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Abstract. Robotic Process Automation (RPA) is a frequently used app-
roach for automation in IT systems. RPA uses existing graphical user
interfaces to automate simple, rule-based tasks from a user’s perspective.
Before automation can be accomplished using RPA, extensive knowledge
about individual user interactions must be gathered. This information
is represented in a flowchart by a human designer, which is then typi-
cally refined in a trial-and-error approach. This approach becomes time-
consuming and error-prone as processes become more complex.

In parallel, Process Discovery techniques as part of Process Mining
enable the automated generation of process models from event logs. Thus,
they are considered appropriate to simplify and automate the described
creation of flowcharts in the context of RPA. In this regard, the so-called
UI logs are particularly relevant. These can be used to record user inter-
actions with various user interfaces within a process.

This paper examines existing Process Discovery methods for appli-
cation in the context of RPA. The goal is to clarify what is needed for
the automatic creation of RPA flowcharts with Process Discovery on the
basis of UI logs.

The results show that existing Process Discovery methods generate
process models that are not suitable for immediate translation into RPA
flowcharts, as they are mainly control flow oriented. For the creation of
RPA flowcharts that are suitable for automation, the integration of linked
data is fundamental. Therefore, a prototypical implementation demon-
strates a method that enables the automated translation of a process
model into an RPA flowchart.

Keywords: RPA support · RPA flowchart generation · Process
Discovery

1 Introduction

Robotic Process Automation (RPA) automates process steps by using software
robots that imitate the execution of manual tasks. For this purpose, process
steps that take place on graphical user interfaces are recorded and automated.
RPA focuses on simple, repetitive tasks that are executed across different IT
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systems. Current RPA tools offer the ability (a) to drag and drop process paths
into flowcharts by using simple rules such as if-then formulations, or (b) to gen-
erate such flowcharts by directly recording user interactions within a process
path. A flowchart allows the representation of simple, sequential processes in
which only one activity is executed at a time [21]. RPA can perform high-volume
tasks with high accuracy, consistent quality and high efficiency. Developing RPA-
bots requires thorough knowledge of the tasks to be automated, the IT systems
involved, and their user interfaces. This knowledge is currently obtained through
interviews and recordings and then implemented in trial-and-error approaches
[10]. This is time-consuming and error-prone and requires extensive testing,
which is complicated by direct integration with live systems [12].

Process Discovery is a Process Mining technique to automatically build pro-
cess models from process execution data recorded by IT systems [2]. Process
Discovery enables the visualization of process data in models to identify improve-
ment potentials with respect to certain attributes such as time. Therefore, the
combination of these two research areas is obvious, as Process Discovery could
automatically create the relevant process paths of a process for RPA. Process
Discovery can provide information regarding important questions for RPA, such
as how the process steps are ordered or which process paths are the most frequent
or efficient. By creating a complete model with all paths, it becomes possible to
assess all variants of the process in regard to the desired output. Although there
is existing work on combinations of these topics, there exist several shortcomings:
There is no work on which Process Discovery algorithm could be used to gener-
ate RPA flowcharts, what the requirements are for these algorithms, and which
of these algorithms produce the best results. Furthermore, the existing work on
implementing process steps with RPA does not enable the analysis and improve-
ment of processes. As a result, RPA is often seen as a short-term solution. To
enable a long-term use of RPA, the process should be analyzed in advance and
not only one process variant should be implemented with RPA. Therefore, the
decision options of alternatives should be implemented in the RPA solutions, so
that several variants of a process are represented. In addition, these variants to
be implemented should be freely selectable.

This paper is structured as follows. The second section introduces RPA and
related flowcharts, Process Discovery and an overview of related work. Then the
limitations and shortcomings of existing Discovery Algorithms for the application
in the context of RPA are described to motivate the idea of the prototype.
Next, the prototype is presented that generates RPA flowcharts based on UI
logs. Finally, an evaluation is given, based on a use case, showing the potential
of the prototype, but also some of the existing problems and future research
opportunities.
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2 RPA, Process Mining and Related Work

In this chapter, selected basics and examples of the areas of Robotic Process
Automation and Process Mining are presented first. Afterwards, related work is
introduced.

