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Abstract

Energy systems are becoming increasingly interconnected, digitalized,
and adaptive, forming Cyber-Physical Energy Systems (CPES) whose
reliable operation depends on communication networks. This necessitates
the joint analysis of energy and communication systems, for example in
co-simulation environments. However, an inherent challenge in conduct-
ing such studies arises from the increasing complexity of the system.
This challenge relates to the need to facilitate large-scale parameter
studies and “what-if analyses” without a proportional increase in model
complexity or computational effort. This is particularly relevant when
considering the modeling of communication networks, which are often
represented by either overly simplified analytical abstractions or by com-
putationally expensive detailed simulations.
This thesis addresses these limitations by introducing an online-trained
meta-model that approximates detailed communication network simu-
lations during execution. By continuously assessing its prediction ac-
curacy, the meta-model dynamically substitutes the detailed simulation
once sufficient confidence is achieved, thereby reducing overall runtime.
This is enabled by a structured, technology-agnostic abstraction of CPES
communication scenarios and a discrete-event-compatible internal ap-
proximation model that supports online adaptation to scenario-specific
communication behavior.
A thorough evaluation has been conducted, which demonstrates that
the proposed approach offers a favorable trade-off between accuracy and
computational efficiency. The meta-model has been shown to consis-
tently outperform analytical communication models in delay approxima-
tion, while simultaneously achieving a significant reduction in execution
time when compared to detailed simulations. This enables scalable and
communication-aware CPES analysis without compromising on essential
modeling fidelity.



Zusammenfassung
Die zunehmende Vernetzung und Digitalisierung von Energiesystemen
resultiert in der Entwicklung von sogenannten cyber-physischen En-
ergiesystemen (CPES), deren zuverlässiger Betrieb maßgeblich von Kom-
munikationsnetzen abhängt. Eine gemeinsame Analyse von Energie- und
Kommunikationssystemen, etwa in Co-Simulationsumgebungen, ist somit
erforderlich. Mit der Zunahme der Komplexität der Systeme ergibt sich
jedoch eine zentrale methodische Herausforderung, nämlich die Durch-
führung großskaliger Parameterstudien und “Was-wäre-wenn-Analysen”,
ohne dass die Modellkomplexität oder der rechnerische Aufwand pro-
portional zunehmen. Dies ist insbesondere bei Kommunikationsnetzen
problematisch, die häufig entweder durch stark vereinfachte analytische
Modelle oder durch rechnerisch aufwendige Detailsimulationen abgebildet
werden.
In der vorliegenden Arbeit wird dieser Limitation durch die Entwicklung
eines zur Ausführungszeit (“online”) trainierten Meta-Modells begeg-
net, welches detaillierte Kommunikationsnetzwerksimulationen während
der Ausführung approximiert. Das Meta-Modell evaluiert kontinuierlich
seine eigene Prognosegenauigkeit und substituiert die detaillierte Simu-
lation dynamisch, sobald eine hinreichende Güte erreicht ist. In der Folge
wird die Gesamtlaufzeit der Simulation reduziert. Dies wird durch eine
strukturierte Abstraktion von CPES-Kommunikationsszenarien sowie ein
diskret-ereigniskompatibles internes Approximationsmodell ermöglicht,
das eine Anpassung an szenariospezifisches Kommunikationsverhalten
zur Ausführungszeit unterstützt.
Eine umfassende Evaluation hat ergeben, dass der vorgeschlagene Ansatz
einen Kompromiss zwischen Genauigkeit und Recheneffizienz erreicht.
Das Meta-Modell weist im Vergleich zu analytischen Kommunika-
tionsmodellen eine höhere Genauigkeit hinsichtlich der Abbildung von
Verzögerungszeiten in der Kommunikation auf und reduziert zudem
die Ausführungszeit im Vergleich zu detaillierten Simulationen. In der
Folge werden skalierbare CPES-Analysen unter Berücksichtigung von
Kommunikationsverzögerungen ohne Verlust wesentlicher Modelltreue
ermöglicht.
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1 I n t r o d u c t i o n

The single biggest problem in
communication is the illusion that it
has taken place.

George Bernard Shaw

The term “Cyber-Physical System (CPS)” was first used in 2006 by Helen Gill [16] in
the “NSF Workshop on Cyber-Physical Systems”. The goal of the workshop was to frame
a new research initiative to enable “rapid and reliable development and integration of
computer- and information-centric physical and engineered systems” [16]. As the name
suggests, CPSs combine communication and computational resources (Cyber) with inter-
actions in the physical world (Physical), while capturing the inherent complexities of such
integrated systems (Systems) [17, 18].
Today, CPSs form the backbone of many critical infrastructures [18]. This also applies
to modern energy systems, which – driven by the increasing integration of distributed
renewable resources – are evolving into complex, tightly coupled Cyber-Physical Energy
Systems (CPESs). These systems comprise physical and control layers that are intercon-
nected through communication networks [18, 19, 20, 21], as illustrated on the upper left
in Figure 1.1. The transformation of energy systems to CPESs is enabled by Information
and Communication Technologies (ICT), which provide high-speed and bidirectional com-
munication infrastructures, advanced information processing, and distributed computing
technologies indispensable for improving the efficiency, reliability, and sustainability of
energy systems [21].

As a result, modern energy systems depend not only on the flow of energy but also
on the reliable flow of information [20]. The combination of those creates significant inter-
dependencies: the reliability and performance of energy systems increasingly depend on
the underlying communication infrastructure, and vice versa [22, 23]. However, traditional
approaches often neglect these inter-dependencies when analyzing energy systems, thus
failing to capture the full range of cyber-physical dynamics [17]. In practice, cyber layer
attributes, such as delay times or availability, directly affect the physical system, which
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Figure 1.1: Problem Definition: The inter-dependencies between subsystems in CPES re-
quire joint consideration in simulations, which might become very complex with
increasing system complexity.

can undermine stability and performance [17]. ICT has therefore become indispensable in
enabling grid services such as state estimation, congestion management, and redispatch,
which rely on sensors and advanced data processing for real-time monitoring and con-
trol [24]. While these technologies greatly enhance situational awareness and operational
flexibility, they simultaneously increase the system’s exposure to cyber and cyber–physical
attacks [17, 21]. Such threats can endanger the reliable and efficient supply of electricity [19].

Beyond these challenges, the coordination and control of Distributed Energy Resources
(DERs) pose further difficulties. A centralized energy system struggles to cope with the
highly distributed nature of the modern grid, the requirement to operate in islanding
mode, the intermittency of renewable sources, and the limited bandwidth available for
communication [25, 26, 27]. In this context, Multi-Agent Systems (MAS) have emerged
as a promising approach for managing distributed systems. They model the grid as a
collection of relatively simple entities, so-called agents, which correspond to sources, loads,
or other components and evolve within a shared environment [27]. Through interaction,
agents can cooperate or compete to achieve local and global objectives, thereby providing a
certain degree of distributed intelligence. Formally, a MAS consists of multiple interacting
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computing elements, agents, that possess two essential capabilities: (1) a certain level of
autonomy in deciding how to act in order to satisfy their design objectives, and (2) the
ability to interact with other agents not only by exchanging data, but also through coop-
eration, coordination, or negotiation [28, 29]. Key properties of MAS include flexibility,
fault tolerance, autonomy, responsiveness, pro-activeness, social ability, and scalability [26].
These characteristics make MAS particularly suitable for the requirements of modern en-
ergy systems. However, the integration of agent-based control into energy systems further
increases the dependency on timely and reliable data exchange. The effectiveness of MAS
relies on continuous communication between agents, accentuating the inter-dependencies
between energy and communication networks, reinforcing the opportunities and vulnera-
bilities of CPESs.

The functionality, security and stability of CPESs can be enhanced by systematic testing
in order to discover vulnerabilities, develop security countermeasures, and evaluate grid
operation under fault or maliciously constructed scenarios [18]. However, due to their high
complexity and interdisciplinary nature, formal analytical testing is not feasible. Experi-
mentation on the real system is also not an option, which makes abstraction into simulation
models essential [20]. As illustrated in the lower right of Figure 1.1, real world systems
may be abstracted into simulation models that allow to capture essential properties of the
energy and communication systems and to study their interactions. When investigating
mutual dependencies between these systems, traditional methods often oversimplify inter-
actions, which may neglect important dependencies. This includes communication-induced
instabilities, where latency, data loss, and corruption directly influence grid dynamics. As
such, realistic modeling of communication performance is essential to correctly capture
the transition of grid services between normal, limited, and failed states [30]. Here, co-
simulation offers a powerful approach, enabling the flexible and efficient investigation of
dynamic, interdisciplinary interactions between communication and energy systems [23].

Despite these advantages, (co-)simulation of large-scale and coupled energy systems comes
with considerable challenges. The sheer size and heterogeneity of the systems involved,
together with the need to run custom solvers or execution environments, results in signifi-
cant computational overhead [20, 31, 32]. Even as computational capacities increase, the
pursuit of more accurate real-world representations continues to drive simulation codes
toward greater complexity and higher costs [20, 32]. In principle, these problems can be
mitigated by simplifying models, selecting faster numerical solvers, or providing more com-
putational resources [23]. Yet, model simplification usually comes at the cost of accuracy,
which motivates the search for alternative approaches that retain fidelity while improving
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computational performance. In this context, meta-modeling offers a promising approach to
reduce simulation costs while maintaining accuracy. In co-simulation environments, inputs
and outputs are exchanged between different components (simulators), which makes it
possible to observe the input–output behavior of a model and to train a meta-model based
on this information. Such meta-models act as “models of models”: instead of executing a
computationally expensive simulation, they approximate its input–output responses and
can thereby replace it at significantly lower computational effort [32].
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Figure 1.2: Comparison of simulation time advancement between the detailed communica-
tion model and the online-trained meta-model. Each data point represents a
simulation event. After the substitution point, the meta-model advances simu-
lation time at a substantially higher rate relative to real time, demonstrating
the computational speedup achieved by replacing the detailed simulation.

Existing approaches to meta-modeling of communication network simulations often rely
on offline models that are pre-trained with abstract traffic models such as Constant Bit-
rate (CBR) message dispatch [33, 34, 35]. Nevertheless, communication applications in
CPESs exhibit highly diverse and scenario-specific characteristics that cannot be adequately
captured by such abstract, stochastic distributions [1]. A more flexible solution is therefore
to train the meta-model online1 during simulation execution, enabling it to dynamically
adapt to the traffic characteristics of the scenario under investigation (the use of online
learning has been, for example, motivated in [36] for the prediction of disturbance events in
power grids). This online-trained meta-model could substitute the original communication
network simulation to accelerate execution, as shown in Figure 1.22.

1For a historical overview on the spelling of online and on-line, please refer to Section A.
2The time behavior shown was obtained in a scenario (CBR 1 Mbps, five devices, 5G network) in the

evaluation in Chapter 6.
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1.1 Challenges and Research Gap

Usability / Adaptivity

Accuracy Performance efficiency
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Offline Meta-Model

Analytical Model

The proposed 
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Figure 1.3: Classifying the proposed approach in terms of the trade-off between non-
functional requirements (simplified illustration).

The developments outlined above highlight that a realistic representation of communi-
cation networks in energy system scenarios is indispensable. At the same time, several key
challenges emerge. Detailed communication simulations are computationally very expen-
sive, which makes them impractical for large-scale scenarios or extensive parameter studies.
In co-simulation environments, where energy and communication models are coupled, these
computational burdens quickly lead to limitations in terms of scalability and execution
time.

A central challenge lies in the inherent trade-off: on the one hand, energy system simu-
lations require sufficient accuracy to capture the relevant interactions between subsystems.
On the other hand, models must remain efficient and adaptable to be applicable in co-
simulation environments (see Figure 1.3). Traditional analytical models are efficient but
oversimplify critical dynamics by relying on strong assumptions about network behavior
(such as fixed delay distributions or independence of traffic flows) and therefore repre-
sent the lower bound in terms of modeling fidelity. In contrast, highly detailed network
simulations offer accuracy but are hardly scalable.

Offline-trained meta-models have been proposed as one way to mitigate this trade-off. By
learning from pre-generated input–output data, they approximate the behavior of detailed
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simulations at significantly reduced computational cost. However, two major limitations
restrict their applicability: (1) their validity is confined to the training data distribution,
making them non-portable when scenarios deviate from the pre-generated set, and (2) they
are typically implemented as black-box models that cannot be seamlessly integrated into
co-simulation environments where multiple simulators exchange state information during
runtime. As a result, offline meta-models lack the flexibility required for complex and
dynamic CPES co-simulations.

This defines the research gap as illustrated in Figure 1.3: there is a lack of models for com-
munication networks in CPES scenarios that are more accurate than analytical approaches,
more efficient than detailed simulations, and at the same time adaptive and integrable
across heterogeneous scenarios. This thesis addresses this gap by proposing the use of
an online-trained meta-model, which approximates the observed input–output behavior
of communication simulations during simulation execution. In this way, realistic, efficient,
and adaptive representations of communication networks in CPESs can be achieved.

1.2 Research Goal

The research gap identified above forms the foundation of this thesis. To address it, several
Research Questions (RQs) are defined, corresponding artifacts are stated, and relevant
Non-Functional Requirements (NFRs) are derived.

1.2.1 Hypotheses and Research Questions

To summarize the research gap, there is a need for a method to approximate communication
network simulations in energy system scenarios. Such a method should accelerate simulation
execution and thereby enable extensive parameter studies of combined communication and
energy system scenarios. Due to the high complexity and diversity of communication
applications in CPESs, the model must adapt to the current scenario and be refined online
during simulation execution.

This leads to the following overall RQ:

Research Question

How can online-trained meta-models be generated and integrated into discrete-event
communication network simulations while preserving simulation fidelity?

