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Abstract

Process mining has proven effective in explaining the underlying
processes of systems, thereby improving systems’ understanding,
analysis, and operational efficiency. Process mining, however, often
falls short in addressing multiple dimensions of systems’ behaviors,
limiting its ability to provide comprehensive insights for systems’
performance and optimization opportunities. In this paper, we
introduce an enhancement to conventional process mining that we
term Multi-flow Process Mining (MFPM), which effectively extracts
process flows across different system dimensions, such as time,
energy, waste, and carbon footprint. MFPM enables a more com-
prehensive view of a system’s dynamics, enabling holistic decision-
making for enhanced system efficiency. We detail the framework of
MFPM, outline corresponding data requirements, and introduce an
expanded version of Petri nets—used here as a modeling formalism
to describe and analyze multi-flow system processes. Through a
detailed case study, we demonstrate the practical application of
MFPM in capturing and analyzing multifaceted aspects of systems.
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1 Introduction

Process Mining (PM) is a developing field that facilitates intelligent
integration between data science, business process management,
and information systems. PM techniques facilitate the discovery of
simulation models from event logs, which supports the structured
creation and ongoing updates of simulation models especially for
data-driven simulation models such as Digital Twins[1].

A major challenge in traditional PM is its limited scope, focusing
mainly on the temporal aspects of process flows [2]. This narrow
focus can lead to suboptimal decision-making, often overlooking
other critical dimensions, such as cost, energy usage, or waste gener-
ation. To effectively address multiple objectives of complex systems,
such as energy efficiency or cost reduction, monitoring changes
across various dimensions rather than just time is essential—a capa-
bility that current PM frameworks do not adequately support. Such
omissions can significantly impact the accuracy and usefulness of
the generated insights, potentially leading to decisions that might
not align with the organization’s operational or sustainability goals.
For instance, a process that is optimized for time efficiency might
incur excessive costs or environmental burdens, thereby negating
the perceived benefits.

In this paper, we introduce a novel approach and extension of PM
that we term "Multi-flow Process Mining” (MFPM). With MFPM,
we extend traditional PM by tracing process flows across multiple
dimensions—beyond time—to include other system metrics, such as
energy consumption, cost, carbon footprint, waste generation, etc.,
based on the specific goals of the systems of interest. With this,
MFPM enables the discovery of comprehensive models, facilitating
multi-objective optimization. MFPM enhances the understanding
of processes by incorporating elements that directly affect both
operational efficiency and strategic decision-making. Our approach
is motivated by our work on Energy-Oriented Digital Twins for
manufacturing systems [3], where we extract simulation models
that capture both temporal process flows and the relevant energy-
oriented process flows. For this, we needed to extend the original
PM approach and adjust the related data requirements accordingly,
as we generalize and detail in the following.

The structure of this paper is outlined as follows: In Section II,
we provide a background of PM covering paradigms, PM model
formalisms, and the existing challenges. In Section III, we introduce
the concept of MFPM, detailing the data requirements and the
methodology of MFPM. In Section IV, we present a case study
to showcase the MFPM application in a manufacturing system.
Section V addresses the challenges and limitations encountered in
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the application of MFPM. Finally, in Section VI, we summarize our
findings and discuss potential future directions in the research and
application of MFPM.

2 Background

In the following, we provide a comprehensive overview of the
foundational paradigms and formalisms related to PM, particularly
focusing on how we integrate Petri Nets (PNs) in MFPM. Further-
more, we address challenges and limitations inherent to existing
PM formalisms, highlighting areas that require further research
and development.

2.1 Process Mining

PM forms a fundamental framework in business process manage-
ment. PM’s goal is to extract and analyze process data from event
logs to enhance organizational efficiency and compliance [4]. Each
entry in an event log represents a step in a process, such as the
activity start or end, cost, resource used, and the sequence of activ-
ities (trace) for each process at a particular point in time. An event
log entry may also include supplementary details or attributes, such
as cost, event type, resource, etc. [5]. Event log entries associated
with a case are arranged in order of time, each representing a single
execution of the system’s process, often termed an "ID”. The series
of activities performed for a case is referred to as a trace. Conse-
quently, an event log can be understood as a collection of traces,
where multiple cases may belong to the same sequence of activities
[6]. For instance, in manufacturing, assembling a car is a case, with
events such as "body welding” and ” body painting” recorded as a
trace under the car’s serial number as the case ID.