2.1 Robotic Process Automation (RPA)

Robotic Process Automation (RPA) is a frequently used term in the context of
business process automation [34]. According to the Robotic Process Automation
Institute’s definition, the term RPA covers intelligent software and the applica-
tion of that software [24]. Thus, RPA is a completely software-based solution of
process automation. RPA uses the applications, functionalities and security of
a company’s existing IT systems, so there is no need for integration with those
systems [36]. For this reason, RPA is described in literature as a lightweight
automation method and is considered an evolution of macros and scripts [14].
The evolution consists in implementing more complex logics and processes. In
doing so, RPA uses the existing graphical user interfaces for working with IT
systems and thus only sits on top of these existing systems [6]. This enables RPA
to (partially) automate cross-system processes without implementing interfaces.

At the beginning of RPA implementation detailed knowledge about tasks,
involved user interfaces and user actions is necessary [9]. Currently, this infor-
mation is obtained through interviews, workshops, or observation of user interac-
tions. Based on this information, the RPA flowcharts are developed by a human
designer [10]. In a trial-and-error approach, a flowchart is created first with all
the activities that the software robot is supposed to perform. These activities
have to be specified in great detail (e.g. write in Excel cell A3) and possible deci-
sions in case of multiple paths have to be defined in advance [18]. The execution
of the actions is then monitored and the flowchart is adjusted in the case of any
errors. An exemplary RPA flowchart is shown in Fig. 1. Besides the sequence of
the activities, the respective data of the activities must be known in order to
create the flowcharts [31]. For example, this is the ID of a specific Excel cell or
a browser text field that the robot is supposed to select in the execution.

RPA is suitable for automating extensive, repetitive tasks that are considered
both time-consuming and trivial to perform. To be particularly suitable, these
tasks need to fulfill the following characteristics: structured data, rule-based pro-
cess and deterministic results [26]. Additionally, there are other criteria such as
frequent execution, infrequent exceptional cases, different systems involved and
vulnerability to human error [22]. Tasks that meet these requirements are often
found in the so-called back offices, i.e. finance, purchasing or HR departments
[13]. For example, the robot is capable of moving the mouse or copying data
from one file to another. The capacities freed up by automation with RPA can
be used by humans for more unstructured and interesting tasks. This might
result in benefits in employee satisfaction as well as scalability and 24-h service-
ability [37].
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Fig. 1. RPA flowchart example [38]

2.2 Process Mining

Process Mining is a research area that links the areas of data science and pro-
cess science [4]. The term Process Mining is used to describe techniques that
allow the capture, analysis and improvement of real processes [5]. For example,
Process Mining can be deployed to examine deviations from the to-be process
or to analyze performance. Companies can use Process Mining to increase the
understanding and control of the own processes. The gained insights are based on
the real behavior reflected in the event logs and thus enable fact-based business
process management [3].

Basically, the area of Process Mining is subdivided into three different cat-
egories: Process Discovery refers to the generation of process models, Process
Conformance is the comparison of real process executions with modeled pro-
cesses, and Process Enhancement adds new aspects to the existing model [2].
All three categories have in common that they build on event logs. These event
logs record occurring events in IT systems and are often already stored in the
company’s IT systems (e.g. ERP system, CRM system) [8]. The information
associated with an event, such as activity names, timestamps, and the person
assigned to it, is recorded in the event logs [7]. For the application of Process
Mining techniques they need to be extracted, pre-processed and combined. Fun-
damental to understanding Process Mining is the assumption that events are
recorded sequentially in the event logs [1]. In addition, each event must corre-
spond to a task and a case.
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In the following sections, the focus is on Process Discovery as one category
of Process Mining and, especially, on the existing algorithms in that category.
The goal of Process Discovery is to generate a process model that represents
the behavior in the event log without prior knowledge about this model [1].
Thus, the Process Discovery techniques provide the basis for further analysis of
the processes within a company. In this context, a Process Discovery algorithm
takes an event log with activities as input and generates a process model over
the same activities [39].

