


solved, such as the robustness of the models to deviations,
the prediction of their evolution at decision points, etc.

The complexity of multi-robot missions depends on mul-
tiple factors, such as the number and types of robots, the
number and types of tasks, the human agents (both operators
and other participants), the volume of telemetry, the level
of autonomy, the amount of commands, the requirements of
coordination among agents... These missions can be com-
pared to industries, organizations or public services in terms
of complexity, agents and interactions.

Process mining is an emerging discipline that involves the
modeling, analysis and improvement of processes through
the information collected by event logs (Van der Aalst 2011).
This discipline has been successfully applied to industries,
organizations and public services. Some cases of use are the
management of healthcare processes in hospitals (Mans et al.
2008), the analysis of customer behavior in web commerce
(Poggi et al. 2013), the management of government offices
(van der Aalst et al. 2007), and the detection of transaction
fraud at early stages (Jans et al. 2011). Nevertheless, pro-
cess mining is not extensively used in robotics, despite its
potential in multi-robot missions. The most relevant of the
few works that follow this approach can be found in Rozinat
et al. (2009), which analyzes log files from a robot compe-
tition to extract both team strategies and robot actions. The
presentworkgoes further bringingmoreprocessmining tech-
niques to robotics field (time and resource analysis), as well
as introducing changes in other techniques to reach a better
performance (event log preparation). Other works address
similar problems but apply different techniques (Nair et al.
2004).

This paper explores the application of process mining to
multi-robot missions. Themain contributions of the work are
the definition of a systematic procedure for the application of
process mining in the context of robotics, and its application
to the analysis of realistic missions of fire surveillance and
extinguishing with a fleet of UAVs. Furthermore, the paper
solves some practical issues that are not considered in other
works, such as the preparation of event logs from telemetry
logs in multi-robot missions and the generation of different
models to perform different analysis.

Section 2 reviews the literature about multi-robot mis-
sions, taking into account the possibility to apply the
proposed techniques. Section 3 describes the discipline of
process mining, its main objectives and resources. Section
4 presents the systematic procedure developed for analyz-
ing robot missions by means of process mining. Section 5
describes the multi-robot missions performed to generate
realistic data. Section 6 shows the results of the analysis
of these data. Section 7 discusses the results and proposes
changes in the multi-robot missions. Finally, Sect. 8 summa-
rizes the main conclusions of this study.

2 Multi-robot missions

As previously pointed out, multi-robot missions are becom-
ing more common in recent years. Table 1 contains a diverse
set of multi-robot missions collected by recent literature. The
papers have been chosen giving priority to those with recent
dates, variety of missions, robots and scenarios, and good
descriptions of experiments. As it can be seen, they cover
multiple missions surveillance, monitoring, tracking...) in

Table 1 Some multi-robot missions reported by literature

References Mission Robots Operators Scenario

Tully et al. (2010) Area coverage 3 UGVs No operator Open field

Janchiv et al. (2011) Area coverage 2 UGVs No operator Indoor

Lindemuth et al. (2011) Surveillance 1 USV and 1 UAV N operators Sea

Valente et al. (2011) Monitoring N UAVs 1 operator Open field

Tsokas and Kyriakopoulos (2012) People tracking 3 UGVs No operator Indoor

Cantelli et al. (2013) Surveillance 1 UGV and 1 UAV 1 operator Urban area

De Cubber et al. (2013) Search and rescue 1 UGV, 1 UAV and 1 USV N operators Land and sea

Garzón et al. (2013) Exploration 1 UGV and 1 UAV No operator Urban area

Garzón et al. (2016) Area coverage 3 UGVs 1 operator Open field

Kapoutsis et al. (2016) Mapping 2 UUVs N operators Ocean

Kruijff-Korbayová et al. (2015) Search and rescue N UGVs and N UAVs N operators Disaster area

Nestmeyer et al. (2017) Exploration 6 UAVs 1 operator Indoor

Lesire et al. (2016) Securing 1 UAV and 1 UUV 6 operators Lake

Roldán et al. (2016b) Monitoring 1 UGV and 1 UAV No operator Greenhouse

Roldán et al. Here Fire surveillance 2 UAVs 1 operator Indoor







– An analysis of operator, which may allow to understand
the behavior and disclose problems of performance or
training. This analysis can be performed considering one
operator and studying his/her skills and habits, as well
as taking into account multiple operators and looking for
common strategies and possible deviations.

