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A B S T R A C T

Decision support in Smart Manufacturing Systems (SMSs) often requires balancing conflicting objectives related 
to multiple system dimensions, such as maximizing the number of completed products while minimizing energy 
consumption and CO₂ emissions. Comprehensive Digital Twins (CDTs) integrate multiple system dimensions 
within one executable model to support multidimensional analysis and multi-objective decision-making. How
ever, an automatically extracted, simulation-ready CDT is not inherently optimization-ready because controllable 
parameters, admissible ranges, optimization objectives, and decision-to-model mappings remain unspecified. 
This paper addresses this gap by introducing a semi-automated framework that prepares an automatically 
extracted CDT for simulation-based multi-objective optimization. Starting from multidimensional event logs, 
Multi-Flow Process Mining extracts dimension-specific Stochastic Petri Nets and integrates them into an 
executable Multidimensional Stochastic Petri Net represented in Multidimensional Petri Net Markup Language. 
An optimization-preparation layer combines model parameter information with expert-defined selections, 
bounds, and objectives, and maps decision vectors to executable model configurations evaluated through 
simulation. The framework is demonstrated using an illustrative manufacturing line for robotic assembly and 
welding with rework. The Nondominated Sorting Genetic Algorithm II (NSGA-II) is applied as the primary 
Pareto-based optimizer, while equal-weight weighted-sum scalarization is evaluated as a comparative baseline. 
The NSGA-II Pareto-front approximation supports post-search scenario selection. In a 100-replication reference- 
model evaluation, the selected scenario reduced CO₂ emissions by 3.81%, while completed products and grid- 
energy consumption changed only marginally ( − 0.29% and + 0.17%, respectively). These results support the 
proof-of-concept feasibility of extending an automatically extracted multidimensional simulation model to multi- 
objective decision support.

1. Introduction

The increasing integration of sensing, connectivity, and computation 
into manufacturing operations is transforming production systems into 
cyber-physical environments [1]. Within this context, Smart 
Manufacturing Systems (SMSs) integrate Cyber-Physical Systems (CPS) 
and Information and Communication Technologies (ICT), particularly 
Artificial Intelligence (AI) and the Internet of Things (IoT) [2]. These 
technologies enable SMSs to generate large volumes of operational data 
that can be used for monitoring, control, performance analysis, and 
decision support [3]. Digital Twins (DTs) have consequently become an 
important means of connecting physical manufacturing systems with 

their digital representations to support the monitoring, analysis, and 
optimization of system behavior [4].

Nomenclature

Abbreviation Definition Abbreviation Definition

SMS Smart 
Manufacturing 
System

MDSPN Multidimensional 
Stochastic Petri Net

CPS Cyber-Physical 
System

PNML Petri Net Markup 
Language

ICT Information and 
Communication 
Technologies

MDPNML Multidimensional Petri 
Net Markup Language
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(continued )

Nomenclature

Abbreviation Definition Abbreviation Definition

AI Artificial 
Intelligence

MOSO Multi-Objective 
Simulation Optimization

IoT Internet of Things MOEA Multi-Objective 
Evolutionary Algorithm

DT Digital Twin NSGA-II Nondominated Sorting 
Genetic Algorithm II

DES Discrete-Event 
Simulation

SPEA2 Strength Pareto 
Evolutionary Algorithm 
2

SD System Dynamics SMS-EMOA S-Metric Selection 
Evolutionary 
Multiobjective 
Optimization Algorithm

ABS Agent-Based 
Simulation

MOEA/D Multiobjective 
Evolutionary Algorithm 
Based on Decomposition

HS Hybrid Simulation NSGA-III Nondominated Sorting 
Genetic Algorithm III

PM Process Mining GA Genetic Algorithm
SPN Stochastic Petri Net KPI Key Performance 

Indicator
CPN Colored Petri Net CI Confidence Interval
MFPM Multi-Flow Process 

Mining
MAG Metal Active Gas

CDT Comprehensive 
Digital Twin

​ ​

As Fig. 1 illustrates, a DT comprises three primary components: (i) the 
physical entities, (ii) their virtual counterpart, and (iii) bidirectional data 
exchange between them [5]. This bidirectional data exchange supports 
ongoing data acquisition, DT model validation, and knowledge extrac
tion, keeping the DT synchronized with its physical counterpart [6]. DTs 
are typically realized through computational models, such as analytical 
equations, machine-learning models, simulation models, or hybrid 
models, depending on the intended purpose of the twin [7,8]. In 
manufacturing, simulation-based models are particularly valuable 
because they provide an explicit and executable representation of system 
behavior, in contrast to purely black-box input-output models [9]. This 
supports structural understanding, what-if analysis, and model-based 
decision support, especially for production systems characterized by ar
rivals, routing decisions, machine operations, failures, repairs, and 
resource interactions. DTs and data-driven simulation models have 
therefore become increasingly important in industrial applications, 
where they are used to improve productivity, reduce costs, and enhance 
resource efficiency [4]. In this paper, we therefore adopt a simulation 
model as the virtual counterpart of the DT.

There are several modeling formalisms for representing the virtual 
counterpart of SMSs. Among the available Petri-net-based formalisms, 
Stochastic Petri Nets (SPNs) [11] provide a suitable foundation for 
representing event-driven manufacturing systems. SPNs offer a 
well-established graphical and mathematical formalism for representing 

concurrency, synchronization, resource sharing, and stochastic system 
behavior. In addition, SPN models are well-suited to data-driven DT 
development, since Process Mining (PM) [12] techniques combined with 
data analysis can be used to discover their control-flow structure and 
estimate their stochastic execution semantics from event logs generated 
by the underlying manufacturing system [13]. The resulting models can 
then be executed by simulation and used for temporal performance 
evaluation, what-if analysis, and model-based decision support. As such, 
SPNs provide a rigorous and executable basis for representing the dy
namic behavior of processes in SMSs.

Manufacturing decision-making is increasingly framed as a multi- 
objective problem that must balance productivity-oriented goals with 
other objectives such as energy efficiency, carbon footprint reduction, 
and waste minimization. This shift toward multidimensional 
manufacturing decision-making, motivated by Industry 4.0 [1], is 
further strengthened by the Industry 5.0 perspective [14], which em
phasizes sustainability and resilience alongside competitiveness. This 
shift is also motivated by policy and market pressures, including the 
European Climate Law [15], which establishes a binding target of at 
least a 55% net reduction in greenhouse-gas emissions by 2030 relative 
to 1990 and climate neutrality by 2050 [16], and the U.S. Department of 
Energy (DOE) Industrial Decarbonization Roadmap [17]. These pres
sures require manufacturing decisions to account for production and 
environmental performance simultaneously, motivating data-driven 
Digital Twin models that represent multiple dimensions, including 
time, energy, emissions, and waste. In many existing approaches, 
additional non-temporal performance quantities are either represented 
through reward- or measure-based constructions [18,19] rather than as 
explicit multidimensional effects in the executable model or incorpo
rated manually during model development.

In our previous work, we addressed this limitation by proposing 
Multi-Flow Process Mining (MFPM), an extension of PM that enables the 
automatic extraction of dimension-specific (unidimensional) SPN models 
from multidimensional event logs [20]. In a subsequent study [21], we 
introduced the Comprehensive Digital Twin (CDT) framework for SMSs, 
which integrates unidimensional SPNs into a unified Multidimensional 
Stochastic Petri Net (MDSPN). The resulting MDSPN preserves an explicit 
control-flow structure while associating each activity with its multidi
mensional impacts, thereby supporting cross-dimensional system anal
ysis. In our preceding Journal of Manufacturing Systems study [22], we 
further developed and validated the automated extraction of 
MDSPN-based CDTs from multidimensional event logs. The automated 
extraction procedure generates simulation-ready executable MDSPN 
models for multidimensional analysis. We subsequently introduced 
Multidimensional Petri Net Markup Language (MDPNML) [23] to 
represent the extracted MDSPN structure and its multidimensional 
simulation parameters in an executable interchange format. These pre
vious contributions provide the simulation-ready CDT foundation adop
ted in the present study.

However, an automatically extracted and simulation-ready MDPNML 
model (or MDSPN model) is not directly optimization-ready. Although 
the extracted model can reproduce and analyze the multidimensional 
behavior represented in an SMS, it does not by itself determine which 
model parameters should be treated as controllable decisions, how a 
numerical decision vector should be mapped to the corresponding 
MDPNML elements, or which modeled dimensions should be used as 
optimization objectives. Some optimization-related information is 
explicitly available in the extracted model. For example, the selection or 
routing decisions can be exposed for optimization through their 
MDPNML representation. Other decisions, such as available device speed 
settings and technical operating limits, cannot be inferred reliably from 
the generated data or model structure alone and must be provided by 
domain experts or additional technical documentation. A methodological 
gap, therefore, remains between the automatic extraction of a simulation- 
ready CDT and its systematic preparation for simulation-based multi- 
objective optimization.

Fig. 1. Constituent parts of a Digital Twin setup for smart manufacturing sys
tems [10].
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To address this gap, this paper introduces the concept of an 
optimization-ready Comprehensive Digital Twin. The proposed 
approach extends the automatically extracted MDSPN–MDPNML pipe
line with a semi-automated optimization-preparation layer. The layer 
identifies optimization-relevant parameters represented in the model, 
incorporates expert-defined parameter selections and admissible ranges, 
and establishes an executable mapping between a decision vector and 
the corresponding MDPNML elements. During optimization, each 
candidate solution is automatically translated into a corresponding 
MDPNML model configuration and evaluated through simulation. The 
resulting multidimensional performance values are then returned to the 
optimization algorithm. The semi-automated characterization reflects 
the division between information available from the extracted model 
and information requiring expert specification: model-represented pa
rameters, such as selection weights, can be processed systematically, 
whereas decisions requiring physical, technical, or managerial infor
mation remain expert-defined. The contribution is therefore not the fully 
automatic generation of an optimization problem, but the systematic 
combination of automatically extracted multidimensional behavior with 
model-derived and externally provided decision information.

The proposed methodology focuses on preparing an automatically 
extracted CDT for simulation-based multi-objective optimization. 
Among the available approaches, this study adopts Multi-Objective 
Evolutionary Algorithms (MOEAs) [24]. The purpose is to provide 
stakeholders with a set of feasible Pareto-efficient operating configura
tions rather than a single solution based on predefined objective prior
ities. A configuration is Pareto-efficient when none of its objectives can 
be improved without worsening at least one other objective; the objec
tive values of all such configurations form the Pareto front [25]. The 
resulting Pareto-front approximation makes the trade-offs among 
objective values derived from the modeled dimensions and KPIs explicit, 
including completed products, energy consumption, CO₂ emissions, and 
waste. Stakeholders can then select a suitable configuration according to 
their current priorities and operational requirements. Weighted-sum 
scalarization [26] is additionally implemented as a comparative base
line, while surrogate-assisted optimization [27] remains a relevant 
alternative for computationally expensive applications.

