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ABSTRACT

Process mining has developed into one of the most important research streams in business process management.
Despite its successful application to improve process performance in industry, there is still substantial potential
to be realized in the coming years. One of them is the use of unstructured video data to enable the analysis
of previously unobservable parts of processes. Existing approaches derive event logs from video data by
extracting a predefined set of potentially relevant activities. As this set is typically determined using a process
model or input from process experts, rather than the available video data, current solutions are unable to
identify activities that extend beyond the presumed process behavior, limiting transparency in process analysis.
Therefore, this study aims to develop a solution that enables the extraction of actual process behavior from
video data, as opposed to assumed process activities. Following a design science research methodology, we
developed and evaluated the Reference Architecture for Video Event Extraction (RAVEE), which enables the
identification of individual process steps in an unsupervised manner. We performed several evaluation activities
to ensure the completeness and applicability of the RAVEE. A prototypical instantiation of the RAVEE further

demonstrates its ability to extract process-relevant events from video data on two real-world datasets.

1. Introduction

Process mining aims to discover, monitor, and improve processes by
extracting knowledge from event logs readily available in information
systems to point out possible courses of action [1]. Owing to its ability
to provide evidence-based decision support, process mining, recognized
as a big data technology, has gained high relevance in both science and
practice. As a result, it has evolved into one of the most active research
streams in the Business Process Management (BPM) community [2,3].
At the same time, the commercial process mining market — projected
to grow at double-digit rates in the coming years and reach $2.3 billion
by 2025 [4] — has attracted major software vendors (e.g., Celonis) who
have entered with great success [5].

A major challenge in generating high-quality event logs for process
mining is the reliance on readily available data that must be suitable for

analysis [6]. Since companies usually do not collect data specifically for
process mining purposes, the data must be preprocessed into formats
that support process mining. This can be challenging, especially when
data is not available in a structured form. About 80% of all data is
unstructured [7], which increases the barriers to the application of pro-
cess mining in enterprises. Without appropriate solutions, unstructured
data is often left unprocessed or not stored at all. We follow Kratsch
et al. [8] by referring to the resulting parts of processes that cannot
be fully captured in information systems as ‘blind spots’ in this paper.
Uncovering these blind spots can be very beneficial, as they typically
contain additional contextual information about processes and can thus
help improve their examination in an end-to-end fashion [9].
Accordingly, current research has taken initial steps to exploit un-
structured data, including text [10-12], sensor [13,14], and image or
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video data [8,15]. Provided that data protection regulations are ob-
served [16], video data are particularly valuable for uncovering blind
spots, especially when other data sources are unavailable. This is most
relevant for manually executed process steps, where installing sensors
would often be impractical or costly. Despite recent advances in com-
puter vision, video-based approaches to process mining remain limited.
Our Systematic Literature Review (SLR) (see supplementary material in
our repository') shows that existing approaches are typically tailored to
specific use cases [15,17-19], and only a few provide generic means of
extracting process activities from video data [8,20,21]. A key challenge
is the need to predefine which activities are relevant before they can
be extracted into event logs (e.g., [8,15]). This reliance on predefined
sets of activities — typically derived from process models or expert
assumptions — introduces an inherent human bias by focusing analysis
on expected process behavior rather than actual observed behavior. In
this work, we use the term ‘bias’ to denote this human bias arising
from assumptions about expected behavior. Consequently, deviations,
unexpected process steps, or emerging patterns — crucial for process
improvement — may go undetected.

To the best of our knowledge, no existing video-based approach
derives BPM-relevant process steps without relying on predefined activ-
ity sets. This hinders objective decision support, as insights are drawn
from assumed process flows rather than data-driven evidence, the very
foundation of process mining [1]. Recent literature on Decision Support
Systems (DSS) stresses the importance of overcoming this limitation.
For example, Andrews et al. [22] call for extending the toolchain
to cover the entire event log lifecycle, among others, by advancing
log extraction methods. Similarly, Kratsch et al. [8] advocate moving
beyond supervised learning in video-based log extraction, arguing that
unsupervised methods can capture a broader range of process activities
without being restricted to predefined activity classes. Together, these
perspectives highlight the potential to strengthen decision support by
enabling data-driven, unbiased insights. Therefore, this study aims to
contribute to transparent process discovery and objective decision sup-
port by investigating the following research question: How can actual
process activities be derived from video data as part of process discovery?

We employed the Design Science Research (DSR) methodology [23]
to address this research question and developed the RAVEE, an Ref-
erence Architecture (RA) designed to extract actual process behavior
from unstructured video data. Unlike existing approaches that rely on
predefined activity sets [8,15], the RAVEE enables the unsupervised
identification of individual process steps and their transformation into
event logs suitable for process mining. By instantiating the RAVEE as a
software prototype, we provide guidance for its practical implementa-
tion and evidence of its applicability in a process mining context. We
evaluated our prototype through established evaluation activities [24]
demonstrating its potential to support transparent, data-driven process
discovery. These findings extend existing knowledge by introducing a
foundation for unsupervised video-based process discovery, eliminating
the bias associated with predefined activity sets. The RAVEE thereby
opens new avenues for research and enables organizations to analyze
processes based on actual operational dynamics rather than assumed
process flows, supporting evidence-based decision-making.

The remainder of this paper is structured as follows: Section 2
provides an overview of process mining and introduces relevant in-
formation on computer vision. Section 3 presents the research design,
which is based on the DSR process [23]. Sections 4 and 5 are structured
according to the phases of the DSR process. Section 4.1 defines the re-
quirements for a potential solution to our research question. Section 4.2
describes the architectural design of the proposed RAVEE, which is
evaluated in Section 5.1. Section 5.2 contains the prototypical instan-
tiation of the RAVEE and its evaluation on two real-world datasets.
Section 5.3 examines the practical use of the instantiated RAVEE in
a case study. Finally, Section 6 concludes our work by outlining its
limitations and suggesting future research opportunities.

1 https://github.com/RAVEE-PM/RAVEE/blob/master/Supplementary_
Material_SLR.pdf.

Decision Support Systems 199 (2025) 114544
2. Theoretical background
2.1. Process mining

Upon successful application, process mining techniques can provide
holistic insights into underlying processes and their complex struc-
tures [25]. By incorporating techniques and methodologies from di-
verse adjacent domains and situating them within the context of process
mining, it becomes feasible to discover, monitor, and improve actual
processes [1].

Initially, van der Aalst et al. [1] defined three basic process mining
use cases. These encompass discovery (i.e., producing a process model
from an event log without prior knowledge), conformance checking
(i.e., comparison of an existing process model with an event log of
the same process for conformance between the two), and enhance-
ment (i.e., improvement or extension of existing process models using
actual process information recorded in event logs). In addition to
these established use cases, several process mining perspectives have
been delineated in the literature to concentrate on acquiring specific
insights [1,26,27]. The most frequent of these are the control-flow
perspective (emphasizing activity flow), the organizational perspective
(focusing on the resources involved in the different activities), and
the temporal perspective (focusing on execution times and activity
frequency). Van der Aalst [28] refined the process mining framework to
include a distinction between pre-mortem data (pertaining to ongoing
cases) and post-mortem data (pertaining to already completed cases).
Moreover, the framework differentiates between de jure models (refer-
ence process models) and de facto models (descriptive model of actual
process activities). These key use cases are then extended by adding
seven others. Together, this results in ten techniques that can be applied
depending on the data available, the desired model, and the perspective
used.

