13: yes flow configuration for tractor availability condition

C-QoS module. After the configuration of the signals, the MRS designer
can assign them a set of QoS policies required by the scenario. Exploiting
the C-QoS module, FAME automatically performs the policies compatibil-
ity check to ensure communication between publishers and subscribers. For
instance, the weed position throwing signal is initially configured with a re-
liability equal to Best Effort, whereas the corresponding catching signal is
configured with a reliability equal to Reliable. As stated in the communica-
tion standard, these policies are not compatible, thus the module triggers an
alert helping the MRS designer in the identification of the incompatibility
(see Figure 5.14a). Differently, when the designer successfully configures the
policies, such as configuring both the weed position signals with a reliability
equal to Reliable, the module highlights the signals in green (see Figure 5.14b)
stating that policies are compatible.

5.2.3 Enactment

After completing the modeling and configuration phases, the MRS designer
can enact the simulation of the running scenario. To this aim, the designer
has to first run the ros2-web-bridge package, to enable the communication
between the modeler and ROS. After that, the designer has to launch all
the nodes composing the system: the splitter, the engine nodes, and the
nodes related to the Gazebo simulation. As a result, the MRS designer can
take advantage of the FAME-modeler interface to directly publish the ex-
ecutable BPMN collaboration over the /collaboration  diagram topic, and
of the Gazebo graphical interface to visualize the execution of the running
scenario in a realistic environment. Indeed, once the collaboration diagram
is published, the splitter node can receive it, split it, and share it with the
related robots. After that, the robots start performing their activities ac-
cording to the behaviors modeled in the BPMN collaboration.

The enactment of the BPMN collaboration is executed as follows. At
the system start-up, the only entry point that can be triggered is the none
start event in the drone’s pool, since the other start events are bounded to
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the triggering of events. Therefore, the drone starts its main process by
performing immediately the Take Off script task activity which refers to the
code implementing the lift-off of the robot. Once it has been performed, the
next activity, Ezplore, refers again to the drone. This call activity enacts a
process that takes as input a data object containing the map of the area to
be explored.

In case the drone spots some weed grass, the Faplore process triggers a
signal event named weed_ found. Consequently, the interrupting signal start
event, contained in the event sub-process of the drone’s pool, is triggered.
Now, the sub-process pauses the Fxplore activity and performs its behav-
ior. In detail, the sub-process triggers the publishing of a message named
weed_ position that contains the weed coordinates and starts the tractors’
processes. Indeed, the main process in the tractors’ pool starts when a
weed_ position message is received. Then, each tractor performs the Get
Position script task, publishes back to the drone its position, and waits ei-
ther for receiving a closest tractor message or the passing of 30 seconds.
In the meantime, the drone is waiting for the positions of the tractors, cor-
responding to the subscription over the tractor position topic. In case no
position arrives within 10 seconds, the process loops back to the publishing
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of another weed position message, otherwise the drone updates accordingly
the Closest Tractor data object. This is also the input for the next step in
the drone’s process execution, which assigns the duty of removing the weed
to the closest tractor by triggering the closest tractor signal. Thus, every
tractor is informed of who is responsible for removing the grass, so that only
this instance of tractor goes ahead to the GoTo call activity, while the oth-
ers terminate their process. The GoTo call activity takes as input the weed
position and performs the movements required to reach it, finally, the Cut
Grass script task orders the robot to enact the blade to remove the grass in
the reached position and the process terminates. Notably, after the sending
of the closest tractor message, the drone terminates the activities involved
in the event sub-process, thus the control flow is given back to the main pro-
cess (stuck in the exploration). This allows the drone to continue the field
exploration and, in case other weeds are found, the collaboration described
so far is repeated.

Otherwise, if the drone exploration does not reveal any weed to remove
in the field, the exploration activity ends and the drone sends a message
over the field cleaned topic. This information is caught both by the drone
itself that triggers the End Handler event sub-process and terminates its
duty going back to the base station by performing the Go To call activity
and the Land script task. Additionally, also the tractors are subscribed to
this topic. Therefore, the field_ cleaned signal triggers tractors’ Field Cleaned
Handler event sub-process. Since the catching signal is non-interrupting, the
tractors caught the signal without blocking the current process execution.
Furthermore, they utilize a conditional signal no active tasks to evaluate
the absence of any pending tasks, allowing them to return to the base station
through a Go To call activity only when other executions are terminated.

Considering that both the drone and the tractors are equipped with a bat-
tery, the low battery error is handled via an interrupting event sub-process.
Indeed, whenever the drone spots an internal low battery error, the End
Handler sub-process is triggered to terminate the drone’s execution. Differ-
ently, when a tractor spots an internal low battery error, it stops the current
execution flow, performs a GoTo call activity, goes in an idle state until the
battery is completely recharged, and finally terminates the sub-process. No-
tably, the idle state is expressed via the battery full conditional event that
is consumed only when the robot battery level is full.

Figure 5.15 shows two stages of the running scenario executed using the
FAME framework. The objects in red are the tractors, while the white one is
the drone. Notably, the blue area projected from each robot corresponds to
the view range of the ultrasonic sensor. In more detail, Figure 5.15a depicts
the drone performing the exploration of the field and detecting a weed grass,
while Figure 5.15b shows the moment in which the drone triggers the tractors
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Figure 5.15: Running scenario simulation

and assigns the duty of removing the grass to the tractor closest to the weed.

5.3 Evaluation in the Physical Scenario

This section presents the application of the framework phases to an MRS de-
ployed in a physical scenario and evaluates robots’ performances with model
interpretation via FAME enactment compared to the direct implementation
of the ROS code.

Notably, this experiment does not replicate the same conditions as the
running scenario of Chapter 3 developed in the Gazebo simulator. Instead,
this evaluation is conducted in a simple and small-scale MRS due to var-
ious considerations that prevent the replication of the running scenario in
a physical scenario. One of the primary challenges is the complexity and
accessibility of the hardware. Replicating the running scenario would have
necessitated the use of a professional drone equipped with autonomous navi-
gation capabilities. Simultaneously, two agricultural robots with weed eradi-
cation capabilities would have been required. Moreover, an agricultural area
designed for the integration of robots, e.g., equipped with charging stations
and monitoring systems, would have been needed. An essential factor for the
real-world reproduction of the running scenario, albeit beyond the FAME’s
objectives, involves the integration of artificial intelligence techniques. While
the use of call activities facilitates the integration and reuse of ROS libraries,
such as for enabling autonomous navigation, image recognition algorithms
to distinguish weeds from crops would need to be implemented specifically
for the system. This would involve the combination of experts from both the
agricultural domain and the artificial intelligence one. All these constraints
are outside the scope of FAME, which aims to demonstrate the usability of
BPMN in defining and guiding the high-level behavior of an MRS.
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Figure 5.16: Collaboration diagram of the physical environment MRS

5.3.1 System description

The physical scenario comprises two cooperative ground vehicles with differ-
ent capabilities, but with a common mission, i.e. identify a specific target and
destroy it. REX (Robot EXplorer) is in charge of performing the exploration
of the area and identifying the target that should be destroyed. Whereas,
DINGO (DestroyING rObot) starts its execution when it receives the coor-
dinates of the target so that it can reach and destroy it. The destruction of
the target determines the ending of the MRS execution.

Essentially, the MRS cooperation resembles the one observed in the run-
ning scenario. Indeed, as in the running scenario, one robot has the objective
of exploring an area to identify a target. The target identification triggers
the other robot capable of directly acting on the environment and the target.

5.3.2 Modeling

The application of the FAME guidelines to this scenario resulted in the
BPMN collaboration model depicted in Figure 5.16. At the system start-
up, REX is the only one that starts its execution by performing the Ezplore
call activity, to detect the desired target. When the exploration process ends,
the robot moves to an idle state waiting for a done signal, before ending its
main process. In case the exploration spots the target, this activates the
DINGO’s process, via the target found start signal. Therefore, DINGO per-
forms the GoTo call activity to reach the target and destroys it by enacting
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the Fire script task. Its process ends with the throwing of a done signal that
determines the end of the system’s mission.

5.3.3 Configuration

The produced model is enriched with all the information required by the
enactment phase. Therefore the map data object is configured to store four
values for the x and y axes representing the boundaries of the area of interest,
whereas, the target position data object contains values that depend on the
payload of the caught signal, i.e., the position of the target on the x-axis
and the y-axis. The done signal is extended to be compatible with a boolean
message type. Therefore, the catching signal only stores that the signal can
handle boolean data, whereas the throwing also sets up the carried payload,
equal to true.