Since CPESs consist of multiple subsystems and diverse applications, communication plays
a central role in transferring information between distributed components. These appli-
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cations range from simple broadcast communication to complex communication flows
involving agent-based control structures and intelligent decision-making. This observation
motivates the first hypothesis:

Hypothesis 1
The communication behavior of end devices in the energy system can be systematically
described and simulated.

The assumption that this hypothesis is true means that end-device communication behavior
can be captured as traffic models, which are subsequently embedded into energy-system-
specific communication network models. Then, these scenarios can be simulated using a
detailed communication network simulator. This leads to the first Sub-RQ:

Sub-Research Question 1

How can communication behavior in CPESs be abstracted into simulation-relevant
input–output characteristics?

To address this question, the following artifacts are developed: (i) a conceptual description
model for communication scenarios in CPES, (ii) an automated communication scenario
generation tool implementing the defined traffic models, and (iii) datasets of communication
network models and simulation data.

After describing and simulating realistic communication scenarios, the next step is to
approximate the input-output behavior of the detailed simulation model with a meta-model.
In turn, this meta-model should be integratable into a simulation environment to investi-
gate mutual dependencies between communication and energy systems. Additionally, the
meta-model should adapt to the current scenario during simulation execution. This leads
to the second hypothesis:

Hypothesis 2
The response of the simulated communication network can be learned online by approxi-
mating the observed outputs.

If the assumption is made that the online approximation of the detailed simulation model
is viable, then the second Sub-RQ can be formulated as:
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Sub-Research Question 2

How can observations from discrete-event communication simulations be transformed
into representations suitable for online training of communication meta-models?

This is supported by (i) a conceptual network description model and (ii) a software artifact
in the form of an online learning algorithm.

A further question concerns the conditions under which the resulting meta-model can
substitute the original simulation. This substitution should only occur if the meta-model
is capable of approximating the original, detailed simulation with sufficient fidelity and if
the operating conditions do not differ excessively in the present scenario. This leads to the
third hypothesis:

Hypothesis 3
There is a threshold value above which a trained meta-model approximates the original
simulation accurately (enough).

Assuming this hypothesis is true, the meta-model could be evaluated during simulation
execution to determine its accuracy compared to the original simulation model. This is
captured in Sub-RQ:

Sub-Research Question 3

What quantitative criteria can be used to evaluate whether an online-trained meta-
model is a valid substitute for a detailed simulation model?

The work introduces (i) a conceptual threshold estimation methodology and (ii) a soft-
ware artifact, the substitution threshold estimator, to systematically define and assess
substitution conditions.

Finally, beyond proving the feasibility of substitution, it is necessary to assess the per-
formance benefits in realistic scenarios. This motivates the fourth hypothesis:

Hypothesis 4
Substituting the original simulation with the meta-model speeds up execution while the
accuracy of the results remains high.

To investigate this, the meta-model must be compared to alternative modeling approaches
consisting of simple yet performant analytical models and detailed, high-fidelity yet complex
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simulation models. The corresponding Sub-RQ addresses this comparison explicitly:

Sub-Research Question 4

Under which communication scenario characteristics does an online-trained meta-
model achieve comparable validity to a detailed simulation model, using a channel
model and static graph model as baselines?

This is analyzed using (i) a conceptual evaluation methodology and (ii) a benchmarking
and simulation environment as a software artifact.

1.2.2 Non-Functional Requirements

The viability of an online-trained meta-model for CPESs simulations depends on a set of
quality attributes that go beyond functional correctness. The NFRs below stem from the
RQs and the gap analysis. For each requirement the goal (what must be achieved) and the
rationale (why it matters) are retained.

NFR 1: Accuracy
Goal The meta-model must predict the observable behavior of the detailed com-
munication network simulation model with a fidelity that exceeds that of simple
analytical models.
Rationale When examining energy and communication systems in their combined
form, the time lag in receiving information due to communication delays must
be realistically represented in order to guarantee stable systems.

NFR 2: Performance Efficiency
Goal The meta-model must significantly reduce computational overhead com-
pared to detailed, integrated communication simulations.
Rationale Co-simulations that couple power-system dynamics with high-fidelity
communication network models (often requiring millisecond resolution) become
infeasible for large-scale scenario exploration unless the communication part is
computationally tractable.

NFR 3: Scalability
Goal The approach must remain tractable as the size of the communication topol-
ogy or the message volume grows.
Rationale Future CPES test-beds involve a multitude of devices; the communi-
cation simulation must not become a bottleneck.
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NFR 4: Adaptivity
Goal The meta-model must be deployable across heterogeneous simulation en-
vironments without extensive re-engineering and must be adaptable to diverse
communication scenarios during simulation execution.
Rationale Researchers and practitioners use a variety of simulation environments
and investigate diverse communication scenarios.

1.2.3 Limitations

The proposed meta-modeling approach addresses the previously introduced challenge: en-
abling efficient yet accurate communication network simulations in CPESs. While this
approach reduces computational overhead and improves scalability, it also entails several
limitations.

First, the meta-model approximates only the end-to-end delay as the primary perfor-
mance indicator. If a researcher’s focus lies on additional metrics (such as packet loss,
jitter, or protocol-specific behaviors) the approach must either be extended accordingly or
replaced by a detailed network simulation.

Second, meta-models are by design models of models: they approximate a detailed simula-
tion that is itself an abstraction of the real system, introducing two layers of approximation.
While the proposed online learning enables adaptation to the specific scenario under in-
vestigation (beyond the initial training data), generalization remains bounded by what is
observed during pre-training and online updates. Consequently, out-of-distribution regimes
and rare events (e.g., network faults, atypical congestion patterns, or cyber-attacks) may
still be misrepresented if they are insufficiently encountered. Moreover, any inaccuracies
or biases in the detailed simulation propagate to the meta-model and can compound the
deviation from the real system.

Finally, the applicability of the approach depends on the complexity of the scenario.
While analytical models may suffice for simple cases, highly complex or safety-critical
studies still require detailed simulations to ensure reliability. To support practitioners,
recommendations on when and how to apply the meta-modeling approach are presented
in Section 6.6.

1.2.4 Reference to Own Preliminary and Accompanying Work

The research presented in this thesis is built on a coherent series of peer-reviewed journal
publications and conference contributions. All of these works address different facets of
the overarching goal – the efficient, accurate, and adaptive modeling of communication
networks in CPESs – and together they constitute the technical backbone for the four
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Sub-RQs and the four Hypotheses introduced earlier (see Subsection 1.2.1). A detailed list
of the publications associated with this thesis can be found under Own Publications before
the references section.

Early work on realistic end-device traffic [2] showed that detailed communication network
simulations can be used to investigate inter-dependencies between energy and communica-
tion systems. Following on from this, a comprehensive simulation environment cosima [3]
was built in which communication and energy system components can exchange data in
coupled scenarios. This includes the integration of the communication network simulator
OMNeT++ [37] into the co-simulation framework mosaik [38]. In follow-up work, the agent
framework mango [39] was coupled with cosima [4] in order to also be able to investigate
intelligent, agent-based control strategies under the influence of realistic communication
networks. In addition, a large-scale scenario was simulated in [5], in which agent-based
control strategies were evaluated in a combined communication-energy system environment
under communication network disruptions. These and other analyses of agent systems in
CPESs under the influence of communication networks were systematized in [6].

A review of the state-of-the-art modeling approaches for communication networks in
CPESs scenarios was presented in [7], establishing an overview that distinguishes analytical
and detailed simulation techniques. The same line of work introduced the meta-model
concept through a conference poster [8], which highlighted the potential of learning-based
meta-models to replace costly simulations.

The methodology for constructing realistic communication scenarios (required to answer
Sub-RQ 1) was formalized in [9]. In addition to this, the method was expanded and imple-
mented in an automated scenario generation tool based on the developed communication
traffic models in [1]. Concurrently, an extensive simulation data analysis was conducted in
that context.

Addressing Sub-RQ 2 and Sub-RQ 3, the online approximation of communication-network
simulations was introduced in [10]. The paper presents the incremental learning algorithm
that continuously builds a meta-model of the detailed simulator and a threshold estimator
that decides when the meta-model can safely replace the original model, thereby establishing
a reliable substitution criterion. The exploitation of different modeling approaches in
MAS analyses (required for Sub-RQ 4) was demonstrated in [11], where different modeling
approaches (analytical, detailed simulation) were compared in the context of distributed
control under communication impairments.
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1.3 Big Picture and Thesis Outline

To structure the contents of this thesis, the big picture is introduced first. It is illustrated
in Figure 1.4, which also relates the RQs to the resulting artifacts. This dissertation is
organized into seven chapters.
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Figure 1.4: Outline of this dissertation: Chapters are organized according to the research
questions and resulting artifacts.

Chapter 2 introduces the necessary foundations and related work. It covers the princi-
ples of Simulations and Meta-Models, as well as communication in CPESs and existing
Communication Modeling Approaches.

Chapter 3 addresses Sub-RQ 1. Here, communication behavior in CPES is described as
traffic models that serve as the basis for an automated scenario generation tool. Using this
tool, simulation data is generated as an artifact, which is subsequently analyzed in the
same chapter.

In Chapter 4, Sub-RQ 2 is tackled by designing a graph-based communication network
simulation model that fulfills Discrete Event Simulation (DES) properties. This model
forms the basis for the later meta-modeling approach.

Chapter 5 addresses Sub-RQ 2 and Sub-RQ 3. It presents the online approximation algo-
rithm that trains the meta-model during runtime, based on pre-trained cluster regressors.
A threshold estimation methodology is introduced, which determines when the meta-model
can substitute the detailed simulation.
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Chapter 6 evaluates the overall meta-modeling approach (Sub-RQ 4). An evaluation
methodology and benchmarking environment are defined as artifacts. The approach is
then assessed against alternative communication modeling approaches with respect to the
Non-Functional Requirements.

Finally, Chapter 7 summarizes the main results and outlines future research directions.





2 Fu n d a m e n t a l s a n d R e l a t e d W o r k

A complex system that works is
invariably found to have evolved from
a simple system that worked.

John Gall

The analysis of CPESs necessitates methods that concurrently capture physical processes
within the power system and the behavior of the supporting communication infrastructure.
This chapter introduces the conceptual and methodological foundations for such analyses
and positions the contribution of this thesis within the existing body of work. The focus
is on simulation-based approaches, surrogate modeling with meta-models, and the specific
characteristics of communication networks in CPESs, as well as on existing communication
modeling approaches used in the energy domain.

First, Section 2.1 reviews fundamental concepts of systems, models, and simulations,
with an emphasis on Discrete Event Simulation (DES) and co-simulation as the dominant
paradigm for modeling communication networks alongside power systems. Section 2.2
introduces meta-models as computationally efficient surrogates for detailed simulations and
discusses online learning and ensemble methods as mechanisms for adapting such models to
changing conditions. Section 2.3 then summarizes key aspects of communication in CPESs,
including network types and technologies, performance requirements, and representative
applications that shape traffic patterns and quality-of-service needs. Building on these
foundations, Section 2.4 surveys existing approaches for modeling communication networks
in energy system studies and highlights their trade-offs in terms of realism, computational
effort, and integration effort based on the own, previously published work in [7].

Finally, Section 2.5 synthesizes the main opportunities and challenges identified through-
out the chapter and derives relevant factors for the work on the research questions: the need
for communication models that preserve essential discrete-event characteristics and can
be integrated into co-simulation frameworks for CPESs, while avoiding the computational
cost of detailed simulations and inflexibility of offline-trained models.
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2.1 Simulations

The analysis of CPESs requires methods capable of representing complex interactions
between heterogeneous subsystems, such as physical energy systems and communication
infrastructures. Direct experimentation on real systems is often infeasible due to cost,
safety, or availability constraints. Therefore, simulation has become a central methodology
for studying such systems [23].

This section introduces the fundamental terminology and concepts needed to understand
simulation-based studies. First, basic definitions of systems, models, and states are provided,
followed by a classification of systems and simulation models. Different ways to study a
system are discussed, highlighting why simulation is often the method of choice when
analytical solutions are not applicable.

Subsequently, DES is introduced as the dominant paradigm for modeling communication
networks, including its mechanisms, components, and typical applications. Finally, co-
simulation approaches are presented, which allow the coordinated execution of multiple
domain-specific simulators. This is particularly relevant for CPESs, where continuous-time
models of physical processes must be integrated with event-driven communication models.

2.1.1 Foundations of Systems and Models

Figure 2.1 illustrates the conceptual progression from real-world systems to models that
are subsequently executed as simulation models. Within this context, several foundational
concepts can be defined based on [40, 41, 42, 43] to provide a consistent terminology.

A system can be understood as a real-world entity, such as a local power grid or a
communication network within a specific region. To enable systematic analysis, the system
is conceptually separated from its environment by defining a system boundary. This bound-
ary delineates which elements belong to the system and which belong to its environment,
thereby establishing the scope of investigation. A system can be defined according to [40]:

Definition 1 (System). A system is a set of interrelated elements that are viewed as a
whole within a specific context and are considered distinct from their environment.

At its boundaries, the system can exchange inputs and outputs with the environment
through defined interfaces.

A system may consist of multiple system components that can form subsystems or
represent atomic units that cannot be further decomposed. The structure of a system
emerges from the relationships among these elements. The properties of each system
component are represented by constant and variable attributes, the so-called state variables.
The collective values of these state variables at a given point in time define the overall
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Figure 2.1: Conceptual flow from a real-world system to a simulation model. The diagram
shows the delimitation of a system by its boundary, the construction of a model
from system components, and the execution of that model to analyze system
behavior for given inputs and outputs.

state of the system. Changes in one or more state variables lead to a corresponding state
change or state transition. Thus, the system state provides a complete snapshot of the
information required to describe the system’s condition at a particular moment. Based on
Law et al. [43], the system state can be defined as:

Definition 2 (System state). The system state is the collection of all state variables whose
values at a specific point in time uniquely describe the condition of the system.