2.2. Event log generation for process mining

The starting point of every process mining analysis is an event
log generated from actual process data. Therefore, the quality of the
underlying data is of utmost importance [1,29]. Accordingly, Reinke-
meyer [29] defines the existence and reliability of process data as
one of the three most important success factors for process mining
projects. The first step in generating an event log from actual process
data is to define and delineate the process under investigation with
all its key activities [29,30]. In a further step, all data sources are
identified, whereby the data can originate from a wide variety of
source systems such as databases, enterprise resource planning systems,
document management systems, and other structured, semi-structured,
and unstructured data sources [31,32]. After collection and extraction,
the data must be preprocessed to generate an event log. The required
effort for this step varies considerably depending on the structure of
the source data [29]. Typically, various data quality problems must be
solved, such as detecting and removing duplicates, identifying missing
attributes and event data, and determining relevant events [31,32].
To assess the log data quality for usability in process mining, van der
Aalst et al. [1] defined five different maturity levels. In this context,
the higher the maturity level, the higher the data quality. According to
van der Aalst et al. [1], data from the third maturity level and above
can be used to generate event logs. This third maturity level comprises
automatically generated data but without a systematic approach. There
is certainty that the logged events correspond to reality, but not that
they are complete [1]. Event abstraction concepts may also need to
be considered at this stage. Process mining algorithms expect abstract,
high-level events that describe their respective activity states [33]. If
the current level of abstraction is still too low, it needs to be adapted
using event abstraction concepts. Moreover, it is also essential to con-
sider that different levels of granularity of activities may be required
depending on the evaluation objective (e.g., low granularity for overall
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process analysis vs. high granularity for detailed analysis) [1]. Once
the relevant data has been collected from the available sources and
identified, extracted, and transformed as needed, it can be transferred
to a target system and an event log can be generated [31].

Event logs are the starting point for process mining, capturing traces
of executed processes as collections of events, each associated with
a case, activity, and timestamp [1]. One of the most widely used
formats for storing event logs is the eXtensible Event Stream (XES)
standard [34]. XES is designed to represent event-driven data through
event logs and event streams, ensuring compatibility with various
process mining techniques. Each recorded event must include at least
a case identifier (e.g., a case number) to link it to a specific process
instance, an activity name, and a timestamp to maintain the correct
sequence of events and therefore meet the requirements of an event
log [25]. Additionally, XES allows for the enrichment of event logs
with optional attributes, such as resource allocation, cost information,
and other contextual details, providing deeper insights into process
execution [31].

Data for event log creation may also originate from unstructured
data sources [31,32], which can take various forms such as text, sensor,
or video data. Among these, video data offer a valuable supplementary
source for obtaining event logs that provide a more holistic represen-
tation of reality. However, video-based event log creation faces data
quality challenges that must be addressed to ensure a maturity level
suitable for further analysis. The approaches found in our SLR (see
Section 1) [8,15,17-21] tackle these challenges in different ways (a
brief overview is available in our repository?).

2.3. Computer vision

Computer vision applies mathematical techniques to visual input
such as images or videos to extract meaningful information [35,36].
In contrast to image processing — which modifies or enhances images
to create new results [37] and lies outside the scope of this study —
computer vision focuses on interpreting visual data. Closely associated
with Artificial Intelligence (Al), it underpins numerous technologies
across domains [38-40] and is enabled by a wide range of algorithms.
The techniques most relevant to this paper are introduced below.

Traditional computer vision approaches can be distinguished from
deep learning approaches [41]. Starting with the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC) of 2012, approaches based on
deep learning gained strong popularity, mainly due to their high accu-
racy [42]. In recent years, these modern computer vision algorithms
have predominantly been based on Convolutional Neural Networks
(CNNs). These neural networks gradually extract relevant features from
input data through multiple layers. The final feature set is processed in
a fully connected layer to generate predictions [43].

In contrast, traditional computer vision pipelines involve a prepro-
cessing step followed by feature extraction to reduce input data to
essential features. Subsequently, a learning algorithm is applied for
classification to obtain an output class or label [44]. This feature extrac-
tion step is circumvented for CNNs as deep learning algorithms allow
direct processing of unstructured data like images without manual
feature extraction [45].

Although deep learning approaches avoid the need for hand-crafted
features and often achieve superior performance, certain aspects (e.g.,
avoidance of deep learning black boxes) still favor traditional computer
vision methods [41]. For a more detailed discussion, see O’Mahony
et al. [41] and Nixon [44]. In general, traditional approaches remain
useful when their complexity is manageable or when the generated
feature vectors offer advantages. Since the clustering algorithm by Sar-
fraz et al. [46], which we employ for automatically detecting process

2 https://github.com/RAVEE-PM/RAVEE/blob/master/Supplementary_
Material_SLR.pdf.
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steps as part of the RAVEE, relies on such feature vectors, the following
section elaborates on their extraction in traditional computer vision.

Before feature extraction, a preprocessing step is performed. This
step can involve several aspects, among others, adjusting or normal-
izing contrast and brightness effects or image size [47]. In case the
visual input is a video, as in this paper, video-specific elements have
to be considered: The input, usually available as a video stream, has to
be split into individual frames to enable framewise analysis. Limiting
frames per second (FPS) might also be advantageous in reducing data
and computing time [48].

After preprocessing, relevant features of individual input frames are
extracted to create a video frame representation, aiming to remove
unnecessary information for tasks like classification. For instance, ob-
ject differentiation often requires comparing shapes rather than color
values or backgrounds. Therefore, local features are typically adept at
object tracking. These local features are distinctive features reproduced
similarly in corresponding images [44].

Local features are valuable representations for both images and
videos. In the video domain, feature descriptions can be created by
tracking interest points across a sequence of images to collect motion
information in trajectories [49]. One approach to this is the use of dense
trajectories, which are formed by tracking densely sampled points with
the help of optical flow fields, as described by Wang et al. [49].
To better account for camera motion, Wang and Schmid [50] later
proposed improved dense trajectory features.

To obtain an image representation for classification, feature encod-
ing is applied [51]. There are several approaches to encoding features,
including Fisher Vector and bag of features. A bag of features, or a
bag of visual words, is constructed by extracting local descriptors of
an image and then assigning them to the closest entry of a visual vo-
cabulary [52]. This codebook is generated by clustering all descriptors
using k-means. Hence, k clusters are obtained, each with one centroid.
These centroids represent the main features of the training dataset.
After that, a feature vector, a k-dimensional representation of the input
data, can be calculated. Another approach to feature encoding is to
compute a Fisher Vector [51]. The difference from the bag of features
approach is that the Fisher Vector considers both the mean and the
variance between the video descriptors and a Gaussian Mixture Model.
In this case, the Gaussian Mixture Model serves as a visual vocabulary.
An essential characteristic of the k-means approach discussed earlier
is that each descriptor is assigned to exactly one cluster. In doing so,
no attention is paid to how that item is associated with a cluster. In a
Gaussian Mixture Model, this is ensured by comprising each cluster of
a Gaussian, which represents the distribution of the associated descrip-
tors. The Fisher Vector uses the Gaussian Mixture Model to describe
how a feature set deviates from a learned distribution. This leads to
a k(2D+1)-dimensional vector, where k corresponds to the number of
clusters of the Gaussian Mixture Model and D to the dimensionality of
the input descriptors [51,53].

After creating a video frame representation, it can be further evalu-
ated in the next step. There are various approaches to this (e.g., Support
Vector Machine (SVM) [54]), whereby a large part is based on super-
vised approaches. Here, the algorithm has to be trained on specific
output categories for the classification task. This implies some lim-
itations for practical application, such as that the possible output
categories must already be known before an analysis can be carried
out. However, there are also unsupervised approaches, such as the
TW-FINCH algorithm [46]. As discussed earlier, an unsupervised learn-
ing problem such as this one aims to find meaningful relationships
between given input data. The TW-FINCH algorithm performs action
segmentation using an unsupervised clustering method. Through action
segmentation, an action is assigned to each frame of the input video,
whereby these actions are primarily high-level activity instances per-
formed by humans [55]. Since the approach is unsupervised, there is
no need for detailed annotations, as would be the case in other super-
vised action segmentation approaches. Instead, the clustering algorithm
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Fig. 1. Overall research design based on Peffers et al. DSRM [23], Sonnenberg and vom Brocke [24], and Galster and Avgeriou [57].

groups the frames of a video in a way that makes them semantically
consistent. This is done by grouping the individual frames in a hi-
erarchical clustering based on their spatial and temporal similarities.
To be precise, the algorithm connects frames based on their feature
space proximity and their respective position in time [46]. Thus, the
input video can be divided into segments assigned to specific clusters.
These clusters, in turn, correspond to individual actions that occur in
the video. This enables videos to be divided into meaningful segments
without the need for training on the target activities.

