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Robotic systems are increasingly used to automate complex tasks in dynamic environments, making mission
analysis essential to improve reliability and performance. Among the existing techniques for analyzing robots’
behavior, process mining is particularly suitable since it enables the extraction of high-level behavioral patterns
from event logs, providing actionable insights into the overall system behavior. However, the large volume
and the low-level of data generated by robotic systems pose challenges for the effective use of process mining,
which mainly relies on high-level representations of system activities. To address this, robotic mission execution
should be recorded at a higher level of abstraction to enable its discovery and reasoning in terms of control-
flow. At the same time, low-level contextual data, as spatial occupancy, energy consumption, and interactions,
must be integrated to provide a comprehensive understanding of the mission. This integration can be achieved
by combining process mining with visual analytics, thus enhancing the automated mission discovery with
interactive visualizations of contextual data and enabling mission analysis from multiple perspectives. This
paper presents a methodology for preparing and analyzing robotic mission data via process mining and visual
analytics. The methodology guides robotic experts in preparing event logs compliant with process mining
standards and supports mission analysis through the RoeoTrace tool, which enables process discovery and
contextual visualizations. The methodology is assessed through a multi-robot case study and an evaluation
with domain experts to show its feasibility, interpretability, usability, and utility.

1. Introduction

Robotic systems are becoming increasingly versatile, capable of
performing different tasks and interacting with other systems, humans,
and each other [1]. This evolution has broadened the scope and com-
plexity of robotic missions, making it essential to analyze and interpret
performed behavior in a way that is both explainable and insightful
for developers, analysts, and end-users. In this regard, various method-
ologies can help to spot drawbacks in the robotic system by analyzing
its behavior, i.e., when and how tasks have been done, to gather infor-
mation useful for monitoring and optimizing it. Common approaches in
the literature range from formal verification [2], which is often infeasi-
ble due to the complexity of the system [3], to quantitative analysis [4],
which requires constant system observation. Other approaches rely on
manually inspecting messaging logs across multiple terminal windows
and correlating logged information, which highlight the limitations of
current tools in providing a cohesive and efficient way for analyzing
the overall robotic mission [5]. In this context, process mining [6] has
emerged as a promising approach to address this need by discovering
and analyzing process models that represent the executed behavior
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in an intuitive and process-driven way [7,8]. These process models
offer a high-level abstraction of robotic operations, allowing analysts to
understand and reason about behavioral patterns and decisions taken
during mission execution. However, process mining requires event logs
that capture system events at a high-level of abstraction, i.e., indicating
the performed activity. In contrast, robotic systems typically generate
low-level data, such as sensor readings or actuator commands. This mis-
match limits the direct applicability of process mining in the robotics
domain. Therefore, to enable process mining-driven analysis, robots
should be equipped with the capability to record high-level activity
information, explicitly describing the actions performed, which would
facilitate the generation of event logs suitable for process mining.

At the same time, robots operate in highly dynamic environments,
where their behavior is shaped by contextual factors such as spatial
occupancy, energy consumption, and interactions. During mission exe-
cution, this results in the generation of vast amounts of low-level data,
each capturing a distinct contextual perspective. These perspectives are
essential for a comprehensive understanding of the robotic mission.
Still, they are challenging to integrate with process mining techniques,
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which struggle to handle the unstructured nature of low-level data [9].
In this respect, there is growing interest in process mining techniques
complemented by visual representations that can explain additional
aspects related to the underlying process model [10]. Specifically, visual
analytics combines automated analysis with interactive visualizations,
enabling a better understanding of large and complex datasets by
leveraging the human ability to identify patterns in unstructured data.
By integrating automated process mining techniques with interactive
visualizations, it becomes possible to extract deeper insights from event
logs [11,12]. In addition, in robotics, visual analytics approaches are
well-established and widely used to provide robotic experts with intu-
itive and interactive visualizations. These visualizations facilitate the
exploration of large datasets, representing contextual information such
as spatial movements and resource usage (e.g., energy consumption).

Although visual analytics has the potential to analyze low-level
robotic data, and process mining provides high-level mission abstrac-
tion, these approaches have rarely been exploited together to perform
robotic mission analysis. Indeed, current practices for logging and
analyzing robotic executions are typically ad hoc and rely mainly on
low-level data from sensors, actuators, and interaction messages. Such
data are useful for inspecting specific components, but they are usually
not explicitly connected to the mission activities being performed. As a
result, they do not directly support the reconstruction and analysis of
robotic missions at a higher level of abstraction, where developers need
to reason about executed activities, deviations, resource consumption,
or coordination issues. To bridge this gap, we propose a novel method-
ology explicitly designed to integrate these two analytical approaches,
allowing robotic experts to analyze and reason about executed missions
in a comprehensive way. By combining high-level process models with
the visualization of lower-level aspects, our solution enhances the
analysis of robotic system behavior across both single- and multi-robot
scenarios. In this perspective, the goal of mission analysis is not limited
to reconstructing what happened during execution. Rather, it is to
provide developers with evidence to understand why certain behaviors
occurred, identify anomalies, bottlenecks, resource-related issues, or
coordination failures, and use these insights to guide iterative improve-
ments to the robotic mission design and implementation. In [8], we
proposed a methodology to guide robotic experts in preparing event
logs tailored for process mining applications, focusing on discovering
control-flow and spatial perspectives. Building on this work, we extend
the methodology by focusing on the phases that make process mining
usable for robotic mission analysis. Specifically, (i) we discuss how mis-
sion executions can be represented through activity-centric event logs
enriched with contextual information; (ii) we analyze key perspectives
that influence robotic mission execution, namely performance, spatial
occupancy, energy consumption, and communication; (iii) we show
how discovered process models can be complemented with coordi-
nated visual perspectives to support the interpretation of mission-level
behavior; and (iv) we introduce RoBoTrACE, a supporting tool that auto-
mates process discovery and enhances it with visual representations of
low-level data, enabling contextual exploration of robotic executions.
Finally, (v) we assess the methodology in a smart agriculture multi-
robot scenario and through an expert-based evaluation, focusing on
feasibility, interpretability, usability, workload, and perceived utility.

The rest of the paper is organized as follows. Section 2 presents
the core concepts of robotic mission analysis, process mining, and
visual analytics. Section 3 outlines the motivation behind the proposed
methodology, which is presented in Section 4. Section 5 describes the
implementation supporting the proposed methodology, while Section 6
applies and evaluates the methodology in a multi-robot scenario. Sec-
tion 7 reviews the state-of-the-art by presenting studies that apply
process mining techniques to robotic system analysis, explore visual
analytics approaches for robotic system analysis, and examine the
integration of process mining and visual analytics across various do-
mains. Section 8 discusses assumptions and limitations of the proposed
methodology, while Section 9 accounts for the threats to validity.
Finally, Section 10 presents the final remarks.
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2. Context

This section first introduces the idea behind performing robotic
mission analysis. After that, it presents the core concepts of process
mining and visual analytics disciplines.

2.1. Robotic mission analysis

Robotic mission analysis focuses on examining the behaviors ex-
hibited by robots while performing tasks, offering insights that are
crucial for both runtime monitoring and postmortem evaluation [13].
This field has gained increasing attention in recent years due to the
growing complexity of autonomous robots and the necessity to ensure
accountability, transparency, and explainability in their operations [14,
15].

Enabling mission analysis requires mechanisms for logging and
inspection. A logging mechanism collects mission-related information,
such as occurred events, utilized software and hardware components,
and executed interactions. Differently, an inspection mechanism an-
swers analytical questions, such as when and where an event occurred,
which hardware or software components triggered it, why it happened,
how the resulting behavior was composed, and who or what was af-
fected [16]. Furthermore, such mechanisms facilitate the identification
of bottlenecks and critical decision points, supporting performance
optimization in terms of both time and resource utilization [17]. By
reconstructing task sequences and environmental contexts, mission
analysis enables a comprehensive assessment of system behavior from
initial conditions to final outcomes.

The need for robot mission analysis becomes even more evident in
multi-robot systems, where individual and cooperative tasks must be
analyzed. The distributed nature of multiple robots introduces signif-
icant challenges, requiring the ability to track the behavior of single
robots as well as the overall mission. In fact, changes in the behav-
ior of a single robot can affect the whole system, impacting perfor-
mances, other robots’ activities, and the successful completion of the
mission [5].

2.2. Process mining

Process mining is a well-established discipline for analyzing systems
behavior, consisting of many techniques for discovering, monitoring,
and improving the actual processes. Process mining relies on event logs,
generated by the systems under investigation [6]. Event logs record
data coming from systems’ executions in an activity-centric manner,
reporting at least two attributes, i.e., timestamp and activity name.
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, i.e., case, are grouped into traces of
events ordered by time. By analyzing such event logs, usually in the
eXtensible Event Stream (XES) format, process mining reconstructs the
process model describing the system’s behavior, spots bottlenecks and
unwanted deviations, and gets insights on the execution performances
such as duration and costs [6]. Indeed, event logs can be firstly used to
conduct three basic types of process mining analysis: process discovery,
conformance checking, and process enhancement.