Building on the simulation-ready CDT foundation, the present study 
extends the workflow to the systematic preparation and integration of 
the extracted CDT for simulation-based multi-objective optimization. In 
contrast to DT-based approaches developed for specific manufacturing 
optimization applications [28–30], our framework combines automated 
data-driven model extraction with the semi-automated preparation of 
the extracted model for simulation-based multi-objective optimization. 
The contributions of this paper are threefold. First, we introduce a 
methodology for transforming an automatically extracted MDSPN-based 
CDT from simulation-ready to optimization-ready by combining 
model-derived information with expert-defined information on 
controllability, admissible ranges, objectives, and constraints. Second, 
we establish a traceable decision-to-model mapping that translates de
cision vectors into executable MDPNML configurations and returns the 
resulting objective values and, where defined, constraint values to the 
optimizer. Third, we demonstrate the complete workflow in an illus
trative manufacturing-line case study. The demonstration includes 
automated model extraction, model validation, optimization prepara
tion, and search using the Nondominated Sorting Genetic Algorithm II 
(NSGA-II) [31], reevaluation of the search-stage nondominated config
urations with 100 independent replications, post-search scenario selec
tion, and evaluation of the selected scenario in the reference model. A 
weighted-sum scalarization baseline is additionally evaluated under 
equivalent case-study settings. The case study comprises two robots, two 
primary Metal Active Gas (MAG) welding machines, and one rework 
welding machine. Seven controllable parameters are optimized to obtain 
a Pareto-front approximation for grid-energy consumption, CO₂ 

emissions, and the number of completed products, after which stake
holder preferences are applied to select an operating scenario.

The remainder of this paper is organized as follows. Section 2 re
views the relevant background on Digital Twins, simulation, PM, Sto
chastic Petri Nets, and multi-objective optimization. Section 3 presents 
the proposed CDT-based decision-support methodology. Section 4 in
troduces the illustrative case study and the corresponding experimental 
results. Section 5 discusses the implications and limitations of the 
findings. Section 6 summarizes the study and outlines directions for 
future work.

2. Related Work and Background

This section reviews the theoretical and methodological background 
underlying the proposed CDT-based decision-support framework, 
covering modeling and simulation for SMSs, DTs, PM, SPNs, MOEAs, 
NSGA-II, and simulation-based multi-objective optimization.

2.1. Digital Twins and Discrete-Event Simulation for Manufacturing 
Systems

Simulation replicates the behavior of a real-world process or system 
over time by creating and analyzing a synthetic history through a 
representative model [32]. In the context of DTs, simulation serves as 
the computational foundation for prediction, optimization, and 
decision-making support. Simulation modeling encompasses a broad 
range of formalisms and approaches. In manufacturing and DT research, 
commonly used paradigms include Discrete-Event Simulation (DES) 
[33], System Dynamics (SD) [34], Agent-Based Simulation (ABS) [35], 
and Hybrid Simulation (HS) [36]. DES represents systems whose states 
change at discrete event times. Manufacturing systems exhibit 
event-driven behavior in which events, such as part arrivals, operation 
completions, breakdowns, and repairs, occur at discrete points in time 
and may change the system state. Consequently, DES is one of the most 
widely used methods for studying manufacturing processes [37].

Michael Grieves initially presented the concept currently referred to 
as the DT in 2002 during an industry discourse on product lifecycle 
management [38]. DTs are utilized in several sectors, such as aerospace, 
energy, healthcare, and particularly in SMSs, where they facilitate 
real-time monitoring, predictive analytics, and data-driven optimization 
[39]. Several DT frameworks for SMSs have been proposed in the 
literature. A prominent example is the framework proposed by Frie
derich et al. [40], which supports the automated generation of simula
tion models as the basis for DTs in smart factories. In this paper, we 
adopt that general view as the foundation for developing CDTs of SMSs, 
while extending it toward multidimensional modeling and 
multi-objective decision support.

As illustrated in Fig. 2, data-driven DT development starts with the 
identification of the relevant entities (including machines, production 
lines, and control elements) and the establishment of pipelines that 
continuously capture data (such as diagnostics and logs/traces) from 
sensors, operator inputs, and the factory's internal network. The ac
quired data are integrated and stored in a unified format. Model accu
racy depends on data quality; the subsequent data-validation phase [41] 
therefore includes validity checks, noise removal, treatment of missing 
values, and anomaly detection (either supervised or unsupervised) to 
identify deviations from typical behavior. The workflow subsequently 
performs knowledge extraction: (i) event detection and labeling [42], 
employing machine learning techniques such as classification or clus
tering to identify simulation-relevant events, with expert verification of 
labels, and (ii) process discovery from event logs, which is employed to 
generate an initial, integrated simulation model connected to live data 
streams for automatic updates as the system changes. The model is 
subjected to ongoing validation by assessing its performance against the 
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system's established Key Performance Indicators (KPIs), including 
throughput and the number of completed products. After validation, the 
DT can be used to perform simulation experiments and explore what-if 
scenarios. Finally, simulation results are assessed against established 
KPIs to provide stakeholders with information for manufacturing-system 
improvement.

2.2. Process Mining (PM)

PM techniques [43] analyze event logs to discover process models, 
check conformance between event data and expected behavior, and 
enhance models with performance information. The capabilities of PM 
have inspired applications in manufacturing, healthcare, logistics, and 
business process management, where understanding actual operational 
behavior becomes essential. PM techniques are typically classified into 
three categories: process discovery (extracting a model from the event 
log), conformance checking (evaluating logs against an existing model 
to identify discrepancies), and enhancement (improving the model 
based on PM findings).

Event logs constitute the basis of PM and record temporally ordered 
events, each containing a case identifier, activity label, and timestamp. 
We adopt the following formalization [44]: Let E denote the set of 
events. A trace is a finite ordered sequence of events, σ = 〈e1, …, en〉, 
where ei ∈ E. An event log L is a finite multiset of traces. Each event e has 
at least three standard attributes: activity label (Event Label) α(e), case 
identifier (ID) γ(e), and timestamp (Time Stamp) τ(e). Events with the 
same case identifier are grouped into traces by ordering the corre
sponding events according to their timestamps.

PM reveals how processes are actually executed and how their 
observed behavior differs from the expected process [45]. Depending on 
its purpose and data connection, a manufacturing DT may be synchro
nized continuously, periodically, or on demand with the physical sys
tem. In each case, the reliability of its analyses depends on maintaining a 
model that is sufficiently current and valid for the intended decision 
task. However, conventional modeling methodologies frequently 
depend on idealized process descriptions or design documents that 
become obsolete when the system undergoes modifications. PM ad
dresses this limitation by discovering process models from event data 
generated by the actual system [46], which can then be utilized for DT 
model extraction. For instance, Pourbafrani and van der Aalst [47] 
define a reference meta model that maps event log information to DES 
parameters. Castiglione [48] uses a PM approach to enable automated 
generation of digital models for manufacturing systems. Kumbhar et al. 
[49] similarly combine PM with a simulation-based Digital Twin for 
bottleneck detection, diagnosis, and throughput improvement in 
manufacturing systems.

2.3. Stochastic Petri Nets (SPNs)

Discrete event systems, including manufacturing systems, can be 
represented using various modeling formalisms. Among these, Petri nets 
provide a unified graphical and mathematical framework for modeling, 
analysis, and design, and are well suited to systems exhibiting concur
rency, synchronization, asynchrony, resource sharing, and conflict [50]. 
For instance, Mejía and Pereira [51] use Petri nets to formulate and solve 
multi-objective scheduling problems in flexible manufacturing systems.

Petri nets have many well-studied extensions that primarily differ in 
expressive power and in the additional semantics and annotations 
attached to net elements, such as data, time, and stochastic behavior 
[52], including Colored Petri Nets (CPNs) [53] and SPNs [54]. In this 
study, we adopt SPNs because SPN models can be constructed from 
event logs by combining PM for control flow discovery with data anal
ysis for estimating stochastic firing behavior [55]. A step-by-step 
description of the data-driven automatic SPN extraction workflow is 
provided in our previous work [13]. We adopt the formal definition of 
SPNs provided by Lazarova-Molnar [56]. An SPN is defined as a tuple 
SPN = (P,T,A, G,m0), where: 

• P is a finite set of places (drawn as circles), P = {P1, P2,…, Pm},
• T is a finite set of transitions (drawn as bars) with associated firing 

distributions or weights, T = {T1, T2,…, Tn},
• A = AI ∪ AO ∪ AHis the set of input, output, and inhibitor arcs with 

multiplicities; AI =
{

ai
1, ai

2,…, ai
j

}
connect places to transitions; 

A0 =
{
ao

1, ao
2,…, ao

k
}

connect transitions to places, and AH =
{
ah

1, ah
2,

…, ah
i
}

prevent a transition from firing if a certain number of tokens 
are present in the corresponding inhibitor place. 
AO ⊆ (T × P × N) and AH,AI ⊆ (P× T× N),

• G = {g1, g2, …, gr} is a set of guard functions for transitions,
• and m0 is the initial marking (token distribution in the SPN).

Arc multiplicities specify how many tokens are consumed from input 
places and produced in output places, while guard predicates impose 
additional logical enabling constraints. A transition is enabled when the 
following conditions hold: (i) each input place contains at least the 
number of tokens required by the corresponding input arc multiplicities, 
(ii) no inhibitor arc disables the transition, that is, each inhibitor place 
satisfies the blocking condition induced by its inhibitor multiplicity 
threshold, and (iii) all guard predicates associated with the transition 
evaluate to true. Once enabled, firing occurs according to the net’s firing 
rules and updates the marking from M to Mʹ by consuming and pro
ducing tokens as prescribed by the arc multiplicities.

Fig. 2. Framework for data-driven Digital Twins of smart manufacturing systems [40].
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2.4. Simulation-based Multi-objective Optimization

In many engineering applications, system performance cannot be 
expressed in closed form as an explicit function of the decision variables. 
Instead, performance is assessed by running a simulation model under a 
given decision vector and computing one or more performance measures 
from the simulation output [57]. This setting is commonly referred to as 
“simulation optimization” or “optimization via simulation”, where 
objective values and, where applicable, constraint values are estimated 
through simulation rather than obtained from closed-form analytical 
expressions [57].

When multiple conflicting performance measures are considered 
simultaneously (such as increasing the number of completed products 
while decreasing energy consumption), the problem is referred to as 
Multi-Objective Simulation Optimization (MOSO) [58]. In stochastic 
simulation, the outcome of objective ifor a decision vector xcan be 
represented by the random variable Yi(x, ξ), where ξdenotes the simu
lation randomness. The corresponding objective function is commonly 
defined as the expected performance fi(x) = E[Yi(x, ξ)]. Because this 
expectation is generally unknown, it is estimated using R simulation 
replications: 

f̂ i(x) =
1
R
∑R

r=1
Yi(x, ξr).

Consequently, the optimizer operates on objective estimates affected 
by sampling error. The number and allocation of replications, as well as 
the reevaluation of competitive solutions, are therefore important when 
constructing and interpreting a Pareto-front approximation [58]. 
Formally, a multi-objective optimization problem seeks x ∈ Ω ⊆ Rnthat 
optimizes F(x) = (f1(x), …, fm(x)), where Ω = {x ∈ X∣g(x) ≤ 0, h(x) =
0} denotes the admissible decision space [59]. Here, g(x) ≤ 0 represents 
additional constraints (such as requiring a KPI to remain above or below 
a specified threshold). In simulation-based optimization, each fi(x) is 
typically an expected performance measure estimated from one or more 
simulation replications at x [57]. Assuming minimization of all objec
tives, x Pareto dominates y (written x ≺ y) if fi(x) ≤ fi(y) for all i ∈ {1,… 
,m} and fj(x) < fj(y) for at least one j. A feasible solution is Pareto 
optimal if it is not dominated by any other feasible solution. In a finite 
set S ⊆ Ω (e.g., a population), a solution is called nondominated if no 
other element of S dominates it [59]. Accordingly, optimization algo
rithms generally produce a finite Pareto-front approximation rather than 
the exact Pareto front.