3. Research design

As an answer to our research question, we developed the RAVEE
to systematically derive actual process activities from video data. To
build an artifact within DSR, we developed an RA and instantiated it
as a software prototype to demonstrate its utility and feasibility [56].
We followed the DSR reference process proposed by Peffers et al. [23],
commonly referred to as the DSRM, which consists of six phases. Since
Peffers et al. do not provide guidance on designing RAs — one of the
main goals of this paper — we complemented the DSRM with a specific
method for RA development presented by Galster and Avgeriou [57],
which has been successfully applied in related contexts (e.g., [8]).
Galster and Avgeriou formulate six steps to construct an empirically
grounded RA. Since the proposed steps of Galster and Avgeriou par-
tially overlap with those of the DSRM, we only conducted steps not
covered by the overall DSRM process.

To ensure the rigor of the conducted research through continuous
evaluation of the artifact, we followed the evaluation activities accord-
ing to Sonnenberg and vom Brocke [24], which specify when, how,
and what to evaluate. Of these, two evaluation activities are conducted
ex-ante (EVAL1 and EVAL2) and two ex-post (EVAL3 and EVAL4). As
required by Sonnenberg and vom Brocke [24], relevant evaluation cri-
teria (i.e., understandability, completeness, real-world fidelity, internal
consistency) were considered throughout the evaluation process. Fig. 1
depicts the resulting overall research design, which is described below.

In Phase 1 (problem identification and motivation) of the DSRM
[23], we derived related literature at the intersection of video data

and process mining in an SLR [58] (an in-depth description of the
SLR can be found in our repository®). The comparison with the related
literature, as presented in Section 1, ensures the novelty and relevance
of the problem (EVAL1). In Phase 2 (define objectives of a solution), we
established Design Objectives (DOs) to describe how the new artifact is
expected to support solutions [23], drawing on relevant literature at
the intersection of process mining and computer vision (Section 4.1).
In Phase 3 (the design and development phase), we created the RAVEE
(Section 4.2). Here, we followed the previously mentioned steps by
Galster and Avgeriou [57].

These steps are (I) decision on the type of RA, (II) selection of
design strategy, (III) empirical acquisition of data, (IV) construction of
RA, (V) enabling RA with variability, and (VI) evaluation of RA. We
incorporated these steps as follows. For the type of RA (I), we created
a preliminary facilitation RA designed to be implemented in multiple
organizations. We adopted this type of RA as the RAVEE should be
valid in as many application areas as possible and be of practical rel-
evance. Since the RA was created by independent researchers, domain
independence is ensured. As for selecting the design strategy (II), we
chose a strategy supporting the preliminary nature of our RA. For this
reason, we created our artifact by taking advantage of the research-
driven nature of this prescriptive strategy and using related research
as a basis. We conducted an SLR on video data in process mining to
ensure empirical data acquisition (II) and to gain insights into existing
approaches. Furthermore, we collected relevant literature on process
mining and computer vision to provide a sound foundation for our RA
(Section 2). Subsequently, we constructed our RA (IV) based on the
empirical data collected in the previous step. To properly document
the design of the RA, we chose a UML-based documentation level.
Thereby, we ensured a comprehensible design for the preliminary RA
that both provides operational support for a real-world implementation
and leaves room for extensions and adjustments. To enable variability

3 https://github.com/RAVEE-PM/RAVEE/blob/master/Supplementary_
Material_SLR.pdf.
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Table 1
Design objectives for the RAVEE.
DO Description Derived from
DO1 Explorative and data-based activity identification and detection: To allow for transparent process analysis of video data, the artifact [1,59]
must enable the identification and subsequent detection of observable rather than presumed activities (i.e., be data-driven or
curiosity-driven) in an exploratory manner.
DO2 Cross-domain applicability: To be applicable in a wide variety of application areas and business domains (e.g., manufacturing, [25,60]
construction), the artifact must not be restricted to predefined use cases.
DO3 Extraction of activities at different abstraction levels: As process mining analyses require events at varying levels of granularity, the [1,33]
artifact must be capable of generating activities of different levels of granularity based on the given video input.
DO4 Consideration of contextual process knowledge: To allow for the consideration of process/domain-specific knowledge, the artifact [1,30,61]
must support contextualizing discovered activities to distinguish between relevant and irrelevant activities.
DO5 Event log generation: In order to utilize the extracted events for subsequent process mining analyses, the artifact must export a [31,60]

standardized process event log format.

(V) in the RA, we used an annotation that allows for optional com-
ponents and different case-specific design variants, and therefore RA
instances.

We only performed steps (I) to (V) of Galster and Avgeriou [57] in
this work, as we followed Sonnenberg and vom Brocke [24] for our
evaluation activities. Accordingly, in EVAL2 (Section 5.1) (performed
instead of step (VI)), we compared the RAVEE against related work
in a competing-artifacts analysis. Additionally, we conducted expert
interviews on our DOs and RA to demonstrate that the RAVEE solves
the previously stated problems.

We instantiated the artifact as a software prototype to demonstrate
the use of RAVEE in Phase 4, the demonstration phase (Section 5.2).
We then applied it to two real-world video datasets to assess its per-
formance and feasibility (EVAL3). We applied our prototype to parts of
each dataset to obtain and analyze event logs using several suitable
performance metrics. Phase 5, the evaluation phase (Section 5.3),
concludes with EVAL4, focusing on the assessment of the artifact’s
practical use. In this phase, we conducted a case study focused on the
application of the prototype to one of the datasets, drawing on the
insights of a domain expert involved in the dataset creation to evaluate
the prototype’s performance and practical applicability. Finally, Phase
6 (communication) is fulfilled by publishing this paper.

4. Design and development
4.1. Definition of design objectives

This phase of our DSR process, as outlined in Fig. 1, deals with the
definition of DOs, i.e., “description[s] of how a new artifact is expected
to support solutions” [56]. Our RA should adhere to these DOs to
provide a viable solution for obtaining relevant process activities from
video data as a starting point for process discovery. Table 1 summarizes
the DOs derived from relevant research in process mining (Sections 1
and 2). As part of a later evaluation step (Section 5.1), the DOs were
also validated for relevance, completeness, and level of implementation
in a joint assessment with all co-authors, as well as with experts.

4.2. Design specification

4.2.1. Architectural design of RAVEE

Fig. 2 illustrates our main contribution, the RAVEE, which enables
the identification of actual process behavior from video data. In doing
so, RAVEE first detects individual process steps in an entirely unsuper-
vised manner and subsequently enriches them to construct an event log
composed of valid events.

RAVEE builds on Kratsch et al.’s ViProMiRA [8], which provides a
structured approach to supervised video-based process mining. How-
ever, ViProMiRA relies on predefined user input to identify events,
limiting its ability to uncover deviations and emergent process steps. In
contrast, RAVEE autonomously extracts process steps from video data,
enabling a more explorative, data-driven analysis.

To achieve this, we retained ViProMiRA’s three-layer structure —
Data Preprocessor, Information Extractor, and Event Processor — but

introduced a fourth layer, the Feature Extractor, to enable unsuper-
vised detection. The Data Preprocessor remains largely unchanged as
it prepares video data for analysis through standard preprocessing
techniques. However, the downstream layers underwent significant
modifications: the Information Extractor fundamentally shifted from a
supervised classification approach to an unsupervised clustering-based
method, requiring replacing core components and new processing logic.
The Event Processor was adapted to focus specifically on extracting
relevant events rather than supporting a holistic process mining system.

These modifications represent a substantial departure from
ViProMiRA, making RAVEE the first RA capable of unbiased event
extraction. It enhances process transparency and decision support by
autonomously identifying process steps without relying on predefined
assumptions or user input. This eliminates bias in event extraction and
strengthens process mining capabilities. While a human-in-the-loop is
required for subsequent activity labeling, relevant process steps are
initially discovered without user input, ensuring decisions are based
on actual process behavior rather than predefined assumptions. As
required by Galster and Avgeriou [57], RAVEE provides a flexible
framework with various instantiation options, enabling explorative,
data-driven process mining using computer vision across different
application areas. It introduces optional, configurable components —
indicated by dotted frames — that can be tailored to specific use cases.
The following sections introduce the RAVEE and its components in
detail.