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 Business Process Model and Notation (BPMN)
and Petri nets [18]. Within this work, we adopt DFGs as the process
model representation. Specifically, as exemplified in Fig. 1, a DFG is
a directed graph where nodes represent activities and directed arcs
represent the directly-follows relation between them. Two special nodes
denote the start and the end of the process. An arc from activity a to
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Fig. 1. Example of a DFG.

activity b indicates that b directly follows « in at least one execution
trace. Nodes and arcs can be annotated with frequency or performance
information. The construction of a DFG [19] is driven by the informa-
tion recorded in the event log. First, the set of distinct activity labels
observed in the log is extracted to define the nodes of the graph. Then,
for each execution trace, consecutive pairs of activities are identified
to determine directly-follows relations. These relations are aggregated
across all traces to create the directed arcs of the graph, optionally
enriched with frequency counts or timing statistics.

Conformance checking techniques relate 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 [20].

Finally, process enhancement aims to change or extend an exist-
ing process model. Specifically, process extension techniques aim to
incorporate different perspectives to achieve a high-precision model.
However, process improvement techniques are a supervised way to
modify an existing model, by producing a model that properly reflects
reality [21].

2.3. Visual analytics

Visual analytics is the science of analytical reasoning supported
by interactive visual interfaces, aiming to maximize human capacity
to perceive, understand, and reason about complex situations effec-
tively [22]. As data grows increasingly massive, dynamic, and complex,
traditional analytical methods struggle to provide clear, explainable,
and actionable insights. Visual analytics addresses this challenge by
integrating computational analysis with human cognition, enabling
the extraction of meaningful insights from complex datasets through
the use of visualizations as a bridge between human intelligence and
computational power [23].

The scalability of visualizations is a key consideration, particularly
when dealing with high-dimensional data. Techniques such as interac-
tive filtering and hierarchical decomposition help mitigate information
overload and improve usability [23]. Effective visual representations
support the cognitive processes of pattern recognition, anomaly detec-
tion, and trend identification, ultimately improving decision-making.

The term visual analytics is also widely applied in domains such
as business intelligence and operational decision support, where dash-
boards and interactive reports facilitate exploratory data analysis [24].
These tools empower users to engage with data through dynamic
visualizations, enabling them to explore different perspectives, compare
patterns, and generate insights, thus enhancing data-driven decision-
making.

3. Motivations

This section first illustrates the running scenario used throughout
the paper, then it presents the motivations behind this work by high-
lighting the challenges associated with data preparation and analysis
when applying process mining techniques to robotic mission analysis.
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Fig. 2. Running scenario overview.

3.1. Running scenario

The proposed scenario (showcased in Fig. 2) consists of one drone
and two tractors that cooperate to identify and remove weed grass in
farmland, thus increasing productivity. All the robots are equipped with
a controller, a battery, and several sensors and actuators. At the system
start-up, the drone takes off and starts the exploration of the field.
During the flight, it can recognize weed grass areas, and when found, it
sends the weed position to the tractors. This enacts the tractors, which
send back to the drone their current position. The drone can hence elect
the closest tractor and notify it. At this point, the selected tractor starts
moving towards the field to reach the weed grass area and cut it. The
drone execution can be interrupted if the drone battery runs out or if
the whole field has been explored and cleaned. At the same time, the
tractors’ execution can be interrupted by a low battery.

We built the smart agriculture scenario upon the ROS framework,
and we deployed the robotic system on the Gazebo simulator'. Addi-
tionally, we leveraged the ros2bag library to record data published on
topics during the system execution.

3.2. On the need to prepare robotic data for process mining

The idea of using process mining to extract and analyze the behavior
of robotic systems goes hand in hand with the existence of several
works exploiting process-driven approaches for the specification of
robots’ missions [25-27]. Indeed, process models are intuitive enough
to be understood by humans and formal enough to be deployed in real
robots. Nevertheless, to use process mining in this context, we need
to map the event data generated by a robotic system with the concept
of the event log. During its execution, a robot produces event data in
a peripheral-centric way, keeping track of data exchanged by sensors
and actuators [28]. Specifically, 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 process mining techniques need event logs with an activity-
centric structure, meaning that each event must represent a clear robotic
activity, i.e., a high-level activity that should be executed to fulfill
an objective in the process model, like a movement action to reach a
destination.”

1 https://gazebosim.org/home

2 Notably, we adopt the term activity to align with process mining ter-
minology. In the robotic domain, this corresponds to the concept of a task,
i.e., a repetitive and simple coordinated robotic behavior that is realized as a
combination of skills [29,30].
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Table 1
Event logs of the same robotic execution with different granularity.
Time Peripheral  Other Data
09:33:20.147 rotor
09:33:20.147 camera

09:33:20.149 rotor
09:33:21.239 gps
09:33:30.941 camera
09:33:32.410 gps
09:33:32.495 laser
09:33:32.499 laser
09:33:32:655 camera
09:33:33.003 rotor
09:33:33.110 laser
09:33:33.118 laser
09:33:33.120 laser
09:33:33:240 camera
09:33:33.921 laser

(a) Peripheral-centric

To better clarify the difference between peripheral- and activity-
centric event logs, we take as an example the drone from the running
scenario equipped with rotors, GPS, camera, and laser sensors, that has
to move around (activity Go To) while looking for a weed grass (activity
Detect Weed). Table 1 shows an excerpt of a peripheral-centric event log
during drone exploration execution, whereas Table 1 reports the same
event log abstracted to an activity-centric point of view. The peripheral-
centric log describes the working flow of the robot peripherals, e.g., the
first two rows of Table 1 indicate that the robot has used a rotor 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 1 show that the
robot has concurrently started the Go To and Detect Weed activities.
To graphically visualize a correlation between the peripheral- and the
activity-centric events and properly present the robotic granularity
problem, we colored the events belonging to the Go To activity in
purple, while the events correlated to the Detect Weed activity are in
yellow. In doing so, the obtained mixed occurrence of the colors in
Table 1 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 indicates that both activities depend on the laser sensor,
which creates a problem in identifying whether an activity is finished.

Additionally, to better illustrate the need for activity-centric data,
we leverage the example logs in Table 1, which are associated with
a single case, to discover the corresponding process models, in the
form of DFGs. Specifically, Fig. 3(a) depicts the DFG generated from
the event log in Table 1. The resulting process is unstructured, com-
monly referred to as a spaghetti process, where activities and their
dependencies are challenging to discern. In the obtained process, each
node represents the name of a peripheral used by the robot, reflecting
its internal behavior, i.e., the operational flow of the peripherals. This
representation shows the interactions between components and may
be useful for stakeholders interested in analyzing low-level system
behavior, such as sensor activation patterns or component usage. For
example, in Fig. 3(a), the frequent directly-follows relations between
the camera, laser, and gps nodes highlight recurring sensing loops,
while the self-loop on the laser node indicates repeated activations of
the same sensor. However, since the log records only peripheral-centric
events, the resulting model does not directly express the structure of
the robot’s mission. Furthermore, the example peripheral log contains
only a subset of the data generated during the execution of the robot’s
activities. If a complete mission execution were considered, the number
of nodes and their connections would increase exponentially, further
complicating the process analysis. In contrast, Fig. 3(b) illustrates
the DFG derived from the event log in Table 1. This process model
provides an intuitive and process-driven representation of the robot’s
activities, clearly depicting the parallel execution of the Go To and
Detect Weed activities. For the purpose of high-level mission analysis,
such as understanding how activities are executed over time, event logs
capturing activity-level information enable the discovery of an intuitive
and analyzable process model.

Time Activity Lifecycle
09:33:20.147 Go To start
09:33:20.147 Detect Weed start

09:33:33.240
09:50:33.955

Detect Weed
Go To

complete
complete

(b) Activity-centric

Therefore, to properly apply process mining techniques, robotic sys-
tems’ mission data should be prepared in the form of an activity-centric
event log. More specifically, to perform a comprehensive analysis, a
robotic event log should contain a collection of robotic executions, pos-
sibly initiated in different settings, where a case comprises sequences
of high-level robotic activities recorded during a complete run.

3.3. On the need to go beyond control-flow

Robotic mission analysis using process mining techniques relies on
process models that represent control flow, outlining the sequence of
activities and decision points within a mission [7,31,32]. While this
representation provides an intuitive and process-driven way to under-
stand performed activities, it is insufficient to capture the complexity
of real-world robotic operations fully.