Simulation-based multi-objective optimization approaches differ in 
how stakeholder preferences are incorporated and how candidate solutions 
are evaluated. Scalarization methods, such as the weighted-sum and 
ε-constraint methods, transform the multi-objective problem into one or 
more parameterized single-objective problems [59,60]. Scalarization 
methods are useful when the relative importance of the objectives or 
acceptable limits for selected objectives can be specified before optimiza
tion. However, each parameter setting produces a preference-dependent 
solution, and several settings are required to represent different regions 
of the trade-off space. In addition, linear weighted-sum scalarization 
cannot recover unsupported Pareto-optimal solutions in non-convex re
gions of the Pareto front [61–63].

Pareto-based approaches instead seek multiple nondominated solu
tions before final stakeholder preferences are introduced. Multi-Objective 
Evolutionary Algorithms (MOEAs) are frequently used for this purpose 
because their population-based search enables several trade-off solutions 
to be explored simultaneously [31]. The resulting approximation provides 
an overview of the relationships among the objectives, after which 
stakeholder preferences can be applied to select an operating configura
tion. When individual simulation evaluations are computationally 
expensive, either scalarization-based or Pareto-based optimization can be 
supported by surrogate models [64]. A surrogate (e.g., a 
Gaussian-process/Kriging model) is fitted to simulation data and used to 

guide the selection of new design points, thereby reducing the number of 
expensive simulation evaluations [65]. Surrogate/model-based MOSO 
methods are particularly effective when evaluations are computationally 
expensive, but their performance depends on surrogate fidelity and the 
chosen acquisition criterion, and can degrade under noisy simulation 
outputs [66]. Promising solutions must also be verified using the original 
simulation model because inaccurate surrogate predictions can misdirect 
the optimization search [65,67].

In the present study, a direct Pareto-based evolutionary approach is 
adopted as the primary optimization approach because the aim is to 
generate a set of trade-off configurations before stakeholder preferences 
are specified. Candidate configurations are evaluated directly using the 
executable MDSPN, whose computational cost remains manageable for 
the considered case study. Weighted-sum scalarization is additionally 
implemented as a comparative baseline under equivalent case-study 
settings, while surrogate-assisted optimization remains a relevant 
alternative for computationally expensive applications.

2.5. Multi-Objective Evolutionary Algorithms (MOEAs)

In manufacturing systems, decision-making often requires balancing 
multiple conflicting objectives, such as productivity, energy consump
tion, and environmental impact. The resulting optimization problems 
are frequently nonlinear, non-convex, or non-differentiable, which re
duces the applicability of classical gradient-based optimization methods 
[68]. In such cases, metaheuristic optimization methods, including 
evolutionary algorithms [68], simulated annealing [69], and tabu 
search [70], are widely used. Among these, MOEAs are particularly 
suitable because they do not usually require gradient information and 
can approximate a set of trade-off solutions in a single run, which makes 
them attractive for complex simulation-based and engineering decision 
problems [71,72].

A MOEA is a population-based evolutionary search method for multi- 
objective optimization [24]. Instead of seeking a single optimum, it 
evolves a set of candidate solutions over successive generations in order 
to approximate the Pareto-optimal set in the decision space and, 
correspondingly, the Pareto front in the objective space. This 
population-based nature is one of the main reasons MOEAs are effective 
for multi-objective problems, since multiple trade-off solutions can be 
explored and improved simultaneously within one run [24,60].

Most MOEAs share the same high-level workflow: (i) initialize a 
population of decision vectors, (ii) generate offspring by mating selec
tion and variation operators, (iii) evaluate candidate solutions, and (iv) 
apply a survival-selection mechanism to construct the next population. 
What mainly distinguishes one MOEA from another is the way it per
forms survival selection and diversity preservation, how it handles 
constraints, and the search principle used to guide selection. Examples 
include Pareto-dominance-based methods, such as NSGA-II [31] and 
SPEA2 [73], indicator-based methods, such as SMS-EMOA [74], 
decomposition-based methods, such as MOEA/D [75], and 
reference-direction-based methods, such as NSGA-III [76]. Thus, MOEAs 
are similar at the framework level but differ in the selection and 
diversity-management mechanisms used to approximate the Pareto 
front. The detailed MOEA methodology and its integration into the CDT 
framework are presented in Section 3.6.

For problems with a small number of objectives, Pareto-based 
MOEAs such as NSGA-II are widely used reference methods; when the 
number of objectives increases beyond three, many-objective ap
proaches such as NSGA-III, as well as indicator- or decomposition-based 
methods, are often considered [76,77]. In the present paper, the generic 
MOEA framework is instantiated using NSGA-II because the case study 
considers three objectives: grid-energy consumption, CO2 emissions, 
and the number of completed products.

2.5.1. Nondominated Sorting Genetic Algorithm II (NSGA-II)
NSGA-II is one of the most widely adopted algorithms in the litera
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ture [78]. The widespread adoption of NSGA-II is mainly due to three 
features: fast nondominated sorting, elitist environmental selection, and 
crowding-distance-based diversity preservation. Together, these mech
anisms enable NSGA-II to maintain a well-distributed approximation of 
the Pareto set while remaining computationally efficient [79]. NSGA-II 
maintains, at generation t, a parent population Pt = {x1, …, xN}f and 
generates an offspring population Qt (size N) via mating selection and 
variation operators (crossover and mutation). Elitism is enforced by 
forming the combined population Rt = Pt ∪ Qt with ∣Rt ∣ = 2N, and 
constructing the next parent population Pt+1 from Rt using (i) Pareto 
rank via nondominated sorting and (ii) crowding distance for diversity 
preservation. Mating selection is typically performed by binary tour
nament using the crowded-comparison operator, which prefers lower 
rank and breaks ties in favor of a larger crowding distance [31].

Fig. 3 summarizes NSGA-II’s elitist environmental selection in one 
generation. The parent and offspring populations are merged into Rt ,

partitioned into nondominated fronts F1, F2, …by fast nondominated 
sorting, and Pt+1 is filled by accepting complete fronts in increasing rank 
order. If the last accepted front must be truncated, the remaining slots 
are selected using the crowding distance (defined below) to preserve 
diversity.

Fast nondominated sorting. For each solution p ∈ Rt , define the 
domination count np = ∣{q ∈ Rt ∣q ≺ p}∣ and the dominated set Sp =

{q ∈ Rt ∣p ≺ q}. The first front is F1 = {p ∈ Rt ∣np = 0}; subsequent fronts 
F2, F3,… are obtained iteratively: for each p ∈ Fk, decrease nq by one for 
all q ∈ Sp; any solution whose domination count becomes zero is 
assigned to the next front. This yields the rank assignment r(p) = k for 
p ∈ Fk.

Crowding distance and selection. Within each front Fk, a crowding 
distance d(⋅) is computed to promote diversity. For each objective i, 
solutions in Fk are sorted by fi; boundary solutions are assigned d = ∞. 
For each interior solution xj in the sorted order, update 

d(xj) + =
fi(xj+1) − fi(xj− 1)

fmax
i − fmin

i

,

where fmax
i and fmin

i are computed over the current front Fk (If fmax
i =

fmin
i , the contribution of objective i is taken as zero to avoid division by 

zero.) The next population Pt+1 is filled by adding entire fronts F1, F2,… 
in increasing rank order until the next front would exceed size N. If 
truncation is needed in the last accepted front, the remaining slots are 
filled by selecting solutions with the largest crowding distance (i.e., in 
decreasing d(⋅)) [31].

2.6. Related Work on DT- and Petri-Net-Based Multi-Objective 
Optimization

Recent manufacturing studies have coupled DTs with multi-objective 
optimization for production-line configuration, reconfiguration, sched
uling, and system improvement. For example, Ali et al. [28] apply a 
DT-supported NSGA-II framework to configuration selection in a 
reconfigurable manufacturing transfer line. Zhu et al. [29] propose a 

DT-driven reconfiguration method for human–robot collaborative 
manufacturing and solve the resulting multi-objective task-allocation 
problem using NSGA-II. Wu et al. [80] develop a DT-based green dy
namic scheduling and visual-monitoring approach for a micro-hole 
drilling production line that considers production time and energy 
consumption. Dai et al. [81] develop a DT-based automated guided 
vehicle scheduling framework using an improved NSGA-II under energy 
constraints.

Related simulation-based manufacturing research has also addressed 
production and sustainability trade-offs. Schmitt et al. [82] combine 
DES, multi-objective optimization, and knowledge discovery to inves
tigate energy-efficiency–productivity trade-offs and derive actionable 
decision rules for an industrial automated assembly line. Guo et al. [30] 
combine DT-based flexible cellular manufacturing, simulation, and 
multi-objective optimization to address coupled production-line prob
lems involving layout, process capability, logistics, and equipment 
testing.

More broadly, Petri-net–based simulation models have also been 
coupled with MOEAs in several domains. For example, Zan et al. [83] 
propose a Pareto-based genetic algorithm for multi-objective scheduling 
of automated manufacturing systems, in which feasibility is checked and 
repaired through the underlying Petri-net model and deadlock 
controller. In addition, Mejía and Pereira [51] formulate multi-objective 
scheduling within a Petri-net framework and compare three solution 
procedures: a weighted genetic algorithm, NSGA-II, and a 
multi-objective local search approach. Amodeo et al. [84] evaluate 
supply-chain performance by simulating a (deterministic/stochastic) 
Petri-net model and use NSGA-II to search for inventory policies that 
trade off inventory cost and service level. Similarly, Sharda et al. [85] 
present a manufacturing system design framework that combines 
NSGA-II, Petri nets, and Bayesian uncertainty representation for robust 
manufacturing system configuration design.

These studies demonstrate the relevance of combining DTs, simula
tion models, Petri nets, and multi-objective optimization. Although 
several studies define application-specific decision variables, objectives, 
and constraints, these elements are formulated for models developed or 
configured for the respective application. The reviewed studies do not 
address the systematic preparation of an automatically extracted 
multidimensional executable model by combining model-derived and 
expert-provided decision information and mapping the resulting deci
sion vector to the corresponding model elements. This study addresses 
this gap by transforming an automatically extracted, simulation-ready 
multidimensional model into an optimization-ready CDT. Its explicit 
decision-to-model mapping enables traceable evaluation of candidate 
operating configurations to inform stakeholder decisions.

3. CDT-Based Decision-Support Methodology

This section presents the proposed CDT-based decision-support 
methodology. Specifically, we introduce MDSPNs and MFPM, describe 
the CDT and its automated extraction process, define the validation 
protocol and evaluation criteria, and then present the integration of the 
optimization-ready CDT with an MOEA-based optimization layer and a 
weighted-sum scalarization workflow for simulation-based multi- 
objective decision support.

3.1. Multidimensional Stochastic Petri Nets (MDSPNs)

Classical SPNs model discrete-event control behavior with stochastic 
firing delays, while many operational and performance quantities are 
commonly specified via reward/measure definitions (such as reward 
rates or impulse rewards) layered on the underlying stochastic process 
rather than as the behavioral flows [86,87]. In Colored Petri Nets 
(CPNs), data-dependent behavior is encoded through color sets, arc in
scriptions, expressions, and guards [88]. However, additional perfor
mance perspectives, such as energy consumption or emissions, are not 

Fig. 3. NSGA-II procedure [31].
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necessarily represented as explicit dimension-specific contributions 
within the executable model. Similarly, process discovery from event 
data primarily targets control flow, whereas additional perspectives 
generally require enriched event attributes or model extensions [89], 
which limits automated CDT development. To address this limitation, 
MDSPNs [90] provide a single executable model in which the behavior 
of system events can be represented explicitly across multiple di
mensions and can be automatically discovered from multidimensional 
event logs using MFPM. In an MDSPN, a transition can contribute to 
multiple dimensions (such as time and energy) simultaneously, which 
supports CDT and multi-objective analysis.