The three core paradigms of PM are process discovery, confor-
mance checking, and process enhancement. Process discovery
entails the automated generation of process models or diagrams
from event logs. Discovery tools and algorithms, such as the alpha
algorithm and heuristic miners, enable organizations to visualize
and understand their operational processes in depth [7]. Confor-
mance checking compares the actual behavior recorded in logs
with the behavior defined by a process model to ensure that the
observed process actions align with the expected or modeled behav-
iors [8]. Conformance checking aids organizations in maintaining
governance, managing risks, and ensuring operational integrity.
Process enhancement focuses on developing models that achieve
specific properties, which is further divided into process extension
and process improvement. Process improvement refines models to
eliminate behaviors that lead to unsatisfactory outcomes or violate
regulations, ensuring these actions are not permitted by the model
[9].

In our work, we employ the process discovery paradigm of PM
to effectively extract multi-flow process models from enhanced
event logs that feature required data, as detailed in Section III. In
the context of process discovery applications, Friederich et al. [10]
demonstrated the application of PM in deriving reliability models
from event data in Smart Manufacturing Systems (SMS), using a case
study of a flow shop with parallel operations. Similarly, Bemthuis
etal. [11] developed a proof-of-concept for extracting agent models
from event logs, utilizing Schelling’s segregation model to validate
the effectiveness of PM techniques in agent model extraction.
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2.2 Petri Nets

PNs can very well complement PM by providing a formal model-
ing formalism that can be used to represent, analyze, and improve
business processes based on real data. One of the main applications
of PM is the automatic discovery of PNs from event logs, which
involves analyzing sequences of events recorded in information
systems and constructing PNs that model underlying processes. Dis-
covered PN models provide insights into process flows, deviations,
and bottlenecks, facilitating optimization of the corresponding pro-
cesses [12].

In a PN graph, the system’s static properties, such as the topology
of the network, the initial marking of tokens across the places, and
the capacities of places, are represented [13]. PN graph consists of
two types of nodes: circles, referred to as places, and bars, referred
to as transitions. Places and transitions are linked by directed
arcs, with transitions serving as input for places and vice versa.
The execution of a PN is governed by the removal and creation
of markers, known as tokens, represented by black dots, within
the net’s circles. Tokens are shifted through firing of transitions
within the net, requiring transitions to be enabled by presence of
tokens in their input places. Firing a transition implies removing
enabling tokens from input places and generating new tokens,
which are then deposited into output places [14]. There are several
types of PNs, each designed for specific applications and modeling
requirements. In our research, we use Stochastic Petri Nets (SPNs)
as formalized and described in [15], where SPN is defined as SPN =
(P, T, A, G, mgp), where:

e P ={Py, Py, ..., Py} represents the set of places, depicted
as circles;

o T ={N,To, ..., Ty} comprises the set of transitions, each
paired with their respective distribution functions or weights,
illustrated as bars;

o A={ATUA° U AM} categorizes the arcs, with A© indicat-
ing output arcs, Al denoting input arcs, and AH representing
inhibitor arcs, each arc assigned a specific multiplicity;

e G = {g1,92, ...,9r} denotes the set of guard functions
linked with various transitions;

e and my signifies the initial marking that outlines the initial
token distribution across the places.

Each transition is denoted by T; = (type, F), where type €
{timed, immediate} denotes transition’s type, and F is a probability
distribution function for timed transitions or a firing weight or
probability for immediate transitions.

2.3 Challenges in Existing Process Mining
Approaches

One of the significant challenges in existing PM approaches is
their limited ability to encompass multiple dimensions of processes
beyond the basic temporal process flow. Current PM techniques
generally neglect these other critical dimensions, such as time,
cost, energy, manpower, and their interactions and interdependen-
cies. This oversight can lead to an incomplete understanding of
process dynamics, particularly in complex environments such as
manufacturing systems. Existing PM frameworks, including those
based on well-established models, such as PNs, struggle to effec-
tively integrate and represent these multiple flows within their
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existing structures and features presenting an obstacle to achieving
comprehensive process optimization. Challenges with multi-flow
processes necessitate enhancements in PM approaches to reflect
and improve real-world systems, ensuring that all relevant dimen-
sions are considered for a thorough analysis and optimization more
accurately.