As illustrated in Figure 2.1, systems may then be abstracted as models. With that, a
model can be defined as [41]:

Definition 3 (Model). A simplified replica of a planned or existing system with its processes
in another conceptual or concrete system.
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2.1.2 Classification of Systems and Models
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Figure 2.2: Hierarchical classification of systems based on randomness (stochastic vs. de-
terministic), temporal behavior (dynamic vs. static), and the nature of time
and state spaces (continuous vs. discrete).

Figure 2.2 provides a hierarchical classification of systems and simulation models along
several fundamental dimensions discussed in the literature. At the top level, systems are
distinguished by the existence of random elements. A deterministic system contains no
stochastic components, whereas a stochastic system incorporates randomness in its inputs
or internal behavior [44]. Deterministic simulation models therefore produce identical
outputs for identical inputs, while stochastic models generate random output realizations
that must be interpreted as estimates of underlying performance measures [43].

A second axis differentiates between static and dynamic systems. This distinction refers
to whether a system evolves over time. A static simulation model represents a system
at a single point in time, while a dynamic model captures system behavior as it changes
temporally [43, 44].

On the next level, the figure classifies systems by whether their time and state space
are continuous or discrete. In discrete systems, state variables change instantaneously at
separated points in time, while continuous systems involve state variables that evolve
continuously with respect to time [43]. Analogously, continuous and discrete simulation
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models reflect whether the modeled time progression or state changes appear continuous
or occur in discrete steps [43]. This dimension relates directly to the general classification
of systems based on the amount of time and state space considered [44].

Although not explicitly shown in the diagram, another common classification (termi-
nating versus non-terminating systems) can also be applied. Terminating systems have a
natural endpoint, whereas non-terminating systems conceptually operate indefinitely [44].

Communication systems are typically modeled as stochastic, dynamic, and predominantly
discrete-event systems, since traffic processes, protocol interactions, and network state
changes occur at distinct points in time and are subject to randomness.

2.1.3 Simulation as a Method

As depicted in Figure 2.1, simulations can be utilized as a technique to examine system
behavior under specific inputs and outputs. In any case, a variety of methodologies exist
for the study of a system, as evidenced by the work of Law et al. [43] and illustrated in
Figure 2.3.

(Communication)
System

Experiment with
the actual system

Experiment with
a model of the

system

Physical model Mathematical
model

Analytical models (Detailed)
Simulation

Figure 2.3: Ways to study communication systems: direct experimentation with the real
system, modeling via physical or mathematical representations, and analysis
using analytical models or detailed simulations (adapted from Figure 1.1 in [43]).

The study of systems can follow several methodological paths. In principle, one may
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experiment directly with the real system, which yields valid and meaningful results. However,
such an approach is often impractical in communication networks (especially in the context
of CPESs), since real-system experimentation may be prohibitively costly, disruptive, or
impossible when the system does not yet exist. Consequently, it is typically necessary to
construct a model that serves as a suitable representation of the actual system.

Models themselves can take different forms. While physical or iconic models exist, they
play only a minor role in operations research and system analysis. Instead, most models
are mathematical, describing the system through logical and quantitative relationships
that capture its essential structure and behavior.

Depending on the complexity of the model, one may attempt to obtain an analytical
solution. Simple models may allow closed-form expressions for key performance measures.
Yet many real-world systems (particularly communication systems with intricate interac-
tions and stochastic processes) are too complex for exact analytical treatment. In such
cases, the model must be investigated through simulation, meaning that it is executed
numerically to observe how chosen inputs influence the resulting outputs and performance
metrics. Complex systems can also be captured analytically, but this typically requires a
higher level of abstraction, which may limit the level of detail and realism attainable in the
resulting model. A detailed overview of modeling approaches for communication networks
in CPESs is presented in Section 2.4.

In general, simulations provide a structured way to study the behavior of such models.
According to Gutenschwager et al. [44]:

Definition 4 (Simulation model). A simulation model is a simplified but executable repre-
sentation of reality that enables the experimental analysis of dynamic relationships within
a system.

With that, simulations can be defined as [44]:

Definition 5 (Simulation). Simulation is a problem-solving method in which controlled ex-
periments are carried out on these models to gain insight into the behavior of the underlying
system.

Each simulation experiment consists of a targeted empirical investigation of the model’s
response, typically based on repeated simulation runs, where a run denotes one execution
of the simulation model under a defined set of parameter values. Simulation methods
themselves can be classified according to the mechanism used to advance simulation time.
In the fixed-increment time-advance approach, time progresses in constant, predefined
steps. In contrast, Discrete Event Simulation (DES) employs a next-event time-advance
mechanism, where the simulation clock jumps from one event to the next, and state changes
occur only when such events take place. [44]
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2.1.4 Discrete-Event Simulation and Modeling

As previously stated, DES involves the instantaneous change in state variables at specific
points in time, referred to as events [43].

Definition 6 (Event). An event is an instantaneous occurrence that may change the state
of a system.

Events occur at specific times during the simulation, represented by a simulation clock,
which is a variable in a simulation model that gives the current value of simulation time.
To ensure the continuous monitoring of the simulation time as it progresses, the definition
of a Time-Advance Mechanism is necessary. Two approaches for advancing the simulation
clock are proposed in [43]: the next-event time advance approach, which is utilized by all
major simulation software, and the fixed-increment time advance, which is a special case
of the former.

A DES model requires a clear specification of how the system evolves from one event to
the next. To support this, several core components must be defined [42, 43]. The system
state captures all variables needed to describe the system at any time, while the simulation
clock maintains the current simulated time. Future state changes are organized through
an Event List or Future Event Set (FES), which stores scheduled events ordered by their
time of occurrence.

The execution of the simulation is controlled by a set of routines. An initialization
routine prepares the system state and event list at time 0. A timing routine identifies the
next imminent event and advances the simulation clock accordingly. For each event type,
an event routine specifies how the system state is updated when that event occurs. In
practice, different conceptual approaches exist for organizing this scheduling logic. The
event-scheduling approach explicitly processes events one by one as they occur. The activity-
scanning approach describes the model through activities defined by start and end events
that become active when their preconditions are satisfied. The process-interaction approach
structures system behavior into processes, each representing a sequence of related events
within the system [44].

These routines are orchestrated by the main program, which repeatedly processes events,
updates the system state, checks termination conditions, and triggers reporting at the end
of the simulation. Together, these components form the fundamental structure required to
implement a discrete-event simulation model [42, 43].

Queuing models Queuing systems represent one of the most prominent application
domains of DES. Simulation is frequently employed for their analysis, as queuing models
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arise in a wide range of service-oriented and resource-sharing environments, including ser-
vice facilities, material-handling systems, and telephone and communication networks [42].
In a typical queuing system, customers (understood as any entities requesting service)
arrive over time, may join a waiting line, are eventually served by one or more resources,
and then depart the system.
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Time

Inter-arrival time

Delay time
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Arrival
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Figure 2.4: Illustration of fundamental timing relationships in a single-server queuing sys-
tem, including arrival times, inter-arrival times, service start and completion
times, customer delay (waiting time), and idle time (adapted from Figure 1.3
in [45]).

To support the quantitative evaluation of such systems, several key terms are commonly
used. Delay or waiting time denotes the time an entity spends waiting for a resource. Buffer
occupancy or queue length refers to the number of entities currently waiting. Throughput
measures the number of completed units produced per unit of time, whereas resource uti-
lization expresses the proportion of time a resource is busy relative to the total observation
period. The system loss rate captures the rate at which entities depart the system without
successfully completing their intended processing [46]. Figure 2.4 visualizes these core tem-
poral relationships within a single-server queuing system. It depicts how entities arrive over
time, may experience a delay before service begins, and how service completions determine
periods of server activity and idle time. The inter-arrival times, delay times, and idle times
shown in the diagram correspond directly to the performance measures used in the analysis
of queuing systems.

Communication Simulation Frameworks A variety of communication simulation
frameworks exist to model and analyze the behavior of networked systems at different
levels of abstraction. Surveys by Vogt et al. [47] and Mets et al. [48] provide compre-
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hensive overviews of tools used for both standalone communication-network simulation
and co-simulation with power systems. Widely used frameworks include ns-2/ns-3, OM-
NeT++, OPNET, GNS3, and NetSim, each offering distinct modeling capabilities ranging
from packet-level simulation to emulation and protocol evaluation. In practice, ns-2/ns-
3, OMNeT++, and OPNET have emerged as the most common choices for research on
communication networks and CPESs [20].

2.1.5 Co-Simulations

In CPESs, multiple models of different sub-systems (often based on different modeling
paradigms) interact with each other [38]. Whereas classical simulation (as depicted in Fig-
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Figure 2.5: Comparison of simulation approaches: single-model simulations, parallel simula-
tions with multiple solvers, hybrid simulations combining modeling paradigms,
and co-simulations coordinating multiple models and solvers (adapted from
Figure 5 in [23]).

ure 2.5) relies on a single model and a single solver, more advanced approaches differentiate
between parallel simulation, in which one model is solved by several solvers in parallel,
and hybrid simulation, which combines different modeling languages but still relies on
a single solver [23]. Co-simulation extends these concepts by coupling multiple models
with multiple solvers and coordinating their execution through a master algorithm. This
coordination becomes particularly challenging in CPESs, as power systems are typically
represented by continuous-time models, while communication networks are modeled using
discrete-event simulation. Consequently, appropriate mechanisms for time synchronization
and data exchange are required. Common synchronization strategies include master–slave
coordination, time-step synchronization, and event-driven synchronization [20]. Vogt et
al. [47] provide an overview of many CPES co-simulation frameworks.
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2.2 Meta-Models

Computer simulations play a vital role in engineering, enabling the analysis and design of
complex systems. However, detailed simulations that resolve fine-grained physical or cyber-
physical processes are often computationally expensive and require substantial hardware
resources and runtime [49]. This is especially challenging when many simulation runs are
required, such as in design space exploration, parameter studies, or uncertainty analyses.

Meta-models, also known as surrogate models, are a solution to this challenge. They
approximate the input-output behavior of detailed simulation models at a significantly
lower computational cost [32, 50]. Conceptually, they act as “models of models”. Rather
than simulating the full internal dynamics of the underlying system, a meta-model directly
predicts the output variables of interest as a function of selected input variables [32]. Once
trained on data generated by the original simulation, such surrogates can be evaluated orders
of magnitude faster. This enables tasks that would otherwise be infeasible, such as complex
optimization, larger-scale simulation studies, or real-time performance prediction [32, 49].

Data-driven approaches are particularly prominent in this context. In this case, machine
learning models serve as meta-models, learning the mapping from simulation inputs to
outputs purely from examples, without explicit knowledge of the underlying equations.
This approach enables flexible and efficient surrogate modeling, provided that represen-
tative training data is available. The idea of approximating complex simulation models
with simpler representations is not new and can be traced back at least to early work on
decision-tree-based transient stability assessment in power systems [51]. Meanwhile, ma-
chine learning-based surrogates have emerged as a valuable tool for accelerating the process
of system dynamics and market processes [52]. These meta-models effectively substitute
time-consuming simulations, providing rapid approximations that save significant time and
resources [53]. In this work, meta-models are defined as follows:

Definition 7 (Meta-models). Meta-models are computationally inexpensive, data-driven
approximation models trained on evaluations of a more detailed high-fidelity simulation to
reproduce its input–output behavior.

A central challenge in constructing meta-models is the amount and quality of training
data required to achieve sufficient accuracy across the relevant operating space. Generating
such data from detailed simulations may itself be costly. To alleviate this, Qian et al. [50]
propose a two-phase learning approach: an initial, less detailed pretraining phase on cheaper
data, followed by a refinement phase using more detailed simulations. This illustrates a
general design trade-off between simulation fidelity, training cost, and surrogate accuracy
that is also relevant for the meta-models considered in this work.
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2.2.1 Types of Meta-Models

A variety of model classes can be used as meta-models, ranging from simple linear predic-
tors to complex non-linear learners. The selection of a model depends on various factors,
including the dimensionality of the input space, the amount of available data, requirements
for interpretability, and the anticipated complexity of the underlying relationships.

Linear regression models approximate the relationship between a dependent variable
and a set of independent variables by fitting a linear function. Despite their simplicity, they
provide a useful baseline and are easy to interpret and analyze [53, 54]. When the true
dependency is close to linear, they can offer accurate and robust predictions at minimal
computational cost.

Support Vector Regression extends Support Vector Machines to regression tasks by
constructing a function that deviates from the training data by at most a specified margin
while maintaining maximum flatness. Through kernel functions, Support Vector Regression
(SVR) can effectively capture non-linear relationships by mapping the input space into a
higher-dimensional feature space, where a linear model is fitted [32]. This makes SVR a
popular choice for surrogate modeling in settings with moderate data sizes and complex,
but smooth, dependencies.

Artificial neural networks are flexible, layered models capable of representing highly non-
linear mappings. By composing multiple affine transformations with non-linear activation
functions, they can approximate complex functional relationships given sufficient network
capacity and training data. Neural networks have been successfully applied as surrogates
in various engineering domains, including energy systems, where they can replace detailed
simulations by fast forward evaluations once trained [53]. Their main advantages are ex-
pressiveness and scalability to large datasets, while their drawbacks include higher training
cost and reduced interpretability.

Decision trees partition the input space into regions via a sequence of hierarchical, axis-
aligned splits and assign a (typically constant) prediction to each region. They are simple
to implement, handle mixed data types, and offer high interpretability, as the decision path
for any prediction can be inspected directly [54]. However, single trees tend to overfit and
may yield unstable predictions under small changes in the training data.