4.2.2. Data Preprocessor layer

The Data Preprocessor layer creates an initial interface between
raw video data and the following subsystems. Several preprocess-
ing steps are consolidated in the Video2Frame Converter component
(e.g., converting a video into individual frames and adjusting the frame
rate and resolution).

4.2.3. Feature Extractor layer

The Feature Extractor receives the preprocessed frame batch and
extracts the required video features to produce a representation of
the video reduced to the relevant information. This corresponds to
creating a video frame representation as described in Section 2.3. To
prepare the frame batch for several specific feature extraction methods,
the additional Video2Grey Converter component can convert an RGB
color scheme to a grayscale scheme for the frame batch. This optional
component enables feature extraction methods that have proven to
perform better on grayscale representations of a video stream, as well
as images where gray scaling eliminates unnecessary background noise.

The Feature Generator generates a video frame representation
provided to the subsequent layers for further processing steps. The
Feature Generator comprises up to five subcomponents, which can be
combined for specific use cases to generate the best possible video
frame representation for the selected approach. Different video frame
representations can be needed because various algorithms with differ-
ent input needs can support the action segmentation step performed in
the Information Extraction subsystem.
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Fig. 2. The RAVEE as a UML Diagram.

As an initial step, the Trajectory Extractor can extract local spatio-
temporal features by tracking interest points through video sequences.
The optional Investigation Area Segmenter subcomponent can be ap-
plied for additional information about which features were tracked in
which area of a frame. Employing this optional subcomponent, several
Areas of Investigation can be defined in which the feature trajectories
are tracked separately. This enables independent process steps that take
place simultaneously in different areas of the image to be evaluated
independently in the subsequent steps.

Using the optional Descriptor Generator, feature descriptors can be
computed on the previously generated trajectories to encode relevant
information and differentiate one feature from another. The feature

descriptors normalize the trajectory vectors using different approaches
depending on the descriptor type. Accordingly, depending on the appli-
cation scenario, different descriptors vary in suitability for further steps
(e.g., HOG descriptors are well-suited for static images, whereas HOF
performs better with excessive camera movement).

Furthermore, the Dimensionality Reducer can reduce the dimen-
sionality of the raw feature trajectories, their respective descriptors,
or the frame-based features. Using the Dimensionality Reducer is often
advantageous, as computations in subsequent steps can be accelerated
due to lower dimensionality. Likewise, a decorrelation of the data
can lead to better results depending on the following step [53]. Both
the Descriptor Generator and the Dimensionality Reducer represent
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optional components that can be included depending on the needs and
structure of the required feature representations. However, as already
discussed, their deployment must be tailored to each scenario and can,
therefore, not be predefined for every use case within the scope of the
RA.

Finally, the Feature Representation Generator creates a dimension-
ally adjusted representation of the previously computed features for
every single video frame. Thus, each frame is then represented by a
feature representation.

The extraction of the feature representations can be adapted to dif-
ferent input scenarios through the various components. Cross-domain
applicability is ensured since the feature extraction step can also be
performed for videos of all types, regardless of the application area in
which the videos originated (DO 2).

4.2.4. Information Extractor layer

The Information Extractor layer obtains the previously computed
video frame representations and generates a frame-based clustering of
the individual process steps. Subsequently, activity labels are assigned
to the individual process steps. This is realized by the two color-coded
processing loops in the subsystem, both of which receive relevant
process information from a human-in-the-loop instance. The human-
in-the-loop should be a process or domain expert to be able to give
contextual process insights.

In the blue loop, a dictionary with activity labels is created based
on the individual process steps and contextual process information. The
optional green loop, in turn, uses this dictionary to train a supervised
approach for automated recognition of the process steps. The two loops
consist of different components, which enable them to achieve their
functionalities.

The Action Segmenter component is present in the blue loop on
the right-hand side of the Information Extractor subsystem layer and
the optional green loop on the left-hand side. This component divides
the individual video frames into clusters corresponding to individual
process steps. Depending on whether the Investigation Area Segmenter
subcomponent has been used in generating the feature set, the fea-
ture set contains either a single representation per frame or multiple
ones corresponding to different Investigation Areas. This input is uti-
lized in the Action Segmenter component, which uses the feature
representations to solve a clustering problem. Given the fully unsu-
pervised approach, it allows for exploratory, data-based process step
identification from video data (DO 1).

The blue loop also contains a Label Generator component. Here, a
human-verified dictionary of action labels is created from a previously
selected representative sample of clusters. This is achieved by labeling
the representative cluster sample obtained from the Action Segmenter
through the human-in-the-loop. Thus, the contextualization of discov-
ered activities is enabled (i.e., the consideration of contextual process
knowledge), which is consistent with DO 4. The label input for the
representative cluster sample is then used to assign a label to each
of the obtained clusters, thereby generating a label dictionary. The
optional Label Suggester subcomponent can assist the human-in-the-
loop during labeling by leveraging pre-trained algorithms (e.g., activity
recognition models) to identify typical process steps from video data.
When the Label Generator receives a video segment — previously
clustered by the Action Segmenter as a single process step — the Label
Suggester generates a suggested label in the background, which the
human-in-the-loop can then review and accept.

Depending on the aggregation level at which the human-in-the-loop
wants to examine the video, a desired number of clusters can be chosen,
which affects cluster size and, hence, the granularity of detected activ-
ities. Hence DO 3, the extraction of activities at different abstraction
levels, is facilitated. The blue loop can be executed multiple times
at different aggregation levels, resulting in different cluster numbers,
hence creating a multi-labeling for individual frames since they can
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belong to different clusters of various aggregation levels. In this way,
all process-relevant information can be included in the label dictionary.

The optional green loop contains an Oracle component, a Label
Dictionary, an Action Recognizer, and the Action Segmenter previously
discussed. Although not the primary focus of our contribution, the
green loop can enhance the efficiency and scalability of the label-
ing process. This is particularly relevant in real-world applications,
where labeling every process step from the blue loop is impractical.
The label dictionary previously created in the blue loop serves as
the initial training set for an active learning approach in the green
loop. This input is stored in the Label Dictionary component. The
information here included is used to train a supervised model in the
Action Recognizer component. This component makes predictions on
data from a candidate pool (i.e., the output of the Action Segmenter
component). The human-in-the-loop within the Oracle component then
assesses these predictions for their quality. After sufficient training,
the active learning loop can recognize and label known process steps
without further human input, thus enabling automated process activity
detection (DO 1). The amount of training data and the number of
active learning feedback loops required to achieve sufficient model
performance depend on several factors. These include the confidence
threshold for automatic detection (e.g., usually higher in medical ap-
plications than in logistics), the complexity of the activities to be
identified, the number of distinct activities, and their frequency in the
training data. More broadly, the required training effort is influenced
by both the desired output quality and the structure of the available
training data.

4.2.5. Event Processor layer

The output of the blue loop — or the optional green loop if enabled
— can be fed into the Event Aggregator component of the Event
Processor subsystem layer. The Event Processor subsystem takes the
information from the Information Extractor subsystem, processes it and
converts the information into a format suitable for event log creation,
generating logs for subsequent process mining activities. The Event
Aggregator component receives previously computed activity instances
and converts them into data suited for creating an event log. Using
event abstraction concepts (for a detailed description, see Koschmider
et al. [62]), activity instances are generated from low-level events.
In our work, the individual activity labels, each assigned to a frame,
are available as input. This input corresponds to the low-level events
following [62]. Since these low-level events are already available in
an ordered, clustered form, the first occurrence of a low-level event
corresponds to the starting point of a high-level event and the last to
its end. Because the high-level events follow one another sequentially,
they aggregate to form the activity instances, which can be assigned
to a process instance. Finally, the Event Log Exporter component forms
an interface for further process mining applications. The hereby created
output in the form of an event log can be used in ex-post process mining
applications (e.g., for process discovery, conformance checking, and
enhancement) since the Event Log Exporter transforms all generated
input to a process-mining-compatible format. Through the generation
of an event log and the resulting ability to further use the information
obtained, DO 5 is also satisfied.

5. Evaluation
5.1. Evaluation of the design specification (EVAL2)

5.1.1. Competing artifacts analysis

To ensure that our artifact addresses the problem outlined in Sec-
tion 1 and meets our DOs (Section 4.1), we conducted a competing-
artifacts analysis as part of EVAL2. In addition, we performed 10
semi-structured interviews following the methodology of Myers and
Newman [63]. For the competing artifacts analysis, we compared the
design of our RA with existing solutions (i.e., competing artifacts)
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Table 2
Analysis of competing artifacts.