– An analysis of human-fleet interfaces, which may allow
to test them and provide information for future develop-
ments.

This preliminary analysis is also conducted when process
mining is used in other fields. However, the particulari-
ties of robot missions must be taken into account in the
questions. A first one is that the analysis should consider
“objectives”, “robots”, “operators” and “tasks”, instead of
only “resources” and “activities”, which can be considered
equivalent to “robots + operators” and “tasks” respectively.
A second one is that there are usually fewer cases with more
variants than in other applications such as industries and ser-
vices.

4.2 Event log preparation

Multi-robot missions usually generate a huge amount of data
like industrial processes or public services. In contrast to
them, these data are sometimes incomplete, unstructured or
stored in multiple logs. As previously mentioned, process
mining works from structured event logs. Therefore, the sec-
ond step of the procedure, an original contribution of this
paper, is the preparation of adequate event logs. Let’s distin-
guish between some possible cases:

– An event log collects all the mission events.
– There are multiple event logs. When the different agents
generate different event logs (e.g. base station, interface,
robots...), these event logs must be synchronized and
merged into a unique one.

– The event log is not complete.When the event log collects
some mission events, but it does not consider the rest,
these events must be identified in the telemetry log and
included in the event log.

– There is not mission event log. The mission events must
be generated by discretizing the telemetry variables. For
instance, we can identify take-off and landing by looking
for changes in the altitude, emergencies by comparing
real and goal positions...

Section 3 described the general form of the event logs
in process mining. However, the event logs in the context of
multi-robot missions may have particular features. Addition-
ally, the generation of different event logs (e.g. considering
different criteria for case and resource fields) lead to the dis-

covery of different models and the development of different
studies. The structure of these event logs is described below:

– Case It is a unique identifier that can represent themission
repetition if we want general mission models to study the
relations between the agents (e.g. “M20” for the twenti-
eth mission), or the mission and agent if we want mission
models particularized to the agents to study their behav-
iors “M20A2” for the second agent of twentieth mission.

– Activity It can represent the robot tasks (e.g. surveillance
and reconnaissance) and actions (e.g. go to waypoint and
take a picture), the commands of operator, and the situa-
tions of emergency (e.g. the battery is low).

– Timestamp It still indicates the date and time when the
event took place. Nevertheless, in the context of robotics,
we suggest to set separately starting and finishing times
of the events to facilitate the future time analysis.

– Resource It is the robot that performs the task or the oper-
ator that sends the command. In the context ofmulti-robot
missions, this parameter is important to generate social
models, as well as to study the resource allocation.

The events can be generated by the algorithms involved in
the mission, which are executed by the robots and the inter-
face, or by the scripts that process the telemetry after the
mission. The event logs are stored in spreadsheets (usually,
XLS, ODS or CSV files) and can be edited withDisco (Gün-
ther and Rozinat 2012). This program can be used to filter the
event logs by timestamps (e.g. removing old or recent cases),
activities (e.g. removing the irrelevant activities or directly
the cases without relevant activities) and other criteria.

4.3 Model discovery

Once we have complete and structured event logs, the next
step is the discovery of models. Mission models provide
more information than event logs and, therefore, they are
more powerful for the analysis. The models organize better
the cases than the event logs, since they separate common
and exceptional behaviors and reduce the number of states
and transitions. Furthermore, the event logs only represent
precedence relationships between the activities, whereas the
models are able to represent relationships of causality and
parallelism too.

As mentioned above, process mining works with differ-
ent types of models, such as Petri nets, Business Process
ModelingNotation, transition systems and casual nets. Addi-
tionally, there are other types of models that are common in
robotics, such as agent-based models (Dudek et al. 1996),
hiddenMarkovmodels (Zhu 1991) and statemachines (Belta
et al. 2007).



