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Abstract
Semi-automated operational environments, where human operators and automat-
ed systems coexist, pose significant challenges for process discovery approaches, 
which typically target either fully manual or fully automated workflows. This pa-
per presents a comprehensive guideline for manual process discovery specifically 
tailored to semi-automated contexts. Building on established methods (document 
analysis, direct observation, structured interviews, and collaborative workshops), 
we adapt and extend each method to capture both human-driven activities and 
machine-generated events. The resulting artifact comprises four modular guideline 
packages, offering step-by-step procedures, guiding questions, and optional tooling 
to uncover control flow, data flow, resource assignments, and system interactions. 
Use cases in an Industrial Internet of Things (IIoT) setting illustrate how these 
guidelines can be applied to complex, data-intensive scenarios, though the approach 
remains domain-agnostic and can be transferred to other semi-automated environ-
ments. The development followed the Design Science Research (DSR) cycle, in-
corporating iterative refinement and validation via expert workshops, surveys, and 
real-world use cases. Our evaluation confirms that the proposed guidelines enhance 
the completeness, accuracy, and efficiency of manual process discovery in hybrid 
human–machine landscapes.
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1  Introduction

Business Process Management (BPM) constitutes a well-established framework 
for the identification, analysis, optimization, and monitoring of business processes 
(Dumas et al. 2021). An essential initial phase in any BPM initiative is process dis-
covery, which involves the systematic detection and documentation of processes 
as they are executed in practice. The acquired process information facilitates the 
creation of business process models, which serve as the foundation for successful 
process management (Dumas et al. 2021). Process discovery methodologies are gen-
erally categorized into two groups: manual process discovery and process mining. 
In fully automated environments where the availability of event log data permits 
the application of process mining, various techniques can be employed to discover 
process models (Ackermann et al. 2024; Dumas et al. 2021). As shown by dos San-
tos et  al. (2019), numerous process mining techniques exist for specific domains 
and diverse use cases. However, many real-world processes cannot be identified 
using process mining alone because event data is often unavailable, unstructured, 
or incomplete (van der Aalst 2022; Koschmider et  al. 2023). Consequently, prac-
titioners report a lack of methodological guidance for manual process discovery in 
scenarios where automated discovery via process mining is not applicable (Martin 
et al. 2021). Descriptions of manual discovery methods are often inadequate and lack 
direct applicability. Specifically, there are no explicit guidelines for conducting docu-
ment analysis, observations, interviews, or workshops. This shortcoming hinders the 
successful discovery of process information when process mining techniques can-
not be applied. This challenge persists for the discovery of both manual and semi-
automated processes.

Numerous real-world workflows, particularly in operational environments, exhibit 
a semi-automated character; they encompass both machine-driven activities and 
manual tasks that frequently remain undocumented (Langer and Söffker 2011). We 
define a semi-automated process as a workflow in which a significant portion of 
activities is executed automatically by technology (e.g., machines, IIoT devices, or 
software agents, such as in Robotic Process Automation) yet remains closely inte-
grated with activities performed by human actors (Stoiber and Schönig 2024). These 
processes are not restricted to manufacturing; they are prevalent in diverse domains 
such as logistics (Tsai et al. 2025) and healthcare (Wang and Liu 2025). The under-
lying technological infrastructure is often based on Operational Technology (OT) 
systems that control machines and physical processes. In contrast to standard IT 
systems, OT systems are used for machine automation and are designed for long-
term operation (Conklin 2016). Although our guidelines focus on the complexities 
of the Industrial Internet of Things (IIoT) for demonstration and validation, they are 
designed to be transferable to other semi-automated contexts. Given these conditions, 
manual process discovery remains indispensable despite the availability of process 
mining tools because:

	● Human activities are often undocumented, not tracked, and hence not apparent 
from data.

	● System logs from legacy OT systems may be incomplete or inaccessible, result-
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ing in "black-box" processes.
	● Manual methods are required to capture the context, intent, and decision logic 

underlying human interventions and interactions with automated systems.

Despite the critical importance of process discovery within BPM, practical and 
detailed guidelines for conducting manual process discovery methods remain rare 
(Zhang and Zhang 2024). This lack of guidance extends not only to fully manual 
processes but also to semi-automated contexts. Consequently, practitioners fre-
quently lack concrete instructions on how to execute manual discovery effectively, 
and specifically, how to capture machine roles, sensor data, data connectivity, and 
human-machine interactions. These specific details are often missing in manual pro-
cess discovery methods, particularly when both technical systems and human activi-
ties must be discovered and aligned (Rehse et al. 2024). The IIoT serves as a prime 
example of the relevance of this problem: the presence of smart devices, combined 
with the often undocumented nature of manual interventions, presents a significant 
challenge. The IIoT interconnects people and machines to encourage more rapid and 
integrated industrial processes (Boyes et al. 2018), yet it introduces significant chal-
lenges for process discovery: legacy equipment and smart devices coexist (Raptis 
et al. 2019), manual interventions remain undocumented (Wang et al. 2018), and real-
time responsiveness is frequently required (Szelągowski et al. 2022). For instance, an 
automated production line may generate detailed system logs from robotic stations, 
whereas human quality inspections are neither digitized nor formally recorded. Such 
conditions render the IIoT an instructive and demanding context for assessing manual 
process discovery in complex environments. Therefore, the IIoT serves as the cho-
sen application domain for both the demonstration and evaluation of the proposed 
guidelines.

To address the lack of well-described and reproducible manual process discov-
ery methods, we present a comprehensive set of guidelines detailing the practical 
execution of these methods. The primary contribution of this work is the systematic 
extension and operationalization of established manual process discovery techniques. 
While specifically tailored for hybrid human-machine environments, they remain 
applicable to fully manual processes. We detail four complementary guidelines, 
based on document analysis, observation, interviews, and workshops, that include 
explicit procedural steps, guiding questions, and optional tools. These are designed to 
capture control flow, data flow, and system interactions, explicitly incorporating IIoT-
specific elements as practical examples of semi-automated processes. The intended 
outcome of the guidelines is the explicit step-by-step guidance of necessary process 
information, which serves as the basis to develop a process model in a following step. 
The formal conversion of this discovered information into graphical or executable 
process models falls outside the scope of this work.

The development of the guidelines was guided by the Design Science Research 
(DSR) methodology (Hevner et al. 2004) and involved iterative refinement through 
multiple evaluation rounds with both academic and industry stakeholders. This multi-
perspective validation strategy ensures that the guidelines are both practically appli-
cable and methodologically sound.
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The structure of this paper is as follows: In Sect. 2, the theoretical background and 
context of the study are discussed. Section 3 presents the research methodology and 
the development of the artifact. In Sect. 4, related work is reviewed to situate the con-
tribution within the existing body of knowledge. Section 5 introduces the guidelines 
themselves, their application, and a combined example of the different methods. In 
Sect. 6, the guidelines and their effectiveness are evaluated. Finally, in Sect. 7, limita-
tions are summarized and potential directions for future research are outlined.

2  Background

This section provide the theoretical groundwork for the study. It commences with the 
fundamental principles of BPM and the specific phase of process discovery. The sec-
tion subsequently introduces the IIoT as an emerging domain characterized by semi-
automated processes, emphasizing its relevance to BPM. Finally, it delineates the key 
process perspectives that form a multidimensional framework for the comprehensive 
discovery and modeling of complex organizational processes.

2.1  Business process management and process discovery

BPM comprises various methodologies and measures intended to enhance the effi-
ciency and effectiveness of processes (Hansen et al. 2019). It functions as a decision-
making instrument for process improvement and supports organizational management 
(Weske 2012). Specifically, BPM aims to reduce throughput times, augment effi-
ciency, curtail costs, and minimize error rates, which contributes to improved com-
petitiveness (Dumas et  al. 2021; Bernardo et  al. 2017). While BPM is frequently 
viewed as a strategy for securing competitive advantage, various definitions exist 
within the literature (Zur Muehlen et al. 2005). This study adopts the definition by 
Dumas et al. (2021):

A body of methods, techniques, and tools to identify, discover, analyze, redesign, 
execute, and monitor business processes to optimize their performance. The empha-
sis of this study centers on the process discovery phase, explicitly addressing the 
underlying concepts, methods, and techniques. A comprehensive understanding of 
the process is a prerequisite to facilitate its further analysis, discussion, and optimiza-
tion (Jakobs and Spanke 2011). Accordingly, process information is discovered using 
a variety of methods to capture and document the actual state of situations. Estab-
lished process discovery methods include document analysis, observation, inter-
views, and workshops (Dumas et al. 2021; Hansen et al. 2019; Gronau 2017). The 
gathered data, whether written, visual, or verbal, is then formalized into a process 
model in a subsequent step (Dumas et al. 2021; Hansen et al. 2019). The objective 
of process discovery is to aggregate all necessary information for modeling the rel-
evant processes. This encompasses organizational structures, workflows, procedural 
instructions, assigned responsibilities, used documents, and technical infrastructure 
(e.g., warehouse layouts, conveyors, production machinery), as well as data and sys-
tem-related aspects (Dumas et al. 2021; Becker et al. 2012).
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To ensure clarity and traceability, modeling is typically executed post-discovery 
using well-established modeling languages such as Event-driven Process Chains 
(EPC), Unified Modeling Language (UML), flowcharts, or Business Process Mod-
eling Notation (BPMN) (Dumas et al. 2021). Modeling facilitates process analysis 
and optimization while serving as a knowledge base for training (Jakobs and Spanke 
2011). The outcome of this phase is an "as-is" process model that accurately repre-
sents the current status of the process (Dumas et al. 2021). The challenges of process 
identification and discovery stem from the organization of processes based on the 
division of labor, the necessity for consistent terminology, and the inherent complex-
ity of the workflows (Hansen et al. 2019). Frequently, multiple iterations are required 
to fully discover and model a process, as misunderstandings, generalizations, errors, 
or ambiguities often arise during the data discovery phase (Hansen et al. 2019; Jakobs 
and Spanke 2011).

2.2  Industrial IoT

The IIoT is defined as a specialized subset of the Internet of Things (IoT) tailored 
specifically to industrial use cases. While both paradigms consist of networked 
devices exchanging data, the IIoT is engineered for large-scale, machine-centric 
environments, such as manufacturing and logistics, where stringent requirements for 
reliability, security, and real-time performance must be met (Gilchrist 2016; Sisinni 
et al. 2018). In contrast, the broader IoT landscape encompasses consumer, commer-
cial, and industrial verticals, each characterized by distinct user groups and technical 
constraints. Consumer-oriented IoT applications, such as smart homes and wearable 
devices, are primarily designed to enhance user convenience (Gilchrist 2016). By 
comparison, the IIoT emphasizes the improvement of operational efficiency, automa-
tion, and responsiveness through machine-to-machine communication, supporting 
novel use cases such as predictive maintenance and robotics (Sisinni et al. 2018). 
IIoT processes are considered a type of semi-automated process.