Random forests mitigate some of the limitations of single decision trees by constructing
an ensemble of trees, each trained on a bootstrap sample of the data and often with
random feature sub-sampling at each split. The final prediction is obtained by averaging
the individual tree outputs. This ensemble strategy yields models that are typically more
robust, less prone to overfitting, and well-suited for high-dimensional feature spaces [53]. As
a result, random forests are frequently used as off-the-shelf meta-models when non-linear
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effects are expected and interpretability at the level of individual splits is not critical.

2.2.2 Online Learning

As will be discussed in more detail in Chapter 3, communication scenarios in CPESs exhibit
highly diverse characteristics. Traffic patterns, network topologies, and operating conditions
may differ substantially between scenarios and can change over time. Consequently, a meta-
model that is trained once on a fixed dataset may fail to generalize to all relevant situations.
In this thesis, the meta-model is therefore adapted online1 during simulation to capture
scenario-specific characteristics and to maintain accuracy as new conditions occur.

Online Learning

Data Stream

Initial 
Training

Offline Learning

Data Stream

Initial 
Training

Re-Training

Incremental
Training

Online Learning: Application

Event Stream
Initial 
Training

Incremental
Training

time

time
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time

Figure 2.6: Comparison of offline and online learning paradigms: Offline learning trains a
model once on a fixed dataset and requires retraining for updates, while online
learning adapts continuously to incoming data streams.

Online learning has been studied extensively in the context of streaming data and big-
data applications [55]. Streaming data that are generated continuously, are often only
observed once, and may exhibit unpredictable and sometimes abrupt changes [55]. Such

1For a historical overview on the spelling of online and on-line, please refer to Section A.
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concept drift (structural changes in the data-generating process) poses a challenge for
conventional machine learning algorithms, which typically assume that training and test
data are identically distributed [55]. Similar issues arise in CPESs simulations, where
not all relevant events or operating conditions are observable during an initial training
phase. Dynamic incremental learning allows a model to adapt to previously unseen events
and operating regimes, thereby mitigating degradation in prediction quality and avoiding
catastrophic forgetting when new scenarios are encountered [36].

Figure 2.6 summarizes the main differences between offline and online learning paradigms.
In offline (or batch) learning, a model is trained on an entire, fixed dataset. This approach
is well suited when the data distribution is stationary and the complete dataset is available
in advance, but it becomes impractical for data streams due to memory limitations and
the inability to react to drift [55]. Every substantial change in the data would require
collecting a new dataset and retraining the model from scratch.

In contrast, online (or incremental) learning updates the model continuously as new
data points arrive. Updates can be performed sample by sample or on small mini-batches
and are often combined with mechanisms such as sliding windows that focus the model
on the most recent observations [55]. This enables the learner to track gradual changes
in the data distribution and to adapt efficiently without full retraining. Based on these
explanations, online learning is defined as:

Definition 8 (Online learning). Online learning is a machine learning paradigm in which
a model is updated incrementally as new data arrives, instead of being trained once on a
fixed, static dataset.

To cope with concept drift (e.g., in the context of this thesis changes in communication
delay characteristics caused by network reconfiguration or varying traffic loads during a
CPES simulation), various mechanisms have been proposed. Change-detection methods
monitor the data stream or the model’s predictive performance and trigger retraining, model
updates, or a reset once a significant shift is detected [55]. Ensemble-based approaches
maintain multiple models in parallel and compare their predictions [55]. These approaches
will be presented in more detail in Subsection 2.2.3.

In this thesis, online learning is used to adapt meta-models of communication behavior
during the course of a simulation. Here, the data stream corresponds to events occurring in
simulation time (cf. Figure 2.6). New observations of communication network performance
are incorporated into the meta-model incrementally, allowing it to remain accurate across
heterogeneous and evolving communication scenarios without requiring the full cost of
repeated high-fidelity simulations.
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2.2.3 Ensemble Learning

Ensemble learning combines multiple predictors (classifiers or regressors) into a single
model with the aim of achieving better predictive performance than any individual learner
alone [56, 57]. This principle is often described as the “wisdom of the crowd”: aggregated
predictions from a diverse set of models tend to be more accurate and robust than those
of a single model, provided that suitable mechanisms for combining their outputs are in
place [56]. Beyond improved accuracy, ensembles can reduce generalization error, increase
robustness to noise, and stabilize predictions in supervised learning tasks such as regression
and classification [57]. An overview of the ensemble types considered in this thesis is given
in Figure 2.7.

Bagging

Aggregation

prediction

Different subsets of training data

Boosting

prediction

Sequential learning from mistakes

Stacking

prediction

Second-level predictions

Figure 2.7: Overview of ensemble learning types: Bagging trains classifiers on different
data subsets and aggregates predictions, Boosting builds sequential models
correcting prior errors, and Stacking combines outputs of base classifiers with
a meta-classifier.

Decision trees are frequently used as base learners in ensemble methods due to their
relatively short training times, ability to handle mixed-type input features, and high inter-
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pretability [56]. Regression trees extend decision trees to continuous targets by combining
the tree structure with local regression models in the leaves. Overall, tree-based learners
provide a favorable trade-off between predictive performance, computational cost, and
interpretability, and they serve as a natural building block for many ensemble techniques.

In online learning scenarios, the distribution of the target variable and the underlying
data-generating process may change over time. Such concept drift leads to a reduction
in prediction accuracy if models are not adapted accordingly [56]. To cope with drift,
algorithms must react quickly to changes, for example by comparing class or target dis-
tributions in older and more recent data, maintaining a forest of trees instead of a single
model, or dynamically updating the ensemble. Dynamic approaches such as the Dynamic
Weighted Majority (DWM) maintain a pool of base learners whose weights are adjusted
according to their current performance; poorly performing trees can be removed and new
ones added when the data distribution changes [56]. For ensembles to function effectively
as “wise crowds”, they should exhibit diversity of opinion, independence of individual learn-
ers, decentralization (each learner exploiting different information), and an appropriate
aggregation mechanism.

Ensemble methods exploit the fact that different learners have different inductive biases
and error profiles. By combining their predictions, overall robustness and accuracy can be
improved [57]. Figure 2.7 illustrates three common families of ensemble techniques [58].

In bagging (left panel in Figure 2.7), multiple base learners are constructed by training
each one on a different bootstrap sample of the training set (sampling with replacement).
Predictions are then aggregated, typically by averaging (for regression) or majority voting
(for classification). Random Forests are a prominent bagging-based ensemble of decision
trees, additionally introducing randomness in feature selection at each split.

In boosting (center panel in Figure 2.7), base learners are constructed sequentially, with
each new learner focusing on the instances that were incorrectly predicted by its prede-
cessors. Errors of earlier models are emphasized by reweighting training samples, leading
subsequent learners to correct them.

In stacking (right panel in Figure 2.7), the outputs of several base learners are used as
inputs to a second-level model, the meta-learner. This meta-learner is trained to exploit
the complementary strengths of the base models and to correct their systematic biases.
Stacking is particularly useful when base learners are heterogeneous and capture different
aspects of the data.
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2.3 Communication in CPES

The operation of CPESs relies on a tight coupling between physical power system processes
and the supporting communication infrastructure. Measurements, control signals, and mar-
ket interactions are transported over heterogeneous networks that span customer premises,
distribution grids, and wide-area backbones. The characteristics of these networks directly
influence the stability, efficiency, and resilience of the overall system.

This section provides an overview of the communication aspects that are most relevant
for this thesis. First, in Subsection 2.3.1 the main network types and technologies used in
CPESs are outlined, emphasizing their hierarchical organization and typical deployment
contexts. Next, the quantitative and qualitative requirements imposed by CPES applica-
tions are summarized in Subsection 2.3.2 and linked to standard performance indicators
such as delay, jitter, throughput, and loss in Subsection 2.3.3. Finally, representative com-
munication applications across power system domains are introduced in Subsection 2.3.4,
forming the basis for the scenario-specific traffic models discussed later in Chapter 3.

2.3.1 Network Types and Technologies

Communication infrastructures in CPESs are typically organized in a hierarchical manner
as displayed in Figure 2.8, reflecting the structure of the underlying power system. Many
works provide detailed surveys of the corresponding network types and suitable communi-
cation technologies, including their advantages and limitations [48, 59, 60, 61, 62]. In the
following, only a concise overview is given, focusing on the characteristics that are most
relevant for this thesis.

Wide Area Networks (WANs) connect control centers, primary substations, and other
critical infrastructure across medium- and high-voltage levels. They form the high-capacity
backbone of the smart grid and must support long-distance data transmission with high
reliability and low latency for applications such as Supervisory Control and Data Acquisi-
tion (SCADA), and wide-area monitoring. Typical coverage ranges from 10-100 km, with
data rates from 10 Megabit per second (Mbps) up to the 1 Gigabit per second (Gbps)
range [48, 59, 63]. Representative technologies include fiber-based Ethernet and optical
transport networks, Multi-Protocol Label Switching (MPLS) backbones, as well as cel-
lular and wireless solutions like WiMAX, 4G/5G, or satellite links in areas where wired
infrastructure is not available [63].

Field Area Networks (FANs) and Neighborhood Area Networks (NANs), often imple-
mented as part of the Advanced Metering Infrastructure (AMI), provide communication
within the distribution grid. They aggregate data from smart meters, protection and au-
tomation devices, and local controllers, and bridge customer premises networks with the
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Wide Area Network (WAN)
Coverage: 10–100 km Data rate: 10 Mbps–1 Gbps
Examples: fibre Ethernet, MPLS, 4G/5G, satellite

Field / Neighborhood Area Network (FAN/NAN, AMI)
Coverage: 10 m–10 km Data rate: 100 kbps–10 Mbps
Examples: RF mesh, PLC (NB/BPL), Wi-Fi, LTE/LTE-M, xDSL

Customer Premises Network (HAN/BAN/IAN)
Coverage: 1–100 m Data rate: 10–100 kbps (application-dependent)
Examples: ZigBee, Z-Wave, Wi-Fi, 6LoWPAN, Ethernet, HomePlug, M-Bus

data aggregation

backbone communication

Figure 2.8: Network hierarchy in CPESs with characteristic coverage, data rate, and tech-
nology choices.

utility WAN. Coverage typically spans from a few tens of meters up to several kilometers
(10 m-10 km), while required data rates lie between roughly 100 kbps and 10 Mbps, depend-
ing strongly on node density, topology, and application mix [48, 59, 63]. Common tech-
nologies include wireless Radio Frequency (RF) mesh networks, ZigBee [64] or Wi-Fi [65],
cellular standards such as Long Term Evolution (LTE)/LTE-M [66] and dedicated LTE450
solutions [67] for rural areas, as well as wired Power Line Communication (PLC) [68] and
xDigital Subscriber Line (DSL) on existing copper infrastructure [59, 63].

At the lowest level, customer premises networks connect smart meters, appliances, and
local energy management systems within homes, buildings, or industrial facilities. These
networks, typically referred to as Home Area Networks (HANs), Building Area Networks
(BANs), or Industrial Area Networks (IANs), cover distances from approximately 1 m to
100 m and usually require only low to moderate data rates on the order of 10-100 kbps,
depending on the specific application [63]. They predominantly rely on low-power wireless
technologies such as ZigBee [64], Z-Wave, Wi-Fi, or IPv6 over Low-Power Wireless Per-
sonal Area Network (6LoWPAN) [64], complemented by wired options like Ethernet [69],
HomePlug, or M-Bus [59, 60, 61].

Across these network layers, three main categories of physical media are used: copper,
fiber optics, and wireless links. Copper-based media remain widespread due to their low cost
and ease of installation, and they underpin technologies such as PLC and xDSL [59]. Fiber-
optic cables offer virtually unlimited bandwidth, immunity to electromagnetic interference,
and high security, making them the preferred choice for backbone WANs and other critical
links [59]. Wireless technologies transmit information via electromagnetic waves and enable
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flexible deployment, especially in geographically challenging areas or where laying cables
is not economical. They encompass short-range solutions for customer premises networks
(e.g., ZigBee, Wi-Fi, Z-Wave) as well as wide-area systems (e.g., cellular, WiMAX, satellite)
used in FANs, NANs, and WANs [59, 63].

2.3.2 Communication Requirements

The communication infrastructure of CPESs must support a wide range of applications,
from real-time protection and automation to advanced metering, demand response, and
market-related services. Consequently, numerous reports and survey papers have analyzed
the communication requirements of smart grid applications and have proposed correspond-
ing design targets for the underlying networks [17, 59, 60]. Following Parizad et al. [17],
these requirements can be grouped into quantitative and qualitative categories. Quantita-
tive requirements specify performance levels that the communication system must provide
(e.g. latency, data rate, reliability), whereas qualitative requirements describe capabilities
and functional properties such as scalability, interoperability, and security.

Quantitative Requirements Delay (or latency) requirements concern the time needed
to transfer data from a source to a destination. Many smart grid applications are time-
critical and involve (near) real-time data exchange, for example in protection schemes,
voltage and frequency control, or distribution automation [59, 60]. For such applications,
the communication system must guarantee sufficiently low end-to-end delay and jitter to
ensure correct and timely operation.

In this thesis, delay is understood as the end-to-end delay experienced by a message
along its communication path. For a packet that traverses several intermediate nodes, this
delay is composed of multiple contributions at each hop:

• Processing delay, caused by protocol processing and packet handling at routers,
switches, and gateways.

• Transmission delay, i.e. the time required to push all bits of the packet onto the link,
determined by packet size and link data rate.

• Propagation delay, i.e. the time for the signal to travel across the physical medium
(copper, fiber, or wireless), determined by distance and propagation speed.

• Queuing delay, incurred when packets wait in buffers due to contention for shared
resources or transient congestion.
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Here, a packet denotes a discrete unit of data into which a message is divided for transmis-
sion over a communication network, including protocol headers and payload, and forwarded
independently along the communication path.