2.3 Related Work

To gain insight in current approaches in the literature that address the research
area covered, a Systematic Literature Review (SLR) was conducted. The objec-
tive was to identify literature that discusses Process Mining and especially Pro-
cess Discovery in the context of RPA. This also involves identifying the require-
ments of process models in the context of RPA. Based on this objective, a search
string was created containing terms from Process Mining, Process Modeling and
RPA: (“RPA” or “Robotic Process Automation”) and (“Process Mining” or
“Process Discovery” or “Process Learning” or “Workflow Discovery” or “Work-
flow Learning” or “Model” or “Flowchart” or “Script” or “UI Log”). A forward
and backward reference search was then performed with the relevant publica-
tions identified. The literature research was conducted in December 2020. Based
on the method described, a total of 14 publications could be classified as relevant
for further analysis. The following section briefly summarizes current approaches
to Process Discovery in the context of RPA.

Nowadays, Process Mining methods are already used in the early stages of the
RPA lifecycle to support the human designer [25]. The selection of the process
to be automated also takes place in these phases [15,29]. In particular, Process
Discovery could be appropriate to create process models for the automation with
RPA. In general, event logs are used in the context of Process Discovery methods
in order to represent the occurred process activities in a control flow model. In
this context, the corresponding data (e.g. specific excel cell) that allows the
execution of activities with RPA is especially important and therefore must be
represented in a process model [31]. In [31] the authors describe the concept of
a multi-perspective Process Discovery method that integrates the data flow and
the control flow in a single process model. Furthermore, instead of the well-known
event logs, the UI logs are used in the context of RPA, which contain granular
user interactions, e.g. clickstreams, keystroke protocols [32]. Several approaches
of UI loggers already exist in the literature and allow logging user interactions in
e.g. Microsoft Excel or Internet browsers [33,35]. The mentioned loggers produce
logs that are applicable for further analysis with existing PM techniques.

In [11,30] the authors describe more holistic approaches. The introduced
software tools include UI loggers and allow the automatic translation of recorded
sequences into RPA flowcharts with all necessary data assignments. In [11] the
translated sequence is selected based on the shortest duration in the log and
Process Discovery is only part of the graphical representation of the high-level
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process. In [30] the tool allows the determination of automatable actions in the
UI log and the subsequent translation in an RPA flowchart. Finally, in [23] the
authors propose the automation of RPA itself, describing a self-learning approach
that requires minimal human intervention.

Another related area is that of automated planning [17]. These techniques
allow learning of operators that can model different instantiations of process
models through automated planning, as an alternative to PM. With these mod-
els, very large-scale compositions can be generated and used to capture an RPA
flowchart [19]. In the presented approach, each non-determinism accounts for a
different instantiation.

Overall, the SLR showed that although theoretical research exists on com-
bining RPA and PM, there is a lack of realization. Before automating a process
with RPA, the analysis of the process is inevitable, which is why application of
PM techniques seems to be promising. Therefore, this paper reviews whether it
is possible to generate RPA flowcharts from UI logs based on Process Mining
and which Process Discovery methods are most appropriate.

3 Existing Process Discovery Methods for RPA

In this chapter, existing approaches of Process Discovery methods and the cor-
responding algorithms are assessed and compared regarding their suitability for
use in the context of RPA. It will be verified whether the existing algorithms are
suitable to create process models based on UI logs. These process models should
subsequently be able to be used for translation into an RPA flowchart.

In the literature, there is a wide variety of Process Discovery algorithms
that can be used for discovering process models from event logs. Meanwhile,
there are more than 40 different algorithms that tackle the discovery problem
using different techniques. As the algorithms differ, so do the results, i.e. in
the modeling language and thus in the resulting process models. For example,
there are algorithms for generating Petri nets, BPMN models, directly-follows
graphs, process trees, or Declare models. Some of the well known algorithms
might be the alpha-algorithm [8], Heuristics Miner [40], Inductive Miner [27],
or the Evolutionary Tree Miner [16]. The following section briefly summarizes the
characteristics of the algorithms of the mentioned Process Discovery methods,
including some evolutions.