There has been research in what has been termed as multi-
dimensional [16] or multi-perspective PM [17], which differs from
our approach, leading us to define the term Multi-flow Process
Mining to distinguish from these approaches. Existing multidi-
mensional PM approaches are mainly applied to healthcare and
educational systems and utilize multi-dimensional data from vari-
ous sources to extract entities’” or process’ features to refine time-
oriented process flows without fully exploring different dimensions
of process flows in systems such as energy consumption. For in-
stance, the works by Vogelgesang et al. [16] focused on health-
care systems, using patient and process characteristics to optimize
healthcare delivery but do not extend to other dimensions such as
energy or waste. Similarly, while multi-perspective process mining,
as discussed by Mannhardt et al. [17], aims to integrate diverse
types of information such as control flow, data, resources, and time
to create a more detailed view of processes, still considering only
their temporal flow.

Noted limitations accentuate a significant gap in traditional PM
approaches, where the singular focus on the temporal flow of the
system omits other critical dimensions of process flows that cannot
be captured by time-oriented analysis alone. For instance, heat
waste generated by an instantaneous activity in a time-oriented
process flow has significant implications for waste generation dy-
namics. However, it remains unaccounted for in time-oriented
process flow in conventional PM methodologies.

3 Multi-flow Process Mining

To enhance capabilities of conventional PM in capturing different
process dimensions, we introduce MFPM. MFPM effectively cap-
tures dynamics in systems in different dimensions, such as time,
cost, energy, and waste generation, enabling a comprehensive anal-
ysis of system behaviors and interdependencies. To better illus-
trate our understanding of process flow dimensions, consider the
following illustration. Process flow encompasses the sequential
progression of activities within a process, with, e.g., possible focus
on dimensions, such as time which involves the sequence and du-
ration of activities from start to finish; cost, representing financial
resources consumed at each step of the process; energy, detailing
amount of energy required or consumed during process activities;
waste generation, concerning the creation of waste materials as a
result of process operations; and carbon footprint measuring the
total amount of greenhouse gases emitted directly or indirectly by
the process.

MFPM reveals that processes often vary significantly across dif-
ferent dimensions. For instance, an activity might consume time in
a time-oriented process flow but not consume energy in an energy-
oriented process flow. This highlights MFPM’s role in providing
comprehensive insights in system’s dynamics.

Furthermore, MFPM allows us to analyze processes from mul-
tiple perspectives, enhancing our ability to identify and address
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previously unnoticed inefficiencies. E.g., by analyzing the energy
consumption alongside the time taken for each activity, MFPM can
uncover instances where a machine remains idle but still consumes
power. By focusing on specific dimensions, MFPM facilitates the
achievement of targeted goals, supporting multi-objective optimiza-
tion of systems. Based on the objectives of the system, MFPM can
extract distinct process flows across different dimensions, which can
subsequently be integrated into comprehensive multi-dimensional
models, enabling more holistic decision support.

3.1 Data Requirements for Multi-Flow Process
Mining

Events form the backbone of event logs, enabling detailed analysis
of processes and system behaviors. To enable MFPM, we first define
the structure of an event log to align with the specific objectives of
the system. For this, we need to capture, besides basic data points
such as “Time Stamp”, “ID”, and “Event”, additional data points that
reflect the broader relevant context of the system’s processes and
objectives, such as energy consumption, carbon footprint, waste
generation, etc., at the point of the event occurrence.

Moreover, based on the characteristics of the system, it may
be necessary to categorize resources, such as types of waste (e.g.,
water, plastic) and types of energy sources (e.g., battery, electric-
ity, oil). This resource categorization facilitates more effective re-
source management and enhances the decision-making of the sys-
tem. Thus, in MFPM, we define the event log as {E1, Ea,...,Em},
where E; = (ID, Timestamp, Event, {D_Attributes}). Each E;
captures essential data points utilized by the MFPM, ensuring that
every relevant dimension of the process is documented for compre-
hensive analysis. MFPM facilitates a detailed and insightful analy-
sis across various system dimensions by systematically integrating
multi-dimensional data points into an event log. Models extracted
through MFPM enable comprehensive insights and enhance under-
standing of the interactions between different dimensions and their
KPIs, ultimately affecting overall system efficiency. MFPM leads to
more effective optimizations, allowing for targeted improvements
in system performance.