In an MDSPN, each transition may affect none, some, or all tracked 
dimensions D. When a transition fires, it updates the marking M, exactly 
as in an SPN, and additionally updates a set of dimension-specific state 
variables (referred to as clocks in the Multidimensional Stochastic Petri 

Net formalism) 
{

C(d)
}

d∈D 
According to dimension impact specifications, 

for the temporal dimension, the update corresponds to the transition’s 
stochastic firing delay, whereas for non-temporal dimensions, the up
date can be positive or negative when the dimension is modeled as a 
balance (e.g., waste reuse). To make these effects explicit, MDSPN ex
tends the SPN transition definition by associating each transition tiwith a 

collection 
{(

d, type(d)i , F(d)
i

)}

d∈D
, where type(d)i ∈ {contributing,

noncontributing}and F(d)
i specifies the corresponding per-dimension 

impact. MDSPN further encodes these per-dimension effects using a 
segmented transition symbol and distinct clocks for the tracked 
dimensions.

Fig. 4 illustrates the MDSPN semantics using a robotic-arm example 
with three tracked dimensions: time, energy, and waste. The place Ro
botic arm idle state denotes the condition in which the robot is available 
but waiting for the next batch. While a token remains in this place, no 
processing takes place, but idle-energy consumption continues to 
accumulate. When a new batch arrives, transition MT2 fires immedi
ately to assign the available robot to the batch and start the packaging 
stage. Thus, MT2 does not itself introduce a time delay; instead, it ter
minates the idle period, whose duration is given by the token’s residence 
time in the idle-state place, and the corresponding idle-energy con
sumption is recorded in the energy dimension. MT3 then represents the 
packaging operation, which contributes to time, energy, and waste 
dimensions.

3.2. Multi-Flow Process Mining (MFPM)

MFPM [20] is applied to validated multidimensional event logs that 
extend a conventional event log (case identifier, activity label, time
stamp) with dimension-specific attributes. In addition to the standard 
event log data, each event can carry measurements and descriptors for 
the targeted dimensions (such as energy value and energy source, waste 
amount and waste type), as represented by the excerpt in Table 1. Here, 
“NA” indicates that the attribute does not apply to the corresponding 
event.

As we illustrate in Fig. 5, the MFPM method proceeds in two phases. 

First, process discovery is performed separately for each dimension to 
extract dimension-specific process flows and their Petri-net structure, 
including places, transitions, and the associated flow topology. Second, 
MFPM identifies the transition features for each dimension, such as 
firing-time distributions or weights and the corresponding dimensional 
updates, which are then used to parameterize the corresponding unidi
mensional SPN models. These unidimensional views are not combined 
by a simple graph union. Rather, transitions associated with the same 
underlying activity are aligned across dimensions to define a shared 
control-flow skeleton, and the corresponding dimension-specific pa
rameters are attached to the aligned transitions. The resulting MDSPN 
therefore retains a single executable Petri-net structure while repre
senting the multidimensional effects of each activity.

3.3. Automated MDSPN Extraction

In our recent work, we detailed the automated extraction of MDSPN 
models for representing CDTs for SMSs [22]. Building on that method
ology, the extraction process begins by applying process discovery to 
cleaned multidimensional event logs in order to identify the system’s 
process flow. The extracted flow is then refined by identifying relevant 
structural features, such as inhibitor arcs, arc multiplicities, and the 
multidimensional transition table, which provides a transition-level 
representation of the system across all modeled dimensions.

As shown in Fig. 6, the multidimensional transition table specifies, 
for each transition and each dimension, whether the transition is 
contributing or noncontributing, together with the corresponding 
impact type and parameter values. Depending on the semantics of the 
dimension, the impact type may be represented as a distribution, a rate, 
or a fixed value. Because the multidimensional transition table cen
tralizes the multidimensional contribution type and impact specification 
of every transition, it serves as the main intermediate representation for 
automated model construction. On this basis, the procedure can 
generate either a unidimensional SPN model for a specific dimension or 
the full MDSPN model that integrates all considered dimensions in a 
single executable structure. The resulting MDSPN can then be generated 
in an executable form for simulation in MDPySPN [90], or exported in 
an interchange format. In particular, the extracted model can be rep
resented in MDPNML [23], an extension of Petri Net Markup Language 
(PNML) [91] that encodes the multidimensional semantics and simula
tion parameters required for MDSPN-based CDTs. MDPNML preserves 
the PNML core structure while adding explicit dimension definitions and 
transition-level multidimensional impact annotations. This enables ex
change and reuse of extracted multidimensional models across tools and 
workflows, while also supporting export or conversion to standard 
PNML-compatible tools when only the temporal dimension is required.

3.4. Validation Protocol and Evaluation Criteria

The extracted CDT is assessed through structural and operational 
validation. Structural validation examines whether the extracted model Fig. 4. Example of MDSPN modeling of a robotic arm.

Table 1 
Multidimensional Event Log Excerpt.

Time 
Stamp

ID Asset Energy 
Stamp 
(kWh)

Energy 
Type

Waste 
Stamp 
(kg)

Waste 
Type

Event 
Label

09:22 34 NA 0.0 NA 0.0 NA Queue 
End

09:22 103 Robot 40.24 Grid 0.0 NA Robot 
Idle End

09:22 34 Robot 40.24 Grid 3.14 Plastic Packing 
Begins

09:26 35 NA 0.0 NA 0.0 NA New 
Order

… … … … … … … …
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structure and firing logic are consistent with the target system, whereas 
operational validation compares KPI values from the extracted model 
and the reference system under the same experimental conditions [92].

The KPI set is selected according to the modeled dimensions of the 
CDT. For the time dimension, representative manufacturing KPIs 
include the number of arriving orders, the number of completed prod
ucts, and the throughput, defined here as the number of completed 
products divided by the number of arriving orders. For additional di
mensions, the KPI set is extended with the corresponding dimensional 
measures, such as total and per-asset energy consumption for the energy 
dimension, or total and per-asset CO2 emissions for the environmental 
dimension.

For each selected KPI, we estimate the mean performance from 
nindependent simulation replications and summarize the estimation 
uncertainty using a two-sided 95% Confidence Interval (CI) [93]. Let y1,

…, yn denote the KPI values obtained from the replications, y
ˉ 

their 
sample mean, and s their sample standard deviation. The 95% CI for the 
mean is then computed as 

y
ˉ
± t0.975,n− 1

s
̅̅̅
n

√ ,

where t0.975,n− 1 is the critical value of the Student’s t-distribution with 
n − 1 degrees of freedom. Behavioral agreement is assessed for the 
intended use by comparing the corresponding point estimates and 95% 
CIs from the extracted and reference models. Close point estimates and 
overlapping CIs are interpreted as supporting behavioral agreement for 
the selected KPIs and the considered experimental setting. Because the 
reference system in this study is an illustrative simulation model rather 

than an industrial manufacturing system, this assessment supports 
proof-of-concept feasibility and behavioral consistency but does not 
establish full industrial validity.

3.5. Comprehensive Digital Twin Framework

A CDT extends conventional DTs by expanding the modeled system 
representation from a primarily time-centered view to a multidimen
sional perspective. In the workflow shown in Fig. 7, data streams from 
IoT devices and controllers are collected, cleaned, and integrated into a 
multidimensional event log that captures the relevant entities and per
formance dimensions. Based on this log, MFPM discovers dimension- 
specific process flows that are integrated into a unified MDSPN, which 
serves as the CDT’s executable simulation core and supports continuous 
validation and updating against observed system behavior. The vali
dated CDT is then used for what-if analysis and KPI-based multi-objec
tive decision support in SMSs. We assess the extracted CDT simulation 
model through two complementary validation activities: (i) structural 
validation and (ii) operational or output validation. Structural valida
tion assesses whether the discovered MDSPN structure and logic are 
reasonable with respect to the real system; accordingly, domain experts 
review the extracted places, transitions, arcs, and firing logic to confirm 
that they reproduce the observed flow relations. For the illustrative case 
study, where a reference (ground-truth) model is available, this step is 
supported by a direct structural comparison. Operational validity is 
assessed by comparing the real-system and simulated KPIs under the 
same experimental conditions; agreement is indicated when the corre
sponding 95% CIs overlap. In this study, we demonstrate how the 
extracted CDT, after showing structural consistency and operational 

Fig. 5. Multi-flow Process Mining workflow for extracting dimension-specific SPN models from a multidimensional event log [20].

Fig. 6. Data-driven MDSPN extraction workflow [22].
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agreement for the selected KPIs and experimental setting, can be used as 
an executable model for proof-of-concept simulation-based multi- 
objective decision support.

3.6. Integration of a Multi-Objective Evolutionary Algorithm into the 
Comprehensive Digital Twin

For simulation-based multi-objective decision support, the 
optimization-ready CDT is integrated with an MOEA. In this integration, 
the MDSPN model M serves as the executable evaluation model, while 
the MOEA explores alternative operating configurations by repeatedly 
configuring, simulating, and evaluating M. Each candidate configura
tion is represented by a decision vector x = (x1,…, xn) ∈ X , where X 

denotes the admissible decision space. For continuous decision vari
ables, this space can be expressed asX = {x∣l ≤ x ≤ u}, where l and u 
are the lower and upper bounds defined during optimization prepara
tion. The optimization-preparation layer establishes the correspondence 
between the elements of x and the controllable parameters represented 
in the MDPNML model. For each candidate x, the corresponding 
parameter values are applied to a model instance while all non- 
controllable model elements remain unchanged. The resulting config
ured model is denoted by M(x).

Because M(x) is stochastic, its performance is estimated by executing 
r independent simulation replications over a fixed simulation horizon H. 
Let K(j)(x) denote the vector of KPIs observed in replication j. The esti
mated KPI vector is then 

K̂(x) =
1
r
∑r

j=1
K(j)(x).

The estimated KPIs are transformed into the objective vector F̂(x) =
Ψ(K̂(x), K̂base), where Ψ denotes the application-specific objective defi
nition. The transformation may include objective selection, minimiza
tion or maximization conventions, and normalization relative to a 
baseline configuration. The baseline estimate K̂base is obtained by 
simulating a baseline configuration xbase before the evolutionary search 
and is used for performance comparison and result interpretation.

Fig. 8 presents the complete CDT–MOEA workflow. The optimization 
problem specifies the admissible decision space and simulation settings. 
The selected multi-objective evolutionary algorithm is defined by a 
population size N, mating-selection and variation operators, an 
environmental-selection mechanism, and a termination criterion T. The 
termination criterion may be based on a generation limit, an evaluation 
budget, a computational-time budget, or another application- 
appropriate stopping rule.

The procedure begins by evaluating the baseline configuration and 

Fig. 7. Framework for comprehensive data-driven Digital Twins of smart manufacturing systems [21].

Fig. 8. Workflow for integrating the MDSPN-based CDT with a multi-objective 
evolutionary optimizer in an optimization-via-simulation loop.
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generating an initial population P0. Every candidate in P0 is evaluated 
using the same CDT-based evaluation procedure. The MOEA then gen
erates an offspring population Qt from the current parent population Pt . 
Each offspring configuration is applied to the corresponding MDPNML 
parameters, evaluated through repeated MDSPN simulation, and trans
formed into an estimated objective vector. Environmental selection 
subsequently constructs the next population according to the ranking 
and diversity-preservation mechanisms of the selected MOEA. This 
process continues until the termination criterion is satisfied.