Data rate requirements specify the amount of data that can be transmitted within a
given time interval. The heterogeneous nature of CPES applications leads to highly di-
verse data rate demands: protection signals or control setpoints typically require only
small payloads, whereas Phasor Measurement Units (PMUs), high-resolution monitoring,
or firmware updates entail much higher throughput [59, 60]. The communication infrastruc-
ture must therefore accommodate both low-volume, highly time-critical traffic and more
bandwidth-intensive, but less delay-sensitive, services.

Reliability refers to the ability of the communication system to remain available and
to deliver messages with a sufficiently low probability of loss. Since many energy system
functions are mission-critical, the underlying networks must provide high availability, fault
tolerance, and robust error handling so that information is delivered even in the presence
of disturbances or partial failures [59, 60].

Qualitative Requirements Scalability is essential because millions of additional de-
vices, such as smart meters, distributed energy resources, and controllable loads, are ex-
pected to be connected to the grid. The communication system must be capable of ac-
commodating this rapid growth without disproportionate degradation of performance or
excessive operational complexity [17, 60].

Interoperability is required to ensure that devices and applications using different com-
munication standards and technologies can exchange information seamlessly. Given the
coexistence of legacy systems, vendor-specific solutions, and emerging standards, interoper-
able interfaces and protocols are crucial for avoiding vendor lock-in and enabling end-to-end
functionality across heterogeneous networks [17, 60].

Security requirements address both cyber security and privacy. Communication networks
in CPESs transport grid-critical information as well as data related to consumer behavior
and energy usage. They must therefore be resilient against a broad spectrum of attacks,
including eavesdropping, manipulation, denial of service, and unauthorized access, while
also protecting customers’ privacy [17, 59, 60]. This implies the need for authentication,
integrity protection, confidentiality, and appropriate access control mechanisms.

2.3.3 Communication Network Performance Indicators

The quantitative requirements outlined above are typically expressed in terms of measurable
performance indicators. A stream of packets from a source to a destination is referred to
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as a flow, and the needs of each flow can be characterized by four primary parameters:
bandwidth, delay, jitter, and loss [70]. Together, these parameters determine the Quality
of Service (QoS) provided to that flow. In addition, throughput is often considered as an
operational measure of achieved performance.

• Bandwidth: The maximum rate at which data can be transmitted over a communica-
tion channel, typically measured in bit per second (bps). It represents the physical
capacity of the link.

• Throughput: The actual data rate achieved by a flow, often lower than the available
bandwidth due to protocol overhead, congestion, or retransmissions.

• Delay (latency): The time taken for a packet to travel from the source to the des-
tination. In line with Subsection 2.3.2, this end-to-end delay comprises processing,
transmission, propagation, and queuing delays accumulated along the path [71]. It
is a key performance measure for time-critical and interactive applications.

• Jitter: The variation in packet delay or inter-arrival time, often quantified as the
standard deviation of the delay. High jitter can degrade the performance of real-time
applications such as voice or video streaming.

• Packet loss: The fraction of transmitted packets that fail to reach the destination.
Causes include buffer overflows, transmission errors, or routing failures. Packet loss
directly affects reliability and perceived quality, especially for protocols without loss
concealment or retransmission.

2.3.4 Communication Applications

A broad range of communication applications in CPESs is surveyed in [62]. These ap-
plications are grouped into the major domains of the electric power system (generation,
transmission, distribution, and customer) each with characteristic requirements regarding
reliability, delay, data rate, and coverage.

In the author’s own work [1], this classification is used to derive so-called simple traf-
fic models, which capture typical communication patterns of selected applications and
will be discussed in detail in Chapter 3. Here, Table 2.1 provides a concise overview of
representative application categories and example use cases per power system domain.
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Table 2.1: Communication applications mapped to power system domains (adapted from
Figure 2.3 in [62]).

Power System
Domain

Application Category Example Application

Generation &
Transmission

Wide Area Monitoring State Estimation

Wide Area Control Wide Area Voltage Stability

Wide Area Protection Predictive Load Shedding

Distribution Automation and Management Meter Reading

Customer Interaction & Pric-
ing

Customer Information & Messaging

Emerging Applications Premises Network Administration

Customer Automation Home Automation

2.4 Communication Modeling Approaches

The previous sections discussed that communication infrastructures substantially influence
the performance and robustness of CPESs. Depending on the study objective, different
levels of abstraction are appropriate when representing the communication system, ranging
from simple delay assumptions to detailed packet-level simulations. This section summarizes
available modeling approaches, discusses their suitability for typical use cases, and motivates
the development of meta-model-based approaches as an intermediate solution between
analytical models and detailed simulations.

In an own, accompanying publication [7], a systematic literature review was conducted
to analyze how communication networks are modeled in energy-system-related studies.
The method used in this publication is illustrated in Figure 2.9. Based on 60 representa-
tive publications, communication applications were grouped by network type (premises
networks, NANs, WANs, refer to Section 2.3 for details), different system perspectives
were identified (component-specific, dyadic, holistic), and seven recurring objectives for
jointly considering power and communication systems were derived (e.g., investigating
functionality under communication influence, design optimization of the communication
network, evaluation of real systems). The review then classified the concrete communica-
tion modeling approaches used and mapped them to these objectives and perspectives.
The underlying database of this review was published by the author in the Open Research
Knowledge Graph (ORKG) [12].
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Figure 2.9: Illustration of the methodological approach for extracting communication mod-
eling approaches from representative publications.

Starting from a (communication) system, its behavior can be studied either by direct
experimentation with the real system or, more commonly in CPESs, by experimentation
with a model (cf. Subsection 2.1.3). In the following, the focus will be on mathematical
models, including analytical models and (detailed) simulations. Analytical models symbol-
ically represent the equations to obtain closed-form results or bounds, while simulations
numerically evaluate the same equations by executing the model in (simulated) time.

Under the umbrella of analytical models, several approaches can be distinguished. Net-
work calculus provides deterministic bounds on delay and backlog based on abstract traffic
and service curves and is used when worst-case guarantees are of primary interest. At
a more application-oriented level, many energy-system studies represent communication
effects by a direct integration of performance KPIs, where fixed or parameterized end-to-
end delays, loss probabilities, or bandwidth constraints are attached to message exchanges
in the power system model. More refined analytical descriptions include queuing models,
which capture congestion effects in terms of arrival and service processes, and graph-based
models, which represent the network as a graph whose edges are annotated with aggregate
performance metrics. Channel models focus on the physical or link layer and describe
error processes, fading, and time-varying delay on individual links. These analytical ap-
proaches are computationally inexpensive and comparatively easy to integrate into power
system tools, but they rely on simplifying assumptions and typically do not capture the
full protocol dynamics of realistic communication infrastructures.

On the simulation branch, detailed simulations of communication networks are imple-
mented, for example, using frameworks such as OMNeT++ or ns-3 (cf. paragraph 2.1.4).
They explicitly model packets, protocol stacks, queues, and scheduling mechanisms and can
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Figure 2.10: Conceptual classification of communication modeling approaches for CPESs.
Approaches shown in blue are commonly used in the literature, while the
dotted, green box highlights the online, integrated meta-model developed in
this thesis (adapted from Figure 4 in own publication [7]).

represent heterogeneous technologies, traffic patterns, and dynamic network states. When
coupled with power system simulations, they form an integrated simulation of the joint
cyber-physical system. This allows for high-fidelity investigations of mutual dependencies
between power and communication networks but entails substantial modeling effort, high
computational cost, and additional complexity in co-simulation.

In parallel to these branches, Figure 2.10 shows two further abstraction layers. First,
abstract application representations operate purely at the application layer and directly
prescribe how messages are delayed, dropped, or manipulated without explicitly modeling
the underlying network. They are useful when the focus is on application behavior (e.g.,
under cyber attacks) rather than on network mechanisms.
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Second, meta-models act as surrogates for detailed simulations. They are trained to
reproduce the input–output behavior of a more detailed model and can subsequently be
evaluated much faster. Existing work in the communication networking community has
predominantly considered offline meta-models, trained once on large datasets generated by
detailed simulations. In this thesis, this idea is extended to an online, integrated meta-model
(dotted, green box in Figure 2.10), which is integrated into the (power system or control)
simulation and adapted during runtime.

In summary, the approaches in Figure 2.10 span a spectrum from simple analytical
models with low computational cost but limited realism to detailed simulations with high
fidelity but substantial computational and modeling effort. The meta-model concept aims
at finding a trade-off in this spectrum, combining efficiency with sufficient accuracy for
CPES studies.

Meta-Models for Communication Network Simulation As introduced in Sec-
tion 2.2, meta-models approximate the input-output behavior of a high-fidelity model at a
significantly lower computational cost. For communication networks, they typically predict
performance indicators such as end-to-end delay, jitter, packet loss, or throughput based on
a description of the network topology, traffic pattern, and protocol configuration. Within
the classification of Figure 2.10, such models occupy the “Meta-Model” branch, with of-
fline meta-models representing the state of the art and the online, integrated meta-model
constituting the contribution of this thesis.

In existing approaches on offline meta-models, a detailed communication simulator is
used to generate large training datasets for a variety of synthetic topologies and traffic
scenarios, and supervised learning methods are employed to learn the mapping from sce-
nario descriptors to performance metrics. Once trained, the meta-model replaces repeated
simulator runs and can be queried directly within optimization or design loops. Table 2.2
summarizes a representative set of such contributions. While these works demonstrate that
meta-models can effectively approximate detailed communication simulations, they also
reveal three central limitations from a CPES perspective:

1. Synthetic traffic models. The meta-models are trained almost exclusively on
synthetic traffic patterns (Poisson, on-off, CBR, etc.). These models are standard in
networking research but do not adequately represent the heterogeneous, application-
driven traffic found in CPESs, as will be detailed in Chapter 3.

2. Expensive offline training. Generating the required training datasets requires run-
ning large numbers of detailed simulations. This upfront cost is substantial and must
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be repeated whenever the scenario, protocol stack, or relevant operating conditions
change, which limits practicality for many CPES studies.

3. Black-box integration. Existing meta-models are typically used as external black-
box predictors. They are queried for performance values but are not integrated as
interpretable, co-evolving components of a joint power–communication simulation.
This hinders the systematic analysis of mutual dependencies between both domains.

Table 2.2: Summary of related work on communication network simulation meta-models.

Reference Network Model Size Traffic Model

[33] Ring, star, scale-free
topologies

3-15 nodes Randomized intensities
based on link capacities

[34] Two real-world and mul-
tiple synthetic topolo-
gies

Up to 300 nodes Poisson, on-off, constant
bit-rate, auto-correlated
and modulated exponen-
tials, mixed

[35] Power-law generated 5G
network topologies

25-300 nodes Exponential, deterministic,
uniform, normal, on-off,
PPBP

[72] Three real-world topolo-
gies

25-300 nodes Exponential, deterministic,
uniform, normal, on-off,
PPBP

[73] Real-world topologies
with 5G

Not specified Fixed scenarios

[74] Not specified Not specified Military logic, parameter-
ized

[75] Real-world street topolo-
gies with VANET

100 nodes Random

To address these limitations, this thesis proposes the online, integrated meta-model, which
is highlighted with a green, dotted box in Figure 2.10. Instead of relying on a purely offline
training phase, the meta-model is updated during the course of a simulation using online
learning techniques (Subsection 2.2.2). New observations of communication performance,
generated by the simulation itself, are incorporated incrementally so that the model adapts
to the actual, heterogeneous traffic patterns occurring in CPES scenarios. At the same time,
the meta-model is embedded into the simulation loop as an integral component rather than



40 fundamentals and related work

an external predictor, enabling a more transparent analysis of the interactions between
power and communication systems.

2.5 Synthesis of Gaps & Positioning of this Work

The previous sections have introduced the methodological foundations (simulation and
co-simulation), meta-modeling and online learning, as well as the characteristics of com-
munication networks and their modeling in CPESs. Taken together, these fundamentals
reveal both opportunities and challenges for representing communication behavior in energy
system studies and motivate the research direction of this thesis.

The Figure 2.11 summarizes these aspects in terms of opportunities, challenges, and
possible solution directions. From the simulation perspective (Section 2.1), discrete-event
characteristics are essential for seamless integration of communication models into co-
simulation environments, and combined energy–communication simulations are required
to investigate mutual inter-dependencies in CPESs. Concurrently, detailed communication
simulation can become a computational bottleneck in many-run studies with long horizons,
multiple scenarios, or extensive parameter space exploration.

From the meta-modeling perspective (Section 2.2), surrogate models offer a way to reduce
runtime by approximating the input–output behavior of detailed simulations. However,
existing communication meta-models typically require large, costly training datasets and
lack flexibility when new conditions occur. They are predominantly trained offline and used
as external black-box predictors, which limits their suitability for dynamic, scenario-rich
CPES analyses.

From the machine learning perspective (Subsection 2.2.2 and Subsection 2.2.3), online
learning naturally copes with concept drift and streaming data, and ensemble methods
provide robustness, drift handling, and “wise crowd” behavior via dynamic weighting.
These concepts point to promising mechanisms for meta-models that must adapt to evolving
communication conditions during simulation rather than being fixed after an offline training
phase.

From the communication-systems perspective (Section 2.3), communication models must
be sufficiently technology-agnostic and topology-aware to cover the diversity of CPES
networks. Application diversity across power system domains leads to heterogeneous traffic
patterns and performance requirements, which raises the bar for any surrogate that aims
to replace detailed simulation: it must handle a wide range of traffic models and operating
regimes while still providing meaningful performance indicators.