Finally, the Fire script task is configured to send an internal command
to the robot, to manage a specific actuator. Notably, this action has been
implemented with the activation of a red LED. The obtained code, reported
in Listing 5.8, initializes a publisher in the BPMN engine node able to send
a ColorRGBA message type over the led topic. This publisher is then in
charge of publishing a message equal to the red color.

const node = this.environment.variables.ros node;
const publisher =

node. createPublisher ("std msgs/msg/ColorRGBA" ;| "led");
publisher.publish({r: 1.0, g: 0.0, b: 0.0, a: 0.0});
next () ;

Listing 5.8: Fire script task

5.3.4 Enactment

The enactment of the BPMN collaboration is executed firstly in the simulated
environment to visualize the system behavior before moving on to the phys-
ical environment. To execute the experiment in the physical environment,
the used robots are two smart cars equipped with four wheels, an ultrasonic
sensor, an RGB LED module, and a Raspberry Pi 3B+ as an onboard com-
putational unit. Each robot contains the ROS packages needed to control
their devices and the FAME-ROS package that runs the BPMN engine node.
Therefore, once the BPMN collaboration model is processed and executed,
the cars can perform their collaborative behavior. Figure 5.17 shows part
of the experiment. The simulated and the physical environments are put
in comparison to emphasize their one-to-one correspondence. According to
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the collaboration diagram, REX starts its execution with an exploration of
the area (Figure 5.17a) and is able to identify a target (Figure 5.17b), which
activates the DINGO'’s process, that reaches the target (Figure 5.17c) and
destroys it (Figure 5.17d).

5.3.5 Performance evaluation

To assess the performances of the model enactment of FAME, the use of
system resources and the impact of possible delays have been calculated.
The experiments have been conducted on a virtual machine based on the
Ubuntu 20.04 operating system. The system has 8GB of RAM, a quad-core
CPU, and all the tools and dependencies required by FAME installed.

Referring to the use of system resources, the CPU and memory usage
on ten executions of the physical experiment both by interpreting the model
with FAME and by directly compiling the ROS code. The consumption of
the system resources has been recorded using the top command.

Figure 5.18a shows the total CPU time used by the controller task, ex-
pressed in hundredths of a second. In the direct code compilation, this
amount of time is lower than in the model interpretation approach. Fig-
ure 5.18b expresses the amount of memory that may be simultaneously ac-
cessed by multiple programs, expressed in megabytes. Here, the model in-
terpretation performs more fluctuating and slightly worse behavior with re-
spect to the code compilation. Figure 5.18c plots the total amount of virtual
memory used by the ROS nodes, including all the code, the data, and the
used libraries, expressed in megabytes. In this case, the approaches produce
very similar results, minimizing the difference between the two. Finally, Fig-
ure 5.18d highlights how much memory the ROS nodes are consuming in the
physical RAM, expressed in megabytes. The compiled code performs better
than the interpretation of the model although, also in this case the difference
is minimal. These results do not show a marked resource consumption dif-
ference between the two approaches, especially if considering that the ROS
itself runs on powerful hardware. While introducing an engine in charge of
interpreting the model and guiding the MRS mission accordingly, might seem
less efficient, the resource analysis indicated that its impact is only slightly
higher compared to code compilation.

Additionally, an evaluation has been conducted on the physical robots
to measure possible delays introduced by the usage of the FAME engine.
Each physical robot is powered by a Raspberry Pi 3B+ with 1GB of RAM,
a quad-core CPU, ROS, and the FAME dependencies installed. The experi-
ment consists of making the robot move straight forward at a constant veloc-
ity in the direction of an obstacle, once it perceives a distance to the obstacle
lower than 50 centimeters, it stops the wheels. On these bases, the distance
between the obstacle and the point where the robot halted is measured. The
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Figure 5.17: Real-life experiment
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experiment has been conducted both with a direct code compilation and by
exploiting the FAME framework, moreover, it considers both a simulated and
a physical environment for the execution. The experiment has been run 10
times using three different speeds: 0.8 m/s, 0.9 m/s, and 1 m/s. Figure 5.19
summarizes and compares, on average, the distances perceived during the
experiment. Specifically, a higher value corresponds to a better performance
of the system, as it shows that the communication between the robot con-
troller and the wheels has been performed quickly. Both in the simulated and
in the physical environments the results are comparable, indeed there is not
one approach performing better than the other. By aggregating the results
obtained at different speeds, on average, in the physical environment FAME
stops the robot at 39.07 cm from the obstacle, 1.11 cm after the approach
with compiled code that stops the robot at 40.18 cm. While, in the simu-
lated environments, FAME stops the robot at 14.09 cm while the approach
with compiled code at 14.67 cm, with a difference of 0.58 cm. Notably, in
the simulated environment, the final distance to the obstacle is slightly lower
than in the real environment since the friction between the wheels and the
ground is lower.

Summing up, the difference between the FAME model interpretation and
the direct code compilation is not excessive. Indeed, considering that robots
operate in dynamic environments, and thus should be able to efficiently react
to them, the performance evaluation showed that the engine does not signifi-
cantly impact robots’ performances. However, in its current implementation,
FAME is not intended for MRSs operating in critical situations which would
demand higher robot efficiency to respond to unexpected situations.
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CHAPTER 0

The TALE Methodology

Following a bottom-up approach, this chapter presents the TALE (TAg-based
multi pErspective) methodology designed to support a robotic developer in
the automatic extraction of multi-perspective event logs from the execution
of a robotic system and their analysis through process mining!. In particular,
the chapter investigates the complexity of obtaining robotic data capable of
meaningfully representing robots’ behavior. After that, the TALE method-
ology is provided to address the complexity of extracting robotic data and
getting insight into the MRS mission as well as the related behavior of each
robot, via process mining techniques.

6.1 Robotic Data

The application of process mining techniques is spreading to robotic sys-
tems [66, 75| for the analysis of the behavior of robots through process
models extracted from event logs generated during the execution of robotic
systems [22]. Nevertheless, the application of process mining techniques
to robotic data is still in its early stages, resulting in the absence of well-
established techniques specifically designed for their analysis. Unlike tradi-
tional processes with standardized event logs, robotic systems lack uniform

Tt is worth noting that, despite the name similarity, the application of process mining
to MRSs does not fall under the umbrella of Robotic Process Mining, i.e., a collection
of tools capable of discovering automatable routines from logs recording the interactions
between workers and web and desktop applications [55].
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Figure 6.1: Robotic Example

data structures and comprehensive logging mechanisms, making it challeng-
ing to capture the diverse and complex activities involved in robotic opera-
tions. The main challenge lies in the difficulty of obtaining robotic datasets in
a format suitable for applying process mining techniques. Existing datasets
primarily provide information in the form of collected images and sensor
readings, with the aim of training machine learning algorithms to optimize
the system [71, 100|. Indeed, while images and sensor data are crucial for
developing and enhancing low-level robotic capabilities, the integration of
process mining techniques for the analysis of robot behavior would neces-
sitate the availability of high-level event logs that capture the sequences of
activities and decision points related to low-level data.

The usage of process mining techniques would require the generation of
robotic event data in an activity-centric way, i.e., a recorded event should
represent a meaningful high-level activity performed by a robot. However,
robots collect a continuous flow of low-level data sent or received by their
peripherals, i.e., sensors and actuators. Altogether these event data shape the
robots’ behavior from the point of view of the peripherals usage in the form
of sequences of acting and sensing events with a very low-level of granularity
and without correspondence with meaningful activities.

Specifically, during its execution, a robot produces continuous event data
in a peripheral-centric way, keeping track of data produced by sensors and
actuators. A robotic peripheral-centric event is typically characterized by
the time in which the event is produced, by the name of the peripheral that
triggered it, and by other attributes storing additional data. For instance,
a robotic event triggered by a laser sensor may store the distance data read
as an attribute. These event data represent that the robot has accessed a
peripheral functionality, whereas to foster the research and the application
of process mining techniques, the event logs should follow an activity-centric
structure, recording high-level activities that should be executed to fulfill an
objective in the process model, like a movement action to reach a destination.