From the literature, four interrelated main perspectives emerge in
robotic mission analysis. Specifically, activity or mission completion
time, energy consumption, and spatial-related aspects are primarily
examined to find an optimal tradeoff among these three [33,34], such
as optimizing the time a robot takes to reach the target location and
the energy consumption for the activity [35]. In this context, some
approaches explore multi-robot cooperation as a strategy to improve
performance [36,37], introducing the need to analyze a fourth perspec-
tive concerning communication. More specifically, the time perspective
offers insights into the performance of individual activities and the
overall mission. This analysis can be conducted using process mining
techniques, leveraging time-related data from the event log. Indeed,
a performance DFG can represent both the duration of each activ-
ity and the transition times between activities, enabling analysts to
identify bottlenecks, delays, or inefficiencies in the execution flow.
The spatial perspective analysis is required since robots operate in
dynamic, physical environments where spatial constraints and naviga-
tion challenges directly influence mission execution. However, spatial
data is continuous and unstructured [8], which makes it incompatible
with standard process model representations. This requires a bridge
to connect behavioral analysis with the corresponding spatial context,
ensuring that spatial dynamics are not overlooked in mission evalua-
tions. The energy consumption perspective is also critical in robotic
missions [36,37]. Traditional control-flow models do not account for
battery depletion, which can trigger mission deviations or adaptive be-
havior. By integrating energy consumption analysis, it becomes possible
to evaluate battery-driven decisions and assess how efficiently activities
are performed in terms of energy use, supporting more energy-aware
mission planning. Finally, the communication perspective is essential
in missions involving multiple robots or interactions with external
systems. Communication issues can lead to failures (e.g., in a search and
rescue mission, if one robot finds a survivor but loses communication,
the survivor might not be rescued in time), or mission deviations
(e.g., one robot substituting for another before resuming its original
mission). While some process notations support modeling communica-
tion, few studies focus on discovering and analyzing process models
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suitable for distributed systems [38]. Integrating this perspective helps
capture the impact of communication on mission performance and
robot coordination.

Therefore, a mission is not only defined by its executed activities
but is also influenced by multiple perspectives shaped by the dynamic
environment in which robots operate. To achieve a comprehensive
understanding, it is necessary to go beyond control-flow and integrate
additional contextual perspectives that impact mission outcomes. In-
tegrating these perspectives allows robotic mission analysis to enrich
a process-driven view with a more dynamic, context-aware one. This
would better support decision-making by linking each mission and
activity to the corresponding contextual perspective, offering deeper
insights into performance, behaviors, and potential improvements.

4. Methodology

This section presents the methodology we designed to support a
robotic expert (e.g., a robotic system developer or analyst) in the
automatic extraction and processing of a robotic event log from the
execution of a robotic system and its analysis through process mining
and visual analytics.

The proposed methodology, depicted in Fig. 4, consists of a data
preparation phase, composed of mission tagging, mission execution, and
data processing, involving robotic event log preparation, and an mission
analysis phase, composed of mission discovery, process enhancement,
and reasoning, enabling robotic mission analysis via process mining and

visual analytics. Notably, the data preparation phase is built upon the
tag-based multi-perspective methodology presented in [8], but has been
specialized to better consider multiple perspectives impacting robotic
missions.

Mission tagging. The first step guides the robotic expert 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 an expert 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 expert (as also supported by the qualitative evaluation presented in
Section 6.2).

The expert indicates points, i.e., tags, in the code that trigger events
during the robot’s execution. Specifically, the expert specifies a list
of attributes relevant to analyzing the robot mission with process
mining. 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 status of the activity, i.e., start or complete. Notably, an
essential characteristic is that the robotic activities must share the same
and suitable level of granularity [39]. For example, in Fig. 5 we can see
the composition of a robotic activity named Explore, performed by the
drone from the running scenario to inspect a specific area. This activity
can be seen as the combination of more granular activities, i.e., Go To
and Detect Weed, which in turn are realized through a combination of
various peripheral-centric robotic data produced by the robot. Notably,
the concept of a tag directly related to the source code allows an



S. Pettinari et al.

Activity-centric

Detect Weed

Granularity level

|
| [ |

[ ] [ ] [ ] [ } Peripheral-centric
rotor gps laser camera

Fig. 5. Robotic activity composition.

expert to choose the desired level of granularity, hence passing from
a peripheral-centric to an activity-centric point of view suitable for the
analysis that will be applied to the event logs.

Mission execution. In the second 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 incorrect behaviors into physical devices.
Additionally, the simulation eases and speeds up the massive execution
of the system while allowing testing in different environment settings.
During the system execution, a listener is integrated to catch the event
data. Specifically, since the robot’s perspectives, e.g., spatial position or
battery level, can change during the execution of an activity, a listener
should record tagged data, and all the contextual perspectives that
could be useful to get insights into the robotic mission. Moreover, in
this step, the robotic expert must define how to segment the mission
execution into meaningful cases for analysis. This is necessary because
process mining requires a case identifier to group events that belong
to the same execution instance. In the context of robotic systems, a
case can correspond to a specific robot, a complete mission run, or a
defined operational period. For example, one might consider a mission
instance concluded when the robot returns to the docking station. The
choice of how to segment missions, and thus define cases, depends on
the robot’s operational logic and the specific insights the expert aims
to extract from the analysis.

Data processing. During the third step, the recorded event data needs
to be processed to become an event log suitable for process mining
analysis. First, to comply with process mining requirements, the pro-
duced data has to be segmented based on the case identified during the
previous step. In addition, this step involves enriching activity-centric
event logs, i.e., tagged data, with all relevant perspectives chosen by the
expert. Since a robot’s perspectives can change during the execution of
an activity, this step should manipulate the events by associating each
activity execution with the temporal evolution of its corresponding
perspectives. This can be done by introducing additional events with
the same activity name, a lifecycle status labeled as inprogress [40], and
a set of values reflecting the multi-perspective information relevant to
the system. As a result, the output is a robotic event log, translated
in XES format, where each recorded event represents a meaningful
robotic activity and is enriched with the temporal evolution of all
perspectives of interest. An example of a XES-based robotic log with
multiple perspectives is shown in Listing 1.

<event>
<date key="time:timestamp" value="2025-04-01T12:11:18" />
<string key="concept:name" value="explore" />
<string key="lifecycle:transition" value="start" />
<string key="lifecycle:state" value="none" />
<float key="data:x" value="0.0" />
<float key="data:y" value="5.0" />
<float key="data:z" value="1.4" />
<string key="org:resource" value="drone" />
<string key="message:id" value=null />
</event>
<event>
<date key="time:timestamp" value="2025-04-01T12:11:20" />
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<string key="concept:name" value="explore" />
<string key="lifecycle:transition" value="none" />
<string key="lifecycle:state" value="inprogress" />
<float key="data:x" value="0.5"/>
<float key="data:y" value="4.8" />
<float key="data:z" value="1.4" />
<string key="org:resource" value="drone" />
<string key="message:id" value=null />

</event>

Listing 1: XES-based example of robotic event log.

Mission discovery. In the fourth step, the methodology adopts process
discovery to provide a process model that describes the robotic mission,
in terms of executed activities, by observing the event log. Since the
generated log follows the XES standard, various process discovery tech-
niques can be applied. The selection of a discovery algorithm depends
on the specific analysis objectives, as different representations offer
unique insights into the structure and flow of activities.

In this paper, we chose to represent the robotic mission as a DFG
because it provides an intuitive visualization, thus making it easier to
interpret robotic missions. Moreover, a DFG allows analysts to avoid
direct manipulation of event logs, such as filtering operations, which
may be computationally expensive. Instead, these operations can be
performed more efficiently by working directly on the DFG [19]. The
discovery algorithm, presented in [19], extracts from the log the events
produced during the mission execution and collects the directly-follows
relations, i.e., binary relations indicating whether an activity occurs im-
mediately after another. The relations between the performed activities
are graphically represented as a DFG, i.e., a directed graph whose nodes
represent the process activities and the arcs indicate a directly-follows
relation. In this form, the DFG summarizes the different executions of
the robotic mission seen in the event log. Each path from the start
to the end node represents a sequence of activities performed during
the mission execution. In the case of a frequency DFG, the labels on
the nodes indicate how often each activity has been performed, while
the labels on the arcs show how frequently the connected activities
have been executed in sequence. In contrast, for a performance DFG,
the labels on the nodes represent the duration of each activity, and
the labels on the arcs indicate the time taken for transitions between
activities.

Process enhancement. Since the discovery of the process focuses only
on the control-flow, this step leverages multiple visualizations to extend
the process view with additional information, resulting in a more
extensive analytics representation. Indeed, the process enhancement
step builds on the robotic event log by exploiting the explicit corre-
lation between activities and contextual data recorded during mission
execution. Rather than embedding contextual information directly into
the process model, each perspective is analyzed through dedicated
visualizations that are semantically aligned with the discovered control-
flow. This design allows analysts to relate observed mission behavior
to contextual perspectives without overloading the process model or
losing information, while keeping the enhancement step independent
of the specific process representation adopted.

Based on the motivation presented in Section 3, we choose to
incorporate robot spatial occupancy, energy consumption, and com-
munication as key perspectives for enhancing the discovered process
model, thus enabling a more context-aware representation of robotic
missions. These perspectives complement the time perspective, which
is inherently captured during mission discovery.

« Spatial Perspective. The spatial perspective strongly impacts the
control-flow, as robots operate in dynamic and often unknown
environments [41]. To capture this, each activity in the discov-
ered process model is linked to a set of positional data points
representing the robot’s location during execution. This perspec-
tive enables analysts to relate activity execution to environmental
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conditions, such as identifying areas where specific behaviors

repeatedly occur or where navigation issues arise, thus fostering

the reasoning on how this may impact robotic behavior.
* Energy Perspective. Battery availability is critical for task execu-
tion, determining whether a robot can complete a task or needs
to recharge before proceeding [42]. To support this analysis, the
process model is enhanced with energy consumption data for
each activity, alongside an overall mission discharge profile. By
correlating energy consumption with activity execution, this per-
spective supports the identification of energy-intensive activities,
possibly energy-driven deviations, and potential causes of mission
termination.
Communication Perspective. The distributed and cooperative nature
of robotic systems requires a timely and accurate exchange of
information among devices [43]. Indeed, by exploiting commu-
nication mechanisms, the robots can coordinate with each other
and manage task assignments. Therefore, the process model is
extended to incorporate inter-robot communication, capturing
message exchange in terms of duration and loss rates. This per-
spective enables reasoning about coordination effectiveness by
relating communication failures or delays to specific activities and
performed activities within the mission. Notably, communication
may also involve interactions with humans or external systems.