Finally, the review of communication modeling approaches (Section 2.4) highlights a sys-
tematic trade-off between realism and computational effort. Simple analytical abstractions
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Figure 2.11: Synthesis of opportunities (in the left, green box) and challenges (in the right,
blue box) for communication modeling in CPESs. In the illustration, the
relevant sections from the fundamentals are marked with numbers on the left,
while the chapters in which the points are mainly addressed are marked with
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and KPI-based models are easy to integrate but risk missing important dynamic effects,
while detailed DES-based simulators provide high fidelity at the expense of runtime and
modeling complexity. Existing offline meta-models sit between these extremes but are not
yet tailored to the specific requirements of CPESs and co-simulation.
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Overall, the central research gap addressed in this thesis can be summarized as follows:

• There is a need for communication models that preserve essential DES characteristics
and can be integrated into co-simulation frameworks for CPESs, without incurring
the full computational cost of detailed packet-level simulation.

• Existing meta-models for communication network simulations are not directly appli-
cable to CPESs, since they rely on synthetic traffic models, require extensive offline
training, and act as non-integrated black-box predictors.

In response, this work develops an online trained, integrated meta-model for communica-
tion networks in CPESs. The model is designed as a DES-compatible component, employs
online learning and ensemble techniques to adapt to heterogeneous and evolving traffic
conditions, and aims to balance realism and computational efficiency in large-scale energy
system studies.
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S y s t e m s

Great communication begins with
connection.

Oprah Winfrey

The primary objective of this work is to develop an online meta-modeling approach
to approximate communication simulations in the context of CPESs. The design and
evaluation of such an approach depends on a solid understanding of how communication
in CPESs actually occurs in practice. The way the communication happens determines
the relevant input features and the range of scenarios for which the meta-model must
make accurate predictions. Consequently, this chapter addresses Sub-RQ 1 and therefore
investigates how communication behavior in energy systems can be described, modeled,
and simulated in a systematic and CPES-specific way.

Figure 3.1 provides an overview of how communication scenarios are generated. Start-
ing at the top, the first step is to define how communication takes place in the scenario
(communication traffic model), which is then combined with the communication network
description (communication network model) to form a communication scenario. This sce-
nario is then simulated in the coupled communication network simulator OMNeT++ to
automatically generate simulation data.

Communication in CPESs is driven by a wide variety of applications, ranging from
periodic meter reading and customer information to time-critical wide-area control and
complex, agent-based coordination schemes [1]. Each of these applications induces distinct
temporal patterns, data volumes, communication modes, and organizational structures,
and thereby imposes specific requirements on the communication network. To develop an
automated scenario generation method, it is necessary to introduce precise terminology
for the different building blocks of communication scenarios.

Definition 9 (Communication application). A communication application is a function or
service in a CPES that relies on the exchange of information between distributed components
in order to achieve a specific operational, control, or market-related objective.
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Definition 10 (Traffic model). A traffic model is an abstract representation of the com-
munication behavior induced by a communication application. It specifies which entities
exchange data, in which direction, with which temporal characteristics, and with which data
volumes and communication modes.

Definition 11 (Communication network model). A communication network model de-
scribes the structure and properties of the communication network in a CPES scenario. It
includes the set of communication nodes, their interconnection topology, the assignment of
communication technologies, and the relevant technology parameters.
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Figure 3.1: Overview of the data generation workflow for CPES-specific communication
scenarios and simulation data used in this chapter.

In the scope of this work, a communication scenario is therefore understood as the com-
bination of a traffic model and a communication network model, as illustrated in Figure 3.1.
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This modular view allows communication behavior and communication infrastructure to
be varied and combined systematically, which is essential for generating a diverse set of
scenarios for simulation and subsequent meta-modeling.

Figure 3.1 summarizes the overall data generation workflow that is developed and used
in this chapter. Starting from an abstract description of communication behavior, commu-
nication traffic models are derived (Section 3.1) and mapped onto a set of communication
network models representing typical CPES environments (Section 3.2). The resulting
communication scenarios are then simulated to generate data that reflect the diversity of
communication behavior and network conditions relevant for CPES (Section 3.3). This sim-
ulation data forms the foundation for both the analysis of communication scenario diversity
(Section 3.4) and the later training and validation of the proposed online meta-models.

The methodological foundations of the workflow presented in this chapter originate from
the author’s accompanying work. In particular, [9] introduces a generic description model
for communication behavior in energy systems, which distinguishes between simple and
complex traffic models and defines an automated process for generating representative com-
munication scenarios and corresponding simulation data. Building on this contribution,
the author further demonstrated in [1] how these scenarios can be systematically employed
to analyze the impact of heterogeneous communication technologies and application char-
acteristics on network performance. The present chapter consolidates, refines, and extends
these results into a coherent scenario framework explicitly tailored to the requirements of
online meta-modeling.

3.1 Communication Traffic Models

Starting with the upper part of Figure 3.1, the following describes how the communication
traffic models are defined within the scope of this work.

Communication in CPESs results from a heterogeneous set of communication applica-
tions with differing objectives, time scales, and interaction patterns. Examples range from
periodic meter reading and simple customer information services to wide-area protection
schemes and multi-agent coordination in markets or distributed control [62]. Each of these
applications induces characteristic temporal patterns, data volumes, and communication
modes and therefore imposes specific requirements on the underlying communication net-
work [1]. To study these requirements systematically and to generate representative input
data for the online meta-modeling approach, the communication behavior of applications
is abstracted into communication traffic models as defined in Definition 10.

Existing work on communication traffic modeling in the context of energy systems and
related domains has largely focused on generic traffic abstractions and network-centric
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studies. Typical approaches rely on stochastic traffic models such as Constant Bit-rate
(CBR), Poisson, or on/off processes and apply them to synthetic or simplified network
topologies in order to approximate communication load and evaluate network performance
(cf. overview on related work in Table 2.2). While this is suitable for analyzing fundamental
network phenomena, these models usually neglect the domain-specific characteristics of
energy system applications and their interaction structures. Moreover, they often consider
only a small number of fixed traffic configurations instead of systematically covering a
broader space of application behaviors. In this work, communication traffic models are
therefore derived on an application basis and explicitly tailored to CPESs.

To reflect the diversity of communication behavior while keeping the modeling effort man-
ageable, two classes of communication traffic models are distinguished: simple and complex
traffic models. Simple traffic models capture applications whose communication behavior
can be described by a small set of aggregate parameters (e.g., monitoring applications).
Complex traffic models, in contrast, are used for applications where the communication
behavior is strongly shaped by the organizational structure and requires an explicit rep-
resentation of communication flows between different system layers (e.g., decentralized
demand supply balancing).

3.1.1 Simple Traffic Models

Simple traffic models represent communication applications whose behavior can be char-
acterized by a few key parameters without explicitly modeling detailed message sequences.
In this work, each simple traffic model is described by

• the message frequency, specifying how often messages are generated (e.g., periodically
with a given interval or on demand),

• the data size of individual messages or ranges of payload sizes,

• the communication mode, such as unicast, broadcast and multicast, and

• the set of end devices involved as senders and receivers.

These parameters collectively define the temporal intensity and volumetric load imposed
by an application on the communication network, as well as the directionality of the traffic.

Based on an overview of CPES applications that rely on communication networks by
Cali et al. [62], a set of representative applications1 is selected and mapped to simple traffic
models (cf. [1]). The selection includes both customer-oriented and grid-oriented functions.

1The applications have been chosen to include different communication characteristics (e.g., regarding
data sizes and frequencies).
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Customer Automation is modeled with relatively small payloads on the order of 10-100 Byte
(B), representing short control or status messages. Automated Meter Reading is included
in two variants: an on-demand variant with packets around 100 B, and a scheduled variant
with larger payloads in the range of approximately 1600-2400 B, reflecting the periodic
transmission of more comprehensive meter data. Storage applications are represented with
packet sizes of about 50 B, while Customer Information services are modeled with medium-
sized messages of around 200 B. In addition, several Wide Area Control applications are
covered, which are particularly relevant for transmission system operation. These include
Power Oscillation Monitoring, Voltage Stability Control, State Estimation, and Protection
functions. Their traffic is modeled with comparatively small packet sizes, typically in
the range of a few tens of bytes (e.g., 10 B for oscillation monitoring, voltage stability
control, and protection, and around 52 B for state estimation), consistent with phasor-
based measurements and control commands.

3.1.2 Complex Traffic Models

For some applications in CPESs, communication behavior cannot be adequately described
by a small set of aggregate parameters alone. This is particularly the case for applications
that are realized as (or naturally lend themselves to) agent-based systems, in which au-
tonomous entities with local objectives interact, exchange information, and adapt their
behavior based on their environment and other agents. Agent-based realizations offer sev-
eral advantages, including the ability to decompose complex control and coordination tasks
into local decision-making, support scalability in large systems, and enable flexible, modular
designs that can cope with heterogeneous assets and stakeholders. [76, 77]

Such applications typically involve distributed decision making, negotiation, or hierar-
chical coordination and therefore exhibit communication patterns that depend strongly on
the organizational structure of the system and on the roles of the involved agents. Exam-
ples include market participation, demand–supply balancing, coordinated electric vehicle
charging, fault detection and location, and distributed voltage regulation. [76]

For these applications, complex traffic models are defined that explicitly specify the com-
munication flows between agents on different system layers and for different organizational
structures. Following Yao et al. [78], a layered architecture for information exchange is
adopted containing local, intermediary, and central agents:

• Local layer: Includes household agents, device agents, and other end-point devices.

• Intermediate layer: Contains aggregator agents and substation agents that facili-
tate communication between local and central entities.
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• Control layer: Comprised of grid operator agents and control center agents respon-
sible for system-wide decisions or central entities such as markets.

Yao et al. [78] also identify three different organizational structures:

1. Centralized: A central entity is responsible for information aggregation and decision
making.

2. Hierarchical: An intermediary layer is introduced, where groups of local agents
report state information to respective intermediary agents.

3. Decentralized: Direct communication occurs between agents without central coor-
dination.

For each complex application and each organizational structure, abstract communica-
tion flows are derived from representative implementations in the literature. Table 3.1
summarizes these flows by listing, for each combination of application and structure, the
sequence of message exchanges between layers (Local, Intermediary, Control). For instance,
market participation under a centralized structure is modeled as local agents sending bids
to a central market operator and receiving price signals and clearing results, whereas in a
decentralized structure, local agents exchange trading proposals and negotiation messages
directly. Similar distinctions exist for demand–supply balancing, electric vehicle manage-
ment, fault detection and location, and voltage regulation. Table 3.1 includes literature
references for each application and structure, demonstrating that all communication flows
are derived from research on concrete implementations in various CPES contexts. It is
important to note that not the full algorithmic logic of these applications was implemented,
but the abstracted the communication flows were extracted from the referenced stud-
ies. This abstraction allows to capture the essential communication characteristics while
maintaining a manageable simulation scope.

These flows were then parametrized using different:

• Data sizes: small (8-50 B), medium (50-200 B), large (200-1000 B), based on ranges
from simple traffic models [62],

• Optimization complexities: reflected as the duration of hold times between mes-
sage arrival and response: immediate (0-0.1 seconds (s)), low (0.1-1 s), medium (1-30 s),
high (30 s-5 min),

• Overlay topologies: ring, small-world, complete as in [93].
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Table 3.1: Communication flows in different organizational structures.
Application Structure Layer Communication Flow Reference

Market Participa-
tion

Centralized Control → Local: Market price signals
Local → Control: Bids/offers
Control → Local: Market clearing results

[79]

Hierarchical Control → Intermediate: Market information
Intermediate ↔ Local: Bid collection and aggregation
Intermediate → Control: Aggregated bids
Control → Intermediate: Market results
Intermediate → Local: Allocation decisions

[80]

Decentralized Local ↔ Local: Peer-to-peer trading proposals
Local ↔ Local: Bilateral negotiation

[81]

Demand Supply
Balancing

Centralized Local → Control: Supply/demand data
Control → Local: Allocation decisions

[82]

Hierarchical Control → Intermediate: Balancing request
Intermediate → Local: Negotiation initialization
Local ↔ Local: Peer negotiation
Local → Intermediate: Negotiation results
Intermediate → Control: Aggregated solution

[83]

Decentralized Control → Local: Balancing request
Local ↔ Local: Peer negotiation
Local → Control: Final solution

[84]

EV Management
System

Centralized Local → Control: Charging requirements
Control → Local: Charging schedules

[85]

Hierarchical Control → Intermediate: Price and constraint information
Local → Intermediate: Charging requirements
Intermediate → Local: Charging schedules

[86]

Decentralized Local ↔ Local: Schedule exchange and coordination [85]

Fault Detection
and Location

Centralized Local → Control: Measurement/fault indicators [87]
Hierarchical Local → Intermediate: Measurement data

Intermediate: Fault analysis
[88]

Decentralized Local → Local: Fault indicators to neighbors
Local ↔ Local: Coordinated fault detection

[89]

Voltage Regulation
Centralized Local → Control: Measurement data

Control → Local: Voltage adjustment commands
[90]

Hierarchical Local → Intermediate: Measurement data
Intermediate → Local: Voltage adjustment commands

[91]

Decentralized Local ↔ Local: Voltage state exchange
Local ↔ Local: Coordinated adjustment information

[92]

By combining simple and complex traffic models, the resulting set of communication
traffic models spans a broad range of communication behaviors observed in CPESs. This
set serves as the starting point for the construction of communication scenarios in the
Section 3.3, where the traffic models are mapped onto concrete communication network
models and used to generate simulation data.

3.2 Communication Network Models

To define a comprehensive set of CPES-specific communication scenarios, the previously
introduced traffic models must be combined with suitable communication network mod-
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els. The communication network models presented in this section are designed to reflect
the range of real-world communication systems outlined in Section 2.3, while remaining
sufficiently structured and parameterized for systematic scenario generation.