To better clarify the difference between peripheral- and activity-centric
event logs, consider an example involving a wheeled robot equipped with en-
gines, GPS, camera, and laser sensors. In this scenario, the robot has to move
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Time Peripheral  Other Data
09:33:20.147 | engine_1
09:33:20.147 | camera
09:33:20.149 | engine_2
09:33:21.239 | gps

09:33:30.941 | camera Time Activity Lifecycle
09:33:32.410 | gps 09:33:20.147 | Go To start
09:33:32.495 | laser 09:33:20.147 | Detect Target | start
09:33:32.499 | laser 09:33:33.240 | Detect Target | complete
09:33:32:655 | camera 09:50:34.921 Go To complete
09:33:33.003 | engine_2

09:33:33.110 | laser (b) Activity-centric

09:33:33.118 | laser
09:33:33.120 laser
09:33:33:240 | camera
09:33:33.955 | laser

(a) Peripheral-centric

Table 6.1: Event logs of the same robotic execution with different
granularity

around to reach a destination (activity Go To) while looking for a target (ac-
tivity Detect Target), see Figure 6.1. The performed activities exploit several
sensors and actuators, therefore the event logs from both a peripheral- and
activity-centric perspective are presented and discussed below. Table 6.1a
shows an excerpt of a peripheral-centric event log of one robot execution,
whereas Table 6.1b reports the same event log from an activity-centric point
of view. Notably, the activity-centric event log is not derived by applying an
abstraction technique to the peripheral-centric event log. Instead, Table 6.1a
is a possible result of an event log produced by the robot’s execution com-
pared with the ideal activity-centric event log, of Table 6.1b, recording the
performed activities. The peripheral-centric log describes the working flow
of the robot peripherals, e.g., the first two rows of Table 6.1a indicate that
the robot has used one engine and the camera. Instead, the activity-centric
log provides a high-level view of the robotic execution, e.g., the first two rows
of Table 6.1b show that the robot has concurrently started the Go To and
Detect Target activities. To graphically visualize a correlation between the
peripheral- and the activity-centric events and properly present the robotic
granularity problem, the events belonging to the Go To activity are colored
in purple, while the events correlated to the Detect Target activity are in yel-
low. In doing so, the obtained mixed occurrence of the colors in Table 6.1a
shows that the peripheral events are produced in a continuous and unordered
way, thus preventing the identification of a pattern for recognizing the related
high-level activities. Moreover, the peripheral event log shows that both ac-
tivities depend on the laser sensor device, creating a challenge in identifying
the completion of an activity.

Therefore, to properly apply process mining and investigate its poten-
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tialities in this domain, a robotic system should produce an activity-centric
event log. This event log should contain a collection of robotic executions,
possibly performed in different settings.

6.2 The Methodology

This section presents the TALE methodology steps defined to ease the extrac-
tion of robotic event logs and their analysis via process mining techniques.
Figure 6.2 depicts the steps of the TALE methodology involving the event
log preparation and the event log analysis.

"""""""""""""""""" PREPARATION "7 mmmTmoTImmooomssoocesooosooooq ANALYSIS
Tagged Multi-perspective
Source code source code Event data : event log Process model
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Figure 6.2: The TALE Methodology

6.2.1 Preparation

The event log preparation step aims to automatically extract an activity-
centric event log suitable for applying process mining techniques. During
the preparation, the source code of the MRS is tagged by the developer in
correspondence with the activities of interest. Then, the system is executed
and, finally, the produced data are processed to extract event logs. The
following description explores these three sub-steps.

Tagging

The first sub-step guides the developer in integrating tags in the source code,
making it possible to determine where a relevant activity begins and finishes.
Notably, the user performing this sub-step is typically the developer of the
robotic system, who has complete knowledge of the code controlling the
robots’ behavior; therefore, the tagging integration is a task that would not
require much effort from the developer.

The developer indicates points, i.e., tags, in the code that trigger events
during the robot execution. A tag has to report at least the name of the
activity, and its execution status, i.e., the lifecycle, which either indicates
the start or the completion transition of the activity, i.e., start or complete.
Moreover, tags can be enriched with other perspectives of interest relevant
to analyzing the robotic mission. For instance, considering a robotic system
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capable of communicating with other systems, events related to message
exchange can additionally store information related to the message identifier
or message payload. Notably, an essential characteristic is that the identified
tags must share the same level of granularity [99].

Execution

In the second sub-step, the code is executed multiple times in a simulation
environment or a real-world scenario. Notably, a simulation environment
allows for checking the system’s correctness while avoiding deploying an in-
correct behavioral model into physical devices. Additionally, the simulation
eases and speeds up the massive execution of the system while allowing the
testing with different environment settings.

During the system execution, a listener catches the tagged events and
other data. Specifically, since the peripheral data produced by a robot, e.g.,
spatial position, can change during the execution of an activity, the listener
also records a series of values referring to the perspectives of interest for the
considered MRS.

Processing

Finally, in the processing sub-step, the recorded event data are processed
to become an event log suitable for process mining analysis. Notably, the
processing generates event logs suitable both for the application of traditional
process mining techniques and for the usage of EKGs to apply object-centric
analysis.

The processing first converts all the data recorded during the MRS execu-
tion into the CSV format. After that, the obtained event log is enriched with
the MRS perspectives. Indeed, each perspective is correlated with tagged
activities by comparing the timestamps. In doing so, the tags are enriched
with the perspectives by matching the upper closest timestamp. Addition-
ally, between the start and the completion of an activity, other events are
inserted. These events have the same activity name, a lifecycle state equal to
inprogress [70], and a series of continuous data referring to the perspectives of
interest for the considered system. Moreover, TALE associates all the events
of a robotic execution with a unique case identifier. Finally, the event log
in CSV format is transformed into XES format. An excerpt of XES-based
events schema with multiple perspectives is depicted in Listing 6.1.

<event>
<date key="time:timestamp" value="2023-08-01T12:11:18" />
<string key="concept:name" value="robot_activity" />
<string key="lifecycle:transition" value="start" />



74 CHAPTER 6. THE TALE METHODOLOGY

<string key="lifecycle:state" value="none" />
<float key="x" value="0.0" />
<float key="y" value="5.0" />
<float key="z" value="1.47" />
<string key="resource" value="robot_name" />
<string key="message" value="message_id" />
</event>
<event>
<date key="time:timestamp" value="2023-08-01T12:11:20" />
<string key="concept:name" value="robot_activity" />
<string key="lifecycle:transition" value="none" />
<string key="lifecycle:state" value="inprogress" />
<float key="x" value="0.5" />
<float key="y" value="4.8" />
<float key="z" value="1.46" />
<string key="resource" value="robot_name" />
<string key="message" value="message_id" />
</event>

Listing 6.1: XES-based schema of multi-perspective event log

Therefore, TALE prepares activity-centric event logs, where each recorded
event represents a meaningful robotic activity and is enriched with all the
perspectives the robotic developer chooses. The final result of this step is
a multi-perspective event log extracted both in the CSV and in the XES
formats. Notably, in the preparation step, tag integration relies entirely on
manual input from the robotic developer. Therefore, the level of granularity
and the properties stored in the tags depend on the targeted system and the
type of analysis the developer intends to perform. Although manual tagging
is prone to errors, which can affect the quality of the resulting event log, the
flexibility of the preparation step allows the tags to be adjusted to improve
the produced event logs.

6.2.2 Analysis

The event log generated in the previous step is suitable for the application
of process mining techniques. In its current state, TALE supports the MRS
control-flow analysis via process discovery techniques to produce the process
model depicting the MRS mission. Additionally, TALE enables continuous
data analysis using process enhancement to extend the discovered process
model with the information of perspectives data stored in the event log.
Notably, since the methodology can be applied to produce multi-perspective
robotic event logs, the choice of different perspectives affects the type of
analysis that will be applied to them. Moreover, since the event logs serve
as standard input in process mining, several techniques can be applied, or
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developed, to improve the overall analysis [4].

Specifically, the selection of the analysis supported by TALE has been
driven by both current literature on MRSs and the data the reference system
can produce. The control-flow analysis is the core step for examining the
system’s behavior, combined with the need to find a trade-off between the
robot’s spatial occupancy, execution time, and energy consumption [6, 101].
In the literature, this trade-off has mainly been addressed by transitioning
from single-robot systems to MRSs [47], thus integrating the need to also
analyze robots’ cooperation. The TALE analysis step handles behavior and
execution time through process discovery techniques, while spatial and co-
operation aspects are examined using process enhancement techniques. Due
to the lack of battery data, TALE does not implement this aspect, although
it could be equally analyzed using enhancement techniques.

Control-flow: Process Discovery

The control-flow analysis is the first analysis sub-step prescribed by TALE.
This step exploits the event log produced during the preparation step and
aims to discover the process model depicting the behavior of the robots.