Together, these perspectives enable analysts to enhance control-flow
inspection and reason about why specific mission behaviors occurred
under particular contextual conditions.

Reasoning. The final step of the methodology involves reasoning on
the produced analytics to derive mission analysis results. In this step, in-
sights gathered from the process model and visualizations are examined
to identify hidden patterns, correlations, and insights from performed
activities, mission, and contextual perspectives. This reasoning can
be driven by automated systems, where specialized algorithms can
identify anomalies and relationships, or guided by human expertise,
with robotic experts leveraging intuition and experience to interpret the
interplay between the process model and visualizations. This analysis
helps to understand how different perspectives influence the execution
of robotic activities. Moreover, it can highlight potential inefficiencies
or areas for improvement in mission performance, providing oppor-
tunities for optimization. Whether automated or human-driven, this
step aims to provide analysis results capable of fostering a deeper
understanding of the system and supporting informed decision-making.

5. Implementation

The proposed methodology can be automated both for data process-
ing and for mission analysis. For data processing, a collection of scripts
facilitates the automatic translation of unrefined data, generated during
the robot’s execution, into robotic event logs suitable for the application
of process mining techniques. This implementation is tailored to ROS-
based systems, as ROS is recognized as the de facto standard for robot
application development [44]. For mission analysis, the RoBoTRACE tool
enables both the process discovery and its enhancement with multiple
perspectives. Notably, these implementations are loosely-coupled and
flexible enough to be used independently of each other. The source code
to reproduce these steps is available online [45].

Data processing. Data generated during robots’ execution can be ac-
quired 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

3 https://github.com/ros2/rosbag2
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processing workflow illustrated in Fig. 6. These scripts enable the
transformation of the unrefined ROS data into robotic event logs.
After the execution of the system, the unrefined ROS data is given
as input to the Data Conversion script. This script decodes the ROS-
based data into several files, representing both the events generated
by the system’s tags and other perspectives identified by the developer.
However, the retrieved event data requires further refinement to create
process mining-compliant event logs. This refinement is carried out by
the Data Enrichment script, which enriches the tag-based data by first
defining each mission execution as a case identifier, then incorporating
the perspectives of interest both in the tag-based data and by intro-
ducing additional events with the same activity name, an inprogress
lifecycle status, and a set of values reflecting the evolution of the
perspectives. The resulting robotic event log is in the form of Listing 1.

Process discovery and enhancement. The tool enabling mission analysis
is RoBoTrace, a web application, that automates the discovery and
enhancement steps. It is composed of two modules. One is responsible
for generating the process model from the event log, achieving this
through DFG discovery. The second module utilizes the information
about the generated process model to graphically visualize the received
process model and enhance it with multiple perspectives.

The first 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. Indeed, since the DFG discovery correlates the
events based on temporal occurrence, analysts 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. The discovery output consists of a collection of nodes, edges,
and labels that represent the DFG structure. Additionally, to make
the graph more user-friendly, and thus ease the 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, ultimately providing a
clear and easily navigable process model for analysis.

The second module receives the collection of nodes, edges, and
labels produced by the first module. It enables the generation of an
enhanced process model by integrating the perspectives’ view with the
activities. This module is intentionally designed as a unique analytical
interface that brings together control-flow and contextual information,
allowing analysts to reason about mission execution without switching
between separate tools or views. Rather than merging all the infor-
mation into a single visualization, which could hinder interpretability,
each perspective is rendered through a dedicated plot, generated from
the information retrieved in the event log. Additionally, each plot style
has been selected to ensure clear and efficient visualization and anal-
ysis of the corresponding information. Specifically, spatial occupancy
visualization has been represented via a 3D scatter plot. Indeed, the
scatter plot enables the visualization of the relationship between three
quantitative variables [24], in this case, the x, y, and z dimensions.
To enhance human reasoning, points have been associated with dif-
ferent colors and shapes to distinguish between activities performed
by each robot. Energy consumption visualization has been represented
via a line chart. Specifically, a line chart shows how quantitative
values have changed over time for different categories [24]. For each
robot, we plotted the time progression on the x-axis and the battery
levels on the y-axis. Additionally, to enhance readability and facilitate
analysis, we segmented the battery discharge plots by separating them
according to different cases. Finally, communication visualization has
been represented as a stacked bar chart. Specifically, a stacked bar

4 https://processintelligence.solutions/pm4py
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chart shows how different categories combine to form a whole across
major items. Each part’s size reflects its quantitative proportion, repre-
sented as stacked segments [24]. For the robotic scenario, we selected
to represent received and lost messages. Together, these visualizations
provide an interactive and comprehensive view of mission execution,
combining control-flow, spatial occupancy, energy usage, and commu-
nication dynamics. Additionally, the analyst can perform more accurate
analysis over single activities by selecting a node in the graph and the
perspectives of interest.

Notably, to improve visualization scalability, users can exploit in-
teractivity features provided by the plots. Specifically, filtering allows
users to include or exclude data from the display, such as visualizing
only the spatial occupancy during a specific activity. Meanwhile, high-
lighting enables users to zoom in on areas of interest, such as focusing
on the final moments of a case execution to observe battery depletion
in detail.

6. Proof of concept

This section shows the feasibility and effectiveness of the method-
ology. For this purpose, we apply to the running scenario presented
in Section 3, the steps prescribed by the methodology to produce
event logs and analyze them via process mining and visual analyt-
ics techniques. Additionally, we conduct a qualitative user evalua-
tion with robotic domain experts to assess the perceived feasibility,
interpretability, added-value, utility of the proposed methodology.

6.1. Methodology at work

Following, we present the methodology steps applied to the smart
agriculture scenario.

Mission tagging. 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, return to base, and
stop. 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 of the sender type and
with a ? if they are of the receiver type [46]. To better clarify the tag
concept, Listing 2 shows an excerpt of the tag integration in the ROS
code. Here, the Cut grass function call is preceded and succeeded by
publishing a topic containing the aforementioned fields.

tag = TagTopic()
tag.activity = "cut_grass"
tag.lifecycle = "start"
ros_publisher.publish(tag)
CutGrass (ros_node)

tag.lifecycle = "complete"
ros_publisher.publish(tag)

Listing 2: Excerpt of tag integration

Mission execution. Once we completed the tag integration, we ran
the system in the Gazebo simulator. Fig. 7 shows two instances of the
mission execution with related activities graphically tagged. Despite
current simulation solutions are not able to emulate the real-world
phenomena in a sufficiently realistic manner [13], our choice of using
the simulation environment was mainly driven by the possibility of
executing simulations with different initial settings. It allowed us to
set random locations of weeds and variable battery discharge for each
robot, as well as to produce a significant amount of data by running 70
simulations of the system execution. Specifically, we defined that each
simulation run corresponds to a case identifier. Notably, the number
of executed simulations was chosen as a trade-off between generating
diverse mission instances, with variable weed locations and battery
discharge levels, and the computational resources available for running
Gazebo simulations.

Data processing. The execution of the simulations generates robotic
event data that is processed to extract activity-centric event logs en-
riched with the selected perspectives. Table 2 shows an excerpt of the
robotic event log related to a simulation run. Notably, for the sake of
presentation, the log is shown in a tabular format. However, it is also
generated in compliance with the XES standard, similar to Listing 1.
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 and Lifecycle are related to the high-level
data generated via tags, and respectively represent the event name and
its execution status. Considering the spatial perspective, the x, y, and
z values store the position of the robot when an activity starts, is in
progress, or completes. To distinguish the robot that generates a given
event, its identifier is saved in the Resource field. Msg stores the message
identifier shared between robots. Finally, Battery stores robots’ battery
levels at the time the event is generated.