At the end of the evolutionary search, the nondominated decision 
vectors form a finite approximation of the Pareto-optimal set. This 
Pareto set approximation contains the operating configurations in the 
decision space. The corresponding objective vectors form the Pareto- 
front approximation in the objective space and represent the esti
mated performance of those configurations. Because these objective 
values are estimated using stochastic simulation, the search-stage non
dominated configurations are reevaluated using a larger number of in
dependent replications to obtain more precise objective estimates [58]. 
The decision vectors remain unchanged during this reevaluation. Non
dominance is subsequently recomputed from the updated estimates 
because some search-stage nondominated configurations may become 
dominated after higher-replication reevaluation. Stakeholder prefer
ences are applied only to the resulting reevaluated nondominated con
figurations. This enables trade-off exploration without predefined 
priorities and subsequent scenario selection according to stakeholder 
preferences.

The search is limited to the parameter ranges defined during opti
mization preparation and for which the model structure and parame
terization remain applicable. Configurations outside these ranges, or 
involving behavior not represented in the MDSPN, require further 
assessment and, where necessary, revalidation. If simulation-based 
operational constraints are included, the evaluation may additionally 

return an estimated constraint vector ĝ(x). Such constraints can then be 
handled using the feasibility and constraint-handling mechanism of the 
selected MOEA.

Algorithm 1 formalizes the CDT–MOEA workflow presented in Fig. 8. 

The algorithm requires the optimization-ready MDSPN model Mand 
associated optimization metadata, the MOEA settings, and the stake
holder preference scenarios. The optimization metadata defines the 
admissible decision space X , the mapping between decision variables 
and model parameters, the baseline configuration xbase, the KPI and 
objective definitions, the simulation horizon H, and the replication 
counts rbase, r, and rfinal. The MOEA settings define the population size N, 
the mating-selection and variation operators, the environmental- 
selection mechanism, and the termination criterion T.

The CDT evaluation procedure receives a candidate configuration 
xand a replication count R. In substep (i), an independent instance of M 
is created for each replication, the values of xare applied to the corre
sponding controllable parameters, the configured model is simulated 
over horizon H, and the resulting KPI vector K(j)(x) is recorded. Substep 
(ii) computes the estimated KPI vector K̂(x)and the corresponding 
objective vector F̂(x). Substep (iii) returns both estimates.

The optimization procedure begins in Step 1 by simulating the 
baseline configuration xbaseusing rbaseindependent replications and 
computing K̂base. Step 2 generates the initial population P0 from X and 
evaluates each candidate using the CDT evaluation procedure with 
rreplications. Step 3 initializes the generation counter t. In Step 4, the 
selected MOEA repeatedly generates the offspring population Qt , eval
uates the offspring configurations, applies environmental selection to 
construct Pt+1, and updates t until the termination criterion T is satisfied. 
Step 5 extracts the search-stage nondominated set XND. Step 6 reevalu
ates the configurations in XND using rfinal replications and recomputes 
nondominance to obtain X⋆. Step 7 applies the stakeholder preference 
scenarios and returns X⋆, the corresponding objective values F̂(X⋆), the 
KPI estimates, and the selected operating scenarios. 

Algorithm 1. Integration of a Multi-Objective Evolutionary Optimizer 
into the Comprehensive Digital Twin.

In this study, Algorithm 1 is instantiated with NSGA-II. In Step 4, the 
parent and offspring populations are merged as Rt = Pt ∪ Qt, ranked 
using fast nondominated sorting, and filtered using crowding distance to 
preserve diversity. The next population is formed by admitting fronts in 
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rank order and, when truncation is required, retaining solutions with the 
largest crowding distances [31].

3.7. Integration of Weighted-Sum Scalarization into the Comprehensive 
Digital Twin

To provide an alternative optimization formulation using the same 
optimization-ready CDT, the MDSPN–MDPNML evaluation pipeline can 
also be integrated with weighted-sum scalarization. Weighted-sum 
scalarization transforms a multi-objective optimization problem into a 
single-objective problem by assigning weights to the individual objec
tives and aggregating the weighted objective values into a scalar 
objective function [59,62]. In contrast to the Pareto-based approach 
described in Section 3.6, which preserves the objectives separately 
during the search and introduces stakeholder preferences after obtaining 
a Pareto-front approximation, weighted-sum scalarization requires the 
relative objective weights to be specified before optimization. The 
resulting search therefore identifies a preference-dependent operating 
configuration rather than a set of alternative trade-off configurations 
[59,60,62].

The scalarized workflow uses the same optimization-ready MDSPN 
model M, admissible decision space X , decision-to-model mapping, 
baseline configuration x_base, and stochastic CDT evaluation procedure 
defined in Section 3.6. For a candidate decision vector x ∈ X , the 
optimization-preparation layer applies the elements of x to the corre
sponding controllable MDPNML parameters and creates the configured 
model M(x), while all non-controllable model elements remain un
changed. The configured model is evaluated using r independent 
simulation replications over the simulation horizon H. The estimated 
KPI vector is therefore calculated as 

K̂(x) =
1
r
∑r

j=1
K(j)(x),

where Kˆ(j)(x) denotes the KPI vector obtained from replication j. The 
same application-specific objective transformation used in the Pareto- 
based workflow is then retained: 

F̂(x) = Ψ(K̂(x), K̂base ) = ( f̂ 1(x),…, f̂ m(x) ),

where Ψ defines objective selection, minimization or maximization 
conventions, and any required baseline scaling, while K̂base denotes the 
baseline KPI estimate. Retaining the same transformation ensures that 
the Pareto-based and scalarized formulations operate on the same 
simulation-derived objective criteria. Let λ = (λ1,…, λm) denote the 
vector of a priori objective weights, with 

λi ≥ 0,
∑m

i=1
λi = 1.

The scalarized objective estimate is defined as 

Ĵ(x; λ) =
∑m

i=1
λi f̂ i(x) = λT F̂(x).

The corresponding simulation-based single-objective optimization 
problem seeks 

x∗
λ = argmin Ĵ

x∈X
(x; λ)

The scalarized optimization workflow therefore follows the same 
CDT evaluation path as Algorithm 1 through calculation of F̂(x). The 
workflows diverge after the objective vector has been obtained. 
Algorithm 1 retains the objective components separately and applies the 
environmental-selection mechanism of the selected MOEA. The scalar
ized workflow instead calculates Ĵ(x; λ) and ranks candidate configu
rations according to this single scalar value. A single-objective optimizer 
can then generate and select candidate configurations within X using 
the scalarized objective as the optimization criterion.

Fig. 9. Schematic layout of the illustrative manufacturing line.

Table 2 
Case study activities, modes, and dimensional features.

Activity Mode Time 
distribution 
(min)

Energy- 
consumption 
rate (kW)

CO2-emission 
rate (g/min)

Order 
arrivals

- Expon (1/5.5, 
1)

- -

Robot 1 processing Triang (9, 9.5, 
10)

0.40 -

​ idle - 0.08 -
Robot 2 processing Triang(6, 6.5, 

7)
0.75 -

​ idle - 0.15 -
Welding 

Machine 
1 (MAG 
1)

processing Triang 
(9,9.5,10)

4.00 5.00

​ idle - 0.30 -
Welding 

Machine 
2 (MAG 
2)

processing Triang 
(7,7.5,8)

6.50 2.40

​ idle - 0.45 -
Rework 

Welding 
Machine

processing Triang 
(11| 11.5| 12)

3.20 3.50

​ idle - 0.35 ​
Rework 

Welding 
Machine

restart Det (1) Processing 
energy rate

-

*All 
(Except 
for 
ReMAG)

restart Det (0.5) Processing 
(energy rate *2)

-
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Because Ĵ(x; λ) is estimated from stochastic simulation outputs, 
sampling variability can affect the ranking of candidate configurations 
[58]. After the search terminates, the best search-stage configuration is 
therefore reevaluated using rfinal independent replications. The baseline 
configuration is reevaluated using the same higher-replication evalua
tion stage, and F̂(x) and Ĵ(x; λ) are recomputed from the updated KPI 
estimates. The decision vector remains unchanged during this 
reevaluation.

Unlike the Pareto-based workflow, the scalarized workflow does not 

require extraction of a nondominated set, recomputation of non
dominance, or post-search preference selection because the preference 
information is already encoded in λ. Changing the objective weights 
represents a different a priori preference and generally requires a new 
scalarized optimization run [59–62].

Algorithm 2 uses the same CDT evaluation procedure as Algorithm 1
through the calculation of the estimated KPI vector K̂(x) and the cor
responding objective vector F̂(x). The scalarized evaluation procedure 
then calculates the scalarized objective Ĵ(x; λ) from the objective vector 
and the predefined weight vector λ, and returns the KPI estimate, 
objective vector, and scalarized objective value to the single-objective 
optimizer. The scalarized optimization procedure begins in Step 1 by 
simulating the baseline configuration xbase using rbase independent rep
lications and computing K̂base. Step 2 generates the initial population P0 
from X and evaluates each candidate using the scalarized CDT evalu
ation procedure with r replications. Step 3 initializes the generation 
counter t. In Step 4, the selected single-objective optimizer repeatedly 
generates the offspring population Qt , evaluates the offspring configu
rations, constructs Pt+1 according to the scalarized objective Ĵ(x; λ) and 
the optimizer's selection mechanism, and updates t until the termination 
criterion T is satisfied. Step 5 identifies the best search-stage scalarized 
configuration xsearch

λ as the configuration with the minimum scalarized 
objective value in the final population. Step 6 reevaluates the baseline 
configuration xbase and xsearch

λ using rfinal independent replications and 

recomputes the higher-replication baseline KPI estimate, the objective 
vector F̂

(
xsearch

λ
)
, and the scalarized objective ̂J

(
xsearch

λ; λ
)
. The decision 

vector remains unchanged during this reevaluation. Step 7 sets x∗
λ equal 

to xsearch
λ and returns x∗

λ, the corresponding objective vector F̂(x∗
λ), the 

scalarized objective value Ĵ(x∗
λ; λ), and the associated KPI estimates. 

Algorithm 2. Integration of Weighted-Sum Scalarization into the 
Comprehensive Digital Twin.

4. Illustrative Case Study

In this section, we present an illustrative manufacturing case study to 
demonstrate the proposed CDT-based multi-objective decision-support 
workflow. We implemented a discrete-event simulation model of the 
manufacturing line in AnyLogic [94] and used it as the reference model 
to generate multidimensional event-log data. We then applied MFPM, 
supported by data analysis, to extract the corresponding MDSPN-based 
CDT from the event logs. Next, we assessed the extracted model 
through structural and operational validation, prepared it for optimi
zation, and integrated it into the optimization-via-simulation workflow 
introduced in Section 3. For the case study, we instantiated the 
Pareto-based workflow with NSGA-II and evaluated weighted-sum sca
larization as a comparative baseline, using MDPySPN to execute and 
evaluate candidate MDSPN configurations. We formulated three objec
tives: minimizing grid-energy consumption, minimizing CO2 emissions, 
and maximizing the number of completed products. For the 
Pareto-based workflow, rather than selecting a single universally 
preferred configuration, we generated a set of nondominated configu
rations representing different trade-offs among the three objectives. We 
subsequently reevaluated each search-stage nondominated configura
tion using rfinal independent simulation replications and recomputed 
nondominance using the updated objective estimates. Finally, we 
applied one post-search preference rule and evaluated the selected 
scenario in the reference model.
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4.1. Case Study Description

As we illustrate in Fig. 9, the illustrative manufacturing line consists 
of two parallel robotic resources, Robot 1 and Robot 2, followed by two 
parallel primary welding resources, Welding Machine 1 (MAG1) and 
Welding Machine 2 (MAG2). A shared Rework Welding Machine 
(ReMAG) processes jobs that fail after the primary welding operation. 
Jobs arrive according to a shifted exponential distribution with λA =

1/5.5 arrivals per minute and a minimum interarrival time of 1 min, 
resulting in an expected interarrival time of 6.5 min. The routing logic 
assigns each arriving job first to one of the two robots and then to one of 
the two primary welding machines. In the reference model, wR1 = 0.5 
and wW1 = 0.5, while 1 − wR1 and 1 − wW1 define the routing weights for 
Robot 2 and MAG2, respectively. Jobs processed by MAG1 and MAG2 
pass with probabilities of 0.95 and 0.85. Passed jobs leave the system as 
completed products, while failed jobs undergo an additional operation 
at ReMAG before completion. The number of completed products in
cludes jobs completed after primary welding or rework.