DO 1 DO 2 DO 3 DO 4 DO 5

RAVEE @ Unsupervised clus- [ ] Cross-domain @ Enables activity ex- [ ] Process/domain @ Dedicated subsystem
tering mechanisms enable applicability through traction at different levels expert contextualizes dis- for event log generation
exploratory activity dis- generic processing of granularity covered activities
covery mechanisms and

variability points

[171 O  Gaze points to- (D Not considered, but O Only certain, prede- (D No dynamic integra- @ Transform their data
wards areas of interest are approach could be trans- fined activities, linked to tion of contextual process into an XES event log for
assigned to process seg- ferred to other application specific areas of interest knowledge in the informa- further analysis
ments areas tion extraction process

[20] O Extract process [ ] Sufficient train- O Enriches predefined @ Contextualizes exist- @ Enriches XML log
details from unstructured ing data enable transfer to process models at their ing process activities with of existing process model
data and enrich existing various application areas level of granularity data from various sources
process models

[21] O Predefined ac- [ ) Sufficient train- ( No explicit abstrac- (D No dynamic integra- @ Generation of event
tivities with the help of ing data enable transfer to tion levels, but training tion of contextual process log suitable for process
computer vision capabili- various application areas at different levels allows knowledge in the informa- mining
ties detected varying granularity tion extraction process

[15] O Trajectories mapped O Approach is tailored O Only certain, prede- (D No dynamic integra- @ Extract data in the
to predefined work activi- to a specific scenario in fined activities on a given tion of contextual process form of an event log and
ties by unsupervised clus- the manual assembly abstraction level knowledge in the informa- convert it to XES format
tering tion extraction process

[18] O  Predefined pro- O Approach is tailored O  Only predefined (D No dynamic integra- O Do not create
cess phases are detected to a specific scenario in process phases on a given tion of contextual process an event log, rather uti-
by material detection and the manual assembly abstraction level knowledge in the informa- lize data only in real-time
state classification tion extraction process analysis

[81 O Predefined ac- @  Variability points ( No explicit abstrac- ( No dynamic integra- @ Dedicated subsystem
tivities with the help of and capabilities allow tion levels, but training tion of contextual process for event log generation
computer vision capabili- adaptations for different at different levels allows knowledge in the informa-
ties detected domains varying granularity tion extraction process

[19] O Predefined group in- O Approach is O Only certain, prede- (D No dynamic integra- o Generate Excel

teractions derived among
others from gaze behavior

tailored to a specific sce-
nario in the education en-

fined activities, linked to
specific behavior

tion of contextual process
knowledge in the informa-

document that can be an-
alyzed with Disco

vironment

tion extraction process

Table 3

Further information on interview participants (RE = Research Expert; IE = Industry Expert).

Expert Job title Years of experience in Experience at the interface of process
abbreviation process mining mining and unstructured data
1IE1 Director Hyperautomation Transformation and Strategy Over 2 years Yes

1E2 Cluster Lead Data Analytics Over 4 years No

1E3 Data Scientist Research and Development Over 4 years Yes

1E4 Business Process Excellence Senior Manager Over 4 years No

IE5 Business Process Management Expert Over 6 years Yes

1IE6 Solution Engineer Over 5 years Yes

1IE7 Principal Consultant Over 5 years Yes

RE1 Doctoral Researcher Over 2 years Yes

RE2 Doctoral Researcher Over 3 years Yes

RE3 Doctoral Researcher and In-house Consultant Over 2 years Yes

and assessed their compliance with the DOs. The comparison with the
competing artifacts derived in the SLR (as previously discussed, see
our repository* for details) can be found in Table 2. To enable a quick
overview, we assigned circles to all cells that symbolize whether a DO
is either met fully ( @ ), partially ( ( ), or not at all ( O ).
We justified these joint assessments of all co-authors by a qualitative,
condensed statement.

5.1.2. Expert interviews

The semi-structured interviews [63] involved discussions with in-
dustry experts and researchers specializing in process mining and com-
puter vision. Table 3 provides an overview of participant backgrounds.

We structured the interviews into two segments, using a Likert
scale [64] (-3 to +3) and brief discussions for further assessment.
The first segment introduced process mining concepts and evaluated
the relevance of our research gap and the resulting DOs, as shown

4 https://github.com/RAVEE-PM/RAVEE/blob/master/Supplementary_
Material_SLR.pdf.

in Fig. 3(a). The second segment introduced relevant computer vision
capabilities and the RA, assessing common EVAL?2 criteria (understand-
ability, completeness, and real-world fidelity) (see Fig. 3(b) for the
experts’ ratings) alongside the implementation of the DOs (see Fig.
3(c)). A detailed summary of quantitative responses is provided in our
repository.®

All experts confirmed the relevance of our research question, noting
that although video data is not available in every process, it holds
considerable potential where applicable. They emphasized that compu-
tational costs must be balanced against the benefits, but acknowledged
that our approach establishes a foundation for leveraging video data in
process mining while mitigating human bias.

Regarding our DOs, DO 1 was unanimously supported. For DO 2,
experts highlighted the trade-off between generalizability and domain-
specific effectiveness, agreeing that a flexible framework that can be
adjusted to specific use cases is most valuable. DO 3 was well received,

5 https://github.com/RAVEE-PM/RAVEE/blob/master/Supplementary _
Material EVAL2_and_4.pdf.
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Fig. 3. Boxplot illustrations with the consolidated responses from the interviewed experts.

with two experts (one industry expert (IE) and one research expert
(RE)) suggesting that fine-grained results, which can be aggregated
across abstraction levels, could suffice, while others highlighted that
even an initial overview at moderate granularity can provide essential
insights. Most experts endorsed DO 4, noting that contextual informa-
tion elevates insights, though two experts (one IE, one RE) cautioned
that the manual integration could be resource-intensive. Generating
standardized event logs (DO 5) was widely seen as important, though
some experts noted that event log creation is generally manageable in
later stages.

Experts rated the understandability of our RA well, acknowledging
that while not self-explanatory, it is comprehensible based on the
supplementing explanations. Regarding the real-world fidelity of our
RA, experts agreed that our RA enables the development of proto-
types for various deployment scenarios. However, they emphasized that
specific implementation challenges, such as managing noisy data and
addressing privacy concerns, require further consideration. The com-
pleteness of the RA was unanimously supported, with suggestions such
as incorporating real-time analysis and automated activity labeling.

Regarding the implementation of our DOs, one IE suggested that
the human-in-the-loop labeling approach could reintroduce assump-
tions, suggesting transfer learning to mitigate potential bias (DO 1).
Two experts also noted that our focus on video data means process
steps outside the frame may be missed. DO 2 was validated without
substantial comments. For DO 3, two IEs suggested a live preview of
process activities at different granularities. Regarding DO 4, potential
enhancements include incorporating process environment data and
highlighting deviations from standard processes. DO 5 was rated as
‘(very) efficiently’ implemented by all experts.

Some experts suggested integrating automatic label generation us-
ing pre-trained models, which we addressed by introducing the ‘Label
Suggester’ subcomponent. Overall, the feedback strongly supports our
approach, confirming that our DOs and RA effectively address the
research problem of deriving actual process activities from video data.
Some expert recommendations were noted for incorporation in future
work, while keeping the current study’s scope focused.