Based on the system configuration, data can be extracted through
various tools and interfaces. While each system tool and interface
may generate separate event logs, it is essential to integrate all of
the separate event logs into a unified event log that encompasses all
relevant dimensions. The integration process ensures that multiple
logs are correlated based on common data points such as “Time
Stamp” and “Event”. This method of integrating data from diverse
sources into a single or unified event log enables comprehensive
analysis, leading to more precise conclusions about different aspects
of the process behaviors, ensuring that all relevant data dimensions
are considered collectively.

3.2 Multi-Flow Process Mining for Process
Discovery

A key advancement in MFPM is the refined definition of process
flows in extracted models, which goes beyond the traditional focus
on temporal process flow. MFPM also incorporates changes in
system variables across other dimensions. In MFPM-extracted
models, events are related not only to the temporal progression of
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Figure 1: Multi-flow process mining framework.

processes but also to advances in other dimensions, such as energy
consumption. For instance, the quantity of waste generated within
a production activity might be a constant value, independent of the
activity’s duration, and instead influenced by the product’s material
composition (e.g., plastic, iron).

As we illustrated in Fig 1, the MFPM is implemented in two
phases. In the first phase, we begin with extracting process flows
for each dimension of interest, labeled as Process Flow 1 to N. Each
flow corresponds to a specific operational aspect, such as energy
consumption, carbon footprint, or waste generation. According to
the SPN formalism, in this phase, the set of places (P) and transitions
(T) are identified and mapped. In the second phase, the focus shifts
to extracting transition features for each dimension. The second
phase ensures that the specifics of each process flow are accurately
represented. As a result of utilizing MFPM, we extract multi-flow
models that serve as the foundation for data-driven simulation
models supporting multi-objective decision-making.

Considering the SPN formalism, the second phase defines the
attributes of transitions and their effects on the various dimensions,
involving determining the arcs (A) that connect places to transi-
tions and vice versa, defining guard functions (G) that control the
flow based on conditions or variable states, and establishing the ini-
tial marking (myo) that specifies the initial distribution of tokens in
places. The second phase ensures that all relevant factors influenc-
ing transitions, such as energy consumption or waste generation,
are integrated in the SPN model.

In Algorithm 1, we detail our framework approach to extract
multi-flow models from event logs in two phases that capture dif-
ferent dimensions, such as energy, carbon footprint, and waste
generation, in addition to time in production flow. We must ensure
that the event log contains the entire process of interest, including
activities that do not directly involve the dimension being ana-
lyzed, such as when an activity does not generate waste in the
waste-oriented (waste generation) dimension. This comprehensive
logging is essential for extracting the complete process flow and
obtaining a holistic system view. With PM techniques, we extract
individual process flows from the event logs. Our preferred under-
lying extracted model is an SPN, characterized by incorporating
places and transitions, with connections extending from a place
to a transition or vice versa. Effective implementation of the SPN
model requires detailing the attributes of each transition, including
the distribution of timed transitions and the weights of immediate
transitions. We apply statistical analysis to both types for timed
transitions in the process flow to identify the best-fitting probability
distributions for their times.
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We extract metrics beyond time duration to determine transition
values for dimensions that are not time-oriented. E.g., for assessing
waste generation, we extract the rate or the probability distribution
that quantifies the total waste output associated with a particular
activity. When determining the value of a transition where a fixed
rate is not suitable, we utilize statistical methods, such as regres-
sion models or other machine learning tools, which help predict
values based on the duration of the activity along with other fac-
tors, enabling a more precise extraction of activities impacts on the
dimension of interest.

Algorithm 1 Extraction of the Multi-flow Models

Input: multi_dimentional_event_log

Output: multi_dimentional _model

Procedure:

For each dimension:

Phase 1: Process flow extraction

«  extract process flows.

Phase 2: Transition modification

For Immediate Transitions

« Determine the probability of occurrence for each related event
by dividing the count of specific event occurrences by the total
count of total related events.

For Timed Transitions:

+ Calculate the temporal occurrence or the duration by the
difference between consecutive events in the process flow.