Although the paired resources perform the same production functions, 
they differ in processing times, energy-consumption rates, and CO2-emis
sion rates. Processing times follow triangular distributions parameterized 
by minimum, mode, and maximum values. Robot 1 and MAG1 follow 
Triang (9, 9.5, 10), Robot 2 follows Triang (6,6.5, 7), MAG2 follows 
Triang(7, 7.5, 8), and ReMAG follows Triang (11, 11.5, 12), with all pa
rameters expressed in minutes. During processing, Robot 1, Robot 2, 
MAG1, MAG2, and ReMAG consume energy at rates of 0.40, 0.75, 4.00, 
6.50, and 3.20 kW, respectively; the corresponding idle rates are 0.08, 
0.15, 0.30, 0.45, and 0.35 kW. The model associates CO2 emissions with 
the welding operations at rates of 5.00 g/min for MAG1, 2.40 g/min for 
MAG2, and 3.50 g/min for ReMAG. Table 2 summarizes the processing- 
time distributions, operating modes, energy-consumption rates, and 
CO2-emission rates used in the reference model.

Each asset has four operating states: processing, idle, shutdown, and 
restart. After completing an operation, the asset enters the idle state and 
shuts down when its continuous idle time reaches the corresponding 

threshold τ. The reference model uses a threshold of 5 min for all assets. 
If a job is assigned to an asset in the shutdown state, the restart operation 
begins, followed by processing.

The five idle-to-shutdown thresholds and two routing weights form 
the decision vector x = (τR1, τR2, τW1, τW2 , τRW,wR1,wW1). Threshold 
variables correspond to Robot 1, Robot 2, MAG1, MAG2, and Rework 
Welding. The routing weights wR1 and wW1 define selection of Robot 1 
and MAG1, while the complementary weights apply to Robot 2 and 
MAG2. The arrival process, processing-time distributions, quality 
probabilities, restart settings, and dimensional rates remain fixed.

4.2. Multidimensional Event-Log Generation

The illustrative manufacturing line was simulated for 100 indepen
dent daily replications, each representing a single 8-h production shift 
from 08:00–16:00 and using a different random seed. Each replication 
generated a multidimensional event log for the overall production flow 
and a separate multidimensional event log for each asset. The 
production-flow log recorded order arrivals, routing decisions, pro
cessing events, and product-completion events, whereas the asset- 
specific logs recorded transitions between operating states together 
with the corresponding energy-consumption and CO2-emission infor
mation. Table 3 presents an excerpt from the production-flow log, and 
Table 4 presents an excerpt from the asset-specific log of MAG1. Event- 
log timestamps are reported as elapsed time from the beginning of each 
8-h shift. At the end of each replication, system-level and asset-level KPIs 
were also recorded, including the number of arriving orders, the number 
of completed products, the throughput (calculated as the number of 
completed products divided by the number of arriving orders), total and 
asset-level grid-energy consumption in kWh, and total and asset-level 
CO2 emissions in g. The Energy Stamp values in Tables 3 and 4 repre
sent cumulative energy in kW⋅min. For reporting the energy KPIs in the 
result tables and figures, these values were converted to kWh by dividing 
by 60.

Table 3 
Excerpt of the generated multidimensional event log for the production flow.

Time Stamp ID Asset Energy Stamp (kW.min) Energy Type Emission Stamp (g) Emission Type Event

00:01:24 267 Robot 2 31.650 Grid 0.0 NA Robot 2 End
00:01:32 267 MAG2 359.134 Grid 126.142 CO2 MAG 2 End
00:01:32 267 NA 0.0 NA 0.0 NA MAG 2 Failed
00:01:44 267 ReMAG 44.249 Grid 37.569 CO2 ReMAG End

Table 4 
Excerpt from the generated asset-specific multidimensional event log for Welding Machine 1.

Time Stamp ID Asset Energy Stamp 
(kW.min)

Energy Type Emission Stamp 
(g)

Emission Type Event

00:01:40 3 MAG 1 122.748 Grid 0.000 NA Idle End
00:01:54 3 MAG 1 126.748 Grid 0.000 NA Restart End
00:01:54 3 MAG 1 126.748 Grid 137.810 CO2 Active Begin
00:02:32 3 MAG 1 277.596 Grid 326.370 CO2 Active End

Table 5 
Excerpt of the extracted multidimensional transition table.

# Transition Time Distribution Weight Energy Energy Type Energy Value Emission Emission Type Emission Value

1 New order arrival C Expon (λ=0.188 min− 1, 
shift=1.010 min)

- - - - - - -

2 Select Robot1 - - 0.511 - - - - - -
3 Robot1 processing C Triang ( 8.99, 9.55, 9.98) - C Rate 0.4 - - -
4 Select MAG1 - - 0.491 - - - - - -
5 MAG1 processing C Triang (8.99, 9.55, 10.00) - C Rate 4 C Rate 5
… … … … … … … … … … …
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4.3. CDT Model Extraction, Simulation and Validation

Using the generated multidimensional event logs, the MDSPN-based 
CDT was extracted following the automated MDSPN extraction pro
cedure described in Section 3.3. We combined the logs from ten daily 8-h 
production shifts to rediscover the production-flow structure and esti
mate the stochastic and multidimensional parameters. Following the 
MFPM-based workflow, we processed the cleaned production-flow and 
asset-specific logs to extract places, transitions, arcs, routing behavior, 
processing-time distributions, and dependencies among asset operating 
states. We organized the extracted information in a Multidimensional 
Transition Table, which served as input for constructing the MDSPN. 
Table 5 presents a representative excerpt from the extracted Multidi
mensional Transition Table. The estimated shifted-exponential arrival 

distribution had a shift of 1.010 min and a rate of approximately 
0.188 min− 1, closely reproducing the reference process. The extracted 
routing weights were 0.511 for Robot 1 and 0.491 for MAG1. The pro
cedure also recovered the processing-time distributions and dimensional 
rates. For example, Robot 1 followed a triangular distribution with 
minimum, mode, and maximum processing times of 8.99, 9.55, and 
9.98 min, respectively, and an energy-consumption rate of 0.40 kW 
during processing.

Here, C denotes a transition’s contribution to the corresponding 
dimension. The extracted weights closely matched the reference-model 
parameters, with only minor deviations resulting from estimation using 
a finite stochastic event-log sample. The asset-state submodels were 
connected to the production flow to synchronize resource availability 
with job progression. The idle-to-shutdown transitions used the extrac
ted baseline duration of 5 min, while idle energy consumption was 
represented as a rate-based dimensional contribution. Restart durations 
and energy-consumption rates were incorporated similarly. We redrew 
the extracted MDSPN in Fig. 10 to improve readability. The structural 
validation confirmed that the extracted model represents the reference 
production sequence, the two robot-routing branches, the two primary- 
welding branches, the quality-outcome branches, the rework path, and 
the processing–idle–shutdown–restart state relations for all five assets.

We represented the extracted MDSPN in MDPNML and executed it 
using MDPySPN. To assess behavioral agreement, we evaluated the 
extracted and reference models using 100 independent 8-h simulation 
replications. We applied identical KPI definitions and compared the 
sample means and 95% CIs for the number of completed products, 

Fig. 10. Multidimensional Stochastic Petri Net extracted from the multidimensional event logs of the illustrative manufacturing line.

Fig. 11. Comparison of the extracted MDSPN and the reference model based on mean KPI values and 95% confidence intervals over 100 independent 8-h 
replications.

Table 6 
Decision variables and bounds for the decision vector x.

Variable Description Baseline 
value

Range

τR1, τR2 Idle-to-shutdown thresholds for Robot 1/ 
2

5 min [0, 
20]

τW1, τW2,

τRW

Idle-to-shutdown thresholds for MAG 1,2 
and ReMAG

5 min [0, 
20]

wR1 Routing weight for Robot 1 (Robot 2 is 
(1 − wR1))

0.511 [0, 1]

wW1 Routing weight for MAG 1 (MAG 2 is (1 −

wW1))
0.491 [0, 1]

A. Khodadadi et al.                                                                                                                                                                                                                             Journal of Manufacturing Systems 89 (2026) 483–503 

496 



throughput, total CO2 emissions, and grid-energy consumption. As 
shown in Fig. 11, the two models produced similar KPI estimates. The 
extracted and reference models yielded, respectively, 69.37 and 68.61 
completed products, 0.9399 and 0.9404 throughput, 2530.75 and 
2482.50 g of CO2, and 64.05 and 62.14 kWh of grid-energy consump
tion. These results correspond to relative differences of approximately 
1.11%, 0.05%, 1.94%, and 3.08%, respectively. These results support 
the use of the extracted model in the subsequent proof-of-concept 
optimization study.

4.4. Case-Study Optimization Formulation and Optimization-Method 
Instantiation

To prepare the extracted CDT for optimization, we defined the de
cision vectorx = (τR1, τR2, τW1, τW2, τRW ,wR1,wW1) and mapped each 
variable to the corresponding MDPNML element. Table 6 summarizes 
the baseline values and admissible bounds. All variables are continuous, 
yielding X = [0,20]5 × [0, 1]2. Queue capacities and queue-related dis
patching logic remained fixed because they were not included in the 
decision vector.

The baseline configuration of the extracted model is therefore xbase =

(5, 5, 5, 5, 5, 0.511, 0.491). The routing weights in xbase are the values 
estimated from the event logs (0.511 and 0.491), rather than the 0.5/0.5 
routing probabilities specified in the reference model. Consequently, 
optimization-stage relative changes are measured against the extracted- 
model baseline and may reflect the finite-sample estimation error in 
these parameters.

For each candidate x, the optimization-preparation layer updates the 
five idle-to-shutdown transitions and two immediate routing transitions 
in a separate model instance M(x). The arrival process, processing-time 
distributions, quality probabilities, restart settings, queue capacities, 
and dimensional rates remain fixed. The optimization minimizes total 
grid-energy consumption and total CO2 emissions while maximizing the 
number of completed products. For each candidate x, the KPI estimates 
are calculated from r independent simulation replications:

Ê(x) = 1
r
∑r

j=1 E(j)(x), Ĉ(x) = 1
r
∑r

j=1 C(j)(x), andP̂(x) = 1
r
∑r

j=1 P(j)(x)
,

where E(j)(x), C(j)(x), and P(j)(x) denote grid-energy consumption in 
kWh, CO2 emissions in g, and the number of completed products in 
replication j, respectively. Both optimization methods used the same 
baseline-scaled objective components 

F̂(x) = (
Ê(x)
Êbase

,
Ĉ(x)
Ĉbase

, −
P̂(x)
P̂base

),

while the unscaled KPI estimates were retained for reporting. The 
negative sign converts the maximization of completed products into the 
minimization convention used by the optimization formulations. For the 
Pareto-based formulation, NSGA-II retained the three components of 
F̂(x) separately throughout the search, and no objective weights were 
introduced. For the scalarized formulation, the same three objective 
components were combined a priori using weighted-sum scalarization. 
Equal weights were used for the comparative baseline, 

λE = λC = λP =
1
3
,

resulting in the scalar objective 

Ĵ(x) =
1
3

Ê(x)
Êbase

+
1
3

Ĉ(x)
Ĉbase

−
1
3

P̂(x)
P̂base

.