Mission discovery. The event log produced by the data processing step
can be easily uploaded into its interface. After uploading the event
log, the analyst can discover the DFG depicting the control flow of
the multi-robot system. Fig. 8 represents the frequency DFG of the
overall mission of the robotic scenario. The resulting DFG provides
an overall view of the mission execution by presenting the frequency,
across all cases, during which an activity occurred, or the performance
of an activity, as well as the frequency/time duration of the relation
between the connected activities. Since the DFG is directly derived
from the event log, the discovered model is fully compliant with the
observed execution, ensuring maximal fitness with respect to the input
data. Notably, exploiting the RoBoTrack tool, the DFG can also be easily
navigated, explored, and filtered.
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Table 2
Excerpt of robotic event log.
Case Time Activity Transition State Attributes
X y Z Resource Msg Battery

38 10:08:53.12 explore null inprogress 0.59 3.33 1.48 drone null 97
38 10:08:55.01 explore null inprogress 0.99 4.01 1.48 drone null 97
38 10:08:56.55 explore null inprogress 1.12 4.52 1.48 drone null 96
38 10:08:57.61 explore complete null 1.66 5.03 1.48 drone null 96
38 10:08:57.88 weed_found start null 1.66 5.03 1.48 drone null 96
38 10:08:58.00 weed_position! complete null 1.66 5.03 1.48 drone mb52 94
38 10:08:58.30 weed_position? start null 0.25 1.12 0.0 tractor_1 m52 85
38 10:08:58.30 weed_position? complete null 0.25 1.12 0.25 tractor_1 mb52 85
38 10:08:58.30 tractor_position! start null 0.25 1.12 0.0 tractor_1 m53 84
38 10:08:58.32 tractor_position! complete null 0.25 1.12 0.0 tractor_1 m53 84
38 10:08:58.34 weed_position? start null 0.17 1.12 0.0 tractor_2 m52 71
38 10:08:58.35 tractor_position? start null 1.66 5.03 1.48 drone m53 93
38 10:08:58.35 tractor_position? complete null 1.66 5.03 1.48 drone m53 93
38 10:08:58.36 weed_position? complete null 0.17 1.12 0.0 tractor_2 m52 71
38 10:08:58.37 tractor_position! start null 0.17 2.04 0.0 tractor_2 m54 71
38 10:08:58.39 tractor_position! complete null 0.17 2.04 0.0 tractor_2 m54 71
38 10:09:00.91 tractor_position? start null 1.66 5.03 1.48 drone m54 93

Process enhancement. After mission discovery, the enhancement step
takes the discovered process model as input and supports the joint
exploration of control-flow and contextual perspectives selected by
the expert. Rather than modifying the process model itself, this step
provides an integrated analytical interface that enables correlating
mission activities with spatial, energy, and communication information.
The resulting interface, depicted in Fig. 9, provides the expert with a
dashboard to visualize the interleaving of the mission process model,
the spatial occupancy of the robots when performing the mission,
robots’ energy consumption for each case, and the communication
metrics regarding received and lost messages. This allows experts to
inspect how specific activities relate to contextual conditions, support-
ing exploratory-driven reasoning. Moreover, if the energy perspective
inspection is active, DFG nodes are enhanced with a visualization
showing the average energy consumption of each activity.

Therefore, the visualizations presented for the running scenario
aim to demonstrate how the enhancement step can enrich mission
analysis through coordinated visual analytics without constraining the
underlying process representation, thereby prioritizing interpretability
and exploratory analysis in support of human-driven mission under-
standing.

Reasoning. To reason on the robot mission, we start with an ex-
ploration of the mission’s DFG to provide an initial understanding

of the sequence and consistency of executed actions. As illustrated
in Fig. 8, the overall behavior of the system showed that the robots
followed the expected workflow. Indeed, in this representation, event
connections are established only based on temporal occurrences. Con-
sequently, events executed by different robots cannot be differentiated.
Nevertheless, this DFG offers a comprehensive overview of the multi-
robot mission. It reveals a consistent pattern where the drone always
concludes (via the land activity) its execution before the tractors.

The DFG is filtered to dig deeper by isolating the drone’s process,
generating a new DFG for the mission of this robot. Fig. 10 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.
Afterwards, 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 execu-
tion 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 been unable to explore the whole field. Indeed, the analysis
of the mission process model shows that the running robot worked
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Fig. 8. DFG of the smart agriculture scenario.

as expected without performing any incorrect behavior. However, to
better understand why there was no expected activity in the process, we
inspect other system perspectives to investigate possible causes, such as
a programming error or a lack of resources.
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We initially focus on the spatial perspective, mapping the drone’s
movements across the operational area. This visualization, depicted in
Fig. 11, reveals an incomplete exploration pattern, with unexplored
sections of the field. Specifically, the drone always takes off from the
base station and starts exploring the field. During the exploration, it
spots some weeds and reports them to the tractors. If, on the one hand,
this sequence of actions has already been verified with the DFG, the
visualization 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 preventing the robot from navigating
correctly. Additionally, a robotic 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.

Looking for further clarity, we move to a finer DFG granularity,
focusing on a single execution run, specifically, we discuss case 1. By
inspecting the corresponding spatial plot, we observe that the drone
remains stationary in a specific area while executing the weed position!
activity. This continues until a low battery event occurs (see Fig. 12).
This observation raises new questions about the underlying cause of the
blockage. To investigate further, we integrate energy consumption data
into the analysis, combining it with the performance DFG to incorpo-
rate a time perspective as well. As depicted in Fig. 13, a considerable
amount of energy usage is associated with the weed position! activity,
which, on average, takes 10 s to complete and recurs every 10 s. This
suggests that this activity significantly impacted the drone’s resources,
thus affecting the successful completion of the mission.

Since a potential issue is linked to an activity representing inter-
robot communication, we take the initial log and filter on case 1,
keeping also the tractors, so that we can retrieve received and lost
messages. Indeed, the communication analysis reveals 8 weed position
messages were lost, suggesting that the drone might have awaited
tractor responses. This communication breakdown could explain both
the standstill in Fig. 12 and the resulting battery drain, as the drone
may have continued consuming energy while attempting to receive a
response (see Fig. 14).

Summing up, the iterative nature of the human-driven reasoning
step, i.e.,, moving progressively from high-level mission insights to
detailed investigations of space, energy, and communication data, high-
lights the strength of combining process mining with visual analytics.
Each layer of investigation enhances the understanding of the mission,
transforming an initial anomaly into an intuitive diagnosis of the
possible issues affecting mission execution.

6.2. User evaluation

To investigate the practical applicability of the proposed methodol-
ogy, we conducted an expert-based evaluation with robotics researchers
from academia. The evaluation combined semi-structured interviews
and standardized questionnaires to examine the perceived feasibility of
activity tagging, the interpretability of the discovered process model,
the added value of the visual perspectives, and the usefulness of the
proposed mission analysis approach with respect to current tools and
practices.

Methodology and domain experts selection. We followed the qualitative
survey empirical standard and its essential attributes [47] to perform
semi-structured interviews. The interview study was complemented
with post-session standardized questionnaires, namely System Usability
Scale (SUS) and NASA Task Load Index (NASA-TLX), to collect de-
scriptive indicators of perceived usability and workload. Participants
were selected through convenience sampling [48], with the goal of
collecting in-depth expert feedback. The recruitment criteria focused on
participants’ knowledge and expertise in robotic software engineering,
mission specification, and reasoning. This choice is consistent with
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established empirical practices in software engineering research, where
expert-based qualitative studies are commonly employed to gain quali-
tative insight into novel approaches [49-51]. While the choice of using
SUS [52,53] and NASA-TLX [54] was adopted to assess the subjective
usability and workload induced by the interaction with the tool. These
two instruments capture complementary aspects of the user experience:
SUS is a compact and widely used standardized questionnaire for
perceived usability, whereas NASA-TLX provides a multidimensional
assessment of workload, including mental demand, temporal demand,
effort, perceived performance, and frustration. This is particularly rele-
vant in our setting, where participants were asked to inspect and reason
about robotic mission analysis through a novel visualization dashboard.
For anonymity purposes, the experts are referred to throughout the
text as [ex:1]-[ex:5]. All participants have contributed research publi-
cations and are actively involved in teaching courses in this domain.
Specifically, they include researchers and faculty members working
in computer science-related areas. Their combined expertise spans
runtime verification, software engineering, business process models,
privacy-enhancing technologies, and service-oriented computing, while
also addressing the design, verification, and implementation of robotic
systems. Overall, we interviewed five domain experts.

Experimental protocol. To clarify the evaluation procedure, we sum-
marize the protocol followed during the user evaluation. The study
combined two complementary components: (i) a semi-structured inter-
view aimed at collecting expert feedback on the proposed approach,
and (ii) a questionnaire-based assessment aimed at collecting descrip-
tive indicators of perceived usability and workload. Each session was
conducted synchronously, involved one participant at a time, and lasted
approximately one hour.

At the beginning of each session, the interviewers introduced the
study objectives and provided the background needed to understand
the approach. The introduction covered the problem addressed by
RoBoTRraAck, the role of process models in representing robotic missions,
the tagging mechanism used to generate activity-centric event logs, and
the selected visual perspectives. The same explanatory material was
used for all participants, namely the explanatory slides available in
the replication package, followed by a demonstration of the RoBoTracE
prototype.

The interview part was grounded in the case study presented in
Section 6.1. This case was used as a representative example to support
expert reasoning about the approach, as it illustrates the main steps of
the methodology, from tagging to process discovery and visualization.
The discussion followed a semi-structured guide organized around
four evaluation dimensions: (i) feasibility of the tagging activity, (ii)
interpretability of the resulting process model, (iii) added value of the
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generated visual perspectives, and (iv) usefulness of the approach with
respect to baseline representations. For each dimension, experts were
asked open-ended questions and encouraged to think aloud, comment-
ing on strengths, weaknesses, ambiguities, limitations, and possible
improvements.