In the context of BPM, integration with the IIoT is of particular significance. IIoT 
systems continuously generate large volumes of real-time data, which can be directly 
incorporated into process models to enable dynamic execution, real-time monitor-
ing, automated decision-making, and data-driven process discovery. This integra-
tion transforms BPM methods by enhancing their adaptability and responsiveness to 
changing environmental and operational conditions. Conversely, IIoT-relevant com-
ponents within industrial processes must remain manageable and governable through 
BPM methodologies to ensure reliability, traceability, and compliance. Consequently, 
there is a growing need for BPM frameworks specifically tailored to the requirements 
of IIoT environments, capable of discovering and orchestrating complex, data-inten-
sive, and event-driven processes.

2.3  Perspectives

For the complete and accurate discovery and modeling of processes, diverse perspec-
tives must be considered (Jablonski and Götz 2007; Tiftik et al. 2022; van der Aalst 
2016). These perspectives provide various aspects that contribute to a comprehensive 
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understanding of the process. Due to their inherent interdependencies, these perspec-
tives are interconnected and cannot be analyzed in isolation. Consequently, a robust 
process model should incorporate multiple perspectives. Five relevant perspectives 
have been identified, each contributing to a holistic view of the process (Jablonski 
and Götz 2007).

Data perspective includes the input and output objects of a process, such as docu-
ments, files, or artifacts, as well as their provisioning time. This perspective illustrates 
how a task is performed and establishes a link between the process and external data 
models (Jablonski and Götz 2007; Dumas et al. 2021). Furthermore, it allows for the 
analysis of data effects on the process (Tiftik et al. 2022). In the context of processes, 
particularly those within the IIoT, it is crucial to record the connectivity of machines, 
measurement sensors, and data processing systems, along with their generated data 
and forwarding paths. Consequently, network traffic data is considered an integral 
part of the data perspective (Hornsteiner et al. 2024).

Functional perspective defines a process step or subprocess, addressing the ques-
tion of what needs to be done. It serves as the fundamental unit of process execution 
and specifies which activity or task is performed, whether by a human agent or an 
automated system (Jablonski and Bussler 1996; Awadid 2017).

Operational perspective encompasses the tools, programs, applications, or ser-
vices used within a process step (Schönig et al. 2012; Awadid 2017; Jablonski and 
Götz 2007). It defines the specific manner in which a process step is executed tech-
nologically (Jablonski and Bussler 1996).

Resource perspective facilitates the examination of process execution in relation 
to the organizational structure. It identifies where activities are performed and who 
is responsible for their execution (Awadid 2017). This perspective assigns responsi-
bilities for tasks to both human actors and technical systems (Jablonski and Bussler 
1996).

Control flow perspective focuses on the logical sequence of process steps, inde-
pendent of absolute time (Jablonski and Götz 2007; Dumas et al. 2021). It specifies 
the order in which activities, functional units, and events occur, therefore illustrating 
the workflow and demonstrating the causal dependencies between all modeling ele-
ments (Jablonski and Götz 2007; Awadid 2017). Compliance to control flow speci-
fications is mandatory during process execution. These flows are typically modeled 
using constructs such as sequences, parallel branching, conditional branching, and 
merging (Jablonski and Bussler 1996).

3  Research method and artifact development

In this study, the DSR framework by Hevner et al. (2004) is used to develop an arti-
fact that addresses a specific problem within the domain of information systems. The 
framework involves seven steps, which are outlined below; their specific application 
in the context of this research is subsequently detailed and depicted graphically in 
Fig. 1. While the sequence of implementation is not strictly prescribed, this frame-
work ensures a rigorous and traceable research process.
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3.1  Design principles

The following paragraphs explain how the seven steps of the DSR are implemented 
in this study. These steps ensure that the development of our guidelines for process 
discovery maintains a high degree of scientific rigor while also providing added value 
to industrial practitioners.

Design as an artifact The research process must produce an artifact, such as a 
model or a method. The artifact developed in this work comprises a set of process 
discovery guidelines. These guidelines are designed to structure the execution of 
established manual discovery methods: document analysis, observation, interviews, 
and workshops. The objective is to provide a systematic approach to discover pro-
cess information, which serves as the foundation for modeling a process model in a 
subsequent or parallel step. While the guidelines are applicable to general process 
discovery, they are explicitly designed to accommodate semi-automated processes as 
well. This ensures that the resulting process information captures the details required 
for advanced modeling applications, such as the utilization of BPMN extensions for 
the IIoT.

Problem relevance The problem must be relevant to both academia and indus-
try. Given the increasing importance of digitalization and automation in industry, 
discovering semi-automated processes is becoming increasingly complex. Industrial 
environments often feature hybrid processes that integrate manual human work with 
automated machine steps; these often cannot be discovered by process mining tech-
niques due to missing log data or human tasks that generate no logs. The relevance 
of this problem was empirically confirmed by our initial study, a survey of 28 par-
ticipants from academia and industry. The questionnaire was developed based on the 
evaluation dimensions proposed by Prat et  al. (2015) and designed in accordance 
with established usability assessment approaches (Laugwitz et al. 2008). The partici-
pant group encompassed a wide range of experience levels, with over 70% already 
experienced in the field of process discovery activities. The results highlighted a criti-
cal gap: 85% of participants agreed that guidelines are necessary to ensure complete-
ness and avoid errors, while 96% stated that they would actively use such a structured 

Fig. 1  Structure of the DSR phases conducted in this work
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guideline. This high level of agreement across all experience levels confirmed that 
existing methods lack the necessary structure for efficient, error-free documentation 
in industrial contexts. Consequently, these findings formed the foundation and moti-
vation for our artifact and justified the following rounds of iterative development 
described in Sect. 3.2. A detailed breakdown of the survey results is presented in Figs. 
2, 3, 4 and 5.

Design evaluation The artifact must be rigorously evaluated to demonstrate its 
utility, quality, and efficacy. While the iterations of the evaluation are detailed in Sect. 
3.2, the evaluation itself is described in Sect. 6.

Research contribution The artifact must provide a clear and novel contribution to 
the state of the art. To determine the existing knowledge base, an SLR was conducted 
(see Sect. 4). Initially, our objective was to build upon existing guidelines for the 
execution of manual process discovery. However, neither structured nor unstructured 
searches yielded publications that described the execution of these methods in detail. 
While the discovery methods themselves are cited in the literature, no specific guide-
lines for their application were found. Therefore, the guidelines developed in this 
paper represent a novel contribution by closing the gap between high-level method 

0 20 40 60 80 100

Organizations bene�t from the usefulness of
guidelines through improved process discovery and
optimization.

Q5

Guidelines help to improve the quality and accuracy
of the discovered processes. Q4

The usefulness of guidelines lies in the fact that they
serve as a reference and guide to ensure that the
discovery process runs smoothly.

Q3

Guidelines are useful to ensure that no important
details are overlooked during the process discovery. Q2

The use of guidelines makes it easier to
systematically discover and document processes. Q1

Distribution of the ratings (%)

Fig. 3  Questions regarding the usefulness of the guidelines and the distribution of ratings for the 
answers

 

0 20 40 60 80 100

Organizations need guidelines to systematically
document and improve their processes. Q4

Guidelines are necessary to increase the e	ciency of
the process discovery and save time. Q3

The use of guidelines is important to ensure that all
relevant aspects of a process are covered. Q2

Without guidelines, there is a higher risk of mistakes
and inconsistencies when discovering processes. Q1

Distribution of the ratings (%)

Strongly Disagree Disagree Neutral Agree Strongly Agree

Fig. 2  Questions regarding the necessity of guidelines and distribution of the ratings of the responses
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selection and the detailed, practical execution required for modeling both semi-auto-
mated industrial processes and manual processes.

Research rigor The artifact must be developed using rigorously defined and repro-
ducible methods. This study started with a literature review conducted according to 
the guidelines of Okoli and Schabram (2010). Following the identification of the 
research gap, the artifact was developed through a systematic build-and-evaluate 
cycle. The robustness of this process is demonstrated by the continuous incorpora-
tion of feedback. This responsiveness to draft iterations ensures that the artifact is 
grounded in both theory and practice.

Design as a search process The development of an artifact is an iterative process 
characterized by the search for an optimal solution through the generation and test-
ing of design proposals. Because the design and evaluation phases were combined, a 
detailed description of each step is provided in Sect. 3.2 and summarized in Table 1.

Communication of research The findings of this study are communicated through 
this publication, which details the methodology, the resulting guidelines, and the 
evaluation evidence, making the artifact accessible for adoption by process analysts 
and researchers.

0 20 40 60 80 100

The leadership team should actively support the use
of guidelines for manual process discovery and
promote their implementation.

Q3

The introduction of guidelines can help to ensure a
uniform approach to process discovery in the
organization.

Q2

The provision of guidelines helps employees to learn
process discovery more quickly and carry it out more
quickly and carry it out more e�ectively.

Q1

Distribution of the ratings (%)

Fig. 5  Questions about the support potential of guidelines and distribution of response ratings

 

0 20 40 60 80 100

The introduction of guidelines for manual process
discovery will help to improve the consistency and
comparability of the discovered processes.

Q4

Organizations can expect better transparency and
understanding of their processes through the use of
guidelines.

Q3

Guidelines increase the e�ciency of process
discovery and reduce the time required. Q2

The use of guidelines will lead to a higher quality of
the discovered processes. Q1

Distribution of the ratings (%)

Fig. 4  Questions regarding the expected results when applying the guidelines and the distribution of 
the ratings of the responses
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3.2  Iterative development process

To develop the artifact, we conducted a comprehensive, multi-stage development 
process, evaluating the results of our artifact in parallel with its development after 
each step using the evaluation dimensions proposed by Prat et al. (2015). The evalu-
ation process was divided into multiple rounds to assess the artifact from diverse 
perspectives. The individual steps of the artifact’s development and their outputs are 
shown in Table 1. In the following every step is described in more detail. The final 
evaluation of the artifact is discussed in Sect. 6.

 
Iteration 1 – Expert feedback

In the first artifact evaluation round, we conducted expert interviews and a follow-
up survey. The focus was on completeness, clarity, necessity, and usability. Experts 
emphasized the potential generalizability of the approach beyond IIoT, an encourag-
ing signal, though we maintained our focus on this domain for now. The need for 
example questions and flexible, modular use was raised. Based on this, we integrated 
illustrative prompts and reframed the guideline as a toolkit rather than a rigid step-
by-step manual.

First use case
Subsequently, the guidelines were applied in a real-world IIoT scenario at an 

automotive supplier (Sect. 6.1). While the guidelines supported the discovery task, 
uncertainties remained regarding the selection of appropriate discovery methods. 
This highlighted the need for a more accurate description of method application. Fur-
thermore, previously neglected observation proved valuable, particularly for identi-
fying the control flow. A key finding was that combining observation with interviews 
increased completeness: observation better captured the control flow, while inter-
views most effectively clarified tool usage. Consequently, these findings led to the 
integration of method-specific recommendations into the guideline.

 
Iteration 2 – Focus group feedback

The adapted guidelines were evaluated in two consecutive focus groups

	● Focus group 1 (Theoretical Perspective): This group involved researchers and 
academics with a background in process discovery. Participants emphasized the 
need for flexible applicability across varying levels of expertise. They also rec-
ommended for the inclusion of support tools (e.g., checklists, guiding questions, 
and literature references). Furthermore, the person-centered discovery approach 
was subjected to critical analysis, leading to suggestions for integrating auto-
mated methods (e.g., process mining) in future iterations.