The equal weighting provides a transparent comparative scalariza
tion setting rather than a generally preferred stakeholder weighting. No 
additional simulation-based performance constraint was imposed in 
either search because the number of completed products was repre
sented directly as an objective.

For both optimization methods, the baseline configuration was 
evaluated before the search, included once in the initial population, and 
used for objective scaling, comparison, and interpretation. Each candi
date was simulated over H = 480 min, corresponding to one 8-h pro
duction shift, using r = 5 independent search-stage replications. For 
consistent stochastic comparison, the same replication-seed set was 
applied to all candidate configurations within each evaluation stage. 
Both methods used a population size of N = 80, terminated after 20 
generations, applied duplicate elimination, and initialized the remain
ing population uniformly within the bounds in Table 6. For the case- 
study instantiations, the Pareto-based formulation was solved using 
NSGA-II, whereas the scalarized single-objective problem was solved 
using a real-valued Genetic Algorithm (GA). GA is a population-based 
evolutionary search method that iteratively evolves candidate solu
tions using selection and variation operators, such as crossover and 
mutation [95]. Both algorithms were implemented in Python using 
pymoo [96], and MDPySPN was used to configure and simulate the 
candidate models.

The lower threshold bound of 0 min permits immediate shutdown 
after an asset becomes idle, whereas the upper bound of 20 min permits 
longer idle operation before shutdown. Routing-weight bounds of 0 and 
1 permit complete allocation to one parallel branch. These endpoint 
values were retained for the proof-of-concept search because they pro
duce structurally executable configurations in the case-study model. In 
an industrial system, experts would restrict these bounds when imme
diate shutdown or complete branch exclusion is technically, opera
tionally, or contractually inadmissible.

The MDPNML preparation, simulation, NSGA-II and weighted-sum 
scalarization searches, higher-replication reevaluation, and associated 
optimization results used in the case study are publicly available in the 
accompanying repository [97]. Table 7 summarizes the simulation and 
optimization settings.

For the NSGA-II instantiation, the three components of F̂(x) were 
retained separately throughout the search. No scalarization or prefer
ence weights were applied. At termination of the NSGA-II search, the 
nondominated configurations in the final population constituted the 
search-stage Pareto-set approximation. Because their objective values 
were estimated using r = 5 replications, these configurations were 
subsequently reevaluated using rfinal = 100 independent replications. 
Nondominance was then recomputed using the updated objective esti
mates, and stakeholder preferences were introduced only after this 
higher-replication reevaluation.

For weighted-sum scalarization, the configuration with the lowest 
search-stage scalarized objective value Ĵ(x) in the final population was 
retained as the search-stage scalarized solution. The same decision 

Table 7 
Simulation and optimization settings used in the case-study experiments.

Setting NSGA-II Weighted-sum 
scalarization

Simulation horizon H = 480 min H = 480 min
Decision variables 7 continuous 7 continuous
Search-stage 

replications
r = 5 r = 5

Higher-replication 
reevaluation

rfinal = 100 rfinal = 100

Population size N = 80 N = 80
Termination 20 generations 20 generations
Objective treatment Three components of F̂(x)

retained separately
Equal-weight scalar 
objective Ĵ(x)

Objective weights None 1
3
,
1
3
,
1
3

Optimizer NSGA-II Genetic Algorithm (GA)
Initialization Uniform random, including 

xbase

Uniform random, 
including xbase

Replication seeds Random Random
Duplicate elimination Enabled Enabled
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vector and the baseline configuration were subsequently reevaluated 
using rfinal = 100 independent replications, and the objective compo
nents and scalarized objective were recomputed from the updated esti
mates. No nondominance recomputation or post-search preference- 
selection step was required for the scalarized solution because the 
objective weights were specified before optimization.

4.5. NSGA-II Case-Study Optimization Results

At termination, all 80 configurations in the final population were 

nondominated according to their five-replication search-stage estimates. 
The same 80 decision vectors were subsequently reevaluated using 100 
independent replications. After recomputing nondominance using the 
updated objective estimates, 70 configurations remained non
dominated, while 10 became dominated. The change in nondominance 
status illustrates how sampling variability in stochastic objective esti
mates can affect the Pareto-front approximation and highlights the 
importance of higher-replication reevaluation before using the Pareto- 
front approximation for scenario selection. Fig. 12 presents the search- 
stage configurations in the grid-energy-CO2 objective space. Marker 

Fig. 12. Search-stage configurations and the reevaluated Pareto-front approximation in the grid-energy–CO2 objective space.

Table 8 
Baseline and objective-extreme configurations after 100-replication reevaluation.

Configuration Completed 
products

Throughput Grid-energy consumption 
(kWh)

CO₂ emissions 
(g)

Change in completed 
products

Change in 
energy

Change in 
emissions

Baseline configuration 71.06 0.935 65.64 2633.56 – – –
Minimum grid energy 48.07 0.637 36.52 2405.02 -32.35% -44.37% -8.68%
Minimum emissions 47.91 0.636 47.94 1139.60 -32.58% -26.98% -56.73%
Maximum completed 

products
72.16 0.945 67.93 2523.09 +1.55% +3.48% -4.20%

Fig. 13. Distributions of completed products, grid-energy consumption, and CO₂ emissions under the baseline and selected scenarios.
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color indicates the mean number of completed products, while outlined 
markers identify the reevaluated nondominated configurations. Because 
nondominance was determined across all three objectives, some con
figurations may appear dominated in the two-dimensional projection 
but remain nondominated because of their completed-product perfor
mance. The search-stage markers use five-replication estimates, whereas 
the outlined markers use 100-replication estimates.

After reevaluation, the nondominated configurations ranged from 
36.52 to 68.22 kWh in mean grid-energy consumption, from 1139.60 to 
2747.00 g in mean CO2emissions, and from 47.71 to 72.16 completed 
products. Their mean throughput ranged from approximately 
0.633–0.945. These results reveal trade-offs among completed-product 
performance, energy consumption, and emissions, reflecting differ
ences between the welding machines in energy-consumption rates, 
emission rates, quality probabilities, and rework behavior.

The baseline configuration, reevaluated using 100 replications, 
produced 71.06 completed products, a throughput of 0.935, grid-energy 
consumption of 65.64 kWh, and CO2 emissions of 2633.56 g. As shown 
in Table 8, the minimum-energy configuration reduced energy con
sumption by 44.37% and emissions by 8.68%, but reduced the number 
of completed products by 32.35%. The minimum-emission configura
tion reduced emissions by 56.73% and energy consumption by 26.98%, 
while reducing completed products by 32.58%. The configuration with 
the highest number of completed products increased completed prod
ucts by 1.55% and reduced emissions by 4.20%, but increased energy 
consumption by 3.48%. None of the objective-extreme configurations 
performs best across all criteria. The objective-extreme configurations 
reported in Table 8 represent optimization outcomes within the proof- 
of-concept search bounds and should not be interpreted as directly 
deployable operating settings. Industrial implementation would require 
expert verification of the corresponding parameter values and admissi
ble bounds. The reevaluated Pareto-front approximation therefore pro
vides candidate operating configurations for stakeholder-driven 
selection. Section 4.6 applies one illustrative post-search preference rule 
and evaluates the resulting scenario in the reference model.

4.6. NSGA-II Scenario Selection and Reference-Model Evaluation

Following NSGA-II optimization, a post-search selection rule was 
applied to the reevaluated Pareto-front approximation. Candidate con
figurations were required to retain at least 99% of the mean number of 
completed products obtained at the baseline configuration and not 
exceed the baseline-configuration values for grid-energy consumption or 
CO2 emissions in the extracted CDT. Among the configurations satis
fying these conditions, the configuration with the lowest equally 
weighted sum of normalized grid-energy consumption and CO₂ emis
sions was selected. Grid-energy consumption and CO2 emissions were 
min–max normalized over the complete reevaluated Pareto-front 
approximation before their equally weighted sum was calculated.

In the extracted CDT, the selected scenario produced 70.87 
completed products, consumed 65.56 kWh, and generated 2558.92 g of 
CO2. Relative to the baseline configuration, completed products 
decreased by 0.27%, grid-energy consumption by 0.12%, and CO2 
emissions by 2.83%. The selected scenario, therefore, preserved pro
duction substantially better than the minimum-energy and minimum- 
emission configurations, which reduced completed products by more 
than 32%.

We then transferred the five idle-to-shutdown thresholds and two 
routing weights to the reference model while keeping all other param
eters unchanged. We evaluated the baseline and selected scenarios using 
100 independent replications of the 480-min production shift. Fig. 13
compares the resulting distributions, and Table 9 reports the means, 
95% CIs, and relative changes. Mean completed products decreased 
from 68.61 to 68.41, corresponding to a reduction of 0.29%, while grid- 
energy consumption increased from 62.14 to 62.24 kWh, corresponding 
to an increase of 0.17%. The CIs for both differences included zero. The 
mean CO2 emissions decreased from 2482.50 to 2387.96 g, corre
sponding to a reduction of 3.81%; the 95% CI for the difference, from 
− 170.02 to − 19.07 g, excluded zero. The mean throughput decreased 
from 0.940 to 0.930. The selected scenario received slightly more 
arriving orders on average, 73.71 compared with 73.03, while 
completed products remained nearly unchanged. The lower throughput 
may therefore partly reflect the higher number of arriving orders within 
the fixed simulation horizon.

Overall, the reference-model evaluation reproduced the qualitative 
pattern identified by the CDT, with completed products preserved, a 
minimal change in grid-energy consumption, and reduced CO2 emis
sions. The selected routing policy assigned slightly more production to 
the lower-emission but higher-energy welding machine, which is 
consistent with the observed reduction in emissions without a corre
sponding reduction in grid-energy consumption. These findings support 
the proof-of-concept feasibility of the optimization-ready CDT for 
identifying candidate operating scenarios that can be evaluated in the 
reference model, but they do not demonstrate agreement across the 
decision space.

The selected scenario should be interpreted as the outcome of the 
illustrative post-search preference rule rather than as a generally 
preferred operating configuration. The 99% production-retention 
requirement defines the set of eligible configurations, while the equal 
weighting of normalized grid-energy consumption and CO₂ emissions 
determines the ranking within this set. Alternative production-retention 
thresholds or relative objective weights may lead to the selection of a 
different configuration from the same reevaluated Pareto-front 
approximation. Retaining the reevaluated Pareto-front approximation 
enables alternative stakeholder preferences to be applied without 
repeating the NSGA-II search, provided that the objective definitions 
and evaluated system conditions remain applicable.

4.7. Weighted-Sum Scalarization Optimization Results

To provide a comparative baseline for the Pareto-based optimization, 
the equal-weight scalarization defined in Section 4.4 was optimized 
using the GA. The scalarized search followed the settings summarized in 
Table 7. At termination, the best search-stage scalarized configuration 
wasxsearch

λ =

(5.6974,10.9302,0.4160,17.8257,0.2157,0.9898, 0.0058).Based on 
the five search-stage replications, the configuration had a scalarized 
objective estimate of approximately Ĵ

(
xsearch

λ
)
= 0.1398. The same de

cision vector was subsequently reevaluated using rfinal = 100 indepen
dent replications. The baseline configuration was reevaluated using the 
same higher-replication seed set, and the objective components and 
scalarized objective were recomputed from the updated estimates. After 
higher-replication reevaluation, the scalarized configuration produced 
48.53 completed products, a throughput of 0.649, grid-energy 

Table 9 
Comparison of the baseline and selected scenarios in the reference model over 
100 independent replications.