The algorithm in [42] is an evolution of the original α-algorithm, which is
one of the first Process Discovery algorithms in the literature [8]. The alpha++
(α++) algorithm allows the determination of non-free-choice constructs in pro-
cess models.

In [41] the authors describe an evolution of the original heuristics miner [40].
The goal of the Flexible Heuristics Miner (FHM) is to fully utilize the advantages
of the basic idea of the original algorithm. For this purpose, causal nets for the
representation of process models are defined for the first time.

The Inductive Miner - Infrequent (IMi) [28] is an algorithm that generates
process trees and allows the processing of infrequent behavior in the event logs.
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The IMi ensures that the model is represented correctly and with high fitness,
i.e. the process model should represent the behavior in the event log.

The Evolutionary Tree Miner (ETM) is based on a genetic approach [16].
The algorithm generates an initial population of process trees that represent
the behavior in the log. In further steps, the initial population is continuously
adapted until defined criteria in the four quality dimensions fitness, precision,
generalization and complexity are met.

A closer look at the aforementioned Process Discovery algorithms reveals
that they all discover only the control flow in the generated process models.
In this context, control flow describes the order of the different activities of an
event log [3]. The same applies to the other existing algorithms in the literature.
Based on the approach of the SLR, no algorithms were identified that reflect
the data and data transformation in the model or considered these data when
generating the models. Since the existing algorithms only consider the control
flow in the process models based on activity ID, they do not distinguish between
same activities with different data assignments. Furthermore, as the data is not
included when generating the models, it is not possible to assign the data to
the activities afterwords. The models generated in this way are therefore not
suitable for translation into an RPA flowchart that already contains the data
required for automation. Thus, to enable the automated translation of a process
model into RPA flowcharts, adjustments must be made.

4 Prototypical Approach and Architecture

As described in the last chapter, the current Process Discovery algorithms do
not consider data assignments when generating process models. Thus, without
modifications they are not suitable for generating process models that can be
used to create RPA flowcharts. Since the assigned data is essential for execution
within RPA, the prototype is intended to implement a solution that enables the
generation of process models with the necessary data assignments. Ultimately,
the creation of RPA flowcharts is desired that already contain the required data
for automation. Generally various solutions are conceivable for achieving this
goal. On the one hand, existing Process Discovery algorithms could be adapted
or new ones developed. The development of algorithms that integrate the data in
the generation of process models seems promising, e.g. multi-perspective process
mining [31]. These enable the mapping of the data flow in addition to the control
flow. On the other hand, the adaption of the UI logs used as input for Process
Discovery could also be goal-oriented. Existing algorithms distinguish activities
mainly based on activity ID. Thus, to distinguish same activities with different
data, the data could be noted in the activity ID. As an example, an activity
copy could be extended by cell A2 and could be clearly distinguished from the
activity copy cell A3. Hereby, existing algorithms should distinguish the different
activities based on the extended activity ID and map them to different nodes of
the process model.
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Comparing the options, the development of new Process Discovery methods
is a sustainable solution. Here, the requirements for process models in the context
of RPA can already be considered in the design of the method and the corre-
sponding algorithm. Due to the scope of the paper at hand, this is not possible
and is a future goal. However, the considerations for the adaption of the UI logs
already seem to enable the required process models for a prototypical implemen-
tation. Additionally, the application of existing analysis tools to the discovered
process models is possible and results of conducted evaluations of existing algo-
rithms may be considered for the selection of the algorithm. Therefore, in the
following sections, a prototype is designed and implemented to automatically
generate RPA flowcharts based on Process Discovery.

4.1 Design and Implementation of the Prototype

For the presented prototype an adaption of the UI logs is chosen. That means
that the UI logs should be adapted in such a way to enable the generation of
process models with data assignments. To generate the process model, Process
Discovery is applied on the adapted UI logs. Finally, based on the discovered
process model, a single path of the model can be chosen and translated into
an RPA flowchart. Consequently, the prototype is composed of three different
parts, preceded by an existing UI logger and followed by an existing RPA tool.
Its overall design is presented in Fig. 2.