	● Focus group 2 (Practical Perspective): This group comprised industry profes-
sionals with hands-on experience in process discovery. The experts validated the 
relevance of structured discovery guidelines, particularly for Small and Medium-
sized Enterprises (SMEs). Key feedback included the necessity for a concise and 
clear structure, the adoption of a top-down discovery approach, the early clari-
fication of scope and objectives, and the consideration of psychological aspects 
during interviews and observations. These insights prompted several structural 
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and content-based improvements.Iteration 3 – expert field test vAn experienced 
process analyst employed the revised guidelines to document an IIoT production 
process. This evaluation phase revealed that the initial structure, based on tradi-
tional process perspectives such as control flow, data, organization, and resources 
(Jablonski and Götz 2007), was impractical in real-world settings. Consequently, 
the structure was improved to bridge prior theoretical insights with the practi-
cal progression of a typical process discovery project in industry. Rather than 
strictly organizing content by process perspectives, the revised version adopts 
a more intuitive, phase-based structure that reflects the practical workflow of a 
discovery project. For example, in Sect. 5.4.1, the new sections include Starting 
the Workshop, Setting up a Process Profile, and Working in Groups. Correspond-
ing changes to align with real-world process discovery procedures were applied 
consistently across all guideline types. This holistic restructuring enhanced us-
ability and made the guidelines more accessible for practical application across 
all methods.

 
Second use case

A second industrial application (see Sect. 6.2) validated and expanded upon previ-
ous findings. It became clear that:

	● A pre-defined observation schedule significantly improves observation quality.
	● Cross-method triangulation is essential for validating the completeness of IIoT 

models.
	● Certain process segments (e.g., those operated by external providers) remain un-

clear ("black boxes"), requiring early inquiry into participant expertise.
	● Live modeling during validation yields richer feedback than post-hoc surveys.
	● While combining methods improves quality, it increases effort, highlighting the 

importance of a thoughtfully defined method sequence.

These insights were integrated into the guidelines, particularly through new sections 
addressing method selection, sequencing, and stakeholder coordination. The result-
ing artifact, comprising four distinct guidelines, is presented in the following section. 
The evaluation of these guidelines is detailed in Sect. 6.

4  Related work

To provide the scientific basis for the design of the artifact presented in this paper, 
an SLR was conducted following Okoli and Schabram (2010). An SLR ensures that 
potentially relevant information is reviewed as comprehensively as possible, facili-
tating the rigorous selection of required facts and details. The SLR presented in this 
paper follows a step-by-step methodology, encompassing the planning of the search, 
the identification and selection of relevant literature, and finally, data extraction and 
analysis.
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The Web of Science metadatabase and the ACM Digital Library were used for the 
literature search. Within Web of Science, the search was restricted to the databases 
Springer Nature, Elsevier, Emerald, and IEEE Xplore. To ensure the most extensive 
possible coverage of information, the selection included journal articles, conference 
proceedings, and book chapters. To ensure a transparent and systematic selection 
process, the following inclusion and exclusion criteria were applied.

 
Inclusion criteria:

1.	 Publication date: Only literature published from 2007 onward was included. Fol-
lowing the formalization of the de facto process-modeling standard BPMN in 
2006, BPM established itself as a holistic discipline with consistent terminology. 
Similarly, references to the IoT and its industrial counterpart began to become 
common in the mid-2000s. Consequently, publications predating 2007 were 
excluded from this study.

2.	 Language: Only papers written in English were included to ensure consistency 
and comparability across the reviewed literature.

3.	 Full-text availability: Only papers where the full text was accessible to the authors 
were included to enable complete evaluation and data extraction.Exclusion 
criteria:

1.	 Duplicates: Duplicate publications retrieved from multiple databases were 
removed to avoid redundancy in the dataset.

2.	 Thematic irrelevance: Papers that did not directly address the research topic or 
failed to contribute to answering the research questions were excluded.

To find related work, the following research questions were defined: RQ1	
Which connections between BPM and the IIoT have already been explored, par-
ticularly regarding process discovery?
RQ2	 Are there established approaches for general process discovery that 
may be transferable to the IIoT context?
To address RQ1, we searched the selected databases using the iteratively developed 
search string below. The search was restricted to Title and Abstract fields to capture 
the current landscape of the field. This targeted scope ensures that the intersection 
of BPM and IIoT constitutes the core focus of the retrieved literature, rather than 
a peripheral mention. In the beginning, six duplicates were eliminated. In a second 
step, six papers that could not be accessed were excluded. Finally, the content of the 
identified literature was analyzed regarding its IIoT context and relevance to the pres-
ent paper. We identified 12 of the 24 retrievable papers as relevant. These selected 
papers are discussed in more detail below.

("BPM" OR "business process management" OR "process management") AND 
("IIoT" OR "Industrial IoT" OR "Industrial Internet of Things" OR "IoT" OR 
"Internet of Things" OR "Industry 4.0"))
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To address RQ2, a broader search was conducted to identify existing process dis-
covery methods. Unlike the restrictive scope of RQ1, this search encompassed Title, 
Abstract, and Keyword metadata. This expanded approach ensures that established 
manual discovery frameworks are not omitted due to the high degree of terminologi-
cal variation common in the process management literature. Initially, one duplicate 
and two inaccessible papers were excluded. Following an analysis of the remaining 
79 publications, 66 papers unrelated to manual process discovery methods were fil-
tered out.

("process discover*" OR "discovery method") AND ("document analysis" OR 
"observation" OR "interview" OR "workshop") OR ("business process discov-
ery" OR "process elicitation")

In Fig. 6, the search process and the steps taken for both research questions are illus-
trated using a PRISMA diagram (Page et al. 2021). Table 2 presents related works 
identified for the two research questions described above, along with their respective 
contents. Our analysis (see Table 2) reveals the absence of specialized manual meth-
ods for IIoT process discovery in the existing literature, with current efforts focus-
ing predominantly on process mining approaches. While some studies address IIoT 
processes, they do not detail the methodologies used for their identification. The key 
findings from the related literature are discussed below.

The literature review by Giudice (2016) outlines the potential impact of IoT on 
BPM, both within and beyond the enterprise. Specifically, these impacts pertain to 
supporting BPM in terms of process optimization and implementation. They analyze 
the influence of IoT on BPM, rather than the discovery of IoT processes. Further-
more, while the use of IoT implies an industrial context, this is not explicitly speci-
fied. Crucially, the paper does not address the phase of process discovery.

Bazan and Estevez (2022) present an approach analogous to that of Giudice 
(2016). They examine the impact of IoT on BPM, emphasizing that robust organi-

Fig. 6  PRISMA-diagram for RQ1 and RQ2 (Page et al. 2021)
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zational BPM facilitates the management of Industry 4.0 challenges. While process 
discovery is implicitly mentioned in this context, it is not explicitly detailed.

Schönig et al. (2020b) introduce a method for interacting with IIoT data during 
process execution. This approach leverages portable, real-time user interfaces to 
notify process participants of current tasks, thereby supporting efficient execution. 
While they describe an adaptation of process execution for industrial scenarios using 
IIoT data, they do not explain how the underlying industrial processes were origi-
nally discovered.

Seiger et al. (2022) investigate the integration of BPM and IIoT to provide com-
mon benefits to both research domains. Their work includes the development of an 
IIoT system architecture that integrates with BPM systems within smart factories. 
The primary objective is to enable sensor events to interact smoothly with existing 
BPM systems. To achieve this, IIoT technologies are integrated with BPM technolo-
gies throughout the BPM lifecycle, with a focus on process modeling, automation, 
and process mining. Although process discovery is not a central topic, the authors 
mention that process mining techniques can be used to discover processes based on 
logs and to obtain statistics. However, they do not provide a detailed explanation of 
the discovery methodology.

Table 2  Review of thematically relevant literature with regard to the mentioned criteria
Authors IIoT and 

BPM 
included

IIoT pro-
cess used

Discovery 
described

Manual 
method 
used

Manual 
method 
described

 Bazan and Estevez (2022) ✓ ✓
 Benevento et al. (2022) ✓ ✓
 Burnay et al. (2020) ✓ ✓ ✓
 Castiglione (2024) ✓ ✓ ✓ ✓
 D’hondt et al. (2019) ✓ ✓
 Front et al. (2017) ✓ ✓ ✓
 Ghose et al. (2007) ✓
 Giudice (2016) ✓
 Grefen et al. (2018) ✓
 Harman et al. (2016) ✓ ✓ ✓
 Han et al. (2020) ✓ ✓ ✓
 Hewelt et al. (2020) ✓ ✓ ✓
 Houy et al. (2010) ✓ ✓ ✓
 Janiesch et al. (2020) ✓
 Martin et al. (2020) ✓ ✓ ✓
 Mass et al. (2016) ✓ ✓
 Schönig et al. (2018) ✓
 Schönig et al. (2020) ✓ ✓
 Schönig et al. (2020a) ✓ ✓
 Schönig et al. (2020b) ✓ ✓
 Seiger et al. (2022) ✓ ✓
 Sirgo et al. (2018) ✓ ✓
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Janiesch et al. (2020), similar to Giudice (2016), discuss the relationship between 
IoT and BPM. Their goal is to highlight the challenges associated with bridging the 
previously distinct domains of IoT and BPM. Process discovery is also addressed, 
specifically via the use of log files and process data. However, apart from process 
mining, no other discovery techniques are described.

Ghose et al. (2007) present a novel method for deriving process models from tex-
tual descriptions. This approach is grounded in the assumption that documents serve 
as a primary source of information for modeling. Although it represents an evolution 
of document analysis that can speed up process discovery, this approach does not 
offer a detailed description of a specific manual discovery method. The objective is 
not to model a process from scratch, but rather to automatically generate an initial 
model that can subsequently be refined by the modeler.

Similar to Ghose et al. (2007), Han et al. (2020) present an automated business 
process service aimed at streamlining the process discovery phase of BPM projects. 
Unlike existing approaches that rely heavily on human knowledge to derive hier-
archical structural relationships between activities from textual documentation, this 
approach leverages a neural network. It is designed to automatically identify latent 
hierarchical structures within documents. Through process-level language modeling, 
it accurately identifies process elements and generates BPMN scripts, significantly 
reducing the time and effort required for process discovery.

Recent literature emphasizes that relying on a single discovery method is often 
insufficient. In a comparative study of five discovery methods within a safety-critical 
healthcare setting, Christov et  al. (2017) conclude that methodological triangula-
tion is essential to capture the disparity between theoretical "work-as-imagined" and 
actual "work-as-done". This view is supported by Dolnicar et al. (2024), who criti-
cize the over-reliance on self-reporting (via surveys or interviews) and highlight the 
superior validity of direct observation for establishing the ground truth of process 
execution. Despite the rise of automated mining, manual and hybrid methods remain 
dominant due to data inconsistencies and process complexity.