5.2. Demonstration: Software prototype (EVAL3)

5.2.1. Instantiation of the artifact as software prototype

To demonstrate its applicability and internal consistency, we in-
stantiated the RAVEE (Fig. 2) as a software prototype. The prototype
is designed to extract individual process steps from previously unpro-
cessed video data and convert them into an XES-compliant event log.
To evaluate its performance and feasibility, we applied the prototype
to two datasets [65,66], following the evaluation approach of Son-
nenberg and vom Brocke [24]. To demonstrate the applicability of
our RA, not all aspects depicted in Fig. 2 had to be implemented in

the instantiation for this paper. Following Tuunanen et al. [67], DSR
can be decomposed into smaller, self-contained “decision units” that
contribute to distinct elements of design knowledge. This aligns with
the principle that only components directly tied to the novel scientific
contribution require evaluation. Accordingly, the optional green loop
— focused on active learning — was not considered in the instantiation
as part of EVAL3. While this loop is intended to increase efficiency
and thus applicability to larger datasets in real-world applications,
it is not essential to answering our research question. Furthermore,
active learning techniques have already been extensively studied and
applied across various (scientific) domains and thus do not require
further assessment here (see [68] for a general overview). Instead,
our instantiation relies on the blue loop in Fig. 2, where the entire
dataset — rather than a representative sample — is labeled and then
transformed into an event log. This procedure has the disadvantage of
increased labeling effort for the process/domain expert. Additionally,
separate event logs are created for each selected granularity level,
rather than using multi-labeling in the green loop. However, we argue
that the present instantiation is sufficient to test the key functions and
demonstrate the performance and feasibility of the RA.

The prototype was written in Python, using a prebuilt artifact
in C++ for feature trajectory extraction. Docker [69] was employed
to create a suitable interface to integrate this artifact into the main
program. Our software repository’s supplementary material section
provides an in-depth description of the instantiation of all the prototype
components.® Further information on the installation of the necessary
applications and on conducting your own test runs using your own
dataset can be found in our software repository.”

5.2.2. Application of the software prototype to real-world datasets

To evaluate the prototype — and by extension, the RA — in terms
of performance and feasibility in accordance with EVAL3, we applied
it to the IKEA Assembly Dataset [65] and the Solve4X Dataset [66].

The IKEA Assembly Dataset [65] was selected because it meets the
prototype’s requirements: the recorded assembly steps occur sequen-
tially, which aligns with our event aggregator’s assumption that high-
level events do not run in parallel. As the current instantiation does
not include the Investigation Area Segmenter, parallel activity instances
cannot be analyzed (see our repository’s supplementary material for
details).

The dataset includes multimodal video recordings of actors as-
sembling furniture. For our evaluation, we focused on the TV bench
assembly, which features 43 actors performing the process in varying

6 https://github.com/RAVEE-PM/RAVEE/blob/master/Supplementary_
Material.md.
7 https://github.com/RAVEE-PM/RAVEE.
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Fig. 4. Information on the Ground Truth (GT) of our IKEA dataset subsample.

sequences and settings. We randomly selected a subsample of 20 videos
for analysis. As illustrated in Fig. 4(a), some activities (e.g., picking
up or spinning a leg) occur frequently, while others (e.g., laying down
the tabletop) appear rarely. Additionally, Fig. 4(b) highlights three
process variations, showing that each assembly sequence follows a
highly individualized pattern.

The multimodal Solve4X Dataset [66] depicts different IT asset man-
agement processes, carried out by two IT administrators and 10 differ-
ent customers. In addition to the sensor and IT system recordings, video
recordings are also available from two different camera perspectives for
the scenes, with provided Ground Truth (GT) annotations.

We analyzed Scene 01 and Scene 02, containing three instances of
asset disbursement to clients and two instances of the inventorying
of new assets. Only the video clips from camera 2 were used for the
evaluation, as the instantiation of RAVEE cannot combine different
camera angles. Camera 2 was chosen because it covers the entire image
area except for the door, i.e., the process steps ‘enter/leave room’ are
the only ones not captured. The two scenes contain 14 different process
steps across the two distinct processes. Time intervals without process
steps are labeled as ‘Not specified’.

As a preparatory step for evaluation, we downsampled the GT
annotations for both datasets to one-second intervals and generated
corresponding one-second labels per video using our prototype. This
involved several steps: First, the prototype generated frame-based clus-
terings for each video, with the number of clusters matching the
number of activity classes in the GT to ensure comparability. Then,
through a human-in-the-loop process, individual cluster segments were
labeled using only the activity labels found in the GT, again to en-
sure comparability. The resulting frame-based annotations were then
aggregated to one-second intervals. This yielded two comparable logs
per video: a True_Log with GT labels and an Extracted Log with labels
generated by the prototype.

5.2.3. Event log analysis

The Extracted_Log produced by our prototype provides a suitable
means to evaluate its performance. For this purpose, we assessed how
well the Extracted Log complies with the actual observable behavior
according to the GT (True_Log).

First, we assessed the quality of the clustering by comparing it to
the GT. We used the Rand Index (RI), which measures the proportion
of data point pairs assigned to the same or different clusters in both
clusterings. We also applied the Adjusted Rand Index (ARI), a variation
of the RI that adjusts for the chance grouping of elements. Across the
entire IKEA dataset subsample, the RI is 0.8777, and the ARI is 0.7193.
For the Solve4X subsample, the RI is 0.8921, and the ARI is 0.7067.
These values are relatively high for both datasets, indicating a strong
similarity between GT and our clustering, thus suggesting that the
clustering algorithm performed well in capturing the underlying data
structure. This is reinforced by the fact that the analysis was conducted

10

on a per-second basis rather than on the level of activity instances. An
increased degree of noise and variability is usually expected at such a
detailed level.

Next, we evaluated how well the process flow in the Extracted_Log
aligns with the True Log, focusing on three metrics: accuracy (the
proportion of observed activities (Extracted_Log) correctly identified
relative to the total number of observed activities), precision (the
proportion of detected activities that were correctly identified), and
recall (the proportion of observable activities correctly detected).

The comparison was conducted on a per-second basis, enabling a
direct match between prototype labeled and GT activities. A correct
match for an activity pair requires identical labels (e.g., ‘spin leg’
in both logs). This approach also mitigates issues caused by not im-
plementing the green loop (Fig. 2), as our prototype tends to split
temporally extended activities into multiple clusters. Due to the ab-
sence of the green loop, this behavior cannot be corrected through its
learning process. Although this results in fewer activity labels in the
Extracted_Log, expert labeling ensures alignment with the GT.

Given the multi-class classification problems on imbalanced
datasets, we used weighted averaging for precision and recall, adjust-
ing for the distribution of detected events. Table 4c summarizes the
resulting performance metrics.

The accuracy of 77.22% for the IKEA dataset and 71.13% for the
Solve4X dataset can be considered a good result, especially when
accounting for the analysis on a per-second basis and the fact that no
predefined activities were specified. For the IKEA dataset, it can be
seen (Table 4a) that three out of the 17 activities were not detected
in any of the videos in our sample. These three activities (‘lay down
leg’, ‘lay down table top’, and ‘push table’) are all characterized by
their short duration (usually less than two seconds) and by the fact
that they are often performed in conjunction with other short activities
(e.g., ‘push table’ right before ‘flip table’). A manual examination of
the data indicates that the prototype grouped these short activities
into larger clusters. Furthermore, the prototype identified an activity
instance not listed in the GT but labeled as ‘NA’ according to the GT.
Manual review confirmed it as ‘inspect leg’. However, since this label
was absent in the GT, it was counted as incorrect for performance
evaluation. For the Solve4X dataset (Table 4b), only ‘Enter room’ and
‘Leave room’ were not detected, as these activities are not visible in
camera 2’s field of view.

The average weighted precision of 75.37% for the IKEA dataset
and 73.66% for the Solve4X dataset suggests that the prototype cor-
rectly identified a large proportion of the detected activities. Table 4a
presents the weighted average precision and recall for each of our 18
activities of the IKEA dataset (i.e., the 17 activities from the GT and
the manually identified activity ‘inspect leg’). Table 4b presents the
weighted average precision and recall for the 14 different activities of
the Solve4X dataset. It is evident from the precision values of shorter
activity instances that these were either not identified at all (‘lay down
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Table 4
Performance metrics for our sample.
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(a) Precision and recall for each label of our Extracted_Log from the IKEA dataset.

NA Align leg screw [...] Attach shelf [...] Flip shelf Flip table Flip table top
Precision 0.8148 0.5000 0.7452 0.5455 0.4948 0.4333
Recall 0.4018 0.2308 0.8997 0.4286 0.6667 0.8125

Inspect leg Lay down leg Lay down shelf Lay down table top Other Pick up leg
Precision 0.0000 0.0000 1.0000 0.0000 0.5455 0.4352
Recall 0.0000 0.0000 0.2000 0.0000 0.3158 0.8165

Pick up shelf Push table Push table top Rotate table Spin leg Tighten leg
Precision 0.4717 0.0000 0.7500 0.5625 0.9359 0.7573
Recall 0.2976 0.0000 0.5000 0.6923 0.9235 0.6094
(b) Precision and recall for each label of our Extracted_Log from the Solve4X dataset.