Thesemodelswere analyzed inRoldán et al. (2015),which
concluded that Petri nets and hidden Markov models are the
most promising. Petri nets are interesting due to their abil-
ity to manage concurrency, which allows to represent the
actions and interactions of multiple robots. Hidden Markov
models are interesting because they can manage uncertainty,
which can be a challenge in complex multi-robot missions
(Rodríguez-Fernández et al. 2016). Petri nets were used in
Roldán et al. (2016a) considering their strong relationship
with processmining, as well as the possibility to complement
them with decision trees to make predictions. The present
work goes further establishing a systematic procedure, com-
bining explored techniqueswith newones, and usingmassive
data of real multi-robot missions.

According to their objectives, there are different types of
models:

– CompletemissionmodelThismodel represents the global
development of the mission. Additionally, it combines
operator commands and robot actions and shows the rela-
tions among them.

– Operator model This model shows the strategy of the
operator to command the robots during the mission.
Among other things, it allows to detect deviations in the
mission execution and to support the operator decisions.

– Agent model This model considers the actions of robots
and allows to study their performance and collaboration
during the mission. This study can detect mission bottle-
necks, as well as inefficiencies in resource allocation.

– Combined operator and agent model This model is
obtained by considering as case themission and the agent.
It is interesting because integrates both operator and robot
actions but segregates them.

Process mining offers multiple discovery algorithms to
build Petri nets through event logs (Van Dongen et al. 2009),
such as Alpha miner (Van der Aalst et al. 2004), heuristic
miner (Weijters and Van der Aalst 2003), Integer Linear
Programming (ILP) miner (Van der Werf et al. 2008) and
Inductive miner (Leemans et al. 2013). All this algorithms
are implemented in the process mining framework ProM 6
(Verbeek et al. 2010). These algorithms were studied in the
context of robotics in Roldán et al. (2017a), which shown
Inductive miner has the best results working on multi-robot
missions. Inductiveminer applies a divide-and-conquer strat-
egy, which means it makes partitions of states and splits the
log recursively until the complete model is obtained.

4.4 Model evaluation and enhancement

Once we have a set of models that explain the multi-robot
mission, the next step is their evaluation and improvement.

Process mining usually evaluates the quality of models
by means of four parameters: fitness, simplicity, generaliza-
tion and precision (Buijs et al. 2012). Fitness is the ability of
the model to explain the observed behavior. Simplicity is the
ability to do it in an easy-to-understand way. Generalization
measures the capability to avoid overfitting, which occurs
when the models are adapted to training cases but cannot
explain new samples. And precision measures the capabil-
ity to avoid underfitting, which occurs when the models are
able to represent many behaviors but are not useful to make
predictions. Fitness and simplicity, as well as generalization
and precision, are opposite concepts. Therefore, the models
should reach a compromise between these pairs of parame-
ters.

The four parameters can be obtained by different ways
depending on the scenario. Sometimes, these parameters can
be obtained quantitatively from the information of models
and event logs (e.g. comparing the traces of models and event
logs or studying the features of states and transitions). How-
ever, there are cases where some of these variable has to be
studied qualitatively by the users, which could limit the use
of these techniques to expert users.

The enhancement of models can be addressed by taking a
step back and adjusting again their detail, which can be per-
formed basically adding and removing states and transitions.
For instance, if the model is complex or tends to underfit-
ting, some infrequent transitions may need to be removed,
whereas if the model is simple or tends to overfitting, some
discarded transitions should be considered.

4.5 Time analysis

The time analysis uses the models previously obtained to
compute the average, minimum and maximum times of the
states and transitions. Among other things, this study can find
the bottlenecks of the mission and the tasks that require more
effort. Let’s see some examples of time analysis:

– Operator actuation times This study allows to determine
the times required by the operator to execute the com-
mands. These times can be measured from when the
operator opens the command window until when the
command is sent. The results can be used to improve
the design of commanding interfaces and the training of
operators.

– Operator decision times This study provides information
about the reaction times of operators. These times can be
measured fromwhen themission requires an intervention
until when the operator realizes it. The results can be
relevant to correct problems in the design of information
interfaces and the training of operators.