Martin et al. (2020) demonstrate that qualitative workshops are indispensable for 
identifying organizational barriers (such as culture and trust) that automated logs 
inevitably fail to capture. To address the communication gaps existing in standard 
interviews, Front et al. (2017) propose ISEA, a participative method that utilizes col-
laborative visual outlining to help stakeholders "co-design" the process. Furthermore, 
facilitation strategies must be tailored to the audience; Hewelt et al. (2020) found that 
while "Process-First" strategies suit novices, data-centric methods yield more robust 
models, nevertheless at the cost of higher cognitive effort.

The review of related work indicates that no manual approaches for process dis-
covery within the IIoT context have yet been described. Janiesch et al. (2020) and 
Seiger et  al. (2022) merely mention the possibility of process discovery based on 
log files and data generated during execution. Furthermore, we found no general 
guidelines for process discovery that are independent of the IIoT context. While sev-
eral studies describe specific components of manual methodology, they are generally 
limited to the application of isolated techniques in specific contexts. Crucially, the 
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literature lacks a domain-independent framework for process discovery. This paper 
addresses the identified research gap by developing structured guidelines for manual 
process discovery in an industrial context, grounded in the work of Dumas et  al. 
(2021).

Given that the literature review revealed an absence of manual methods for pro-
cess discovery in the IIoT context, additional sources were consulted. Specifically, 
we examined Dumas et al. (2021) and Gronau (2017); while these are considered 
standard literature in BPM and process discovery, they describe only the available 
methods and offer no step-by-step instructions for their execution.

Dumas et al. (2021) provide insights into established approaches to general pro-
cess discovery. The authors explain the methods of document analysis, observation, 
interviews, and workshops, offering a description and an example for each. While 
brief guidelines are provided for conducting interview- and workshop-based discov-
ery, document analysis and observation are covered in less detail. Crucially, the pre-
sented methods are primarily contextualized within office environments rather than 
industrial processes.

Gronau (2017) outlines methods such as interviews, questionnaires, focus groups 
(conceptualized as workshops), observations, the inventory method (which encom-
passes document analysis), and automated procedures. The distinctions between 
these approaches are clarified, though the depth of detail regarding their practical 
implementation varies. The focus lies primarily on interpersonal components, with 
no specific reference to industrial contexts.

5  Guidelines for manual process discovery

This section presents an application proposal for the discovery methods document 
analysis, observation, interview, and workshop. Each subsection is structured into 
two parts: (i) the theoretical background and fundamentals of the process discovery 
method, and (ii) a description of the specific guidelines for that method.

The descriptions presented here are designed as flexible guidelines rather than 
rigid procedures. To ensure successful process discovery, the execution sequence 
may be adapted flexibly. However, upon completion of the discovery phase, it is 
crucial to ensure that all perspectives outlined in Sect. 2.3 have been captured. Fig. 7 
illustrates the requirements that must be met once a process has been identified. Fur-

Fig. 7  Required components and artifacts created after successful process discovery
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thermore, different discovery methods can be combined, allowing for the selective 
application of specific components from various methods. An exemplary approach 
for combining these methods is provided in Sect. 5.5. The individual components of 
the respective discovery methods are presented here in a suggested sequence, which 
is particularly beneficial for inexperienced process discoverers (PDs). These guide-
lines are explicitly designed for practitioners with limited or no prior knowledge of 
process discovery execution. Individuals with prior expertise may adapt the guide-
lines or selectively use specific aspects as needed.

We recommend developing a corresponding process map and identifying relevant 
processes within it before initiating discovery. The process to be discovered should 
be contextualized in relation to upstream and downstream processes. Furthermore, 
the objective and purpose of the discovery should be defined in advance to tailor the 
focus and level of detail accordingly. Depending on the desired granularity, the dis-
covery can be executed using a top-down approach.

5.1  Document analysis

5.1.1  Document analysis method

Existing process descriptions such as internal policies, organizational charts, manu-
als, models, or instructions can be used for process discovery (Dumas et al. 2021). 
Similarly, the PD can discover information from business distribution plans, regula-
tions, budget, economic, personnel, and staffing plans, directives, job descriptions, 
requirement documents, design documents, order statements, or meeting protocols 
(Federal Ministry of the Interior and Community 2012). The discovered documents, 
containing information about the current state of the process, are reviewed, and pro-
cess-relevant information is extracted (Federal Ministry of the Interior and Commu-
nity 2012). Based on this information, a model of the process can be created. During 
document analysis, the following information can be extracted for process discovery 
(Federal Ministry of the Interior and Community 2012): Task structures, areas, and 
carriers; organizational structures and process workflow; specifications and condi-
tions within the process; decision points; time required; linked and used documents 
in IT systems.

There is no information on the approach or techniques for extracting information 
from the documents and converting it into a process model. Documents are usually 
not process-oriented and therefore not uniformly granular. This leads to different lev-
els of detail in the various documents, making direct derivation of processes from 
the documents usually not possible (Dumas et al. 2021). Furthermore, the documents 
used may be outdated or incorrect and do not guarantee the correctness of the infor-
mation contained therein as they refer to past states (Dumas et al. 2021; Hansen et al. 
2019). However, documents are free from personal evaluations and thus provide an 
objective basis for familiarizing oneself with a process. They serve as a starting point 
for process discovery (Dumas et al. 2021; Hansen et al. 2019; Federal Ministry of the 
Interior and Community 2012).
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5.1.2  Guideline for document analysis

Preparation
The preparation of the document analysis starts with the collection of all process-

relevant documents. These include, for example, business distribution plans, busi-
ness regulations, budget, economic, personnel, and staffing plans, instructions, job 
descriptions, requirement and design documents, order declarations, machine manu-
als and operating instructions, specification documents for involved individuals, site 
plans of the production facility and other documents related to the process or involved 
entities. Sort the documents according to their level of detail and check short and 
structured documents first, followed by more extensive documents. Finally, focus on 
machine-specific documents due to their specificity. This top-down approach pro-
vides a clear overview before delving into details systematically.

 
Discover resources

In this step, the documents are reviewed from the resource perspective. All 
documents are examined to determine which executing instances, i.e., people and 
machines (short: resources), are involved in the execution of the process. Each docu-
ment is worked through individually, and notes are taken as soon as a machine or a 
role of a person performing a specific activity is mentioned. Person roles are often 
terms describing activities, i.e. "truck driver". Machines are usually identified by 
their own names i.e. "welding machine". If explicit names for machines or person 
roles are not provided in the documents, the PD should assign appropriate designa-
tions. It is crucial that these designations are used consistently to avoid confusion, 
duplicates, or other errors.

 
Discover tasks

As soon as all resources have been identified and noted, we recommend record-
ing the associated tasks, the functional perspective, and assigning them directly to 
the discovered resources. All documents should be reviewed, and every activity and 
task (short: task) mentioned should be noted. It should also be noted which resource 
performs the task that this can be assigned directly during modeling later. A task is 
one step of work in the process.

It is important to capture all tasks that can be performed by a resource. This applies 
regardless of whether the tasks appear to be related, occur only in special cases, or 
have other unusual features. If a task can be performed by different resources, the 
task is noted for each participating resource, along with an indication which other 
resources can also perform this task. This will be taken into account later in the 
modeling by creating an exclusive decision node, which ensures that the task is only 
executed once. It is also possible to discover the tasks independently of the previous 
resource acquisition. Nevertheless, it should be ensured that the tasks can be assigned 
to the correct resource later.

 
Discover tools

The operational perspective is captured by discovering these tools, programs, 
applications, services, and software components (short: tools) used to perform a task. 



1 3

L. M. Kölbel et al.

For each task, it is determined how it is implemented in practice. All available docu-
ments must be reviewed and searched for the mentioned tools and the task where they 
are used. A direct assignment of the tools to the task is recommended directly when 
the tool is discovered. For example, if the ERP system is used, this is noted for the 
corresponding task. It is also possible to detect the tools independently of the previ-
ous task detection. Nevertheless, it should be ensured that the tools can be assigned 
to the correct task later.

 
Discover data

The data which is produced or used in each task covers the data perspective. The 
documents should be read through chronologically, and any data element mentioned 
should be noted. For each data element noted, the task in which it is produced and 
used should be noted. If a data element is produced in a task, details such as the 
type of sensor used, data capture intervals, data format, and destination are useful to 
record. If a data element is used in a task, the purpose, format, and source of the data 
are possibly interesting. In both cases, the storage location of the data, typically a 
database, is also indicated. To manage the discovered information clearly, it is recom-
mended to use tables that record the aforementioned properties as columns and the 
data elements as rows.

 
Discover sequence

The sequence of individual tasks is extracted from the documents to represent 
the control flow perspective. All documents are read through, examining which task 
the process starts with and which further tasks follow. It is advisable to identify the 
starting point of the process and then sequentially determine the next step. If there 
are decision points or intermediate events within the process, these should also be 
recorded. This may include information such as the duration of certain process steps, 
the conditions under which certain tasks are executed, and identifying which tasks 
sensors produce data.

 
Validation

Whether the process has been accurately discovered cannot be immediately veri-
fied. There is the possibility of conducting the entire document analysis again and 
recreating the model independently of the initial capture. An alternative method for 
validating the information is to choose another discovery method like observation, 
interviews, or workshops and execute it. Subsequently, the process information can 
be compared. If discrepancies are found between them, this indicates that at least 
one of the discovering was incorrect or incomplete. In such a case, it is necessary to 
review the documents again to identify and rectify any errors and incompleteness.

To discover the individual perspectives, the documents can be run through in sev-
eral iterations for one perspective at a time or all perspectives can be run through 
within one iteration. For clarity, we recommend proceeding in several iterations and 
identifying the resources first. Then discover the tasks and assign them to the cor-
responding resources. Discover the data and tools at the same time and assign them 
directly to the tasks. Finally, the tasks can then be put in the correct order using the 
documents.
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Advantages and disadvantages
The advantages of document analysis include that it does not disrupt ongoing 

production processes, allowing operations to continue without interruptions. Addi-
tionally, it entails no extra personnel resource costs and provides detailed documenta-
tion that enables a comprehensive understanding of the processes. These documents 
remain available at all times, serving as a continuous point of reference.

However, document analysis also presents some disadvantages. It demands a sig-
nificant time investment from the PD, with analysis time increasing as more docu-
ments are included. There is also the risk of misunderstandings arising from complex 
technical machine descriptions, often requiring the involvement of additional experts 
for clarification. Furthermore, the accuracy of process models can suffer from out-
dated or incomplete information. Particularly in IIoT environments, documentation 
may be lacking or not detailed enough in crucial areas such as data flows and machine 
communication.

In conclusion, conducting document analysis is sensible when there is a solid base 
of up-to-date and detailed documentation and when processes cannot be disrupted. It 
is especially useful in stable, well-documented environments where process under-
standing is needed without interfering with ongoing operations. However, in highly 
dynamic or poorly documented IIoT settings, alternative methods or supplementary 
interviews and observations may be necessary to avoid incomplete or inaccurate 
results.