Fig. 2. Prototype structure

For recording user interactions the UI logger presented and implemented in
Smart-RPA [11] is used. It allows the detailed recording of all relevant user
interactions and especially the data necessary for the generation of an RPA
flowchart, e.g. Excel cell, browser URL. The same paper is also the basis for
the translation of events into RPA activities, but here adjustments have been
made to build a prototype that enables the manual selection of a variant for
automation based on the analysis of a given process model. This process model
should include all data of a given UI log, as opposed to simply selecting the most
frequent or shortest variant.
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The prototype handles user interactions in the operating system, Microsoft
Excel and Microsoft Edge. These already allow a variety of different actions and
build the basis for the integration of further applications. In a first step, the
UI logs have to be adjusted. The input of the algorithm consists of CSV files
generated with the described UI logger. Each CSV file captures one instance
of the process, since different instances cannot be distinguished in a single file.
These are imported into a data frame and the column labels are matched to the
XES standard, e.g. time:timestamp. Additionally, a case:concept:name column is
created to represent the case ID. This is repeated for each CSV file and finally a
combined data frame is created with all user interactions. The combined file cap-
tures all recorded instances of a process and is thus comparable to an event log.
To enable the generation of process models with data assignments using existing
Process Discovery algorithms, the column concept:name is extended with the
relevant data from the other columns. Since Process Discovery algorithms gen-
erate process models based on this column, the data is included in the process
model. Thus, it is possible to link it to a specific activity in the UI log. Since the
goal is to distinguish between activities with the same activity name, the data in
which the activities differ is added. For example, Excel activities can be distin-
guished by worksheet and cell, or browser activities by URL and element ID. The
final data frame contains passed to the second component, which contains the
Process Discovery. The compliance with the XES standard enables the applica-
tion of traditional Process Discovery algorithms. According to this description,
the algorithm presented in Fig. 3 results. Since the implementation of the pro-
totype is done in Python, the implementation of the Process Discovery is done
with PM4PY [20], which is a Process Mining library that provides Process Min-
ing algorithms. From this library, the α–miner is chosen for Process Discovery
in the prototype. The algorithm generates process models that are mainly low
in complexity and therefore particularly suitable for graphical representation.

Fig. 3. Adaption of UI logs
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Even though incorrect models may arise with it, the α–miner is chosen as it pro-
vides a simple realization for the first implementation that should provide appro-
priate results. The generated process model serves as input for the generation
of an RPA flowchart. Additionally, it is input for the graphical representation,
which is a support for the selection of an execution path. To identify all paths in
the process model, an algorithm is used that creates paths in a loop until each
transition in the process model has been involved at least once. These paths are
the basis for selection by the user. In case of only two different paths, they can
both be transferred in an RPA flowchart together with an if-else relation.

The identified paths are passed to the third component of the prototype.
Here, the frequency of the paths is determined by the minimum frequency of the
involved nodes. This information, in addition to the graphical representation of
the process, is another support for the user. After selecting a path, the activi-
ties of the selected path are translated into software code. The XAML format
(Extensible Application Markup Language) is used, which can be read by com-
mon RPA tools. The translation of the activities is possible by adapting the UI
logs, as this allows the representation of data in the process models and the dis-
tinction between activities. Thus, the data is correctly assigned to the activities
in the flowchart and it can be executed in an RPA tool.

5 Evaluation of the Prototype

In this section, the prototype is tested. For this purpose, an exemplary use case
and the resulting outcome of the prototype are presented first. Afterwards, the
strengths and weaknesses of the prototype are discussed.