Starting from traditional process mining approaches, TALE adopts pro-
cess discovery to provide a process model that describes the robot’s behavior,
by observing the event log. The discovery algorithm, presented in [94], ex-
tracts from the log the events belonging to the robot and collects the directly-
follows relations, i.e., binary relations indicating whether an activity occurs
immediately after another. The relations between the activities of the robot
are graphically represented as a DFG, i.e., a directed graph whose nodes
represent the process activities and the edges indicate a directly-follows re-
lation. In this form, the DFG summarizes the different executions of the
robots seen in the event log. Each path from the start to the end node repre-
sents a sequence of activities the robot performs during the system execution.
Moreover, the labels of the edges report the number of times the connected
activities have been executed one following the other. Notably, DFGs cor-
relate events temporally by flattening other information such as the robot
performing the activity or the messages enabling MRS cooperation. This
permits discovering the DFG depicting the overall mission, where individual
robot behaviors are not identifiable. However, to obtain different views of
the DFG, the event log can be filtered before performing process discovery.
For instance, filtering by robot identifier enables the discovery of the process
model depicting the behavior of the selected robot.

Differently, the usage of EKG enables the generation of a multi-entity
DFG [7]. In this case, the nodes of the graph can both represent the events
recorded in the event log and the entities impacting the execution, such
as the robot identifier. Specifically, the EKG temporally relates the event



76 CHAPTER 6. THE TALE METHODOLOGY

nodes only if they share a specific entity type [34]. This avoids the event log
flattening since additional information is used to create the relations from
one node to another. Furthermore, as the EKG generates a distinct event
node for each event recorded in the event log, manipulation operations are
fundamental to facilitate the extraction of desired insights. Notably, among
these operations, the node aggregation operation is required for querying the
data model to discover the process model and support process mining across
different behavioral perspectives [33]. Therefore, TALE adopts a query-based
process discovery mechanism to produce an aggregated EKG that represents
robots’ behavior and inter-robot communication.

Multi-perspective: Process Enhancement

The multi-perspective analysis is the second sub-step prescribed by the TALE-
analysis step. Indeed, it aims at extending the process model extracted using
process discovery techniques, with additional information found in the event
log [28]. Notably, the enhancement is independent of the approach used for
discovering the process model.

Specifically, in the analysis of MRSs, TALE extends the process model
view with the following information.

e Spatial Occupancy. The spatial perspective strongly impacts the
control-flow, since robots may act in different parts of an unknown
environment [1]. TALE extracts from the event log the z, y, and z co-
ordinates of each event. These values represent the position in the en-
vironment occupied by the robot when performing its mission through
points in a 3D space. In doing so, the activities in the discovered
process model are associated with information related to the spatial
perspective. Specifically, each activity is correlated with a set of points
delineating the robot’s position during its execution. This enables the
analysis of robots’ behavior from a broader view to understand if the
spatial occupancy has led to certain behaviors.

e Inter-robot Communication. The distributed and cooperative na-
ture of MRSs requires a timely and accurate exchange of information
among devices [62]. Indeed, by exploiting communication mechanisms
the robots can coordinate with each other and manage task assign-
ments. TALE extracts from the event log the information related to the
messages exchanged between robots to provide insights on the commu-
nication performances. Therefore, the process model view is extended
with the inter-robot communication perspective showing the perfor-
mances of the exchanged messages in terms of duration and message
loss.
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6.3 Related Works

Considering the phases of the TALE methodology the analysis of the related
works has been conducted by exploring both the works addressing the data
preparation of low-level events, and the works that apply process mining
techniques to robotic systems.

Data preparation. Given that the application of process mining tech-
niques in the robotics domain is still emerging, there is a lack of methodolo-
gies for extracting high-level activities from low-level robotic data suitable
for the generation of process mining-compliant datasets. Therefore, to have
a broader view of the current state of the art of process mining-based data
preparation methodologies, the investigation has been conducted on works
aiming at extracting high-level activities from IoT events. The objective is
to assess whether these approaches can be adapted for the abstraction of
robotic data. Furthermore, approaches that explore ways to manage and
analyze all the continuous data captured by IoT systems are analyzed. This
analysis aims at understanding emerging approaches that could deal with
the continuous data produced by robotic systems.

Concerning high-level activity abstraction, in [60] and in [85] the authors
label low-level event logs to overcome the uncertainty brought by the appli-
cation of unsupervised learning techniques, such as identifying the name of
clusters and choosing the desired level of abstraction. However, labeled-based
approaches aim to associate each IoT low-level event with a static label, to
enable the extraction of high-level activities. Nevertheless, in robotic sys-
tems, a low-level event may have been used to perform different activities,
thus it is unfeasible to label a low-level event statically. In this regard, [81]
and [97] propose approaches for enabling an expert to manually detect in
the event log high-level activities starting from groups of, possibly shared,
sensor data. These approaches require the domain expert to make consid-
erable effort to associate all the groups identified in the event log with the
corresponding high-level activity. Differently from these approaches, TALE
enables a domain expert to define the structure and the level of granularity
of the event log before executing the system. Indeed, the idea of tagging
the robotic code before system execution, also exploited in the approach
presented in [48|, enables the extraction of event logs that properly reflect
high-level activities and are suitable for the discovery of meaningful process
models.

Considering the integration of continuous data within event logs, in [58]
authors propose an extension of the XES standard. Specifically, the values
generated by IoT devices are recorded between the start and completion of an
event with a new lifecycle transition: stream/data. In this way, the event log
combines a joint representation of process event logs and IoT data related to
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the environment where these events occur. In the object-centric perspective,
in [41] the authors propose an extension of the OCEL standard, i.e., DOCEL,
capable of supporting data awareness. The proposal aims at integrating the
representation of object attributes that can change over time. Differently,
in [96] the author separates the concept of events from the data produced
by the continuous measurements of an industrial system. Indeed, the events
recorded by the system and data captured by the continuous measurement
are maintained as distinct logs, and their correlation is established using
the timestamp value and the shared object. TALE adopts the integration
of continuous data directly in the event log. This is achieved by exploiting
the concept of the inprogress lifecycle state, to associate each event with the
continuous data generated by the robots.

Process mining analysis. Recently, a few works have experimented
with the application of process mining techniques for analyzing and diag-
nosing a robotic system. In [66] the author proposes a process conformance
verification using a process mining tool on the event log of a single-robot sys-
tem. The approach aims to check the correctness of the robot’s execution, by
supporting the correctness and quality assurance of a robot from design to
execution. Considering the application of a robotic system in the manufac-
turing domain, in [46] the authors exploit process mining to get insight from
the robot’s executions. Indeed, the aim is to assess the use of process mining
to discover robots’ emergent behavior, and the decision-making process, find
repetitive patterns, and identify bottlenecks. Focusing on multi-robot sce-
narios, in |75] the authors assess the application of process mining to extract
robots’ mission and perform analysis related to the execution time, resource
occupancy, and area usage. In [76] the authors apply process mining tech-
niques to event logs produced in a robotic soccer scenario. Process discovery
has been applied to construct a process model of both the team formations
and the behavior of each robot. Additionally, decision-mining techniques
have been exploited to discover the conditions leading to team formation.
However, the presented works identified a common drawback in the applica-
tion of process mining in robotic systems: the huge amount of data generated
at a low level of granularity. This may lead to obtaining processes describing
the system’s behavior that are not meaningful, i.e., do not reflect the actual
behavior of the robots. Moreover, the difficulty in extracting and manip-
ulating robotic data leads to a shortage of process mining approaches that
could be exploited or designed to address the dynamics of robotic scenarios.
In this context, the generation and preparation of data following the TALE
methodology can foster the generation of process mining compliant robotic
datasets, thus the application of process mining to the robotics domain.



CHAPTER 7

TALE at Work

The TALE methodology aims at fostering the application of process min-
ing techniques to analyze the behavior of MRSs and the related multiple
perspectives. This chapter presents the tools implemented to support the
methodology. Following this, the TALE steps are applied to the scenario out-
lined in Chapter 3. Notably, the source code for replicating these steps and
all the analysis results can be found online’.

7.1 TALE Implementation

The TALE methodology can be automatized both in the preparation and in
the analysis steps. Specifically, data preparation is supported by a script
collection enabling the automatic translation of the ROS-based data, gen-
erated during the MRS execution, into multi-perspective event logs suitable
for the application of process mining techniques. Differently, the analysis is
supported by a tool enabling both the discovery of the MRS process model
and the application of control flow and multi-perspective analysis. Notably,
the implementations are flexible enough to be used independently of each
other.

Thttps://pros.unicam.it/tale
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7.1.1 TALE-preparation

Data generated during the execution of an MRS can be acquired using the
ros2bag? library. This library serves as a listener for a custom set of ROS
topics transmitted within the robot’s network. However, the recorded data
are stored in a format specific to ROS, which needs to be processed to create
event logs. To facilitate this processing, a set of scripts has been developed,
supporting the data preparation workflow illustrated in Figure 7.1. These
scripts enable the transformation of the raw ROS data into multi-perspective
event logs.