After the interview, participants proceeded to the questionnaire-
based part of the evaluation. This part consisted of two steps. First,
participants used RoBoTRACE to analyze three synthetic event logs gen-
erated for the study, each representing a different robotic mission
scenario, and performed five analysis tasks reflecting the main perspec-
tives supported by the tool. Second, after completing the tasks, they
filled in the SUS and NASA-TLX questionnaires to report their perceived
usability of RopoTrace and the perceived workload associated with the
analysis. The use of synthetic logs avoided biases related to participants’
familiarity with the robotic system discussed during the interview, as
well as biases caused by recognizable or context-dependent mission
details.

Specifically, participants were asked to: identify the typical se-
quence of activities and the main phases of the mission (control-flow);
detect delays, bottlenecks, or unusually long-running activities (per-
formance); use the recorded spatial coordinates to estimate the area
covered by each activity and, for multi-robot scenarios, determine
whether robots operated in the same or distinct regions (space); as-
sess whether battery-related conditions affected the mission execution
(energy); and identify delayed or missing messages between robots,
for multi-robot scenarios (communication). For each synthetic log,
we defined a reference ground truth describing the expected findings
for these tasks, including the main control-flow sequence, potential
performance issues, spatial patterns, battery-related issues, and commu-
nication anomalies. Participants compared their observations with this
ground truth as a qualitative correctness check. At the end of the tasks,
participants completed the SUS and NASA-TLX questionnaire to collect
descriptive evidence on perceived usability and workload. The results
were analyzed descriptively and used to complement the qualitative
findings obtained from the interviews.

Two of the authors conducted all sessions following the same pro-
tocol. After the fifth interview, no significant new themes emerged
regarding the evaluated dimensions, suggesting thematic saturation
within the scope of the evaluation. To mitigate participants’ bias in the
qualitative analysis, the interviewers followed the same semi-structured
guide, avoided leading questions, and encouraged participants to dis-
cuss both positive and negative aspects of the approach. Moreover, the
experts reflected on their own assumptions and expectations before
and during the analysis, and discussed emerging interpretations to
reduce the influence of individual bias. The experts’ answers were then
analyzed qualitatively to identify recurring themes and viewpoints,
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focusing on their relevance and coherence with respect to the eval-
uation goals. The overall material, including the explanatory slides,
the interview guide, the RoBoTrAcE prototype, the questionnaires, the
synthetic event logs, the reference ground truth, and the reconstructed
interview transcripts, is available in the online repository [45].

Results of the interview-based validation. We submitted to experts’ eval-
uation the proposed methodology and its application to the running
scenario (cf. Section 6.1). The questions in the interview were designed
to gather their opinions on the feasibility of the tagging integration, the
interpretability and added-value of process models and visualizations,
and the utility of the proposed mission analysis with respect to base-
line approaches, beyond the scenario. Below is the set of open-ended
questions the domain experts were asked.

Q1 How would you assess the effort required to define and integrate
activity tags into a robotic mission? In which scenarios do you
think tagging would be feasible, and in which might it become
impractical?

Q2 Based on the process model, can you describe what happened
during the mission?

Q3 Did the additional perspectives influence or refine your under-
standing of the mission? How did the combination of the process
view and these visualizations affect your reasoning about the
mission behavior?

Q4 How would you normally analyze a robotic mission like this
using the tools, data, or practices you currently rely on?

Q5 Do you think you could have reached similar insights or conclu-
sions using your usual tools or approaches?

Feasibility of activity tagging (Q1). Experts generally perceived
the integration of activity tags into a ROS-based system as technically
feasible, especially when developers have control over the codebase,
and described the required implementation changes as localized. How-
ever, several participants emphasized that the main challenges are
conceptual rather than technical. For instance, [ex:3] pinpointed that
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selecting an appropriate abstraction level and identifying meaningful
activities may be non-trivial design decisions. [ex:1] and [ex:2] noted
that tagging becomes more challenging when behaviors overlap, are
nested, or are reactive. Overall, tagging was considered feasible when
developers have control over the codebase and sufficient understanding
of the mission structure, while guidelines or best-practice patterns were
suggested to reduce the risk of inconsistent tagging ([ex:3], [ex:5]).

Interpretability of the process model (Q2). Experts reported that
the discovered process model helped them obtain a structured overview
of the mission execution and reconstruct the main sequence of activities
and interactions. Several participants explicitly stated that the process
view supports understanding the overall mission flow and distinguish-
ing frequent from infrequent behaviors ([ex:2], [ex:4]). Additionally,
[ex:1] highlighted its usefulness for understanding the sequential na-
ture of the mission, specifically in cases where sequencing is not
explicitly represented by the developer, such as when using behavior
trees or similar control structures. At the same time, [ex:3] observed
that interpretability depends on the chosen abstraction level, as too
fine-grained tagging may lead to complex models that are harder to
read, while coarse-grained tags may lead to a loss of information.
In multi-robot settings, [ex:4] and [ex:5] experts highlighted the im-
portance of distinguishing activities done by different robots, either
through filtering or additional annotations.

Added-value of visual perspectives (Q3). All experts agreed that
the contextual perspectives refined their understanding of the mis-
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sion beyond what could be inferred from the process model alone.
In particular, [ex:1] and [ex:4] emphasized the usefulness of spatial
visualizations for identifying navigation patterns and abnormal be-
haviors, while [ex:1], [ex:2], and [ex:5] highlighted the relevance of
energy-related views for pinpointing energy-intensive tasks and poten-
tial battery issues. Communication-related perspectives were perceived
as particularly useful in multi-robot scenarios, as they helped reveal
coordination issues and message losses ([ex:1], [ex:2]). Overall, [ex:2],
[ex:3], and [ex:4] experts appreciated that these perspectives have a
direct connection to robots’ activities and are presented as separate but
coordinated views, avoiding visual overload.

Utility with respect to baseline approaches (Q4-Q5). When
describing their usual analysis practices, experts reported to rely mainly
on manual log inspection ([ex:1], [ex:5]), ad-hoc plotting ([ex:1],
[ex:2], [ex:4]), and, in some cases, requirement- or monitor-based
analysis ([ex:2], [ex:3], [ex:4]). Experts [ex:1] and [ex:5] noted that
similar insights could technically be achieved by leveraging, or cus-
tomizing, existing tools or libraries to extract each required aspect
separately (e.g., the process model and individual plots). However, this
would require manual effort to connect heterogeneous data sources. In
contrast, some experts perceived the proposed approach as potentially
reducing the manual effort needed to connect different sources of
evidence, by presenting process-oriented and contextual information
within a unified analysis environment ([ex:2], [ex:3]).

Beyond the evaluation dimensions captured by Q1-Q5, experts
also provided additional suggestions during the final discussion. The
interviews revealed a shared interest in the contextual visualizations we
introduced. In addition, some experts suggested extending the current
visualizations with additional ones. For instance, a Gantt-like chart
to capture temporal aspects of task execution and complement the
performance DFG ([ex:1]), or a social-network graph to provide a
different view on multi-robot communication ([ex:5]). In this direction,
the methodology and tool have been designed to naturally support
the integration of additional visual perspectives. Another direction
emerging from the discussion concerns the integration of runtime veri-
fication and monitoring techniques to complement the proposed visual
analysis. Experts [ex:2], [ex:3], and [ex:4] noted that some behaviors
may be challenging to assess only via visual inspection and suggested
combining visualizations with property-based or requirement-driven
analysis to strengthen the analysis of mission executions.
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Summary and emerging insights. The interviews provided prelim-
inary support for the expected usefulness of visualization-based
analysis for obtaining a structured overview of mission execution,
while also revealing non-trivial methodological design implications.
In particular, experts highlighted that the main challenge of activity
tagging lies in choosing meaningful abstraction levels, especially
for overlapping, nested, or reactive behaviors. They also empha-
sized that model interpretability depends on tag granularity, since
fine-grained tags increase analysis detail but may reduce readabil-
ity. Finally, the feedback identified tagging guidelines, additional
temporal and communication-oriented views, and integration with
requirement-based monitoring as relevant directions for extending
the approach. Thus, the evaluation provides exploratory evidence
that helps clarify where the methodology may be useful, what
design choices affect its applicability, and how it can be further
developed.

Overall, the expert feedback indicates that the proposed method-
ology is perceived as practically feasible in practice, effective in sup-
porting mission understanding, and useful in complementing existing
robotic mission analysis approaches, while also revealing potential
for extension and identifying several promising directions for future
research.

Results of the questionnaire-based validation. To complement the qual-
itative interviews, we collected questionnaire-based feedback on the
perceived usability and workload associated with using RoBoTrack for
robotic mission analysis. The questionnaire was administered after
participants had interacted with the tool and completed the assigned
analysis tasks on synthetic robotic event logs. Specifically, the evalua-
tion material consisted of synthetic logs covering three representative
robotic mission scenarios: a single-drone mission, a multi-robot ware-
house scenario, and a multi-robot search-and-rescue scenario. For each
log, participants were asked to complete five analysis tasks reflecting
the main perspectives supported by the tool: control-flow, performance,
spatial workspace, battery, and communication analysis. After task
responses, participants were able to compare the extracted insights with
the reference ground truth defined for each synthetic log, to ground
their subsequent assessment of perceived usability and workload in
the analysis outcomes. Overall, the study involved 5 participants, each
completing 5 analysis tasks on 3 event logs.