5.1 An Use Case in the Prototype

To evaluate the prototype, a test case is used that contains activities from the
applications Microsoft Excel, Microsoft Edge and the operating system. In addi-
tion, several paths are included to test the identification of them. The test case
contains three different paths and thus 2 different decisions in the process model.
For this, the data of 3 different persons are to be transferred from an Excel file
into a web form. A total of 15 different executions of the activities are recorded
with the UI logger, the frequencies of the paths are 10, 4 and 1. The first com-
ponent of the prototype correctly adapts the 15 UI logs and combines them in
a CSV file. In this file, the XES standard is applied and the frequency column
is created. Furthermore, the contents of the column concept:name are correctly
extended with the respective data of the other columns, e.g. the activity copy-
Excel with the cell, file and data sheet. A section of the combined CSV file is
given in Fig. 4. Since the combined UI log contains the required adaptions, the
next step is to start Process Discovery. A section of the generated process model
is given in Fig. 5. The figure shows that 3 different paths and 2 decisions have
been included in the process model. The intended information is visualized in
the transitions. The label is composed of the node ID, the activity name and
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Fig. 4. Combined CSV file generated by the prototype

Fig. 5. Section of a process model in the prototype

the frequency. Especially the data relevant for RPA are represented and allow
the translation into an RPA flowchart. In the given case, the most frequent one
is selected for the generation of the RPA flowchart. With the third component
of the prototype, the activities are translated into an XAML file. This file is
then imported with the RPA tool UiPath. The tool translates the XAML file
and represents it in a flowchart. A section of the generated flowchart is given
in Fig. 6. The figure shows that the required data is correctly inserted into the
respective activities. Finally, the flowchart is executed and the software robot
transfers the personal data to the web form as intended.

5.2 Strengths and Improvement Potentials

The use case of the prototype has shown that the desired functions are achieved.
In particular, it replaces the current trial-and-error approach in the application
of RPA. The benefit results in the automated generation of a process model in
which the data necessary for RPA is included. This process model simplifies the
analysis of the processes to be automated. In addition, the current approach is
improved by the automated generation of RPA flowcharts based on a process
model. There is no need to manually transfer user interactions from UI logs to
the flowchart and the analyst can focus on monitoring the execution and making
any adjustments. In general, the prototype at this stage works particularly well
for rather simple processes that contain clearly definable paths without loops.

Although the prototype implements the desired functions, some improve-
ments are still necessary. Particularly, the complexity of the processes is cur-
rently a limiting factor. In the test, a process model with loops was created
unintentionally. Due to the current algorithmic implementation, this can not be
processed in a reasonable way at this stage of the prototype. Another limiting
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Fig. 6. Flowchart based on the generated XAML file

factor is the fact that process models might get very large. Since the data is
notated directly in the activities of the process model, activities with different
data are no longer mapped in one node of the model. This can lead to an explo-
sion of the model, e.g. in the exemplary case there are 8 different activities.
Due to the assignment of the explicit data to the activities, the paths in the
process model have a minimum of 37 nodes. Finally, there is also potential for
improvement in the graphical representation of the process models. For example,
it would be useful to graphically highlight the most frequent path in the process
model.

6 Conclusion

The goal of the paper at hand was the automatic creation of RPA flowcharts with
Process Discovery. For this purpose, the capability of existing Process Discovery
algorithms for the generation of RPA flowcharts has been analyzed. In addition,
a prototype has been developed that enables this generation and thus overcomes
existing shortcomings. Based on the results of the research, the prototypical
implementation of a process discovery algorithm in the context of RPA could be
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realized. The prototype fulfilled the desired functions in the tests and enabled
the automatic generation of RPA flowcharts with required data assignments. The
results also show that Process Discovery methods need to be adapted for use in
the context of RPA. As the prototype showed, however, this is already possible
by simply adapting the UI logs used, with all the accompanying advantages and
disadvantages. The advantage is the automated generation of a process model
in which the data required for automation with RPA is included. This model
includes all variants of the examined process and thus enables the assessment
and selection of the most suitable variant for automation.

While the prototype allowed the implementation of the functions desired, there
is still room and need for improvement. Since the detection of paths in the process
model is done with a rather simple algorithm, the complexity of the processes is
a limiting factor. Here, the functionality could be extended to loops for example.
Another interesting study would be whether the analysis of all variants of a process
with Process Discovery brings great practical advantages in the context of RPA.
In the prototype, two different paths can be transferred in an RPA flowchart with
an if-else relation.Here, a comparison of the selection based on the analysis of all
variants with the selection of the shortest or most frequent variant in the UI log
and a transfer of more than two variants would be desirable.
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