Since the communication applications and the derived traffic models are grounded in
CPESs, the locations of the end devices in the communication network are mapped to the
geographical coordinates of the corresponding entities in the power system. To this end,
communication network topologies are generated on the basis of the SimBench-pandapower
reference networks [94]. Grid assets such as buses, loads, and substations are associated
with communication nodes (e.g., meters, controllers, gateways), so that communication
paths reflect realistic distances, clustering, and urbanization levels.

The resulting communication networks are modeled using the OMNeT++ network
simulator [37]. While other network simulators (for an overview refer to paragraph 2.1.4)
could, in principle, be used analogously, OMNeT++ was selected due to its comprehensive
support for heterogeneous communication technologies and its extensive protocol libraries.
Wireless and wired technologies are integrated via established OMNeT++ libraries (INET 2

and Simu5G3), enabling a consistent configuration and reuse of models across scenarios.
A set of widely used (cf. e.g., [63]) communication technologies is considered (for details

on communication technologies for CPESs refer to Section 2.3):

• 5G: Used to represent high-capacity, low-latency cellular access with wide-area cov-
erage.

• LTE: Models current-generation cellular networks with broad deployment, providing
moderate to high data rates and good coverage.

• LTE450: Represents dedicated networks with sub-Gigahertz (GHz) cellular communi-
cation around 450 Megahertz (MHz), which offers improved coverage and penetration
in rural or hard-to-reach areas.

• WiFi (802.11/802.11ac): Used for short-range wireless access in customer premises
and local environments, covering a wide range of data rates and device densities.

• Ethernet: Represents wired communication with high reliability and stable data
rates.

Each technology is configured with realistic parameters, summarized in Table 3.2. For
5G networks, parameters following Nardini et al. [95] are implemented, including carrier fre-
quency, transmit powers, antenna gains, and noise figures. LTE and LTE450 configurations

2https://inet.omnetpp.org/, last access: 2026-01-19
3https://simu5g.org/, last access: 2026-01-19

https://inet.omnetpp.org/
https://simu5g.org/
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are based on the INET framework and prior work on combined control and communication
simulations for CPESs [5], with appropriate adaptations for the lower carrier frequency and
propagation characteristics of LTE450. WiFi configurations (IEEE 802.11 and 802.11ac)
follow the parameter settings of the OMNeT++ example models, representing typical
low-power deployments in customer premises networks. Ethernet links are modeled with
configurable link capacities and a finite queue capacity of 100 packets at intermediate
nodes.

Table 3.2: Communication network parameters used in the simulation. Power levels are
given in Decibel relative to one milliwatt (dBm); antenna gains in Decibel
relative to isotropic radiator (dBi); noise figures in Decibel (dB).

Technology Parameter Value

5G

Carrier frequency 700 MHz
UE Tx Power 26 dBm
gNB Tx Power 46 dBm
gNB antenna gain 8 dBi
UE antenna gain 0 dBi
gNB noise figure 5 dB
Number of resource blocks 50

LTE
UE Tx Power 26 dBm
eNodeB Tx Power 40 dBm
Number of resource blocks 6

LTE450

Carrier frequency 450 MHz
UE Tx Power 26 dBm
eNodeB Tx Power 40 dBm
Number of resource blocks 6
Propagation model Rayleigh

WiFi 802.11

Carrier frequency 2.4 GHz
Bitrate 2 Mbps
Tx Power 3 dBm
Receiver sensitivity -85 dBm

WiFi 802.11ac

Carrier frequency 5 GHz
Bitrate 693.3 Mbps
Tx Power 20 dBm
Receiver sensitivity -85 dBm

Ethernet Packet queue capacity 100 packets

The various network types introduced in Subsection 2.3.1 are instantiated by combining
these technologies with different topologies:

• HANs (used for the Customer Automation application) are modeled using an as-
sumed in-home topology without explicit neighborhood structure. WiFi (802.11 and
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802.11ac) and Ethernet are employed to represent short-range wireless access and
wired in-building connections.

• WANs (used for Wide Area Control (WAC) applications) are based on SimBench
medium-voltage networks with larger geographic extent and sparser node distribu-
tions. They are also modeled with 5G, LTE, LTE450, and Ethernet to capture a
range of backbone and wide-area connectivity options.

• NANs (used for all remaining applications) are derived from selected SimBench
distribution and mixed-level networks and are equipped with 5G, LTE, LTE450, and
Ethernet technologies. They represent communication within the distribution grid
and between customer premises and utility systems.

These technology choices reflect typical usage patterns reported in the literature [63, 96]
and are supported by existing OMNeT++ model libraries.

The SimBench networks are selected to cover diverse characteristics, including different
urbanization levels (urban, semi-urban, rural), grid levels, and future network variants.
For HANs, a single generic home topology is used and combined with multiple access
technologies, as no explicit spatial neighborhood modeling is required. For NANs and WANs,
different SimBench networks are used to generate scenarios with varying node densities,
coverage areas, and path lengths. Wireless technologies are deployed with appropriately
placed base stations and access points to ensure adequate coverage of the network area,
depending on the size and spatial extent of the underlying power grid.

Overall, this modeling process yields the following set of communication network models:

• 3 HAN models, derived from 1 topology combined with 3 technologies.

• 12 NAN models, derived from 3 SimBench networks4 combined with 4 technologies.

• 8 WAN models, derived from 2 SimBench networks5 combined with 4 technologies.

As an example, Figure 3.2 shows one of the networks as a model in OMNeT++. The various
end devices are named here as agent equivalents, but can also represent corresponding non-
agent-based devices. A wireless network has been chosen as the technology in this example.
The network with the given network size can be covered here by one antenna. These models
form a modular and reusable basis for constructing communication scenarios by combining
them with the traffic models from Section 3.1. In Section 3.3, these combinations are used
to instantiate concrete scenarios and generate simulation data for subsequent analysis and
meta-modeling.

4SimBench codes for NANs: 1-MV-urban–1, 1-LV-semiurb4–1, 1-MVLV-rural-all-2
5SimBench codes for WANs: 1-MV-urban–1, 1-MV-rural–0
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Figure 3.2: Visual representation of the communication network model in the OM-
NeT++ communication simulator for the SimBench network with the code
1-LV-semiurb4–1. (Icons prefixed with “a” represent household agents. The
exact positions and numbers of the devices have been slightly modified for
readability.)

3.3 Scenario and Simulation Data Generation

Based on the communication traffic models and communication network models intro-
duced in Section 3.1 and Section 3.2, concrete communication scenarios are now generated
according to the workflow summarized in Figure 3.1. Each scenario represents a specific
combination of application-induced communication behavior and network conditions and
serves as a single simulation run in the subsequent analysis as illustrated in the data
generation workflow in Figure 3.3.

For simple traffic models, parametrization is carried out by varying the number of end
devices and application-dependent parameters such as response times or request intervals.
In this manner, several instances of the same type of application are generated, which may
differ, for instance, in their level of parallelism or in their temporal patterns of activity.
Complex traffic models are parametrized more extensively: the number of participating
end devices, the data sizes (small, medium, large), the optimization complexity (reflected
in different hold times between message arrival and response), and additional scenario-
dependent parameters are varied systematically. Each of these parameter configurations
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Figure 3.3: Simplified illustration of the scenario creation and data generation process.

is instantiated in three different modes introduced in Section 3.1 (centralized, hierarchi-
cal, decentralized). For decentralized structures, different overlay topologies for message
dispatch are considered, resulting in distinct communication patterns even for otherwise
similar application settings.

All resulting concrete traffic model instances are then combined with compatible commu-
nication network models from Section 3.2. Simple and complex applications that operate
in customer premises are mapped to HAN models, distribution-level applications to NAN
models, and wide-area control applications to WAN models. This systematic combination
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yields a total of 4 673 distinct simulation scenarios. While this represents an extensive
coverage of the modeled parameter space, it is important to note that the full space of
possible communication scenarios in CPESs is effectively infinite due to the countless
combinations of application parameters, network conditions, and organizational structures.
The approach taken here does not aim at exhaustiveness but at a representative sampling
of the communication behavior space in CPESs, enabling a meaningful analysis of traffic
patterns and their impact on network performance.

The entire scenario generation and simulation workflow (cf. Figure 3.3) is implemented in
Python in a repository called training data generation tool for combined communication and
energy system scenarios (trace)6. Communication flows are specified using the predefined
traffic model descriptions and translated into concrete message generation rules. For each
scenario, the corresponding OMNeT++ network description files (.ned) and initialization
files (.ini) are generated automatically based on the selected SimBench network and
communication technology configuration and written into the OMNeT++ project structure.
The simulations are then executed from within the Python script by invoking OMNeT++
as an external process. After completion of each run, the relevant simulation results are
extracted.

The resulting files contain both scenario-level metadata and message-level records. The
metadata includes, among other attributes, the simulation start time, the communication
application on which the traffic model is based, the applied organizational structure, the
selected communication technology, and the corresponding parameter settings. The message-
level records comprise all messages dispatched during the simulation, including a unique
message identifier, the simulation time at which the message was sent, the sender and
receiver nodes, the packet size in bytes, the reception time, and the resulting end-to-end
delay in milliseconds (computed as the difference between reception and transmission time).
These data form the basis for the subsequent analysis of communication scenario diversity
and network performance in Section 3.4.

3.4 Simulation Data Analysis

The objective of this section is to analyze the simulation data generated from the commu-
nication scenarios introduced in Section 3.3. While the methodological details and selected
results of this analysis have been published previously in own work [1], it is important
in the context of this thesis to revisit the main findings with a specific focus on their
implications for online meta-modeling. In particular, the analysis serves two purposes: (i)

6https://github.com/OFFIS-DAI/trace

https://github.com/OFFIS-DAI/trace


56 communication scenarios in energy systems

it demonstrates the diversity of communication scenarios resulting from different CPES
applications, parametrization, and organizational structures (Subsection 3.4.1), and (ii) it
highlights how this diversity translates into markedly different behaviors of the modeled
communication networks (Subsection 3.4.2). These observations motivate the choice of
input features and requirements for the meta-model developed in later chapters.

3.4.1 Analysis of Communication Traffic Models

This subsection analyzes the communication traffic models across all generated scenarios,
with a focus on four complementary aspects: (i) sender/receiver structures between system
layers, (ii) the relationship between sender/receiver ratios and packet sizes, (iii) tempo-
ral message dispatch patterns, and (iv) the variability of traffic. Taken together, these
viewpoints offer a concise but expressive description of the heterogeneous communication
behavior observed in CPESs.

centralized
sender

hierarchical
sender

decentralized
sender

centralized
receiver

hierarchical
receiver

decentralized
receiver

Layer
Control Layer Intermediary Layer Local Layer

Figure 3.4: Distribution of messages by sender and receiver layers for the Market Partici-
pation application under different organizational structures.

Before analyzing temporal properties, the sender/receiver structures provide insight
into how different system layers interact. Figure 3.4 shows the distribution of messages
by sender and receiver layers for the Market Participation application across the three
organizational structures introduced in Section 3.1. In the centralized structure, traffic is
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dominated by bidirectional communication between Local and Control Layers, reflecting
a direct interaction between local resources and central market or grid operators. In the
decentralized structure, communication occurs almost exclusively within the Local Layer,
illustrating the peer-to-peer nature of fully distributed market schemes. The hierarchical
structure exhibits the most complex pattern, with the Intermediary Layer (aggregators)
sending a large share of messages and the Local Layer receiving most of them. These
differences demonstrate how organizational structure alone can shift the communication
burden between system layers. This can affect which nodes and links are most critical from
a communication perspective.
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Figure 3.5: Ratio between the number of unique senders and receivers versus mean packet
size (logarithmic scale) across all applications and organizational structures.

Beyond layer-wise distributions, the heterogeneity of communication roles can be cap-
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tured by the ratio between the mean number of unique senders and receivers in a scenario.
Figure 3.5 visualizes this sender/receiver ratio for all applications and organizational struc-
tures, plotted against the mean packet size on a logarithmic scale. Ratios close to 1 indicate
balanced many-to-many communication, as in Data Acquisition, where control entities re-
quest measurements from multiple devices and receive corresponding responses. Ratios
greater than 1 characterize scenarios with many senders and comparatively few receivers,
typical of aggregation or fault reporting patterns such as Fault Detection and Location.
Ratios below 1 occur when few senders communicate with many receivers, as in broadcast-
oriented applications like Customer Information. The strong variation in packet sizes (from
very small payloads for time-critical protection to large periodic transfers in Scheduled
Automated Meter Reading) further underlines the diversity of traffic characteristics across
applications. Organizational structures modify these patterns within the same application,
for example shifting from broadcast-like to more balanced sender/receiver ratios when
moving from centralized to decentralized realizations.
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Figure 3.6: Messages and data sizes (in bytes) sent over time (in seconds) in three exemplary
scenarios, illustrating that different application services exhibit fundamentally
different communication behaviors. The marker size reflects the number of
messages dispatched simultaneously with the same data size.

The temporal evolution of message dispatch further illustrates the heterogeneity of com-
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munication traffic models. Figure 3.6 shows three exemplary scenarios. The On-Demand
Automated Meter Reading application exhibits a sparse pattern with only a few messages
at the beginning of the simulation, all with a fixed payload size. In contrast, Data Acqui-
sition starts with a small number of requests sent from a central entity and evolves into
a much higher message volume as responses accumulate over time, illustrating a growing
load driven by increasing participation. The WACs Voltage Stability Control application
features frequent, small-sized messages that are dispatched almost continuously, reflecting
the requirements of time-critical, real-time control. These examples highlight that com-
munication traffic in CPESs ranges from sporadic and event-driven to highly regular and
dense, and that different applications can induce fundamentally different temporal load
profiles.
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Figure 3.7: Distribution of Fano factors (logarithmic scale) by application and organiza-
tional structure, compared to reference values for Poisson and CBR processes.