After completing the tasks, participants filled in the SUS and NASA-
TLX questionnaires. The SUS questionnaire consists of ten items rated
on a five-point Likert scale, ranging from 1 to 5 (with 1 = strongly
disagree, to 5 = strongly agree). The items cover different aspects
of perceived usability, including willingness to use the system fre-
quently, perceived complexity, ease of use, need for technical support,
integration of functions, consistency, learnability, cumbersomeness,
confidence, and the amount of prior learning required before using
the system. The NASA-TLX questionnaire was used to collect partici-
pants’ perceived workload while performing the analysis tasks with the
RoBoTRrACE tool. It considers six workload dimensions: mental demand,
physical demand, temporal demand, performance, effort, and frustra-
tion. We used the raw NASA-TLX variant, considering the six workload
dimensions without applying pairwise weighting.

Fig. 15 shows the distribution of the SUS Likert-scale responses.
Overall, the responses suggest a positive perception of RoBoTRACE usabil-
ity among the involved participants. For the positively worded items,
participants mostly agreed or strongly agreed that they would use
the system frequently (SUS1), that it was easy to use (SUS3), that its
functions were well integrated (SUS5), that most users would learn it
quickly (SUS7), and that they felt confident using it (SUS9). Conversely,
for the negatively worded items, participants consistently disagreed or
strongly disagreed that the system was unnecessarily complex (SUS2),
required technical support (SUS4), was inconsistent (SUS6), or cum-
bersome to use (SUS8). Responses to SUS10 were also mostly negative,
suggesting that participants did not perceive a substantial amount of
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Fig. 15. Distribution of SUS Likert-scale responses.

prior learning as necessary before using the tool. These results suggest
that RoBoTrAce was perceived as usable, coherent, and learnable by the
involved experts.

Concerning perceived workload, overall, participants reported a
moderate level of mental demand, with an average score of 3.0 out
of 10 (with 1 = very low, to 10 = very high). Effort was also perceived
as moderate, with an average score of 2.4, while physical demand and
temporal demand were low, both averaging 1.6. Frustration was also
low, with an average score of 1.8. Finally, the performance-related item
(with 1 = perfect/success, to 10 = failure/unsuccessful) obtained an
average score of 2.6, suggesting that participants generally perceived
themselves as able to complete the assigned analysis tasks, also with
respect to the provided ground truth.

These results suggest that using RoBoTracE required some cognitive
effort, mainly due to the reasoning involved in interpreting robotic
event logs and their visual representations without knowing the ref-
erence scenarios, but did not impose substantial physical, temporal,
or frustration-related workload. As for the SUS results, these values
are interpreted descriptively and used to complement the qualitative
findings rather than to support statistically generalizable claims.

Overall, the questionnaire-based evaluation suggests that the pro-
posed approach can support the robotic system development lifecycle
by supporting developers to analyze mission executions at a higher
level, identify anomalies and execution inefficiencies, and consequently
guide subsequent refinements of the robotic system implementation.
Rather than replacing existing analysis practices, the goal of the pro-
posed methodology and tool is to complement traditional low-level
analysis/debugging approaches by providing mission-oriented abstrac-
tions and visual perspectives that facilitate the interpretation of com-
plex robotic behaviors.

7. State of the art

This section examines the state of the art by considering works
applying process mining techniques to robotic systems, visual analytics
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in robotic systems, and integrating process mining and visual analytics
in various domains. Since no existing methodology combines process
mining and visual analytics specifically for robotic mission analysis,
we structure our review around these three dimensions to present the
current state of the art and related limitations.

Process mining & robotic systems. Recently, a few works have experi-
mented with applying process mining techniques to analyze and diag-
nose a robotic system. In [55], the author proposes a process confor-
mance verification using a process mining tool on the event log of a
single-robot system. 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 manufacturing domain, in [31] 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 scenarios, in [7] the au-
thors assess the application of process mining to extract robots’ missions
and perform analysis related to the execution time, resource occupancy,
and area usage. In [32], the authors apply process mining techniques 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 tech-
niques have been exploited to discover the conditions leading to team
formation. In [56], the authors apply process mining to continuously
discover process models that serve as a basis for robot learning. The
discovered models provide insights into scheduling challenges and in-
efficiencies, highlighting deviations in average throughput times across
different scenarios. This analysis reveals how variations in decision
rules influence emergent behaviors, facilitating the identification and
understanding of such behaviors within multi-robot systems.

Overall, the presented works identified a common drawback in the
application of process mining in robotic systems: the huge amount of
generated low-level data. This may lead to obtaining processes that
reflect low-level behaviors but do not support effective reasoning about
the overall mission execution. Moreover, the difficulty in extracting
and manipulating robotic data leads to a shortage of process mining
approaches that could be exploited or designed to address the dynamics
of robotic scenarios.

Visual analytics & robotic systems. Visual analytics has been exploited
in the literature to improve the interpretation and analysis of robotic
systems’ complex behaviors. In [17], the authors propose an architec-
ture to support stakeholders during the robotic mission design, runtime,
and postmortem analysis phases. Specifically, they propose different vi-
sualizations that support the reasoning and analysis of the robot’s tasks
at mission runtime and postmortem. These visualizations primarily
target the representation of performed actions, their duration, the used
resources, and different metrics and statistics of actions grouped by
action type or resource usage. Considering multi-robot scenarios, in [5],
the authors address the need to understand activities and decisions
made by a multi-robot system where each robot has its own worldview.
They propose a visual analytics system designed to aid robotic experts
in identifying and analyzing robotic decisions, detecting desynchroniza-
tion between different worldviews, and performing root-cause analysis
to uncover underlying issues. In [57], the authors investigate the
performance of robotic swarms in surveillance tasks, focusing on spatial
distribution and the impact of communication failures. By leveraging
graphical and interactive visualizations, the study provides insights into
individual and collective swarm behaviors. Specifically, it highlights
the importance of robots’ communication patterns, task duration, and
spatial visitation rates. In an industrial context, in [58], the authors
present an approach that leverages visual analytics to trace anomalies
when automatic decision evaluation becomes infeasible due to state
space explosion. This method relies on interactively deducing concrete
dependencies through expert-based analysis.
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Overall, the presented works highlight visual analytics as a promis-
ing solution for providing robotic experts with intuitive and easily
interpretable visualizations of robotic system behavior, facilitating both
real-time monitoring and postmortem analysis. However, the proposed
techniques focus on specific aspects of robot behavior, thus overlooking
a comprehensive analysis of the overall mission execution.

Process mining & visual analytics. Despite the research fields of pro-
cess mining and visual analytics having evolved independently for
years [12], some studies have explored their integration to enhance sys-
tems analysis and interpretation. In [59], the authors propose a multi-
perspective approach that combines process models and visualizations
to assist users in analyzing processes from different perspectives. The
core objective is to compare the execution of a process by consid-
ering perspectives related to time, performance, and resource usage.
This is achieved by overlaying visualizations of control-flow, time,
performance, and resource consumption of various process variants,
providing a comprehensive view of the process. In [60], the authors
introduce an approach to identify differences between two executions
of the same process, addressing the challenges associated with compar-
ing different logs. The proposed solution offers visualization techniques
specifically designed to analyze variations in resource reallocation and
activity rescheduling between the two logs. These visualizations enable
users to easily gain insights into how resources and activities have
been managed differently across the two event logs. In [61], authors
propose an approach for identifying bottlenecks in business processes
by analyzing event logs and visualizing the results. The objective is
to integrate visual analytics within process mining to deliver explain-
able and interpretable insights without exposing users to complex and
difficult-to-interpret process models. The primary focus is on visualizing
the time dimension, representing activity and trace durations to en-
hance human cognition and facilitate intuitive analysis. Recently, new
frameworks have been proposed to support the integration of process
mining techniques with visual analytics. In [62], the authors develop a
framework for industrial applications that utilizes historical and real-
time production data to predict optimal scheduling for fulfilling new
requests while meeting customer time requirements across different
simulated scenarios. The proposed solution integrates visual analytics
to generate interactive representations of process simulation results,
enabling decision-makers to identify key patterns and trends for more
effective production planning. Specifically, the framework includes a
what-if analysis step, offering visual insights into the potential impact
of adjustments to the production plan based on simulated scenar-
ios. Differently, in [63], the authors propose a domain-independent
framework that leverages multiple visual representations to capture dif-
ferent informational dimensions of the same processes, tailoring them
to the specific needs and background knowledge of process workers
and stakeholders. The framework focuses on prioritizing visualization,
considering the type of data to be visualized, the analytical tasks the
visualization aims to support, and the intended users, and adopting a
process-oriented representation.

Overall, integrating interactive visual data analysis with process
mining algorithms enhances the comprehensibility of complex infor-
mation structures and facilitates the discovery of new insights [12].
Many existing approaches focus on creating visualizations based on
typical data stored within event logs, such as resource usage or time.
Whereas, a few approaches go further by considering additional in-
formation and shaping it in the form of a process model, during a
preprocessing phase. Therefore, this information is constrained to con-
form to a process-oriented view, rather than being leveraged alongside
the discovered process model representing system behavior to derive
additional insights.
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8. Discussion

The strength of the proposed methodology lies in the separation be-
tween the data preparation and mission analysis phases, with the event
log serving as a common point. This structure enhances flexibility,
enabling each phase to be extended or adapted without affecting the
others. Although the methodology is tailored for robotic experts, it aims
to foster the integration of robotics, process mining, and visual analytics
approaches. Nonetheless, its application is based on assumptions and is
subject to limitations, which are discussed as follows.