Table 3 Event logs considered in the work and their main features

Event log Cases Events Activities Resources

EL-A 20 2023 32 3

EL-B 20 565 14 3

EL-C 20 260 9 1

EL-D 20 349 7 2

EL-E 20 1116 11 2

EL-F 20 1763 23 2

EL-G 60 2023 32 3

EL-H 60 2023 62 3

EL-I 4 379 31 3

– Event log with robot tasks (EL-D) This event log is the
result of selecting the events of UAVs related to tasks and
removing those related to actions and locations. It allows
to easily see the evolution of mission.

– Event log with robot tasks and actions (EL-E) This event
log is the result of selecting the events of UAVs related
to tasks and actions and removing only those related to
locations. It allows to see the evolution of mission with
more detail. For instance, it shows not only the begin and
end of tasks like surveillance, but also the intermediate
results such as the detections.

– Event log with robot tasks, actions and locations (EL-F)
This event log is the result of selecting all the events of
UAVs. It allows to establish relationships between events
of UAVs. For instance, the locations where the tasks are
executed.

– Complete event log with separated operator and UAV
events (EL-G) This event log is generated by considering
as case the mission and resource. Therefore, it shows
separately the evolutions of operator and UAVs because
their activities are different.

– Complete event log with separated operator, UAV 1 and
UAV 2 events (EL-H) This event log is generated by con-
sidering as case the mission and resource, and as activity
the action and resource. Therefore, it shows separately
not only the operator and the UAVs, but also UAV 1 and
UAV 2.

– Event log of accident cases (EL-I) This event log is
obtained by selecting the cases that present accidents.
It is useful to investigate the causes of accidents.

6.3 Model discovery

The third step is to discover suitable models from the event
logs. As mentioned above, these models not only orga-
nize better the information but also discover some relations
between events. All the models generated during this step
and used in the following ones are Petri nets. The size and

Table 4 Models discovered from event logs

Event log Model Traces Deviations Ratio (%)

EL-A M-A 2063 105 94.91

EL-B M-B 605 70 88.43

EL-C M-C 260 49 81.15

EL-D M-D 368 16 95.65

EL-E M-E 1156 47 95.93

EL-F M-F 1802 106 94.12

EL-G M-G 2140 627 70.70

EL-H M-H 2137 706 66.96

EL-I M-I 57 24 42.11

detail of models can be adjusted by defining the percentages
of activities and connections between them of the event log.
The model will consider the relevant activities and paths and
ignore the infrequent ones. In this context, the activities rep-
resent tasks, changes of location and other mission events,
whereas the paths are sequences of two or more activities. In
this work we apply the Inductive Miner implemented in the
Mine with Inductive Visual Miner plugin of ProM 6 (Lee-
mans et al. 2014).

Table 4 contains the discovered models and their features.
The traces are generated by playing the event log over the
model and may be representations of actual events or prod-
ucts of the model. The deviations are paths that are contained
in the event log but are not considered by the model. For
instance, if the event log has twenty times a behavior (e.g.
Surveillance–Reconnaissance–Tracking) and once another
behavior (e.g Surveillance–Tracking), the model could rep-
resent only the common behavior and ignore the infrequent
one. In this case, if we play the event log over the model, we
will get sixty-three traces (twenty one times Surveillance,
Reconnaissance and Tracking) and one deviation (one of the
Reconnaissance is produced by themodel because it does not
represent the direct path between Surveillance and Tracking.
The ratio is the percentage of traces generated by the model
that are actually in the event log.

6.4 Model evaluation and enhancement

The fourth step is to evaluate and improve the discovered
models. For this purpose, we can apply the notions of fitness,
simplicity, generalization and precision. Nevertheless, these
notions are qualitative and could be difficult to quantify.

The complete mission model (M-A), which includes all
the activities related to operator commands and robot tasks,
actions and locations, is shown in Fig. 9. We can estimate
that this model has a good fitness because the deviations
suppose around 5% of traces according to Table 4, but in a
quick view we can see that it is not simple. Additionally, the











there are others that needs an expert user (e.g. model evalu-
ation and enhancement). Future works will study techniques
to solve these challenges and allow an autonomous analysis.
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