«  Apply statistical analysis to find the best-fitting probability
distribution for timed transition durations.

For Multi-Dimensional Transitions (Non-time):

If Fixed Rate:

+  Track changes in dimension value from the activity start to the
next event in the process flow.

« Calculate the average rate of change per unit of time for each
related activity.

If Dynamic Value:

Utilize simple regression models and machine learning tools to
estimate values based on the activity duration.

4 Case Study

To demonstrate the MFPM methodology, we conducted a case study
of a small-scale manufacturing system. In this study, we use a Dis-
crete Event simulation (DES) model to generate event log data, trac-
ing energy consumption and waste generation along the production
line. DES, a commonly used modeling technique for studying and
analyzing manufacturing processes [18], captures each event in
DES at a specific instant and marks a state change in the system. We
utilized this “original model” (or ground-truth model) to generate
data, which we then subjected to MFPM to rediscover the under-
lying multi-flow PN. In the following, we describe the case study
system, and the data required to extract the multi-flow model. We,
then, detail the MFPM methodology applied to our case study and
provide a comprehensive overview of the process used to extract
the multi-flow PN model.
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Table 1: Multi-dimensional event log excerpt.

Time Stamp ID Asset Energy Stamp Power Type Waste Stamp  Waste Type Event

(kWh) (kg)
02:59:57 280  Celll 84.67 Electricity 1.004 Plastic Celll Operation Begin
03:04:33 281 Cell2 184.20 Electricity 0.525 Plastic Cell2 Operation End
03:04:33 281 NA 0.0 NA 0.0 NA Order Completed
03:05:54 280  Cell1 93.82 Electricity 1.115 Plastic Celll Operation End

4.1 Case Study Description

Our case study features a production line equipped with three key
assets: a warehouse with automated ordering, and two assembly
collaborative robots (cobots). The process begins when a customer
places an order. The warehouse prepares the necessary parts, with
a 50% probability of being processed on one of two lines. During
assembly, plastic waste is generated. Once assembled, the product
is stored in the warehouse, and the customer is notified. Both
cobots operate on electricity, with the cobot on line 1 having a
lower energy consumption profile than the cobot on line 2. Each
cobot operates in two states: idle and active. In terms of waste, line
1 produces less waste than line 2, and the volume of waste varies
within a specified range of waste generation for each line.

4.2 Data Requirements

To extract a multi-flow model using MFPM for our case study, we
require a multi-dimensional event log capturing the entire produc-
tion process and detailed information for each relevant dimension.
Accurate extraction depends on identifying all activities linked to
each asset. In our case study, we maintain event logs of the entire
production system—from order placement to production comple-
tion. In [3], we defined the data requirements for extracting an
energy-oriented Digital Twin model using PM techniques that we
here supplement with waste generation data.

In TABLE I, we show excerpts of the event logs that encompass
a 24-hour operational duration of the production line. Each entry
in the table is timestamped to the second, ensuring precision in
tracking and analysis. The columns capture diverse dimensions,
such as energy usage measured in kilowatt-hours, the type of power
utilized, and the amount of waste generated in kilograms alongside
the type of waste. Events listed include the start and end of opera-
tions for specific production cells, reflecting the dynamic nature of
the manufacturing environment and also serve as critical markers
for identifying inefficiencies in further system analyses.

4.3 Multi-flow Process Mining of the Case Study

Next, we outline how we used MFPM to extract process flows that
capture different dimensions of our case study system. We employ
the PM4Py Python library [19] to extract the three distinct process
flows of our case study system: time-oriented, energy-oriented,
and waste-oriented process flows. The extracted processes can be
then integrated into a single, unified process flow that represents
all operations. Following the extraction of process flows, we ex-
tract time duration probability distributions and other dimensional
values. For probability distribution fitting for timed transitions, we
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use libraries, such as SciPy [20]. For immediate transitions with
weights, we calculate the rate of each transition by dividing the
number of events for each line by the total number of events out-
putted from the transition. For the energy dimension, we analyze
each cobot’s event log to aggregate activities, calculate the energy
consumed, and the duration until the next event, allowing us to
compute the average energy consumption rate for each activity.
For waste generation, we compile activity data from the cobots
and use regression modeling to estimate waste from each activity,
independent of the time of day. E.g., during assembly, the waste
calculation is based on the activity data from the cobot operating
on that line.