5.2  Observation

5.2.1  Observation method

During observation, the PD observes the execution of the process and can directly 
capture the current process activities (Dumas et  al. 2021; Gronau 2017). In busi-
ness processes, the PD can take an active role (e.g., the perspective of the customer) 
or a passive role (e.g., the perspective of the employee) to conduct overt or covert 
observations (Dumas et al. 2021; Gronau 2017). The PD documents their observa-
tions and can subsequently translate them into a process model. Similar to docu-
ment analysis, the literature does not provide specific techniques or instructions for 
conducting observations. Since observation is passive, no workflows or processes 
are interrupted. There are no additional costs due to work interruptions or produc-
tion stops during process discovery (Gronau 2017; Hansen et al. 2019; Dumas et al. 
2021). Furthermore, observation enables the PD to gain a better understanding of 
process boundaries and reduces reliance on information from documents or process 
participants (Dumas et  al. 2021). Observation allows for an objective view of the 
process from the perspective of the PD and is not exposed to the subjective influences 
of process participants. However, it should be noted that employees may change their 
behavior if they know they are being observed and may work in a more structured 
or faster manner than usual (Dumas et al. 2021; Hansen et al. 2019). Additionally, 
observation requires that the PD has access to the process, which may require access 



1 3

L. M. Kölbel et al.

to remote facilities or locations (Dumas et al. 2021). It may be temporally or spatially 
impossible to continuously observe a process. In such cases, the PD may need to 
observe the process multiple times to ensure that all possible process paths have been 
observed at least once.

5.2.2  Guideline for observations

It is recommended to model the process during observation. This allows the process 
to be captured based on the sequence of execution, enabling the components to be 
recorded directly in the correct order. Thus, the guiding perspective for observation 
is the control flow perspective.

The PD tracks the manufacturing of a particular component from the beginning to 
the end of the process. For example, if a piece of wire is clamped into a machine at 
the beginning, the PD follows this piece of wire until the end of the process, where 
a complete final product is produced. The PD starts at the beginning of the process 
and records the trigger of the process. Then, they track the first process step. If there 
are multiple ways the process can start, one possible starting event is chosen, while 
all other possible starting events are noted. After the observation is completed, the 
process is observed from another starting event until the first common task is reached 
after all starting paths. Familiarity with the specific domain where a process takes 
place can be practical for a PD, as it facilitates the identification, differentiation, and 
detailed specification of individual tasks. However, such domain-specific expertise 
is not an essential prerequisite. As demonstrated in the use case presented in Sect. 
6.2, a PD can also conduct effective process observation and modeling without prior 
specialist knowledge.

 
Discover tasks

For each process step, the PD observes what happens in the process step to cover 
the functional perspective. A process step in the observation is an executed activ-
ity and is thus differentiated from the next or previous step. It should be possible to 
record the observed activities as compactly as possible. The level of detail of a task 
depends on the previously defined granularity of the process.

 
Discover resources and tools

At the same time as observing the task, the PD can make a direct note of whom 
performs this process step (which resource) and whether it is clear which tools are 
used for execution. This covers the resource and operational perspectives. The 
resources and tools can also be discovered independently of each other and of the 
tasks. However, it is important that they are assigned correctly. We therefore recom-
mend assigning a task directly to the executing resource and noting the tools used. 
The executing resource can be directly modeled as a lane. If it already exists, the step 
is skipped. The observed task is modeled as a task and assigned to the corresponding 
resource. Then, any tools used are linked to the task. Once all components are cap-
tured, the PD moves on to the next process step and repeats the process.
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Discover sensors for the data perspective
The discovery of data perspective is not possible in the observation. Nevertheless, 

sensors that are sighted during the process can be included in the model. This allows 
the model to show where data is generated in the process.

 
Handling branches

Once the PD recognizes that the process branches, it is advisable to follow one 
path at a time and not try to capture multiple paths simultaneously, because the size 
and complexity of the process can lead to confusion. The later model could become 
faulty or incomplete if the PD forgets parts of the process or neglects a path. To main-
tain clarity, the following approach is recommended when encountering a process 
branch: 

1.	 The PD notes in a separate document the task where the process branched and the 
number of possible additional paths at this point.

2.	 The PD chooses one of these paths and continues through the process.
3.	 Once the PD reaches the end of the selected path, they return to the marked point 

and choose the next path.
4.	 The process is fully traversed again, and this process is repeated until all noted 

branches are addressed.

If there are further branches of the process in a path, the task and the number of 
paths are noted. The processing of the noted branching points is done chronologi-
cally according to the notation, with initially noted branches being processed first. 
This ensures that all branches are addressed, and the process is modeled along the 
control flow.

 
Handling overlooking of paths

The overlooking of paths in forward observation occurs when paths are rarely 
executed. If a path is not activated during observation, it cannot be observed and 
therefore cannot be captured in the model. However, backward observation does not 
guarantee the capture of rarely executed paths. To reduce the likelihood of overlook-
ing paths, the following measures can be taken:

	● Multiple iterations: Observation can be conducted multiple times, both forward 
and backward. Each additional iteration increases the chance of capturing rarely 
executed paths.

	● Increased observation duration: To ensure that even rare paths are captured, the 
observation duration at each process branch can be extended. This allows for the 
discovery of unusual or less frequent process flows.Validation

The accuracy of the observation process discovery can be validated. To do this, the 
observation is repeated at the end of the process. This ensures that paths or tasks that 
may have been overlooked in the forward observation are discovered in the backward 
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observation. The observation usually begins at the finished product. Each previous 
task is considered and compared with the process model. Special attention is paid 
to process path mergers. This occurs when a task has multiple possible preceding 
tasks, resulting in multiple process paths leading to this task. The observed task is 
noted together with the number of triggering options, as with forward observation. 
Subsequently, one of these possibilities is selected, and the observation is conducted 
backward until the beginning of the process is reached. If additional path mergers 
occur during this backward observation, they are also re-noted. All mergers should 
be processed chronologically until all have been completed. The goal of backward 
observation is to uncover paths overlooked during forward observation. For example, 
if only three possible paths were identified at a process branch, when there are actu-
ally four possible paths, the backward observation might uncover four converged 
paths. Once all these paths have been traversed backward, a path not included in the 
current model can be identified and added.

 
Using observation for IIoT processes

Although it is not possible to discover the data perspective, observation is suit-
able for recording IIoT processes. This is because prior observation helps the PD to 
understand the process and provides initial insights into the process, which the PD 
can use to develop questions and initial models based on their prior knowledge using 
other discovery methods, e.g., in an interview. This is shown in Sect. 6.1.

 
Advantages and disadvantages

The advantages of using observations for process discovery include an objective 
view of the process and a clear overview of all visible process components. Observa-
tion can be carried out within a defined physical space, such as a production facility, 
without interfering with ongoing operations. It does not require additional resources 
or costs, and the process flow often becomes quickly clear to the PD. However, this 
approach also has disadvantages. Certain process operations, especially those occur-
ring inside machines, are not visible. Critical aspects like data usage, network traffic, 
and machine communication remain hidden. Additionally, physical constraints, such 
as machine placement, can limit the PD’s ability to observe all steps. Rarely executed 
paths may be missed, leading to incomplete models. Furthermore, measuring waiting 
times can slow down the process discovery and add to the overall time consumption.

Conducting an observation-based process discovery is advisable when the goal is 
to quickly gain an initial, unbiased understanding of visible process flows without 
interrupting the process itself. It is particularly effective when the majority of critical 
activities are externally visible. However, for complex processes with significant hid-
den operations or data-driven components, observation should be supplemented by 
document analysis or expert interviews to achieve a complete and accurate process 
model.
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5.3  Interview

5.3.1  Interview method

In the interview-based method, a subject matter expert (process owner) involved in 
the process is personally interviewed (Dumas et al. 2021; Gronau 2017). If multiple 
process owners are involved in the process, multiple different interviews must be 
conducted.

Dumas et al. (2021) propose two strategies for conducting interviews: (i) back-
ward and (ii) forward process discovery. In (i) the interview starts at the end of the 
process and works backwards through the process, asking "What happens before?" 
and continues until the trigger of the process is reached. (ii) operates in reverse, 
discovering data on the process from the beginning to the end state of the process. 
Furthermore, Dumas et al. (2021) recommend choosing between a structured or open 
interview approach. Structured interviews involve predefined questions and hypoth-
eses that need to be confirmed or corrected. This ensures that specific questions of the 
PD are answered. However, important information may be overlooked in a structured 
interview as it may not be included in the predefined questions. Additionally, excep-
tional cases may remain unaddressed. Open interviews allow the process owner to 
present important aspects of the process from their perspective, potentially revealing 
information that would have remained hidden in a structured interview. On the other 
hand, the process owner may skip important information, thus hide it from the PD 
(Dumas et al. 2021).

To conduct process interviews, the Bundesverwaltungsamt (2013) has created a 
"Guideline for the Collection of Business Processes". To prepare for the interview, 
available documents may be reviewed to construct a preliminary process plan based 
on their content. This information requires verification during the interview. It is 
important to note that this step does not constitute a formal document analysis; rather, 
it serves as a process familiarization exercise, providing the PD with an initial over-
view based on available background information. They provide tips for interpersonal 
aspects that facilitate conducting interviews. No further guidance on structured inter-
view conduct is provided. Gronau (2017) point out general principles for conducting 
interviews:

	● Interview questions must be formulated and asked exactly.
	● The PD must be aware of their role as an interviewer. Their interpersonal skills 

influence the success of the interview and the relationship with their interviewees.
	● The information obtained must be carefully documented.
	● The interview questions must be tailored to the expertise of the process owner.

The process model is created from the interview notes or parallel during the interview 
(Dumas et al. 2021). Conducting interviews requires significant time and resource 
investment. When multiple process owners are involved in a process, inconsistencies 
may appear that the PD must clarify. This requires verifying the correct process flow, 
leading to increased time investment (Dumas et al. 2021). Qualified subject matter 
process owners familiar with the process details are required. During interviews, sub-
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ject matter process owners may not be able to perform their regular duties, potentially 
impacting operations (Krallmann et al. 2002).

5.3.2  Guideline for interviews

One or more interviews can be conducted for the interview-based process discovery. 
This depends on the complexity and size of the process and the personal preferences 
of the PD and the process owner. We recommend conducting a separate validation 
interview after the discovery, which takes place on a separate date, to verify the cor-
rectness of the model once it has been fully modeled.

 
Interviews with multiple process owners

If processes are large and complex (especially IIoT processes) they can be divided 
into different sections. Each section typically has different process owners. To con-
duct a process discovery through interviews, the PD should invite all process own-
ers to separate interviews. These interviews can follow or use parts of the guideline 
described below with each invited participant separately. Once all sections of the 
process are discovered, the PD must arrange them in the correct sequence. If there 
are interactions or cross-connections between the interviews or if process owners 
contradict each other, it is advisable to talk to the process owners involved together 
to clarify the affected process component.

 
Preparation through questionnaire

In the beginning, the PD should provide the process owner with a preliminary 
questionnaire regarding the process. The questionnaire should include questions cov-
ering all process perspectives. It is important to use terms in the questionnaire that are 
familiar to individuals without a background in process modeling. Possible questions 
for the questionnaire could include:

	● What is the main goal or output of the process? What is produced, and what is the 
outcome of the process?

	● Are there specific triggers or conditions starting the process?
	● Which individuals, machines, and IT systems are involved in the process? (Re-

source perspective)
	● What is the flow of the process? Please describe chronologically what happens in 

the process. (Functional and control flow perspective)
	● Are supporting software or other tools used to perform tasks? If yes, please name 

the tasks where such support is provided and describe the type of software, tools, 
or other aids involved. (Operational perspective)

	● Are there specific procedures or measures that are executed in case of an error 
occurrence?