After the execution of the MRS, the unrefined ROS data is given as input
into the Data Conversion script. This script decodes the ROS-based data
into several CSV files, representing both the events generated by the system’s
tags and other perspectives identified by the MRS developer. However, to
create process mining-compliant event logs, the retrieved event data requires
further refinement. This refinement is carried out by the Data Enrichment
script, which enriches the tag-based data by incorporating the perspectives of
interest and adding events keeping track of the evolution of the perspectives.
The result is a multi-perspective event log available in both CSV and XES
formats, providing a comprehensive overview of the MRS execution.

i ROS :  Tag-based data :

,,,,,,,,,, : .
MRS execution R |
o él
. N Data ﬁ a N Data
</> listen S Conversion : § : Enrichment
& ] i AN : Multi-perspective
Source Code ros2bag ROS Unrefined Data P > ||| event log
i Multi-perspective :

L et

Figure 7.1: TALE-preparation workflow

7.1.2 TALE-analysis

The tool enabling the analysis is a web application built upon the Flask
python framework® that provides easy access to the analysis step. The tool
is composed of three modules. Two modules are responsible for generating
the process model from the event log, achieving this through discovering the
DFG and the EKG respectively. Differently, the third module utilizes the
information about the process model generated by either of the modules men-
tioned above to graphically render the received process model and enhance
it with multiple perspectives.

2https://github.com /ros2/rosbag2
3https://flask.palletsprojects.com
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Figure 7.2: DFG-discovery data uploading

The DFG-discovery module enables the discovery of a DFG based on
the event log given as input. It exploits the pm4py* library both for importing
and manipulating the event log and for discovering the DFG.

The interface of this module offers functionalities for both uploading event
logs and applying filters to them, as illustrated in Figure 7.2a. Indeed, since
the DFG discovery correlates the events based on temporal occurrence, ana-
lysts can exploit the interface to apply filters to the event log before initiating
the process discovery. This allows them to refine the event log and focus the
analysis on specific aspects of interest. At present, the module incorporates
two primary filters: one for the case identifier and another for the robot
identifier, see Figure 7.2b.

The discovery of the DFG results in a dictionary mapping pairs of ac-
tivities that follow each other directly, to the number of corresponding ob-
servations, i.e., the number of occurrences one node directly follows another
node. Additionally, to make the graph more user-friendly, and thus ease the

4https://pmdpy.fit.fraunhofer.de
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analysis, the module appends a start node to the events that serve as a start
event, and an end node to the events that serve as end nodes. The output
of the discovery is a collection of nodes, edges, and labels representing the
DFG structure.

The EKG-discovery module enables the discovery of an EKG based on
the custom choices of the analyst. It exploits the neo4j|43] graph database
to store nodes and relationships built upon the observation of the event
log, and the Cypher Query Language|37| to create, manipulate, and retrieve
data from the graph. This module provides a user interface to automatize
the construction of EKGs. To enable the connection and querying with the
database, the module exploits the neo4j python® library.

The homepage depicted in Figure 7.3a eases data uploading by automa-
tizing the query based on the selected file and the columns the analyst wants
to take into account. Therefore the query follows the Cypher syntax and
expresses variables by marking them with the $. The query® for loading the
event log and creating an event node for each recorded event, is in the form
of:

LOAD CSV WITH HEADERS FROM "file:///S$Spath" as line
CREATE (e:$node_type {Log:"$log_name" {Sdata_list}})

where path is the path to the CSV file, the node type is associated with
the type of the nodes the query aims at creating, in this context it refers to
the Event type, the log name stores the name of the input log and finally
data_list is a dictionary associating the node with several properties. For
instance, following the data uploading depicted in Figure 7.3b, an Event
node, generated after the loading query, has the structure of Listing 7.1.

<id >: node id

Log: MRS

activity: activity name
msg id: message name
robot: robot name
time: event timestamp
X: X_position

y: y_position

z: 7 _position

Listing 7.1: Example of event node stucture

Shttps://pypi.org/project /neodj
6Notably, a detailed description of the query semantics can be found in the Cypher
documentation (https://neodj.com/developer/cypher/).
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Figure 7.3: EKG-discovery data uploading

Moreover, selecting the entities in the user interface automatically exe-
cutes the query for generating the corresponding Entity nodes and creating a
correlation relationship between event nodes and related entity nodes. After
event-entity correlation creation, a directly-follows relationship is created be-
tween event nodes that are correlated to the same entity and are temporally
sequential. The executed queries are in the form of:

MATCH (e:Event)

UNWIND e[Sentitytype] AS ent_name

WITH DISTINCT ent_name, e

MERGE (n:Entity {id: ent_name, type: S$entitytype})
MERGE (e)—-[c:CORR]—->(n)
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MATCH (e:Event)-[:CORR]->(n:Entity)
WHERE n.type = Sentitytype
WITH n, e AS event_nodes ORDER BY e.time
WITH n, collect (event_nodes) AS event_list
UNWIND range (0, size(event_1list)-2) AS i
WITH n, event_list[i] AS el, event_list[i+1l] AS e2
MERGE (el)-[df:DF {type:Sentitytype,
id:n.entity_id,
weight: 1}
1->(e2)

where the variable entitytype is associated with the entity types checked in
the dedicated panel.

Finally, the analyst can select the desired level of aggregation. Indeed, the
aggregation can be performed only based on the event activity name or can
be performed by considering also entities. Notably, the aggregation based on
the activity name aggregates event nodes that share the same activity name
and aggregates the corresponding directly-follows edges by storing the num-
ber of observed occurrences. Differently, the aggregation that also considers
entities, aggregates event nodes only if they share the same activity name
and entity identifiers. The aggregation query executed is in the form of:

MATCH (e:Event)-[:CORR]->(n:Entity)
WITH DISTINCT e.activity as act, {$SentType}
MERGE (c:Class {id: act+"_"+{$entType}, name: act)

where entType, which can also be null, represents a set of entity types over
which the analyst wants to perform the aggregation. Notably, following the
formalization in [34], the aggregation of Event nodes is represented in the
form of nodes labeled as Class.

The output of the aggregation is a collection of nodes, edges, and labels
representing the structure of the EKG.

Finally, the Enhancement module receives the collection of nodes,
edges, and labels produced by one of the aforementioned modules. It exploits
the dagre-d37 graph library, to render the received information in an easy-
to-read and investigable process model. Additionally, the module enables
the generation of an enhanced process model by integrating the perspectives
view with the activities. The perspectives are rendered in the form of plots
built with the plotly library® and generated from the information retrieved in
the event log. Specifically, the spatial perspective is rendered in the form of
a 3D scatter plot representing the spatial occupancy of the robots. Whereas,
the communication perspective is rendered in the form of a bar chart showing

"https://github.com/dagrejs/dagre-d3
8https://plotly.com/python
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the impact of the communication messages in terms of duration and message
loss.

This module provides an overview of the system execution by showing
the process model of the MRS, the behavior of the robots in terms of spatial
occupancy, and the inter-robot communication performance. Additionally,
the analyst can perform more accurate analysis over single activities, by
selecting a node in the graph and the perspectives of interest.

7.2 Evaluation in the Running Scenario

This section presents the application of the TALE methodology to the run-
ning scenario presented in Chapter 3 and executed in the Gazebo simulator.
Notably, a detailed system setup and the extracted data are illustrated in
the online documentation.

7.2.1 Preparation

To be compliant with the ROS architecture of the running scenario, a custom
ROS message capable of containing the tag data is defined. Therefore, the
message is defined to contain the activity field that identifies the action that
the robot is performing, and the lifecycle that determines the status of the
related activity. Once the message has been defined, the activities performed
by the robots are identified, selecting a level of abstraction appropriate for
behavioral analysis. Specifically, the drone activities are: take off, explore,
weed found, weed position, tractor position, closest tractor, low battery, field
cleaned, return to base, and land. For the tractors weed position, tractor
position, closest tractor, move, cut grass, low battery, and return to base.
Consequently, tags are placed in the points of the code where activities begin
or finish. Notably, during tag integration, the activities related to messages
end with a /, if they are sender type and with a ¢ if they are receiver
type [98]. To better clarify the tag concept, Listing 7.2 shows an excerpt
of the tag integration in the ROS code. Here the CutGrass function call is
preceded and succeeded by publishing a topic containing the aforementioned
fields.