With MFPM, we aim to extract PNs that model process flows
across the different dimensions of our case study system. Extracted
PN models serve as simulation models to assess various what-if
scenarios for system analysis and enhancement. As illustrated
in Fig 2, we extracted three distinct PNs: time-oriented, waste-
oriented, and energy-oriented, where each PN follows the same
process flow but differs in the transitions. For instance, Transition
T1, representing the new order state, is time-consuming and de-
picted as a white rectangle in the time-oriented PN. However, in
the energy-oriented and waste-oriented PNs, the corresponding
transitions E1 and W1 are shown as black rectangles, indicating
immediate transitions in which no energy or waste is consumed
and generated during this transition. The extracted models can
be used to enhance system analysis and provide decision-making
support. The conventional PM approach handles only the tempo-
ral aspect and, subsequently, extracts more limited models. With
MFPM, we gain insights into various aspects of the system. E.g.,
through the extracted energy-oriented model, we can understand
the system’s energy-related behaviors and assess energy usage.
Similarly, the waste-oriented model allows us to pinpoint where
and how much waste is generated within the system. Utilizing
these multi-flow models supports multi-objective decision-making,
ensuring that enhancements address all dimensions of the system’s
efficiency. The models also facilitate the definition of specific Key
Performance Indicators (KPIs) for our case study. We measure
KPIs such as throughput and output for the production line. In the
energy-oriented model, we prioritize energy efficiency, specifically
electricity usage, while the waste-oriented model focuses on the
volume of waste as a KPL

5 CHALLENGES AND LIMITATIONS

In our study, we identified the following key challenges and limita-
tions associated with MFPM:
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Figure 2: Multi-flow process mining for comprehensive simulation model of the case study.

e Challenges in Extracting Multi-Dimensional Event
Logs: The extraction and integration of multi-dimensional
event logs are challenging due to the need to capture data
from various system dimensions simultaneously. This pro-
cess often demands advanced data collection and integration
technologies and techniques to ensure accurate representa-
tion and synchronization of all relevant dimensions.

o Integration of Multi-Dimensional Models: The chal-
lenge of integrating and unifying models that encapsulate
various dimensions proves complex, particularly due to the
need to synchronize and align models from each dimension.
This integration demands development of novel method-
ologies that ensure seamless interaction among the models,
accurately reflecting the system’s multi-dimensional behav-
ior.

e Specific Behaviors in Petri Nets: Specific behaviors in
the extracted Petri net models, such as battery usage and
charging dynamics in the energy dimension, need to be accu-
rately represented to ensure that the models faithfully mirror
real-world operations. To achieve this level of detail, expert
knowledge may be required for precise model extraction and
validation of these behaviors.

6 SUMMARY AND OUTLOOK

Process Mining (PM) enables data-driven simulation model ex-
traction. In this paper, we introduced Multi-flow Process Mining
(MFPM) as extension of traditional PM to include alternative system
dimensions, beyond only time, such as energy consumption, cost,
carbon footprint, waste generation, etc., based on the system and
system efficiency’s objectives. MFPM facilitates multi-objective
optimization, enabling concurrent improvements across different
process outcomes. MFPM provides a thorough understanding of
processes by integrating factors that influence both operational
efficiency and strategic decision-making. Furthermore, the MFPM
significantly enhances the scalability of PM when applied to very
large or highly complex systems by allowing each dimension to
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be isolated and addressed individually. This segmentation sim-
plifies the analysis and significantly scales the MFPM approach,
making handling systems with multiple complex dimensions fea-
sible. Through a case study of a smart manufacturing system, we
showcased the methodology of MFPM for three dimensions: time,
energy, and waste flow. Our case study demonstrated how with
MFPM we can extract system behaviors for different aspects and
enable data-driven simulation models supporting multi-objective
decision support.

We aim to apply MFPM to more complex systems in the future,
incorporating a broader range of dimensions. Our goal is to develop
a methodology that combines process flows from each dimension
into a unique, multi-flow process to integrate various aspects such
as energy usage, waste generation, and other relevant dimensions
into a cohesive framework. Furthermore, we plan to develop a multi-
flow process simulation tool to streamline the implementation of
MFPM across various systems.
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