	● What happens to unusable or defective parts identified during the process? Are 
there mechanisms for monitoring and segregating such parts? Please explain 
these.

	● Which sensors are present within the process? Where in the process are these sen-
sors used (at which tasks)? What data do these sensors each capture and produce? 
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Please describe this briefly. (Data perspective)
	● Where are the captured data sent? Where does data processing take place? (Data 

perspective)
	● Which machines within the process are interconnected? How do these machines 

communicate with each other? What information or data do the machines ex-
change?

	● Is there a data network within the process? If yes, please describe and sketch it 
briefly. (Data perspective)

Based on the answers, the PD can create an initial information overview or a process 
model, considering the various perspectives. The questionnaire allows minimizing 
the duration of the further interview and gives the PD the opportunity to familiarize 
themselves with the process before the interview. The PD can already prepare more 
detailed questions for the first interview, considering the following topics:

	● Have any uncertainties or contradictions appeared due to the answers from the 
first questionnaire?

	● Is the process model complete or are there paths that do not have a defined end?
	● Does the sequence of tasks in the process make sense?Starting the interview

We recommend dividing the interview into several parts to allow the PD and the pro-
cess owner to take breaks. However, it is also possible to conduct only one interview 
where only parts of the proposed methods are used.

The PD invites the process owner to the interview. Two forms of an interview 
can be conducted: a closed interview with prepared questions that already explic-
itly address specific content. This is particularly recommended if a questionnaire has 
been sent out in advance. During the interview, the PD asks the process owner the 
prepared questions and notes down the answers. Otherwise, in an open interview, the 
process owner can be explicitly asked to talk about the process on their own initia-
tive using open questions. This gives the process owner the opportunity to address 
additional comments and ensures that the PD receives information that may not have 
been explicitly asked for. Examples of conducting interviews using open and closed 
interviews can be found in Dumas et  al. (2021). Further literature on conducting 
interviews is provided by Hochstetter-Diez et al. (2025), Burnay et al. (2020), Taher-
doost (2022), Turner and Dw (2010), Gubrium et al. (2012) and DiCicco-Bloom and 
Crabtree (2006).

 
Check understanding

To check if the PD has understood the answers and process descriptions of the pro-
cess owner correctly, we recommend carrying out the following step: The PD goes 
through their notes with the process owner and asks them about each process step, 
confirming whether the representation and understanding of the process flow are cor-
rect to avoid potential errors in modeling. If there are any errors or incompleteness, 
the process owner corrects them. Alternatively, the PD can integrate the information 
received during the interview into the existing process model and expand it or, if 
no model is available yet, model or document it. If a model already exists, the PD 
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goes through the process model with the process owner and explains the modeled 
steps. Here again, the process owner should point out any errors or incompleteness 
and make corrections. It is important to note that the PD should never assume that 
the process owner is familiar with the modeling language. Therefore, the PD should 
explain each modeled process step by describing what happens at that point, accord-
ing to the model. If a correction or addition is necessary, the process owner should 
communicate this verbally. The PD can either note this information and integrate it 
into the model later or make the changes directly in the model.

After going through the notes or model once, the PD should ask the process owner 
if there are any additional information or process components that have not been cap-
tured yet (e.g., a process branching that triggers another, previously unrecorded path). 
If such information is available, it should be integrated into the notes or the model. If 
desired, a pause can be taken between the interviews at this point.

Depending on the duration of the first interview and the extent of the model 
changes, it may be useful to end the interview at this point and conduct a second 
part in a separate session. This allows the PD to integrate new insights from their 
notes into the model without causing unnecessary waiting time for the process owner. 
Updating the model can take several hours depending on the extent of the notes 
and the complexity of the process. Additionally, the concentration of the participants 
decreases after a certain duration.

 
Detail contents

In a second interview or as a second step, the process can be detailed and process 
exceptions identified. It can be assumed that the first model does not have a high 
level of detail yet and that none of the rarely executed paths have been captured. 
These details should be worked out in the second interview. This includes identifying 
subtasks, defining decision rules at relevant branches, integrating sensors at suitable 
locations in the model for data discovery, documenting the data forwarding and usage 
at the respective goals, and verifying that all possible process paths are mapped in 
the model, regardless of their rarity of execution. To discover this information in a 
structured manner, the PD can question the process owner based on the revised model 
from the first interview. It is recommended to go through the following questions for 
each task to capture all necessary information:

	● Does the task divide into further subtasks? If yes, into which ones?
	● Are data discovered at this point in the process? If yes, which ones, why are they 

discovered, where are they sent (to which other process task), and where are they 
stored (at which storage location)?

	● Are there additional paths that can follow this task that have not been mapped so 
far?

The PD may further divide tasks and create multiple tasks or model subprocesses if 
necessary. Data is attached or referenced as data objects to the respective tasks, and 
connections are documented. Once all tasks have been explored, all branches are 
examined chronologically, and for each path, it is determined what conditions must 
be met for the path to be executed, the interview ends. The PD can add the informa-



1 3

Guidelines for manual process discovery for semi-automated processes

tion into the model now. To pursue the top-down approach, the interview can also be 
conducted several times to discover the process more and more granularly until the 
desired level of detail of the process is achieved.

 
Area expert

If the process owner (contrary to the assumption) does not have enough detailed 
knowledge of the process to answer the questions and describe the process at a cer-
tain point, an area expert must be involved. This person is also familiar with the 
process but has specific expertise in a particular area. The area expert is called in for 
a discussion and supports the process owner where they lack detailed knowledge of 
the process. The area expert is explicitly involved only in this specific section of the 
process.

 
Validation

We recommend using a validation interview where the PD and the process owner 
again go through the extended process model to check for correctness and complete-
ness. The process should proceed chronologically, and at each task it is checked 
whether the task is correct, the associated data is correct, the executing resource is 
correctly assigned, and the task order is correct. It should be verified whether the 
tasks before and after are actually executed at this point in the process flow. When the 
process reaches a branching point, its paths and the conditions required for them are 
checked. Subsequently, the cooperation between the individual machines and roles 
is examined, with each connection being verified to ensure it actually exists and con-
nects the correct resources. If the process owner has no corrections and confirms that 
the model is complete and correct, the process discovery is completed. If errors are 
found by the process owner, they should be corrected after the interview. The inter-
view can be repeated until the process owner confirms the model as correct and com-
plete. However, the model can also be finished after the corrections of the validation 
interview or terminated after a certain number of validation steps. The PD decides 
when the model and the process discovery are complete.

 
Advantages and disadvantages

The advantages of conducting interviews for process discovery include gather-
ing up-to-date and detailed information directly from the process owner. Interviews 
allow for immediate clarification of content-related questions and misunderstand-
ings, making certain that even hidden aspects, which are not visible through observa-
tion or documentation, can be addressed. Additionally, interviews make it possible 
to inquire about all process paths, data flows, and network interactions, offering 
extensive opportunities also to gather IIoT-related insights. This method significantly 
increases the likelihood of developing a complete and accurate process model.

However, interviews also have notable disadvantages. They can be both time- and 
cost-intensive, disrupting normal process flows as the process owner is occupied and 
unable to perform their usual tasks. The accuracy of the discovered information heav-
ily depends on the assumption that the process owner is thoroughly familiar with the 
process or can consult area experts. There is also the risk of receiving incomplete 
or incorrect information, especially if the process owner unintentionally presents an 
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idealized version of the process rather than its current state, resulting in inaccuracies 
in the model.

Conducting interviews is particularly sensible when in-depth knowledge, hidden 
process details, and IIoT-specific information (e.g., sensor data, data acquisition/
storage, and decisions based on IIoT data or machine communication) are required, 
especially in complex systems where neither observation nor documentation alone 
can capture the full process. Interviews are most effective when combined with other 
methods and when process owners are well-informed and able to provide an honest 
and realistic depiction of the current process.

5.4  Workshop

5.4.1  Workshop method

The workshop-based discovery method is similar to the interview method but 
involves several process experts at the same time (Dumas et al. 2021; Jadhav 2011). 
When selecting participants, it should be considered that small, hierarchically homo-
geneous groups work more efficiently than large groups or groups with hierarchical 
heterogeneity. It is not recommended to include executives and their employees in 
the same workshop (Richerzhagen 2015; Dumas et al. 2021). Technical staff involved 
in the process indirectly, for example, through the management of supporting sys-
tems (e.g., ERP systems) should also be involved. However, the maximum number 
of twelve experts in a workshop should not be exceeded (Dumas et al. 2021). Jad-
hav (2011) recommends conducting review workshops, where subject matter experts 
must approve the modeled process afterwards to ensure that the process is consistent 
and correct. Dumas et al. (2021) suggest that a moderator moderate the workshop and 
should coordinate the contributions of the participants and equally involve the pro-
cess experts in the workshop. Involving a moderator allows the PD to design a model 
during the workshop. A process analyst can be included as a third person to note 
relevant statements made by the participants, which may need to be followed up on 
later that no interruptions of the discussion for questions are needed. This approach 
is particularly suitable for complex processes involving many experts (Dumas et al. 
2021). If there are different opinions within the group regarding the content or pre-
sentation of the process, it is the moderator’s task to guide the group discussion that 
ultimately the correct process can be identified (Bundesverwaltungsamt 2013).

Since a detailed model cannot be created in one session due to complexity, mul-
tiple sessions are required (Dumas et al. 2021). The first session is used to establish 
the context, communicate the workshop’s goals, and identify the participants’ expec-
tations (Jadhav 2011; Dumas et al. 2021). In addition, the scope of the organization 
to be considered must be defined, whereby the use of process maps, if available, is 
appropriate (Richerzhagen 2015).
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5.4.2  Guideline for workshops

A process discovery through workshops should involve the preparation and at least 
one or more workshops. The workshop-based discovery can be carried out in one or 
in several workshops. The PD can incorporate the information into the process model 
between the workshops. Otherwise, the model can be created in parallel to the work-
shop or afterwards. For the workshop, we also recommend analyzing the individual 
perspectives and pursuing a top-down approach. For guidance on moderation and 
interaction within a workshop, see the literature by Lauttamäki (2014); Linds and 
Gee (2023); Pavelin et al. (2014); Jolles (2017) and Storvang et al. (2018).

 
Preparation

To conduct a process discovery through a workshop, the PD has the opportunity to 
decide whether to moderate the workshop and gather information simultaneously or 
delegate one of these tasks to another person. Additionally, as suggested by Dumas 
et al. (2021), an analyst may be involved. The planning of the workshop begins with 
the selection of relevant participants. The PD needs to determine which participants 
have a detailed understanding of the process. It is important to ensure that at least 
one participant from each process area attends the workshop to ensure that the entire 
process is adequately represented by different participants. Participants can include 
employees who perform direct tasks in the process, as well as those who are indi-
rectly involved in the process, i.e., machine operators or developers of the programs 
executed in the machines. The PD schedules the dates for the workshop and invites 
the selected participants, taking care to find dates when all invited participants are 
available. For the execution of the workshops, it is advisable to follow the suggested 
approach of Camunda BPM by Richerzhagen (2015).