Tagging performed activities. The first step of the proposed methodol-
ogy involves tagging the performed activities, which directly impacts
the quality of the event log produced. This step requires decisions
on the activity granularity and the type of contextual information
stored, which depend on the system under analysis, the analysis goals,
and the correctness of the applied tags. Although manual tagging
offers flexibility, it is prone to errors and inconsistencies. Therefore,
iterative refinement based on the quality of the extracted event log
helps to ensure proper logs. This assumption of manually recording
robots’ activities is aligned with practices also adopted with commercial
robots.®> As an alternative, model-driven approaches, such as the use of
behavior trees, can support structured and automated tagging. These
approaches facilitate runtime logging of mission execution and provide
standardized status information (e.g., success, running, failure), thereby
reducing the need for manual intervention and enhancing consistency
across logs.

Abstraction of low-level data. Robots typically generate low-level data
(e.g., sensor readings, actuator commands), which poses challenges
for applying process mining techniques that require high-level activity
information. To address this, our methodology assumes that these low-
level data are recorded together with high-level event logs, thanks to
the tagging step. In cases where this is not feasible, such as with Al-
driven systems that do not provide transparent behavior, we suggest
that additional techniques such as activity recognition or classification
should be employed [64]. However, such cases fall outside the scope
of the current methodology.

Event logs of robotic systems. Robotic systems typically generate het-
erogeneous execution data rather than structured, case-oriented event
logs. These data are often continuous, multimodal, and not explicitly
associated with a notion of process instance [64]. As a consequence,
identifying cases and their starting points can be challenging, similarly
to what has been observed in other domains such as with software
robots [65]. Our methodology does not assume the availability of a
predefined case notion, acknowledging that segmentation depends on
both the analysis goal and the specific robotic system under study.
When a clear case notion is not available, existing approaches for (semi-
Jautomated segmentation, such as [66-68], can be integrated within
the preprocessing step to identify process instances. This issue may
arise when missions are executed continuously without explicit resets
between runs, or when a single long-running execution spans multiple
mission cycles. It may also occur in highly variable environments,
where context-driven adaptations blur the identification of mission
instances, making it difficult to determine where a case logically starts
and ends.

Log timestamp synchronization. Timestamp synchronization is crucial

when dealing with distributed data sources like multi-robot systems [69].

In scenarios where clocks are unsynchronized, misalignment of event
sequences may occur, leading to inaccurate process discovery results.
This challenge could be faced during log processing by detecting and

5 https://docs.pal-robotics.com/ari/sdk/23.1.13/management/data-
logging.html
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repairing timestamp imperfections [70,71]. In the proposed method-
ology, we assume that event logs are properly synchronized through
hardware or software mechanisms, ensuring data consistency across
different robots or system components. Moreover, in our experiments,
we avoided synchronization challenges by utilizing a simulator where
the clocks of all robots were inherently synchronized.

Process discovery algorithms. The proposed methodology is designed to
be flexible, enabling its application across different robotic systems and
missions. While the current implementation used DFGs for process dis-
covery, the methodology is not limited to this specific representation.
By preparing robotic event logs in the XES standard, the methodology
supports extensibility in the discovery phase. This allows exploiting
alternative process discovery algorithms and notations [19], depending
on the specific requirements of the robotic expert and the objectives of
the analysis.

Process mining with contextual perspectives. To enrich the mission anal-
ysis with relevant contextual data, we extend the event log format to
capture continuous perspectives, such as spatial occupancy and energy
consumption. This extension allows for the inclusion of contextual
factors that traditional process mining techniques do not account for.
While this extension enables the analysis of robotic missions, a major
challenge lies in developing general-purpose tools capable of interpret-
ing continuous perspectives in a standardized way. Indeed, without
a standard for representing such continuous data within event logs,
tool development remains ad hoc and tailored to specific use cases.
Differently, having standardized event log representations capable of
supporting continuous perspectives would facilitate the incorporation
of new analytical dimensions within existing process mining tools and
libraries.

Robotic systems variability. From a conceptual perspective, the util-
ity of process mining for analyzing robotic missions benefits both
domains. Although robotic missions may be highly variable or even
unique, due to autonomy, interaction, and context-dependent decision-
making, process discovery techniques can be used to reconstruct and
make explicit the actual sequence of actions performed by the robot.
Even in a single execution, the observed behavior may differ from
the intended or expected one, as actions may be selected at runtime
based on contextual conditions. At the same time, from a process
mining perspective, the high variability characterizing robotic systems
introduces a new dimension of complexity for existing techniques.
Aspects like autonomy, interaction, and adaptability lead to executions
with strong contextual dependencies, infrequent behaviors, and non-
repetitive execution paths, which may challenge traditional process
mining assumptions [72]. Rather than limiting the applicability, this
variability motivates the extension and adaptation of process mining
techniques, positioning robotic systems not only as an application
domain but also as a driver for the evolution of process mining towards
increasingly adaptive and robotized scenarios.

9. Threats to validity

This section discusses potential threats to the validity of the pro-
posed methodology and its evaluation, and outlines the measures
adopted to mitigate them according to [73].

Threats to internal validity. Threats to internal validity relate to the
study design and the extent to which the reported findings are sup-
ported by the collected data. A potential threat arises from manual
activity tagging, which may introduce inconsistencies and affect the
quality of the generated event logs and the resulting process models.
The qualitative evaluation indicated that, while the technical integra-
tion of tags requires limited technical effort, tagging the activities can
be challenging in complex, reactive, or overlapping behaviors. This
risk is mitigated by encouraging structured and model-driven mission
specifications (e.g., behavior trees), as discussed in Section 8.
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Threats to construct validity. Threats to construct validity concern
whether the methodology accurately captures the intended concepts
of robotic mission analysis. The proposed methodology relies on tag-
ging robotic activities, where inappropriate granularity may either
hide relevant behavior or lead to too complex models. This threat
is mitigated by allowing robotic experts to tailor activity definitions
to analysis objectives, thereby supporting the selection of the desired
level of granularity. Another threat concerns the representation of
continuous contextual data associated with discrete activities. While
this association enables compatibility with process mining techniques,
it may oversimplify the evolution of contextual perspectives. The use of
visual analytics mitigates this risk by enabling these perspectives to be
analyzed alongside, rather than embedded within, the process model.

Threats to external validity. Threats to external validity concern the
generalizability of the results beyond the evaluated scenario. The ex-
perimental evaluation focuses on a single robotic mission scenario,
which may limit direct generalization to other missions or domains.
This choice was made to demonstrate the feasibility and applicability
of the methodology in depth, rather than to provide a broad empirical
comparison. We partially mitigate this limitation through a qualitative
evaluation with robotic experts, assessing feasibility, interpretability,
added value, and practical relevance beyond the specific scenario.
Nevertheless, extending the evaluation to multiple robotic missions and
real-world deployments is a key direction for future work.

Threats to conclusion validity. Threats to conclusion validity relate to
the reliability of the conclusions drawn from the analysis. The method-
ology relies on human-driven reasoning supported by visual analyt-
ics, which introduces a degree of subjectivity. However, the qualita-
tive evaluation showed consistent patterns across participants, i.e., the
interpretability and usefulness of the analysis interface, as well as
recurring limitations of baseline approaches. Experts also suggested
that automated verification or property-based analyses could comple-
ment visualizations, indicating a promising direction for strengthening
conclusions without replacing human-centered analysis.

10. Conclusions

This paper explores the application of process mining and visual
analytics techniques to enhance the analysis of robotic missions. To this
end, we proposed a methodology that guides robotic experts in prepar-
ing event logs from mission execution. These logs serve as the input for
discovering mission execution in the form of process models, enabling
the analysis of executed activities from a control-flow perspective and
their enhancement with visualizations describing contextual factors
that may have influenced mission outcomes. The methodology has been
implemented to facilitate both event log preparation and mission anal-
ysis. The latter has led to the development of the RoBoTrAcE tool, which
supports robotic experts in mission reasoning by automatically dis-
covering process models and enhancing them with spatial occupancy,
energy consumption, and communication perspectives. The proposed
approach has been assessed in a smart agriculture multi-robot scenario,
through an experiment conducted in a simulated environment, showing
its applicability and potential through a step-by-step analysis of robotic
mission execution.

As future work, we plan to validate the effectiveness of process min-
ing and visual analytics in multiple real-world scenarios by applying
the proposed methodology to commercial robotic systems. This will
provide empirical evidence of its utility in multiple settings and support
the assessment of its generalizability beyond a single scenario, while
also enabling the creation of reusable robotic datasets. Additionally, as
a need highlighted by the qualitative evaluation, we aim to provide
conceptual guidelines to support robotic experts in selecting suitable
activity abstraction levels during the tagging phase. Finally, we aim
to complement the methodology with automated verification mecha-
nisms, such as checking formal properties associated with activities and
contextual perspectives, to strengthen the analysis by supporting both
explainability and correctness assessment.
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