After the integration of the tags, the running scenario has been executed
in the Gazebo simulator with different initial settings. Specifically, for each
execution, the scenario has random locations of weeds and variable battery
discharge levels for each robot. To obtain a significant amount of data,
the system has been executed 70 times. The execution of the simulations
generates robotic event data that are processed to extract event logs enriched
with spatial and communication perspectives.
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tag = TagTopic()
tag.activity = "cut grass"
tag.lifecycle = "start"
ros _publisher.publish (tag)
CutGrass(ros_node)
tag.lifecycle = "complete"
ros publisher.publish (tag)

Listing 7.2: Excerpt of tag integration

Table 7.1 shows an excerpt of the multi-perspective event log related to
a simulation run. The Case value uniquely identifies one run of the system
execution, and the Time value stores a timestamp, i.e., the date and time
in which the event occurred. Activity is related to the high-level activity
produced via tags, whereas Transition and State represent the lifecycle, re-
spectively an event execution transition or the event state. Considering the
spatial perspective, the z, y, and z values store the position of the robot
when an activity starts, is in progress, or completes. Moreover, to distin-
guish the robot that generates a given event, its identifier is saved in the
Robot field. Finally, events defining message passing also store the MsglD,
i.e., the identifier of the message shared between robots.

Case Time Activity Transition State < v ittrlbutFe{sObo T MsglD
38 10:08:53.12 | explore null inprogress | 0.59 | 3.33 | 1.48 | drone null
38 10:08:55.01 | explore null inprogress | 0.99 | 4.01 | 1.48 | drone null
38 10:08:56.55 | explore null inprogress | 1.12 | 4.52 | 1.48 | drone null
38 10:08:57.61 | explore complete null 1.66 | 5.03 | 1.48 | drone null
38 10:08:57.88 | weed found start null 1.66 | 5.03 | 1.48 | drone null
38 10:08:58.00 | weed postition! complete null 1.66 | 5.03 | 1.48 | drone mb52
38 10:08:58.30 | weed postition? start null 0.25 | 1.12 | 0.0 tractor 1 | mb2
38 10:08:58.30 | weed postition? complete null 0.25 | 1.12 | 0.25 | tractor 1 | mb52
38 10:08:58.30 | tractor position! | start null 0.25 | 1.12 | 0.0 tractor _1 | mb3
38 10:08:58.32 | tractor position! | complete null 0.25 | 1.12 | 0.0 tractor _1 | mb3
38 10:08:58.34 | weed postition? start null 0.17 | 1.12 | 0.0 tractor 2 | mb2
38 10:08:58.35 | tractor position? | start null 1.66 | 5.03 | 1.48 | drone mb3
38 10:08:58.35 | tractor position? | complete null 1.66 | 5.03 | 1.48 | drone mb3
38 10:08:58.36 | weed postition? complete null 0.17 | 1.12 | 0.0 tractor _2 | mb2
38 10:08:58.37 | tractor position! | start null 0.17 | 2.04 | 0.0 tractor 2 | mb4
38 10:08:58.39 | tractor_position! | complete null 0.17 | 2.04 | 0.0 tractor 2 | mb4
38 10:09:00.91 | tractor position? | start null 1.66 | 5.03 | 1.48 | drone mb4

Table 7.1: Excerpt of multi-perspective event log



CHAPTER 7. TALE AT WORK 87

7.2.2 Analysis

The produced multi-perspective event log has been analyzed both from the
control-flow perspective and the multiple perspectives. Indeed, by exploiting
the tool it is possible to discover the process models of the robots and enhance
it with the related perspectives. Notably, for the sake of presentation, the
features and results of the tool for the multi-perspective analysis are displayed
on the EKG, although they are equally applicable to the DFG.

DFG-discovery. The event log produced by the TALE-preparation can
be easily uploaded into its interface. After the event log uploading, the ana-
lyst can discover the DFG depicting the control-flow of the MRS. Figure 7.5
represents the DFG discovered with the log prepared with TALE and de-
picts the process of the overall MRS. Each node of the DFG represents the
performed activity, and the arcs are labeled with the number of times the
relation between the connected activities has been executed. In this represen-
tation, event connections are established only based on temporal occurrences.
Consequently, events executed by different robots cannot be differentiated.
Nevertheless, this DFG offers a comprehensive overview of the MRS mission.
It reveals a consistent pattern where the drone always concludes (via the land
activity) its execution before the tractors.

However, to analyze each robot’s behavior, it is possible to filter the event
log by the robot identifier. Figure 7.4 depicts the process of the drone. The
process shows that the drone properly performed the desired behavior, by
starting with a take off activity and then moving to the explore activity.
During this phase, it can navigate and look for weed grasses. When a weed
is identified, it triggers a weed found and notifies the tractors through the
weed position message. Afterward, when it has received tractor responses, it
moves to the tractor position status. Then, it can elect the tractor closest to
the weed, i.e., closest tractor, and restart its exploration. Finally, the drone’s
execution ends when it spots a low battery state. Therefore, it can perform
the return to base and land activities. Notably, the extracted process shows
that the drone has never performed the field cleaned activity, meaning that
it has not been able to explore the whole field.
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EKG-discovery. As described in Section 7.1.2, the event log produced
by the TALE-preparation can be easily uploaded into the EKG-discovery
interface, by both selecting the information and the entities of interest.

Data manipulation enables a customized aggregation of event nodes. The
analyst can select how to aggregate the events exploiting the interface. In-
deed, for each selected entity, an aggregation selector is shown, see Figure 7.6.

By setting the aggregation requirements, the analyst can easily discover
the EKG depicting the control-flow of the MRS. Following the aggregations
selected in Figure 7.6 each event node with the same activity name and robot
identifier is aggregated, i.e., all the same-named activities are aggregated only
if they are correlated to the same entity of robot type, whereas the aggre-
gation over message identifiers has not been selected. Figure 7.7 represents
the EKG aggregated based on these parameters and uses the log prepared
with TALE to depict the process of the overall MRS. Each node of the EKG
represents the activity performed by each robot since the node aggregation
has been set to aggregate nodes sharing the same activity name and robot
identifier. Notably, the tool employs distinct colors for nodes based on the
type of aggregation performed. Specifically, in this EKG, drone activities
are represented in blue, while tractor activities are depicted in green and
orange. Moreover, an additional node referring to the unique entity values is
connected to the first activity correlated with the corresponding entity:.

The arcs are labeled with the number of times the relationship between
the connected activities has been executed, and the type of relation between
nodes. Specifically, a robot relationship type connects event nodes from the
same robot, whereas, a msg_id relationship associates and depicts the inter-
robot communication, i.e., an inter-robot communication event follows an-
other one if there is a message entity correlation in common by the two.
Therefore, the discovered EKG can represent the collaboration process model
of the MRS. As in the previous case, the EKG shows that the field cleaned
activity has never been performed by the drone.

Indeed, the control-flow analysis shows that the running robots worked
as expected, without performing any incorrect behavior. However, to better
understand the reason for not having an expected activity in the process, it
is necessary to inspect other system perspectives that may have affected its
behavior.

Enhancement. After the discovery of the process, the enhancement
module takes the generated process to visualize both the process model and
the spatial and communication perspectives. The result, depicted in Fig-
ure 7.8, shows a global view of the system and its perspective.

For the spatial perspective, TALE extracts from the event log the robots’
information related to their position in the space, to reflect the performed
activities in a 3D plot. The spatial perspective in Figure 7.8 shows the space
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occupancy of the MRS, in a 10x10-meter field, during all the executions of
the system, representing with different symbols and colors different activities
performed by the robots. For what concerns the drone, the plot shows that
in none of the cases the drone’s Explore activity, represented by red circles,
has been able to navigate within the intended field. Specifically, the drone
always takes off from the base station and starts the navigation of the field.
During the navigation, it spots some weeds and reports them to the tractors.
If, on the one hand, this sequence of actions has already been verified during
the control-flow analysis, on the other hand, the 3D analysis of the space
helps to identify further potential errors in the system. Specifically, although
the drone has properly performed the desired activities, it could not explore
most of the field. This might be due to a programming error, which prevents
the robot from navigating correctly. Additionally, a system developer may
have overestimated the capabilities of the robots. For instance, a single drone
may not be sufficient for exploring the intended field, or the two tractors are
too slow to satisfy the demands of the drone. Similarly, the tractors properly
start and end their execution from the base station and react to the drone’s
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Figure 7.7: EKG of the running scenario
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input. As a result of the drone partial exploration, the tractors’ cutting grass
operations, depicted in violet, are just focused on part of the field.

For the communication perspective, TALE retrieves data from activi-
ties associated with inter-robot communication, exploiting both the message
identifier stored in the msg id field and the syntax chosen during the prepa-
ration step, i.e., the activities related to the communication end with a / if
they are sender type and with a ¢ if they are receiver type. Therefore, for
each unique message identifier value, the set of corresponding events is re-
trieved to calculate how many messages have been sent in total, and of these
how many were lost. The communication plot shows that the 1080 clos-
est_tractor! and 1816 tractor position! messages have been shared without
any loss. For the weed_ position!, 1414 messages have been sent by the drone
and properly received by at least one of the tractors, whereas 334 messages
have been lost. Message losses could have been due to tractors being busy
at the moment the drone transmitted the message.