 
Starting the workshop

In the beginning, the PD should introduce the process being discovered and briefly 
explain the planned approach for the discovery. Then, all participants should intro-
duce themselves and explain their involvement in the process by describing their 
roles and providing rough descriptions of their tasks.

 
Set up a process profile

We recommend starting the workshop by creating a process profile to get an over-
view of the process. To do this, the participants are asked to list the roles involved in 
the process (resource perspective) and jointly describe a rough process flow (control 
flow perspective). When describing the rough process flow, the participant respon-
sible for each area should explain what happens in that section of the process. The 
moderator should ensure that all participants contribute equally to the discussion and 
ask targeted questions. The PD records the information gathered and may directly 
capture it as a model, while the analyst takes note of additional information that may 
require further investigation through follow-up questions.
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Once all necessary information has been gathered, the analyst can raise any fol-
low-up questions. These questions should be answered by the participants, allow-
ing the PD to directly capture the information. Then, the PD presents their findings 
and shares their understanding of the process flow, the roles involved, and process 
outcomes with the participants. Participants are encouraged to make any necessary 
corrections and provide additional comments. The moderator also guides this discus-
sion. This part of the workshop is the ideal place to take a break that the PD then can 
document the results in the form of a process model.

 
Working in groups

Depending on the group size, the process discovery can be done collectively with 
the moderator in the entire group or, for a large number of participants, in separate 
groups working independently. Working in small groups is advisable if the modera-
tor considers the overall group to be too large. When working in small groups, the 
process should be divided into several sections, with each small group assigned a 
specific section of the process. Each small group should include participants who 
hold roles in that section of the process. If a role appears in multiple sections of the 
process, the participant is assigned to the section they consider to be the most com-
plex or the group work is not carried out at the same time to allow the participant to 
be present in both groups. Once the work in the small groups is completed, they pres-
ent their results. This is done in the order of the process flow. After all small groups 
have presented their results, further additions and corrections are discussed in the 
entire group. Participants, who were required in several stages of the process, were 
asked to contribute to this discussion. The PD notes the comments for each section. If 
the workshop is conducted with all participants at the same time, the work is similar 
to that in small groups.

 
Discovering tasks, tools and data

We recommend focusing on the functional, operational, and data perspectives 
after discovering the process profile. The PD should present the current process 
model if this is already existing. Subsequently, the refinement of the process and the 
identification of operational support are carried out.

The hole group or each small group discusses, based on the current process model 
or information, the refinements needed in each task and whether all tasks for each 
role in that section are mentioned (functional perspective). The additions and refine-
ments should be documented in writing.

For each task, the software and other support tools used should be noted chrono-
logically (operational perspective).

A list can be created that lists all data generated or used during the process to focus 
the data perspective. It is then recorded for each data record which task generated 
it, what type of information it contains, and where it is used in the process. If the 
data originates from another process or is sent to another process, this must also be 
documented. Together with the participants, the PD then assigns the respective data 
to the producing and consuming tasks, thus establishing the connections between 
the machines. Finally, the storage location for all data objects (usually the respective 
database) is determined and noted. The process steps could be detailed and refined, 
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and the support tools used are added. Subsequently, the PD should integrate the new 
information into the process model. The PD can directly represent this in the model-
ing tool and make the process model visible to all participants, for example, by using 
a canvas projection. The order and level of detail in which the various perspectives 
are recorded can be customised.

The moderator has to ensure that each discussion is continued until the partici-
pants agree on the correctness of the discussion component. It is important to ensure 
that participants are not persuaded to make a statement or agree due to hierarchy, 
as this could compromise the correctness of the process. Higher-ranking employees 
should not have decisive authority.

 
Complete workflow

To complete the discovery, all decision nodes in the model should be reviewed. 
This can be done during the creation of the process profile, separately at the end of 
the workshop or in a separate workshop. When this discovery should take place can 
be made dependent on the size and complexity of the process and the number of 
decision nodes. At each decision node, discussions are held regarding the conditions 
triggering the paths, and the triggering data values are noted. Once all decision nodes 
have been examined, the analyst asks questions about the recorded information. Once 
these questions are answered, the workshop is concluded, and the PD can finalize the 
process model.

 
Validation

In the final workshop, the PD presents the completed information or model and 
explains the entire process flow to the participants. If all participants agree with the 
presented information or process model, the workshop, and thus the process discov-
ery, is considered complete. If there are any improvements, corrections, or additions, 
these are noted and added. The final workshop can be repeated until all participants 
agree with the presented information or process model or, as with the interview, can 
be terminated after a certain number of runs or other termination criteria.

 
Advantages and disadvantages

Workshops offer several advantages for process discovery. They enable the 
involvement of multiple individuals at once, allowing for the immediate resolution 
of disagreements and examination of the process from various expert perspectives. 
This collaborative environment ensures a more complete understanding of semi-
automated related information, data flows, and machine connectivity. As a result, 
workshops significantly increase the likelihood of developing an accurate and com-
prehensive process model compared to relying on the input of a single process owner.

 
However, workshops also come with some disadvantages. They are resource-inten-
sive, requiring participants to step away from their regular duties, leading to higher 
personnel costs. Scheduling becomes more complex and time-consuming as the num-
ber of participants grows, and process disruptions may occur during the workshop. 
Additionally, there’s always the risk that certain technical aspects remain unclear if 
no participant has complete knowledge of those areas.
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Conducting a workshop is particularly sensible for complex processes that span 
multiple areas and require input from various specialists. They are most effective 
when comprehensive knowledge from different domains is essential, and when the 
effort and cost of organizing the workshop are justified by the need for accuracy and 
completeness in modeling the process.

5.5  Combined guideline method application

As previously established, the components of the guidelines are designed for modu-
lar application. This flexibility allows researchers to mitigate the limitations of indi-
vidual methods and adjust their influence. This section introduces a proposed hybrid 
configuration, detailing the underlying rationale and objectives. By integrating these 
techniques, we aim to generate a comprehensive, accurate, and verifiable opportu-
nity that captures all relevant IIoT data. Crucially, this approach seeks to minimize 
resource consumption (time and cost) without compromising model quality. Con-
sequently, as part of our DSR approach, we developed an exemplary framework 
that sequences these methods strategically. Developed in collaboration with domain 
experts, this configuration serves as an illustrative instantiation. As the subsequent 
use cases demonstrate, alternative combinations may be employed depending on 
resource availability and information constraints. This proposed sequence begins 
with process observation, followed by targeted document analysis and an initial inter-
view. Finally, a follow-up interview and a collaborative workshop are conducted for 
validation, as illustrated in Fig. 8.

The observation phase is purposed to provide the PD with initial insights into the 
process, facilitating the design of a preliminary model that includes the involved 
resources and their visibly executed activities. Through observation, aspects of the 
resource, control flow, and functional perspectives are partially covered. To conduct 
the observation, the PD follows the instructions outlined in Sect. 5.2.2 and goes 
through the process, recording the sequence of performed tasks and the correspond-
ing executing resources. Process branches are handled as previously explained. The 
result of the observation is an initial process model where resources are represented 
as lanes and their executed tasks are modeled as activities in the correct sequence.

Subsequently, the PD proceeds to document analysis, reviewing existing docu-
ments to extract the following information in the designated order: 

1.	 Additional tasks and paths that are not captured during observation. (Completion 
of the control flow and functional perspective.)

2.	 Software and supporting tools that are used for each task. (Discovering the opera-
tional perspective.)

Fig. 8  Combination of the individual methods into one process discovery
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3.	 Data produced and consumed in relation to each task. (Discovering the data 
perspective.)

4.	 Interconnections between the involved machines. (Discovering the connectivity.)

To gather this information, the PD iterates through the documents multiple times. In 
the first iteration, the focus is on the control flow and functional perspective. In the 
second iteration, the operational and data perspectives are discovered. In the third 
iteration, information about machine connectivity is gathered. Subsequently, the PD 
also notes any uncertainties and questions arising from the existing information or 
model. For the document analysis, the PD should refer to Sect. 5.1.2. If the PD finds 
inconsistent information in the documents compared to what was discovered during 
the observation, this information from the documents should be ignored as its accu-
racy is not guaranteed, unlike the observation. Upon completion of the document 
analysis, the PD already possesses a comprehensive and detailed process model. The 
correctness of the model has been partially ensured through observation. So far, only 
costs and time commitments for the PD have been incurred.

In the third step, the process owner is invited to an initial interview session. As 
mentioned in Sect. 5.3.2, it may be necessary to interview multiple process owners. 
The following formulations refer to a single process owner but can also be option-
ally conducted with multiple process owners for different process areas. A detailed 
questionnaire is not sent in advance to avoid further increasing the time commit-
ments of the process owner. Instead, the process owner is simply informed about 
the process that will be discovered and provided with the questions that the PD has 
noted for preparation. In the interview, the PD proceeds according to the instructions 
in Sect. 5.3.2. The PD asks the previously noted questions and records the answers 
from the process owner. The process owner then has the opportunity to contribute 
additional relevant aspects. Afterwards, the PD presents the current process informa-
tion or model. The process is then worked through chronologically, and the following 
questions are clarified for each task:

	● Does the task break down into further sub-tasks? If yes, in which ones?
	● Are data discovered at this point in the process? If yes, what data is discovered, 

where is it sent (to which other process task), and where is it stored (at which 
storage location)?

	● Are data used at this point in the process? If yes, what are these data used for, 
where were they previously discovered (at which process task), and where are 
they stored (at which storage location)?

	● Are the tools used correctly assigned? Are tools missing from the task?
	● Are there any additional paths that can occur after this task that have not been 

depicted so far?

If questions cannot be answered or only partially answered, area experts can also be 
consulted here. Once the process has been walked through, the first interview ends. 
The PD processes all the information obtained during the interview and incorporates 
it into the model.
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In the fourth process step, the process is validated through another interview with 
the process owner. In the second interview, the entire process is presented to the pro-
cess owner again. If the process owner has no comments, the interview and the first 
validation unit are completed. However, if the process owner still has suggestions for 
improvements and corrections, the PD incorporates these into the model during the 
meeting. This avoids the need for further interview sessions with the process owner. 
The interview ends once the process owner perceives the model as complete and cor-
rect. Completeness and correctness also refer to the capturing of data and machine 
connectivity.

The second validation unit comprises a workshop with the relevant process partic-
ipants. As outlined in Sect. 5.4.2, several relevant process participants are identified 
and invited to the workshop. In this workshop, the process model previously created 
with the process owner’s assistance is reviewed. The workshop follows the structure 
of the last workshop presented in Sect. 5.4.2 This is to ensure that all parties involved 
agree on the completeness and correctness of the model, including data collection 
and connectivity. Upon completion of this workshop, there should be a process model 
that is highly likely to be correct and complete. Figure 9 shows the combined process 
discovery guideline in BPMN.

6  Evaluation

This section evaluates the applicability of the proposed guidelines by demonstrat-
ing their implementation in two real-world industrial use cases. Both use cases are 
detailed below and constitute a key component of the evaluation. Furthermore, it 
presents a comparative study that assesses the efficacy of the artifact by contrasting 
the process discovery results obtained from novice and expert users.