Chat Check asset quality Checkout asset [...] Create system entry [...] Enter room
Precision 0.7500 0.9600 0.7607 1.0000 0.0000
Recall 0.5455 0.8727 0.7807 0.9559 0.0000

Handover asset [...] Install and configure [...] Leave room Move [...] storage Not specified
Precision 0.3333 1.0000 0.0000 0.5185 0.6591
Recall 0.8095 0.6829 0.0000 1.0000 0.5088

Pick [...] self service Pick [...] warehouse Test asset quality [...] Unpack asset
Precision 0.2000 0.6296 1.0000 1.0000 -
Recall 1.0000 0.9341 0.6316 0.2000 -

(c) Performance measures comparing the results of our prototype (Extracted_Log) with the GT (True_Log).

RI ARI Accuracy Precision Recall
IKEA dataset 0.8777 0.7193 0.7722 0.7537 0.7722
Solve4X dataset 0.8921 0.7067 0.7113 0.7366 0.7113

leg’, ‘lay down table top’, and ‘push table’) or only partially correctly
identified (‘flip shelf’, ‘flip table top’, ‘handover asset to user’, ‘pick
asset from self service desk’). A manual examination revealed that the
activity boundaries set by the prototype (start and end time of an
activity) slightly deviated in some cases from those of the GT. As a
result, some very short activities were not identified at all, or other
identified activities were detected for a slightly longer duration than
would be correct according to the GT, hence strongly influencing their
precision due to their short overall activity duration.

In contrast, the average weighted recall of 77.22% for the IKEA
dataset and 71.13% for the Solve4X dataset can mainly be attributed to
the fact that some activities did not visually stand out significantly from
others. Generally, the prototype performed very well in recognizing
visually distinct activities (e.g., ‘attach shelf to table’, ‘spin leg’, ‘create
system entry for asset’). However, activities that do not visually differ
much from their preceding or following activities (e.g., ‘align leg screw
with table thread’ and ‘pick up leg’, or ‘pick asset from self service
desk’ and ‘unpack asset’) were sometimes assigned to the same activity
cluster by the prototype. In the second example, the video clearly shows
that unpacking begins as soon as the asset is lifted from the table,
blurring the visual boundaries of the activities. In addition, as with the
precision, the problem is that shorter activities were not assigned to
distinct activity clusters and were therefore not recognized (e.g., ‘lay
down leg”).

To further evaluate the prototype’s performance, the activity iden-
tification’s robustness was evaluated in the next step. For this pur-
pose, video ‘0007 _black_table_02_01_2019_08_16_13_21’ from the IKEA
dataset was analyzed ten times by our prototype in a dedicated exper-
iment. As before, the clustering was based on the number of clusters
according to the GT, and the results were compared on a per-second
basis. To assess the consistency of the clustering results across different
runs, we computed the pairwise similarity between all 10 clustering
outputs using two established metrics: the ARI and the Jaccard co-
efficient. Both metrics have their own characteristics, such that the
ARI is better suited to assessing overall structure, as it allows robust
comparisons and eliminates random effects. On the other hand, the
Jaccard coefficient is good for looking at pure pairwise similarities,
but it can distort cluster evaluations with many small groups. For a
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comprehensive analysis, we calculated the ARI and Jaccard coefficient
for all pairwise comparisons between the 10 clustering results, yielding
45 comparisons. We then computed the mean and standard deviation
for each metric to assess the overall stability of the clustering algorithm.

The mean ARI across all pairwise comparisons was 0.8196, with
a standard deviation of 0.0617. These results indicate a high level of
clustering consistency, with relatively low variability between runs.
The high ARI suggests that the clustering structure is well preserved
across multiple runs, demonstrating the algorithm’s robustness. The
mean Jaccard coefficient was 0.6231, with a standard deviation of
0.1562. Compared to the ARI, the Jaccard coefficient yielded a lower
mean and a higher standard deviation, indicating that some variations
exist in the exact grouping of frames. This suggests that while the
overall clustering structure remains stable, there are fluctuations in the
precise assignment of some frames. This observation is consistent with
our previous findings, which suggest that some very short activities
were not identified at all or that identified activities were detected for
a slightly longer or shorter duration than would be correct according to
the GT, hence strongly influencing the pairwise comparison of frames
for the Jaccard coefficient.

Overall, the prototype proved highly effective in detecting and
identifying visually distinct activities lasting more than a few seconds
(i.e., >= three seconds). It is worth emphasizing that the prototype
was able to accurately identify a majority of the activity segments
relevant to the process flow on a per-second basis, solely from the
video data without any prior input. These promising results highlight
the substantial potential for various process mining applications. Thus,
EVAL3 has confirmed the performance and feasibility of our prototype
and, consequently, of the RAVEE.

5.3. Evaluation of practical use (EVAL4)

5.3.1. Case context and study design

To evaluate the practical use of our instantiated artifact (EVAL4),
we conducted a case study on the application of the prototype to the
Solve4X dataset [66]. We focused on assessing the RAVEE framework
and the results obtained in EVAL3. To gain expert feedback grounded
in the dataset’s creation and structure, we carried out a semi-structured
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interview [63] with one of the dataset’s authors. His unique domain-
specific knowledge made him particularly well-positioned to assess
the artifact’s effectiveness from the perspective of someone deeply
familiar with the dataset’s creation, structure, and underlying logic: as a
creator of the dataset, the expert was highly familiar with its structure,
challenges, and intended use, enabling a well-informed assessment of
the artifact’s output quality. Moreover, having personally performed
the labeling process during dataset creation, the expert was uniquely
positioned to reflect on how the prototype could have supported or
improved this workflow — providing insights not only on the artifact’s
technical results, but also on its potential impact in practice.

The interview followed the guidelines for a semi-structured inter-
view by Myers and Newman [63], and was structured in two main
segments, combining Likert-scale [64] items (ranging from —3 to 3)
with open-ended questions to enable both quantitative assessment and
qualitative exploration.

5.3.2. Practical use and usability

The first segment assessed the practical use and usability of RAVEE
and the software prototype, including potential areas for improvement.
Initially, the expert reflected on the challenges associated with the
Solve4X dataset, including the need to integrate two different camera
angles to obtain a complete representation of the process, which is
not always optimal for observing specific activities. Additionally, the
complexity of workflows and process patterns makes it difficult to
interpret process activities when relying solely on visual data. Another
significant challenge for creating the GT was the subjectivity in defining
event boundaries, as start and end points often overlap and require
expert judgment.

After being introduced to RAVEE and our software prototype, the
expert stated that the system would have been ‘very helpful’ (Likert
rating: 3) in increasing the efficiency and consistency of the dataset
labeling process. The prototype’s ability to provide consistent event
segmentation was considered particularly beneficial for reducing sub-
jective inconsistencies among dataset annotators. The expert pointed
out that the dataset authors had differing interpretations of activity
boundaries during the initial dataset labeling process, which required
manual alignment. The prototype’s automated segmentation would
have eliminated this inconsistency, ensuring a standardized definition
of activity start and endpoints. The expert also rated the prototype’s
usability and efficiency positively (both rated as 2), suggesting that
further improvements would be necessary for large-scale real-world
applications, mainly by integrating additional Al-assisted support, such
as the ‘Label Suggester’ subcomponent or the active learning loop of
RAVEE. Although these features were not included in our prototype, as
they are not part of our contribution and have already been evaluated
(see Section 5.2.1), their integration could further enhance the system’s
efficiency in practical deployment.