Part 1V

Concluding Remarks






CHAPTER &

Concluding Remarks

The work presented in this thesis tackles the usage of process models within
MRSs from two directions. Initially, a top-down approach has been pro-
posed for modeling and enacting an MRS mission via BPMN collaboration
diagrams. Then, a bottom-up approach has been proposed to enable the
analysis of an MRS mission exploiting process mining techniques. Both ap-
proaches are fully automatized exploiting the tools provided by this thesis.
Moreover, the approaches have been evaluated in a running scenario of an
MRS deployed in a smart agricultural field and executed in a simulation
environment.

The rest of the chapter concludes the thesis by presenting the results of
the work, the discussion of the given approaches, and also the directions for
future work.

8.1 Thesis Results

The top-down approach seeks to (i) support the representation of the MRS
cooperative behavior using BPMN as a modeling language, (i7) enrich the
BPMN process model with the information required for the MRS implemen-
tation, and (ii7) assess the usage of BPMN for guiding the MRS execution.
This thesis fulfills these objectives by proposing the FAME framework. As
a starting point, the framework exploits a selection of BPMN elements and
a set of guidelines to guide the modeling of an MRS mission. This allows
modeling the behavior of each robot within the MRS and the inter-robot
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communication using the BPMN standard as-it-is, i.e., without providing
any extension. Once the mission is designed, the collaboration diagram re-
quires a configuration for enriching it with information related to the MRS
enactment. This enables the generation of a collaboration diagram that the
robots can directly interpret. Indeed, the last phase of FAME defines how
to enact the BPMN models to guide the behavior of the robots. Specifi-
cally, each robot can directly execute the proposed models without needing
a central orchestrator.

The bottom-up approach aims to (i) support the extraction of robotic
data in a process mining-compatible manner, (i7) assess the usage of process
mining techniques to discover and analyze the behavior of the MRS, and (i)
enhance process mining techniques to deal with multiple perspectives im-
pacting MRS execution. To achieve these objectives, this thesis proposes the
TALE methodology enabling both MRS data preparation and mission anal-
ysis. At first, TALE facilitates an MRS developer to extract activity-centric
robotic event logs at the desired level of granularity and related to multiple
perspectives of interest. The produced data are suitable for the application
of process mining techniques to analyze the execution of the MRS mission
by reconstructing the robots’ behavior into a process model. Specifically,
TALE supports both the control-flow analysis, exploiting process discovery
techniques, and multi-perspective analysis, by enhancing the discovered pro-
cess with information related to the spatial occupancy and the inter-robot
communication perspectives.

The evaluation of the approaches shows the applicability of the proposals
in the running scenario. Indeed, all the phases composing the FAME frame-
work have been applied to model and enact the running scenario. Addition-
ally, the framework has been evaluated in a small-scale scenario involving
physical robots, comparing the performance of robots utilizing a BPMN en-
gine versus directly compiling the code. The results illustrate that employing
a BPMN engine to interpret the mission model had a low impact on robots’
performance. Regarding the TALE methodology, activity-centric event logs,
enriched with spatial occupancy and inter-robot communication data, have
been extracted from the running scenario. These event logs have been used to
provide insights into the MRS mission via control-flow and multi-perspective
analysis.

8.2 Discussion

As MRSs gain more popularity and BPM techniques are applied in diverse
fields, new concepts emerge regarding the approaches examined in this the-
sis, requiring additional exploration. It is worth noting that, although this
thesis focuses on MRSs, the proposed approaches are fully compatible with
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single-robot systems. This section discusses the extension of the suggested
techniques to a heterogeneous scenario involving both robotic and IoT sys-
tems. Additionally, it examines the motivation behind using two different
modeling notations for the top-down and bottom-up approaches. Finally,
it suggests the potential for integrating the top-down and bottom-up ap-
proaches into a unified framework.

8.2.1 On the Integration of MRS with IoT

The application of BPM techniques in the robotic domain enables the mod-
eling and enactment of robots’ high-level missions and supports the analysis
of the performed mission and different system perspectives. The work pre-
sented in this thesis only focuses on the robotic domain albeit it could be
declined also in the IoT one. Indeed, with the spread of interconnected de-
vices, novel solutions apply BPM techniques to IoT systems to support the
adoption of model-driven development approaches, and the analysis of the
system execution by mining the produced logs [45].

Looking at IoT and robotic systems as complementary technologies, their
integration aims to combine the facilities provided by the two [82]. The re-
sulting system leverages the capabilities of IoT devices for pervasive sensing
and monitoring and the capabilities of robots to produce action, interaction,
and autonomous behavior [42]. Indeed, IoT systems offer a comprehensive
view of the system state, while robots autonomously interact with the en-
vironment, combining their functionalities with data from IoT devices. For
instance, in an agricultural field, an [oT system with the capacity to moni-
tor environmental factors, such as weather conditions and temperature, can
enhance the efficiency of robotic farming operations by enabling robots to
adapt their behaviors in response to real-time environmental data.

In this heterogeneous system, a top-down approach would overcome the
necessity for high-level programming skills to manage the complexity of both
[oT and robotic systems. This approach would also facilitate the manage-
ment of message exchanges necessary for coordinating the devices. Con-
sidering the integration of BPMN with IoT, the literature proposes differ-
ent methodologies. IoT-aware business processes [49, 80] aim to design the
workflow of a system in which IoT devices are deployed. Specifically, these
methodologies do not design the behavior of IoT devices. Instead, they focus
on designing the behavior of the overall system, where the flow is guided
by data obtained from IoT devices. Differently, other methodologies |31, 88]
model the workflow of the devices composing an [oT system, and the interac-
tions with other devices, and with the environment. These models provide a
complete view of the system. Notably, these methodologies can be integrated
into the FAME framework to create a cooperative robotic and IoT system, as
shown in [23]. Indeed applying the FAME framework would ease both system
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behavior modeling and setting up QoS policies supporting communications
requirements. However, although FAME guidelines could offer enough ex-
pressiveness to model such a system, the enactment phase must consider the
heterogeneous nature of the devices. Extensions in supported technologies
and model enactment may be necessary. For instance, while robots can run
a BPMN engine, [oT devices with constrained capabilities may necessitate
alternative solutions. One potential solution could involve integrating the en-
gine into an additional IoT architectural layer, like a fog node [15], to manage
data collection and communication with robots. Additionally, a model-to-
code transformation could facilitate deploying the desired behavior on IoT
edge devices.

Considering the bottom-up approach, the integration of MRSs and IoT
devices necessitates the application of process mining techniques capable of
dealing with the huge amount of data generated during their execution [45]
and discovering the cooperation between the devices composing the system.
Indeed, as in the case of MRSs, IoT systems record data in a peripheral-
centric way, keeping track of the continuous data collected or received. As
prescribed by the TALE methodology, activity-centric data can be easily ex-
tracted from this system by inserting tags. For instance, considering an IoT
system for autonomous irrigation a corresponding activity can be tagged as
watering. During the TALE analysis step, data provided by the IoT devices
enriches the data produced by the robots with additional perspectives of the
system. This would require an extension of the analysis proposed in the
TALE methodology since more information can be connected to the process
execution and used for process discovery and enhancement [59].

8.2.2 On the Application of BPMN for MRS Analysis

The proposed top-down and bottom-up approaches exploit process models
to meet their objectives. However, two different process representations have
been adopted: BPMN for the development and DFG for the analysis.

For designing the FAME framework, BPMN has been chosen as the target
notation for the rich set of elements. This notation allows robotic missions to
be expressed not only in terms of sequential activities but also to include be-
havioral choices, parallelism, deviations from the main process, and message
exchange. Additionally, the availability of BPMN-engines based on the stan-
dard, which can be customized with additional features, makes this notation
highly suitable for model-driven solutions. Notably, in this approach, using
DFGs for representing system behavior would have been limiting due to their
low expressiveness [93]. Indeed, a DFG can represent only sequential activ-
ities, therefore concurrency, behavioral choices, and inter-robot interaction
could not be represented.