6.1  Use case to discover a semi-automated process in automotive industry

In the first use case, we analyzed a manufacturing IIoT process within the automotive 
industry by independently applying a combination of our guideline components. This 
application served as part of the evaluation, potentially initiating a further phase in 
the DSR cycle.

The identity of the company remains confidential for competitive reasons; conse-
quently, the resulting process model is published in a redacted format. The production 
line manufactures an automotive component, involving the collaboration of multiple 
machines and human actors. The final product consists of 27 individual parts, which 
are assembled through six high-level, sequential process steps: bending, welding, 
assembly, molding, testing, and packaging.

The process discovery began with a document analysis. This was followed by a 
series of interviews and later observations, combined with a workshop dedicated to 
validation.
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Fig. 9  Combined process discovery guideline, presented in BPMN
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Document analysis - preparation
The process discovery started with a document analysis, as documentation was 

available only to a limited extent. The PD used the document analysis guideline to 
gain initial insights into the process and formulated interview questions based on 
the reviewed documents. These questions followed a top-down approach and were 
initially kept generic, avoiding in-depth process details. Consequently, the questions 
were derived from the suggestions provided for the pre-interview questionnaire.

 
Interview - discover resources, tasks and work flow

In the initially closed interview, the PD asked about the resources involved, their 
tasks, and the overall process flow. The PD then explained their understanding of 
the process to the process owner and recorded any necessary corrections. Following 
the interview, the PD constructed an initial process model based on the information 
provided, noting any open questions or ambiguities that emerged during the model-
ing phase.

 
Interview - discover data and tools

In a second interview, the PD discussed the outstanding questions with the pro-
cess owner, using the preliminary model as a reference. Once these queries were 
clarified, the investigation focused on identifying the tools and data employed within 
the process. However, it emerged that neither the process owner nor the participants 
consulted as area experts could explain the connectivity or data transmission mecha-
nisms. Subsequently, the process owner was asked in an open interview if any other 
process components remained overlooked. The PD then integrated the information 
gathered during this second session into the process model.

 
Interview - validation

The third and final interview served as the primary mechanism for process valida-
tion. The PD systematically reviewed the model with the process owner on a task-
by-task basis, verifying the accuracy and completeness of the sequence, tasks, tools, 
data, and resources. The process owner’s feedback and corrections were incorporated 
directly into the model during the session.

 
Observation and workshop - validation

For validation, the PD conducted an on-site observation of the process. This was 
combined with a workshop in which employees explained exactly what occurred 
during the individual process steps observed, allowing the PD to compare these 
details with the model in parallel. The observation demonstrated that the results of 
the interviews already corresponded almost entirely to the actual process flow. The 
chronological order was completely consistent, and all process steps described in the 
interviews were visible during observation. There were no substantive errors (e.g., 
incorrectly described tasks). The process steps not recorded during the interview 
phase amounted to only five tasks in relation to the overall size of the model. Of 
these, only three were considered relevant to the process.



1 3

Guidelines for manual process discovery for semi-automated processes

The resulting process model can be viewed in a redacted format in the Fig. 11. 
The tasks inserted following validation are highlighted in Fig. 10. The constructed 
model contains no gaps or incomplete paths. Based on the validation results, it can be 
assumed that the model is both correct and complete. While the current level of detail 
is enough, the granularity of the process could be further refined.

6.2  Use case to discover a semi-automated warehouse management process

In a second use case, the Autostore warehouse management process was discovered 
at SOMIC, a company specializing in the manufacturing of packaging machines. The 
process entails warehouse management using mobile robots that retrieve required 
components from storage bins based on production needs and transport them to the 
output portal. The robots traverse an aluminum grid construction, which serves as a 
rail system, to extract individual bins from their stacks as required.

The guidelines were provided to three novices with no prior knowledge of process 
discovery. Working collaboratively, they discovered the process using the following 
procedure:

 
Preparation

The preparation phase began with contacting the company to schedule appoint-
ments for the observation and interview. Additionally, requests were made for pro-

Table 3  Table to handle process observation information
Task Number of 

triggers
Associated 
resource

Associated 
tools

Previous 
task

Subsequent 
task

Modelling 
status

01 - Start 
Commissioning

1 R04 Order list 02 x

02 - Accept order 1 R04 Label 01 03 x
03 - Robot starts 1 R01, R02 02 04a/04b x

Fig. 10  Red tasks were detected during validation
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cess documentation to facilitate document analysis and for employee participation 
in the workshop. The interview questionnaire was transmitted in advance. However, 
due to the unavailability of process documents and time constraints, the document 
analysis and workshop were not executed.

 
Observation

The observation was conducted independently of other discovery methods. To 
achieve this, each process step was observed individually during a forward obser-
vation phase and recorded in a tabular format, as shown in Table 3. Consequently, 
all process perspectives were captured during the observation of each task. Mod-
eling was performed at the same time with the observation. Subsequently, a back-
ward observation was undertaken to validate the observed tasks against the generated 
model. Fig. 12 in the Appendix depicts the process model of the process following 
the observation phase.

 
Interview

To facilitate the interview, a questionnaire was distributed to the process owner in 
advance; however, it could not be completed due to time constraints. Consequently, 
the questionnaire served as the basis for discussion during the first interview, where 
inquiries focused on resources, tasks, control flow, data, and tools. Concurrently, an 
initial process model was constructed. A second interview was conducted to provide 
further details and clarify outstanding queries. The resulting model, discovered inde-
pendently of the prior observation, is presented in Fig. 13 of the Appendix. Finally, 
the model was transmitted to the process owner via email for validation.

 
Combination

Finally, the findings from the observation and the interview were synthesized. 
This integration allowed for the addition of new tasks and a resource to the observa-
tion-based model. Overall, this resulted in a more detailed process model, which is 
depicted in Fig. 14 in the Appendix.

The constructed model is free of gaps or incomplete paths. Due to the further 
merging of findings, it can be assumed that the model is correct and substantially 
complete. While the current granularity is adequate, the process could be deepened 
further. The IIoT perspective was addressed through the integration of a database, 
which is linked to the respective tasks. The objective is to organize a workshop to 
potentially finalize the model.

6.3  Comparative evaluation

In the final phase of development, we engaged groups of novice and expert users 
to discover the same industrial process using the updated guidelines, facilitating a 
comparative analysis of the resulting information. Due to non-disclosure agreements, 
we can report only limited details regarding the specific industrial process and the 
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identities of the subject matter experts. The primary objective of the study design was 
to ensure strict experimental equivalence between the two groups. To minimize con-
fusing variables, both groups operated under identical experimental conditions, spe-
cifically concerning the provided materials, the interview partner, and the workshop 
participants. The procedure followed the structure outlined in Sect. 5.5. Novices and 
experts performed these steps independently, with no interaction permitted between 
groups during the experiment. The procedure was executed as follows:

 
Observation

The observation phase was iterative and time-constrained. The process simulation 
was repeated multiple times, allowing both groups to observe the workflow until they 
self-determined that their discovery was complete.

 
Document analysis

Both groups received identical reference materials and conducted the analysis 
independently to prevent cross-group influence.

 
Interview

Interviews were conducted separately for each group by the same process-respon-
sible employee. To ensure comparability, this employee was briefed on a standardized 
response protocol, ensuring that experts and novices received consistent information 
for similar inquiries. This measure aimed to prevent the employee from providing 
varying levels of detail based on the group’s expertise.

 
Workshop

The validation workshops were held on separate dates. Crucially, the composition 
of the participating employee group remained constant; the same individuals attended 
both sessions to ensure consistency in group dynamics and contributions. Like the 
interviewee, workshop participants were briefed beforehand to mitigate bias.

The results indicate that novices were able to discover information comparable 
to that of experts in terms of completeness and structure. Observed differences were 
primarily lexical and granular, reflecting variations in domain vocabulary and experi-
ence. Notably, process owners validated all discovered information, confirming its 
accuracy and utility. These findings substantiate the guidelines’ usability across vary-
ing levels of expertise while highlighting that domain knowledge serves to enhance 
the granularity of the results.

In conclusion, the evaluation process was characterized by an iterative and rig-
orous design that synthesized both theoretical and practical feedback. Each phase 
facilitated the progressive refinement of the artifact, as detailed in Sect. 3.2 and sum-
marized in Table 1. Ultimately, this process yielded flexible, effective guidelines 
applicable to real-world IIoT environments, laying a foundation for future general-
ization beyond this specific domain.
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7  Conclusion

The primary objective of this study was to determine how organizations can system-
atically and reproducibly capture process information when relying on established 
manual discovery methods, such as document analysis, observation, interviews, or 
workshops. Although these methods are ubiquitous in both research and practice, 
the academic literature has lacked operational guidelines specifying their execution.

Empirical evidence from a survey of 28 academic and industrial participants indi-
cates that over 80% of respondents perceive clear guidelines as a driver for higher-
quality process models; notably, there was unanimous consensus that such guidelines 
improve the overall outcomes of manual process discovery. Controlled experiments 
with both novice and expert modelers corroborate this perception: when applying our 
guideline, both groups yielded highly comparable results, with divergences limited 
to nomenclature and minor structural details. Furthermore, while informal, in-house 
guidelines exist within select companies, a comparable artifact has been conspicu-
ously absent from the scholarly domain.

By presenting a domain-independent, step-by-step guideline for manual and 
semi-automated process discovery, this work bridges the gap between fragmented 
practitioner know-how and the lack of a consolidated methodological reference in 
academic research. The guideline synthesizes theory and practice by (i) codifying 
tacit practitioner knowledge, (ii) aligning it with established modeling principles, 
and (iii) validating it through two real-world use cases in the IIoT domain. Although 
the IIoT provided a rigorous context for validation, the applicability of the guideline 
extends beyond this specific domain.

For organizations, the guideline provides an actionable framework suitable for 
integration into quality management or digital transformation initiatives. Standard-
izing manual discovery methods enables teams to minimize resource expenditure, 
achieve comprehensive process visibility, and establish shared vocabulary across 
departments, prerequisites for successful automation, compliance auditing, and con-
tinuous improvement.

Despite these contributions, exhaustive coverage cannot be guaranteed, particu-
larly in automated or poorly documented environments. Consequently, future research 
should focus on (i) combining this guideline with process-mining techniques to inte-
grate machine-generated event traces, and (ii) employing NLP and computer-vision 
tools to accelerate the analysis of documents and observations (Hornsteiner et  al. 
2024; Fichtner et al. 2020; Ackermann et al. 2021; Neuberger et al. 2023). Evaluating 
the guideline in additional sectors (e.g., healthcare or logistics) and across varying 
levels of process maturity also represents a promising avenue for future inquiry.

In conclusion, by formalizing and empirically validating a practical guideline for 
manual process discovery, this study establishes a vital methodological link between 
academic research and industrial practice. This contribution empowers both com-
munities to capture complex processes with greater speed, consistency, and quality.
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Appendix A extended data

Fig. 11  Blackened industrial process for the manufacture of engine components
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Fig. 12  Model of the autostore process at Somic after observation
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Fig. 13  Model of the autostore process at Somic after interview
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Fig. 14  Model of the autostore process at Somic after combining observation and interview
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