KPI Baseline 
scenario, 
mean [95% 
CI]

Selected 
scenario, 
mean [95% 
CI]

Change 95% CI for 
difference

Completed 
products

68.61 [67.25, 
69.97]

68.41 [67.05, 
69.77]

− 0.29% [− 2.11, 
1.71]

Throughput 0.940 [0.934, 
0.947]

0.930 [0.921, 
0.939]

− 1.11% [− 0.0217, 
0.0008]

Grid energy 
consumption 
(kWh)

62.14 [60.96, 
63.31]

62.24 [61.09, 
63.39]

+0.17% [− 1.53, 
1.74]

CO2 emissions (g) 2482.50 
[2429.18, 
2535.82]

2387.96 
[2333.88, 
2442.04]

− 3.81% [− 170.02, 
− 19.07]
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consumption of 48.40 kWh, and CO2 emissions of 1159.93 g. The cor
responding scalarized objective value was 

Ĵ
(
x∗

λ

)
= 0.1649,

compared with 

Ĵ(xbase) =
1
3
= 0.3333 

for the baseline configuration. Relative to the 100-replication baseline, 
the scalarized configuration reduced grid-energy consumption by 
26.27% and CO2 emissions by 55.96%, while the number of completed 
products decreased by 31.71%. Table 10 summarizes the higher- 
replication results for the baseline and weighted-sum scalarized 
configurations.

The scalarized configuration was located close to the low-emission 
region identified by NSGA-II. In particular, the NSGA-II minimum- 
emission configuration produced 47.91 completed products, consumed 
47.94 kWh, and generated 1139.60 g of CO2, whereas the equal-weight 
scalarized configuration produced 48.53 completed products, consumed 
48.40 kWh, and generated 1159.93 g of CO2. The similarity indicates 
that the equal-weight scalarization identified a configuration in the low- 
emission region of the trade-off space, with substantial reductions in 
grid-energy consumption and CO₂ emissions accompanied by reduced 
production performance.

5. Discussion

The principal contribution of the proposed approach is the trans
formation of an automatically extracted, simulation-ready CDT into an 
optimization-ready CDT. From an industrial implementation perspec
tive, the framework separates information that can be derived system
atically from operational data and the extracted model from information 
requiring expert specification and approval. This separation enables 
candidate configurations to be evaluated before changes are imple
mented in the physical system while retaining expert control over 
technically admissible decisions. The case study demonstrates the 
feasibility of integrating the optimization-ready model with both a 
Pareto-based MOEA and weighted-sum scalarization. The scalarization 
experiment provides a comparative baseline under equivalent case- 
study settings; however, the study does not constitute a broad 
optimization-algorithm benchmark and does not report repeated inde
pendent optimization runs. Consequently, the results do not establish 
the general superiority or convergence reliability of either optimization 
approach.

The case-study results highlight several implications of this trans
formation. The results support the following observations: 

• Interpretation of the case-study findings. The reduction from 80 
search-stage nondominated configurations to 70 after higher- 
replication reevaluation illustrates the sensitivity of stochastic 
Pareto-front approximations to sampling variability. In the case 
study, the decision vectors remained unchanged, while their objec
tive values were re-estimated using 100 rather than five independent 
replications before nondominance was recomputed. The change in 

nondominance status highlights the importance of higher-replication 
reevaluation before stakeholder preferences are applied.

• Semi-automated preparation and expert involvement. Parame
ters represented explicitly in MDPNML, such as routing weights and 
timing thresholds, can be identified and mapped systematically. 
However, model representation does not establish operational 
controllability. Experts must specify admissible bounds, physical 
dependencies, prohibited combinations, safety requirements, objec
tives, and operational limits before parameters can be modified. 
Future implementations could additionally record parameter prov
enance, units, controllability, confidence, update frequency, and 
expert approval.

• Choice of optimization method and decision responsiveness. 
The comparative scalarization baseline illustrates the implications of 
introducing objective preferences before rather than after optimi
zation. Equal-weight scalarization returned one preference- 
dependent configuration, reducing grid-energy consumption and 
emissions by 26.27% and 55.96%, respectively, while reducing 
completed products by 31.71%. Weighted-sum scalarization requires 
the objective weights to be specified before optimization, and 
changing the weights generally requires a new optimization run [59,
62]. In contrast, the Pareto-based NSGA-II search retained multiple 
trade-off configurations, allowing stakeholder preferences to be 
introduced after higher-replication reevaluation [59,60]. When 
stakeholder priorities change while the objective definitions, system 
structure, decision space, and corresponding performance estimates 
remain applicable, another configuration can be selected from the 
existing reevaluated Pareto-front approximation without repeating 
the optimization search. This capability can reduce decision latency 
when priorities change frequently, or decisions are time-sensitive. 
Conversely, scalarization remains suitable when priorities are suffi
ciently stable, and a single preference-dependent solution is 
required. Surrogate-assisted optimization addresses a different 
concern by reducing the number of direct simulation evaluations 
when such evaluations are computationally expensive [67]. The 
appropriate optimization approach therefore depends on preference 
stability, decision urgency, simulation cost, system complexity, and 
the need to examine multiple trade-offs.

• Context-aware scenario selection. Industrial preferences may 
depend on external information such as electricity prices, grid- 
carbon intensity, renewable-energy forecasts, storage conditions, 
demand, machine availability, and planned or unexpected outages. 
Such information can alter preference thresholds, objective prior
ities, or operational constraints. Changes in contextual values that 
alter objective values require reevaluation of the stored configura
tions, whereas changes in system dynamics, constraints, or structure 
require a new optimization run.

• Scalability to larger manufacturing systems. The present case 
study considers seven continuous decision variables and three ob
jectives, so scalability to larger optimization problems remains to be 
evaluated. For instance, the decision-support framework can be 
extended to mixed-variable decision spaces and additional con
straints by expanding the optimization metadata and decision-to- 
model mapping to the corresponding controllable model parame
ters. For larger manufacturing systems, the increased simulation and 
optimization complexity may require computational enhancements 

Table 10 
Baseline and weighted-sum scalarization results after 100-replication reevaluation.

Configuration Completed 
products

Throughput Grid-energy 
consumption (kWh)

CO2 

emissions (g)
Ĵ Change in 

completed products
Change in 
energy

Change in 
emissions

Baseline 
configuration

71.06 0.935 65.64 2633.56 0.3333 – – –

Equal-weight 
scalarization

48.53 0.649 48.40 1159.93 0.1649 − 31.71% − 26.27% − 55.96%
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such as parallel simulation or surrogate-assisted optimization. Such 
extensions are particularly relevant to high-performance 
manufacturing systems, where multiple and potentially conflicting 
requirements for productivity, flexibility, resilience, reliability, and 
sustainability may need to be considered simultaneously [98]. The 
adaptability of the framework is also relevant to high-entropy 
manufacturing systems, which aim to manage individualized and 
dynamically changing demand through flexibility, reconfigurability, 
and adaptability [99].

• Extension toward semi-physical commissioning. A further 
deployment pathway is the integration of the optimization-ready 
CDT with Digital Twin-based remote semi-physical commissioning 
[100]. Candidate configurations identified through CDT-based 
optimization could first be evaluated in an environment combining 
virtual system components with selected physical equipment or 
controllers before implementation in the complete manufacturing 
system. During initial deployment, a human-in-the-loop stage could 
provide expert verification and approval of recommended changes. 
With sufficient operational validation, selected changes that remain 
within predefined technical and safety constraints could subse
quently be automated. Such a staged approach could provide a 
transition from simulation-based decision support toward safe 
physical deployment.

• Extension toward Industry 5.0 decision support. The multidi
mensional modeling and optimization capabilities of the 
optimization-ready CDT could be extended to support broader In
dustry 5.0 priorities. For instance, at the modeling level, the MDSPN 
could represent human-involved manufacturing activities and 
human–machine interactions, with measurable human-centric as
pects such as operator workload, ergonomic exposure, or interven
tion time incorporated as additional dimensions where appropriate 
data are available. At the optimization level, the optimization- 
preparation layer could incorporate sustainability, resilience, and 
human-centric performance requirements as objectives or con
straints according to the decision context [101]. The executable 
multidimensional CDT and its optimization outputs could also pro
vide a model-based component for future industrial-metaverse de
cision environments, where Digital Twins support virtual–physical 
integration and immersive interaction [102].

6. Summary and Outlook

In this paper, we introduced a framework for transforming an 
automatically extracted, simulation-ready Comprehensive Digital Twin 
into an optimization-ready Comprehensive Digital Twin for simulation- 
based multi-objective decision support. The framework applies Multi- 
Flow Process Mining (MFPM) to extract and parameterize dimension- 
specific stochastic Petri nets from multidimensional event logs and 
integrate them into a unified Multidimensional Stochastic Petri Net 
(MDSPN) represented in Multidimensional Petri Net Markup Language. 
A semi-automated optimization-preparation layer identifies model- 
represented parameters, incorporates expert-defined controllability in
formation and admissible ranges, and maps decision vectors to execut
able model configurations. The framework supports both Pareto-based 
and scalarized optimization workflows; the case study instantiates the 
Pareto-based workflow using the Nondominated Sorting Genetic Algo
rithm II (NSGA-II) and evaluates weighted-sum scalarization using a 
Genetic Algorithm (GA) as a comparative baseline.

We demonstrated the complete workflow through an illustrative 
manufacturing case study, covering model extraction and validation, 
optimization preparation, Pareto-based search, higher-replication 
reevaluation, and scenario selection. The extracted model preserved 
the main production logic and showed agreement with the reference 
model for the selected KPIs at the baseline configuration. The NSGA-II 

optimization considered grid-energy consumption, CO2 emissions, and 
the number of completed products without introducing objective 
weights or additional simulation-based performance constraints. After 
higher-replication reevaluation, 70 of the 80 search-stage non
dominated configurations remained nondominated. The resulting 
Pareto-front approximation represented alternative trade-offs among 
the production and environmental objectives. We transferred one 
selected scenario to the reference model and evaluated it using 100 in
dependent replications. Compared with the baseline scenario, the mean 
number of completed products decreased by 0.29%, from 68.61 to 
68.41, while the mean grid-energy consumption increased by only 
0.17%, from 62.14 to 62.24 kWh. Mean CO2 emissions decreased by 
3.81%, from 2482.50 to 2387.96 g. The reference-model evaluation 
therefore reproduced the intended qualitative outcome of the scenario 
selected using the Comprehensive Digital Twin, with completed prod
ucts preserved, a negligible energy effect, and reduced emissions. An 
additional equal-weight scalarization baseline reduced grid-energy 
consumption and CO2 emissions by 26.27% and 55.96%, respectively, 
while reducing completed products by 31.71% relative to the extracted- 
model baseline. This result illustrates the effect of specifying objective 
preferences before optimization. These findings support the proof-of- 
concept feasibility of the proposed framework as a systematic, execut
able, and interpretable basis for simulation-based multi-objective deci
sion support.

Future research will focus on four directions: (i) evaluating the 
framework using real-world manufacturing data, live event streams, and 
industrial production systems, including human-in-the-loop verification 
and approval of recommended configuration changes; (ii) investigating 
larger mixed-variable decision spaces and additional objectives and 
constraints, (iii) developing context-aware decision support by incor
porating, for instance, time-dependent electricity prices, grid-carbon 
intensity, production demand, machine availability, storage condi
tions, planned and unexpected outages, and weather and renewable- 
generation forecasts; and (iv) extending the MDSPN and optimization- 
preparation framework toward Industry 5.0 by representing human- 
involved manufacturing activities and measurable human-centric and 
resilience-related performance requirements as additional modeled di
mensions, objectives, or constraints.
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