Differently, the TALE methodology proposes to analyze the behavior of
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robots using DFGs. Indeed, the TALE methodology aims to provide robotic
experts with analysis techniques from the BPM discipline. Therefore, using
a DFG, i.e., the simplest representation of process models, allows robotic
behavior to be represented in an immediate and intuitive way, even for those
unfamiliar with the BPM discipline. Notably, BPMN collaborations can also
be discovered using the event logs generated through the TALE-preparation
step. Performing process discovery on MRS data would involve discovering a
BPMN process model that depicts the overall mission with various elements,
ideally, those considered during the FAME modeling phase. However, exist-
ing techniques do not cover discovering all the BPMN elements that define an
MRS mission, particularly signals and event sub-processes. In this context, a
preliminary effort has been made in [24], by proposing a technique for discov-
ering BPMN collaboration diagrams where participants interact via signals.
However, this technique only discovers the process depicting the behavior of
each robot, without distinguishing process deviations as event sub-processes.
To also express event sub-processes, a potential solution could be combining
this technique with approaches capable of discovering hierarchical process
models like the one presented in [18].

8.2.3 On Merging Top-Down and Bottom-Up

Although the top-down and bottom-up approaches are presented separately,
they could be integrated to create a comprehensive solution capable of facil-
itating the design and management of MRS missions, optimizing operations,
and enhancing the analysis of activities [104].

As proposed in the FAME framework, BPMN collaboration diagrams are
suitable to model an MRS mission and can be used with a BPMN engine
for direct system enactment. Following the TALE methodology, each activ-
ity in the model can be treated as a tag. As the MRS execution is guided
by BPMN, tokens entering and exiting activities mark the start and com-
pletion of those activities, respectively. Indeed, integrating the tag concept
within the FAME enactment phase enables the engines to generate activity-
centric data, while the system captures multi-perspective data. By lever-
aging the TALE methodology, this data can be further processed to obtain
activity-centric event logs enhanced with relevant perspectives. The pro-
duced event log can serve for performing real-time and post-mortem system
analysis as well as simulations and predictions of future process behavior
under changed conditions [5]. Analysis techniques proposed by TALE enable
the MRS analysis after system execution, however, the integration of further
techniques would provide additional insights into system execution. MRSs
can leverage streaming process mining techniques for analyzing continuous
data streams [13]. Additionally, predictive analysis can be exploited to an-
ticipate future process evolution in response to environmental changes [30].
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The insights obtained via process mining-based analysis can drive the (re-
Jmodeling of the collaboration diagram, to better reflect MRS requirements,
solve potential issues, or enhance the system performances. This creates a
cyclic integration between the top-down and bottom-up approaches.

The merge of the top-down and the bottom-up approaches can enable the
creation of a Digital Process Twin (DPT) for MRSs. Specifically, a DPT is an
emerging concept that declines digital twins in process-driven systems to pro-
vide valuable insights into system operations. This enables decision-making,
performance optimization, and prediction of potential outcomes based on
data from both the process model and the physical system [20]. A DPT is
the digital replica of the business processes of a system and it should comprise
the representation of multiple and interdependent processes, models showing
different aspects of the system, analysis capabilities, and system adaptation
features based on experience [5]. Consequently, DPTs aim to assist devel-
opers, analysts, and end-users to understand system behavior and facilitate
data interpretation and analysis.

In addition to the facilities provided by the FAME framework and the
TALE methodology, to show different aspects of the system execution, the
DPT can both leverage the BPMN semantics to show the process execu-
tion, and 3D simulators to visually represent the MRS overall behavior [21].
Starting from the collaboration diagram used to represent and drive the sys-
tem execution, it is possible to highlight the activities performed by robots
within the process. Indeed, considering the concept of tokens, the distribu-
tion of tokens across process elements indicates an execution state. Several
tools [79, 19, 103| implement token simulator to show the evolution of the sys-
tem, and effectively track the interplay between control flow, data handling,
and messages exchange, to identify undesired executions. Therefore, the in-
tegration of a token simulator in the DPT enables debugging facilities on the
top of a BPMN diagram. This allows checking if the designer’s intentions
are reflected in how the process and the robots’ behavior are performed [3].
Additionally, since an MRSs is capable of moving and interacting with the
environment, the DPT should also integrate a realistic view of the system.
To this aim, a 3D environment, such as the one provided by Gazebo, can be
used to visualize how the devices act and interact. Combining this visual-
ization with token simulation enables a concurrent view of the execution of
the system behavior and the visualization of the corresponding states of the
involved devices.

Finally, the general concept of digital twin states that any changes to
it must be reflected in the actual behavior of the physical counterpart [84].
This requirement can be achieved by developing and exploiting a process
adaptation mechanism capable of interpreting analysis results and refining
the process model. Once the model has been changed, its updated version
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Figure 8.1: MRS digital process twin proposal

can be deployed into the BPMN-driven system. This approach allows for
enhancing the devices’ behavior, according to the evolution of the system.
Notably, to achieve a full integration between the top-down and bottom-
up approaches, a process adaptation module should be developed to enable
robots with adaptation capabilities. At the same time, also the FAME frame-
work should be enriched with adaptation capabilities to efficiently and safely
deal with runtime model updates. Therefore, the proposed DPT can fall
under the umbrella of models@run.time [9]. This concept leverages models
to provide insight into a running software system, allowing for tasks such as
monitoring, analysis, rectification of design errors, exploration of new design
alternatives, and adaptation of the system through a direct connection be-
tween a model and the system. Considering the DPT as a model@run.time,
the FAME framework would facilitate guiding system execution via a pro-
cess model, while the TALE methodology would enable system analysis. In-
deed, various techniques from the process mining domain could be employed.
Event logs produced by the TALE methodology and process discovery tech-
niques could aid in model transformations to transition from one model to
another. Additionally, other process mining techniques could support the
model@run.time, such as enabling runtime system monitoring, extracting
insights from the model, and predicting future system states.

Summing up, as proposed in Figure 8.1, a DPT can be seen as the result
of merging the top-down and bottom-up approaches. Specifically, the BPMN
collaboration diagram is used to guide the behavior of the MRS. During the
system execution, exploiting the TALE methodology, event logs are gener-
ated to perform process mining-based system analysis. Finally, based on the
insights provided during the analysis, a process adaptation step, supported
by the MRS designer supervision, can be performed to re-design the model
defining the mission and enact the improved MRS.
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8.3 Future Works

In future works, the first objective is to improve the proposed approaches
by implementing them in real-world MRS use cases and gathering feedback
from robotic experts. By applying the FAME framework to enact an MRS
deployed in a real-world scenario and employing the TALE methodology to
analyze system performance, it becomes possible to incorporate new features
based on observed outcomes and expert opinions. This objective aims to

bring the approaches and, consequently, BPM techniques closer to the robotic
field.

Regarding the top-down approach, one of the future aims is to enhance the
FAME framework by incorporating a model analysis phase to check the cor-
rectness and to identify anomalies and security concerns in the collaboration
diagrams. For the other phases, the intention is to enrich the configuration
phase by adding the possibility of selecting the device target frameworks,
such as the OROCOS robotic framework [12] or the ThingsBoard IoT frame-
work [86], and to enhance the enactment phase by enabling direct model
enactment or model-to-code translation. This extension aims to make the
framework applicable to systems composed of heterogeneous devices, as dis-
cussed in Section 8.2.1.

Concerning the bottom-up approach, the novelty of applying process min-
ing in the robotic world opens the way for many future developments. In
the traditional process mining context, event logs extracted with the TALE
methodology can be used with existing process discovery algorithms. The
first objective is to evaluate the suitability of approaches aimed at discov-
ering collaborative process models of distributed systems, such as the ones
proposed in [25, 87, 106|. Indeed, these approaches are capable of discovering
high-level process models like BPMN or Petri nets, which can express choices
and concurrency. Differently, in object-centric process mining, the operations
that can be done on an EKG to discover the process model will be extended.
Specifically, the development of aggregation functions capable of merging
multiple system perspectives can enhance the exploration of the graph across
different aggregation levels. This enables analysts to perform personalized
and interactive analyses. In terms of process enhancement, leveraging or
deploying approaches for discovering multi-perspective processes [59] can be
useful in improving the MRS process model with information that has guided
robots’ decisions.

Finally, considering both the top-down and bottom-up approaches, a fun-
damental aspect lies in facilitating and implementing runtime adaptation of
the behavior. Such adaptations demand a comprehensive understanding of
the mechanisms enabling real-time changes and their deployment, raising
questions about the entities responsible for orchestrating these modifications.
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Integration of such capabilities into the top-down approach necessitates a
complex solution, comprising runtime change management while ensuring
operational continuity. On the bottom-up side, adaptability needs the devel-
opment of new process discovery techniques to understand whether a robot
has executed an adaptation. This includes not only detecting such adapta-
tions but also evaluating their consequences impacting MRS functionalities
and performances.
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