Upon reviewing the EVAL3 results, the expert found the prototype’s
performance highly promising and noted that the system’s effective-
ness would improve further by integrating the active learning loop.
He also reflected on a limitation of the approach, namely that the
prototype relies on visually distinct activities to ensure clear differ-
entiation. However, he viewed this as a potential advantage rather
than a shortcoming, as it could help identify instances where activities
were not performed properly. For example, rushed task execution might
make an activity appear less visually distinct, highlighting areas where
process deviations occur. Overall, the expert found the generated pro-
cess instances ‘meaningful’ (2) and recognized the prototype’s ability
to identify new, previously unconsidered process steps as ‘high’ (2),
noting that the results ‘very well’ (3) matched his expectations. He
concluded that integrating the prototype into the Solve4X dataset’s GT
labeling workflow would have been highly beneficial. He recommended
exploring additional ways to enhance human-in-the-loop support to
improve efficiency further.
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5.3.3. Insights on activity granularity

The second segment focused on the activity extraction on different
levels of granularity. The expert emphasized that granularity is a crucial
factor when analyzing video-based datasets, as process activities can
be captured at various levels of detail. He stressed that the level of
granularity required depends on the specific use case, as different
stakeholders may require different levels of process detail. For instance,
a high-level overview of key process steps may be sufficient for man-
agerial decision-making, whereas fine-grained insights into individual
actions may be essential for operators or analysts conducting detailed
workflow evaluations. The expert expressed to be ‘confident’ (2) in the
clustering results across different levels of granularity, finding them in-
formative and valuable depending on the intended application. He also
highlighted the importance of a recommended granularity setting, as
selecting an appropriate level can be challenging when first exploring
a dataset. Without clear guidance, those with limited prior knowledge
of the dataset may find it difficult to determine the most meaningful
level of granularity for their analysis. The expert suggested integrating
hierarchical clustering in future work to enhance the utility of granu-
larity analysis further. This approach would allow users to begin with a
coarse-grained process view and progressively refine their analysis by
‘drilling down’ into finer details as needed. Such a feature could also
prove valuable in analyzing overlapping process steps, addressing one
of the key challenges identified in the dataset. Hierarchical clustering
could significantly improve process understanding and exploration by
enabling analysts to first explore broader process structures before
zooming into specific details.

To sum up, this case study provided valuable insights into the
application of the RAVEE framework in a real-world process mining
scenario. While the findings are not statistically generalizable, they
reflect the practical implications of deploying the artifact in a real-
world setting. The expert’s experience as a dataset author enabled a
grounded evaluation of the prototype’s functionality, limitations, and
potential for impact. The findings confirm the practical applicability
and usefulness of the instantiated artifact and, by extension, the RAVEE.
The expert’s feedback highlights the potential of the RAVEE to improve
process transparency — and, consequently, decision support — by
enabling the extraction of actual process behavior rather than assumed
behavior through unsupervised process event generation.

6. Conclusion
6.1. Summary and contribution

This paper presents the RAVEE, an RA designed to extract actual
process behavior from unstructured video data. Unlike approaches re-
quiring predefined activity sets, RAVEE supports unbiased, data-driven
event detection through unsupervised extraction of actual process be-
havior. Therefore, RAVEE enhances decision support by ensuring that
insights are based on actual observed behavior rather than expecta-
tions, enabling the identification of deviations, unexpected steps, and
emerging patterns. Following a DSR methodology, we derived DOs
from literature and expert input to guide development. We validated
the RAVEE through semi-structured interviews and tested a prototyp-
ical instantiation on two public datasets, demonstrating its capability
to generate unbiased event logs from unstructured video data across
different environments and actors. A case study further supported the
practical applicability of the artifact.

This work contributes to the scientific discourse by providing an RA
for fully automatic, unsupervised extraction of process-relevant activity
instances from video data, which are later enriched to construct valid
event logs. The RA provides a flexible framework with variation points
for different use cases and thus serves as a foundation for future ap-
proaches and application-specific design variants. Unlike related work,
our RAVEE does not rely on predefined activity sets, reducing bias in
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the identification of relevant process steps and enabling objective, data-
driven process discovery. This, in turn, fosters process transparency,
strengthens decision support and facilitates optimization. The accompa-
nying prototype further lowers barriers for adoption by demonstrating
how the RA can be instantiated across diverse applications.

6.2. Limitations and future research

Despite its potential, our RA has several limitations that should
be addressed in future research and real-world implementations. First,
privacy concerns were not addressed. Since video data may contain
sensitive information about recorded individuals, future implementa-
tions must incorporate mechanisms for data anonymization and secure
handling to ensure compliance with privacy regulations. Second, we
focused solely on video data. While video data alone provides valuable
insights, integrating additional (un-)structured data sources — such as
audio recordings or sensor data — could enhance process understand-
ing and improve overall analysis. Third, our prototype omits certain
components of the RAVEE: the active learning loop, the Investigation
Area Segmenter, and the Label Suggester. The active learning loop
enables automatic labeling based on previously collected information,
reducing manual effort and allowing for multi-granularity analysis.
The Investigation Area Segmenter facilitates detecting multiple parallel
process steps within a single frame. Without it, our implementation as-
sumes only one activity is executed per frame, limiting its applicability
in environments where multiple processes occur simultaneously. Future
work should incorporate these components to improve efficiency and
analytical depth. Fourth, the RA was not tested in a real-world de-
ployment. While our datasets simulate realistic conditions (e.g., varying
backgrounds, different actors, and environmental noise), and we con-
ducted a case study on one of the datasets — leveraging the insights of
one of its authors to gather in-depth expert feedback — this setting does
not fully reflect the complexities of a live operational environment.
Although the case study allowed us to derive rich, context-specific
insights — particularly regarding output quality and potential im-
provements to the labeling workflow — it does not support statistical
generalization. Future work should broaden the empirical foundation
through additional deployments or case studies to assess long-term
robustness, resilience to data noise, and adaptability to unseen envi-
ronments, thereby further validating our approach. Additionally, the
RAVEE is not suitable for all use cases. Processes with highly variable
motion sequences across instances pose challenges for clustering, as
the approach relies on visual similarities to group events. Similarly,
complex or visually indistinct movements may hinder accurate event
detection. However, this limitation is inherent to process mining, which
is generally most meaningful for processes with recurring, structurally
similar instances. Finally, since our primary contribution is the RA
rather than the instantiated prototype, we did not aim for an optimized
implementation. Runtime performance or efficiency (e.g., through ac-
tive learning or optimized labeling processes) were not primary goals
but represent important avenues for refinement.

Several avenues for future research emerge from this work. Privacy-
preserving mechanisms must be developed to address the use of video
data containing personally identifiable information. Technologies such
as anonymizing video cameras (e.g., [70]) offer promising solutions but
require further evaluation to assess their impact on event detection
performance and overall process mining outcomes. While this study
focuses on event extraction in the XES format, future work could
explore its extension to the Object-Centric Event Log (OCEL) standard.
OCEL enables many-to-many relationships between events and objects,
offering richer representations of complex processes [71]. Applying
unsupervised event detection in this context could yield deeper insights
into interactions between multiple entities within a process, thereby
enhancing decision support in object-centric environments. Further-
more, the development and dissemination of video datasets related
to process mining would significantly benefit the field. These datasets
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should represent various activity instances in realistic environments.
Moreover, integrating additional (un)structured data sources — such
as sensor logs or audio streams — with video data presents an oppor-
tunity to construct more comprehensive representations of underlying
processes. An approach that creates a comprehensive process repre-
sentation can thus generate significant added value. Additionally, the
inherent uncertainty associated with video-based analysis requires fur-
ther research. Uncertainty may arise from probabilistic object detection
or conflicting information between data sources. Approaches could
use process trees that provide uncertain process paths with the corre-
sponding probabilities or methods that integrate process experts. Sixth,
handling short or subtle activities remains a challenge, particularly at
higher abstraction levels. As proposed by the dataset author in our case
study, integrating hierarchical clustering presents a promising approach
to enable seamless investigation of specific process segments within
the software demonstrator. This would allow users to begin with a
coarse-grained process view and progressively refine specific segments
through drill-down analysis, thereby enhancing granularity control and
supporting more flexible, user-driven exploration of complex process
behavior. Finally, future work should focus on improving the efficiency
and scalability of the RAVEE and its instantiation. Optimizing event
detection and labeling algorithms and leveraging hardware acceleration
could enhance performance. Refining feature extraction and clustering
mechanisms would also improve adaptability across diverse process
environments.
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