To quantify the variability and burstiness of message dispatch in a compact form, the
so-called Fano factor is used. The Fano factor is a statistical measure used to quantify
the variability of counting processes, often used in neuro science [97]. This measure is used
here to analyze the variability of communication traffic models. For a given time window
of size w, let N(w) denote the number of messages dispatched within that window. The
Fano factor is then defined as the ratio of the variance V ar(N(w)) to the expected value
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E[N(w)] of the number of events dispatched in that time window:

F (w) = Var(N(w))
E[N(w)] . (3.1)

In this work, w = 1 milliseconds (ms) is used to facilitate comparability between scenarios
of different duration. A value F (w) ≈ 1 corresponds to Poisson-like traffic with variance
and mean of message counts being equal, F (w) < 1 indicates more regular, CBR-like
behavior, and F (w) > 1 reflects super-Poissonian variability with bursty or clustered
message arrivals.

Figure 3.7 summarizes the Fano factors across all applications and organizational struc-
tures on a logarithmic scale. The results reveal a wide spread of variability levels, ranging
from nearly deterministic, CBR-like traffic to highly bursty patterns with Fano factors
several orders of magnitude above one. Some applications, such as Outage Restoration
Management, exhibit near-Poissonian behavior, while others, such as Data Acquisition or
certain market-related and multi-agent coordination schemes, show pronounced burstiness.
Organizational structures further modulate the variability of agent-based applications, with
decentralized realizations often leading to more irregular, interaction-driven traffic. These
findings demonstrate that standard assumptions such as Poisson or CBR processes (see
Table 2.2 for an overview) capture only a small subset of the traffic behaviors observed in
CPESs.

3.4.2 Analysis of Network Influences

The properties of communication traffic models are assumed to directly influence the load
imposed on the underlying communication network and, thereby, to affect key performance
metrics such as end-to-end delay and packet loss. In the following, the network behavior is
therefore primarily analyzed through the lens of message delay times across the considered
network technologies. A detailed, application-wise overview of mean and standard deviation
of delay times for all applications and technologies is provided in the own, accompanying
publication [1].

Across the simulated scenarios, delay characteristics vary substantially between applica-
tions and technologies, reflecting the interplay between application-induced traffic patterns
and technology-specific resource handling. For example, applications with strong aggre-
gation or reporting characteristics can exhibit pronounced delay variability, while more
regular applications show comparatively stable delay behavior across technologies. In the
simulation configuration, Ethernet is especially vulnerable during periods of heavy load
because the buffers at intermediate nodes are limited, which can intensify queuing effects
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when traffic is bursty.
To compactly and technology-neutrally relate traffic characteristics to network behavior,

the Fano factor categories introduced in Subsection 3.4.1 are used as an indicator for
variability in dispatch times. Following the categorization used in [1], three groups are
distinguished: (i) CBR-like scenarios with F (w) ≈ 0, (ii) Poisson-like scenarios with F (w) ≈
1, and (iii) super-Poissonian scenarios with F (w) > 1. These categories reveal a clear
relationship between traffic variability and delay behavior across all considered technologies:
CBR-like scenarios exhibit the lowest mean delays and the lowest delay dispersion due
to predictable, evenly spaced arrivals that reduce contention and prevent sustained queue
build-up. Poisson-like scenarios likewise maintain low mean delays because message arrivals
are comparatively well distributed over time, lowering the probability of short-term overload
peaks. In contrast, super-Poissonian scenarios induce markedly higher mean delays and
substantially larger delay spreads, as clustered arrivals create transient periods of intense
load that increase contention and queuing.
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Figure 3.8: Delay distributions (logarithmic x-axis) across network technologies, stratified
by Fano factor categories (F (w) ≈ 0, F (w) ≈ 1, F (w) > 1). Increasing bursti-
ness is associated with heavier delay tails, particularly for Ethernet due to finite
queuing capacity.

Figure 3.8 visualizes the relationship between dispatch-time variability and network
delay by showing the Empirical Cumulative Distribution Functions (ECDFs) of end-to-end
delay on a logarithmic x-axis, stratified by technology and grouped into three Fano-factor
categories (F (w) ≈ 0, F (w) ≈ 1, F (w) > 1). The communication networks are modeled
using different technologies, following the method described in Section 3.2. Within each
technology, the curves exhibit a consistent ordering: moving from regular/near-constant
dispatching (F (w) ≈ 0) to Poisson-like traffic (F (w) ≈ 1) and finally to bursty traffic
(F (w) > 1) shifts the delay distributions to the right and reduces the slope of the ECDF,
indicating both larger typical delays and increased dispersion. In other words, for a fixed
quantile, the corresponding delay threshold increases with burstiness, and the gap between
categories becomes most pronounced in the upper tail. Across technologies, the baseline
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delay level differs substantially, but the qualitative effect of burstiness persists. Cellular
technologies show broader distributions than Ethernet for many scenarios, while the bursty
category consistently introduces heavier tails. This interpretation is consistent with the
aggregate delay statistics from [1], where burst-prone applications can lead to very large
mean delays and variability. Overall, the results highlight that traffic variability (captured
by the Fano factor) is a key determinant of delay behavior beyond mean message rates.
Technology-specific buffering and scheduling can mitigate the impact of moderate loads, but
under bursty arrivals, queueing dynamics amplify tail latency, particularly in configurations
with finite queue capacity.

3.5 Chapter Summary

This chapter presents the artifacts of Sub-RQ 1 and therefore established a CPES-specific
framework to describe, generate, and analyze communication scenarios as the combination
of an application-derived traffic model and a parameterized communication network model.
Based on this modular scenario view, a large set of representative scenarios was generated
and simulated, enabling a systematic assessment of how diverse CPES communication
behavior can be and how this diversity translates into network performance differences.

Overall, the analysis shows that communication traffic models in CPESs are highly
heterogeneous with respect to sender/receiver structures, payload sizes, temporal dispatch
patterns, and variability (quantified via the Fano factor). Moreover, the same communica-
tion application can exhibit markedly different communication characteristics depending
on its organizational structure (centralized, hierarchical, decentralized), which shifts com-
munication burden across system layers and changes both interaction patterns and traffic
variability.

The simulation results further demonstrate that the response of the communication
network is strongly dependent on the application-induced traffic characteristics. In particu-
lar, dispatch-time variability and burstiness are closely linked to delay behavior and delay
dispersion across technologies, indicating that network performance cannot be inferred
from average traffic rates alone.

These findings have direct implications for the online meta-modeling approach developed
in later chapters. First, the meta-model needs to embed information that captures both the
current condition of the network and the key properties of the active traffic model, so that
it can generalize effectively across different applications and organizational configurations.
Second, it should be able to approximate not only scenarios with simple traffic models but
also complex, interaction-driven traffic originating from agent-based and organizationally
structured applications. Finally, the breadth of the generated scenario set provides both



3.5 chapter summary 63

the empirical foundation and the key insights required for the subsequent development of
input features and for the later evaluation and comparative analysis in Chapter 6.





4 C o m m u n i c a t i o n N e t w o r k S i m u l a t i o n

M o d e l i n g

All models are wrong,
but some are useful.

George Box

In integrated CPES studies, communication behavior (e.g., end-to-end delay and con-
gestion dynamics) constitutes an important part of the overall system response and must
therefore be represented in the simulation. In Section 2.5, it was determined that replacing
a detailed communication simulation with a learned approximation must address not only
predictive accuracy, but also simulation compatibility. The approximation must retain the
essential properties of DESs so that it can be integrated into a simulation environment
(e.g., co-simulation), where time, events, and state transitions are managed in a strictly
discrete-event fashion. This chapter specifically contributes to Sub-RQ 2 by detailing how
simulation outputs can be represented as DES-conform observations (events and state
updates) and processed online within a meta-model that itself constitutes an executable
DES component.

In the own, accompanying publication [10], the core modeling approach for network
simulation approximation has already been presented. This chapter revisits the same
modeling foundations, but extends them by embedding the modeling choices into the
overall methodological context of this thesis.

Section 4.2 & 4.3 Section 4.4 Section 4.5Section 4.1

Identify requirements Define approximation
model 

Requirements

Execute
simulations

Simulation Data

Analyze
Data

Figure 4.1: Presentation of the steps from identifying the requirements for an integrated
simulation model to analyzing the simulation data.

The remainder of this chapter is structured as illustrated in Figure 4.1. Section 4.1
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derives requirements for an integrated approximation model from DES theory. Section 4.2
introduces the graph-based internal representation used in the meta-model and motivates
technology-agnostic modeling decisions. Then, Section 4.3 formalizes event semantics and
time advancement, followed by Section 4.4, which describes the execution routine and
interfaces in the coupled simulation. With that, Section 4.5 then analyzes state attributes
and motivates the feature subset used throughout the remainder of this work, including a
discussion of missing values. Finally, Section 4.6 summarizes the chapter.

4.1 Requirements for an Integrated Simulation Model

In Section 2.1, the foundations of simulations were introduced and a system was defined
as a set of interrelated elements that are viewed as a whole within a specific context. Here,
the system of interest is the detailed communication simulation that serves as the reference
to be approximated. The meta-model is consequently designed as a simplified replica of
this system, i.e., a model that reproduces those aspects of the system behavior that are
relevant for integration into the surrounding simulation environment.

The detailed communication simulation consists of multiple interacting system com-
ponents. In the communication network setting examined here, these components are
considered communicating entities that take on the roles of sender and receiver during the
exchange of messages. The approximation therefore must provide a representation that
can capture the participating entities and their communication relations and evolve as new
observations occur during runtime (details in Section 4.2).

In addition to representing the system’s components, the model must also describe
the system’s current operational state. Each system component (i.e., each communication
node) can be characterized by a set of state variables that, taken together, form a snapshot
of the overall system at a given simulation time. This snapshot is required because the
communication performance observed at the interface (e.g., message delay) is not solely
a function of the current packet size, but also depends on the current network utilization
and the recent communication history encoded in the state.

From the perspective of DES theory, it is crucial that this state changes only at discrete
points in time. As discussed in Subsection 2.1.4, DESs are defined by instantaneous state
transitions that occur at specific time instants, referred to as events. Hence, an integrated
approximation model must expose a clear event definition that is compatible with the
information available at its interface and a time advancement mechanism that preserves
the causality and ordering constraints of discrete-event execution. The event definition as
well as the time advancement strategy used in this work are formalized in Section 4.3.

Finally, the above elements must be combined into an executable routine that can
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be embedded into a coupled simulation. Specifically, it is necessary to specify how the
simulation is initialized, how events are processed, how state variables are updated from
observations, and how outputs are produced. This ensures that the component remains
DES-conform and interoperable. Based on the definitions introduced in the following
sections, the resulting simulation execution routine is described in Section 4.4.

4.2 Graph-Based Network Model

The objective of this work is to approximate the behavior of a detailed communication
simulation during execution time. Consequently, the approximation must be able to incor-
porate new observations as they occur, i.e., update its internal representation via discrete
state changes triggered by events. This requires a modular and dynamically extensible
representation of the communication system simulation within the meta-model.

cocoon 
coupled communication simulation with an online trained meta-model

integrated simulation environment

approximation
communication 
system simulation

communication end device

approximated communication
node

Figure 4.2: Simplified representation of the components in cocoon. On the left-hand side,
part of the integrated simulation environment can be seen, in which the commu-
nication simulation is located. This system is approximated on the right-hand
side by the graph of the meta-model.

For this purpose, the software artifact coupled communication simulation with an online
trained meta-model (cocoon) was developed as part of this work. Figure 4.2 illustrates
the conceptual separation between the detailed communication system simulation and
its approximation. While the former provides the reference behavior, the meta-model in
cocoon maintains an internal representation that is updated online and can be used to
predict message delays in a DES-conform manner.

Within cocoon, the communication system simulation is represented as a directed graph

Gt = (Nt, Lt), (4.1)

where Nt denotes the set of nodes and Lt denotes the set of directed communication links
at simulation time t. A node n ∈ Nt represents a communication endpoint observable at
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the meta-model interface (e.g., a component that sends or receives messages). A directed
link ℓij ∈ Lt represents that messages have been observed from sender ni to receiver nj .

The graph is constructed online from observed message exchanges. When a message
is observed with sender ns and receiver nr, the following updates are performed: (i) if
ns /∈ Nt or nr /∈ Nt, the corresponding node(s) are created and added to Nt; and (ii)
if the directed link (ns, nr) /∈ Lt, it is created and added to Lt. This observation-driven
construction is essential for runtime approximation, as it allows cocoon to reflect changes
in active participants and communication relations without requiring prior knowledge of
the underlying network topology.

The graph representation abstracts from network-specific implementation details (e.g.,
protocol stacks, routing, medium access, or physical topology). Instead, it focuses on the
interface-observable interaction structure and its temporal evolution. This design choice
supports adaptivity across different detailed simulators and network models while retaining
the ability to represent load-dependent behavior through state variables that are updated
from observed events.

To capture the system state at a given point in time, state attributes are defined and
assigned to the components of Gt. Since the system is represented as a graph, state is
decomposed into three levels:

• a global network state ν(t) that represents the overall operating point of the commu-
nication system,

• node states ηn(t) for each n ∈ Nt that represent endpoint-specific conditions, and

• link states λℓ(t) for each ℓ ∈ Lt that represent relation-specific conditions between
communicating endpoints.

These state variables follow DES terminology (cf. Subsection 2.1.4) and are updated only
at event times.

Table 4.1 summarizes the attributes considered at link, node, and network level. The
attributes are designed to encode instantaneous, event-local information (e.g., current
inter-arrival/inter-departure times) as well as aggregated information that captures recent
dynamics (e.g., average delay, average idle time, utilization). In this way, the state provides
a compact representation of the recent communication history that is required to model
load-dependent delay behavior.

Node states are maintained from both sender and receiver perspectives to reflect that a
node may participate in the system with different roles and potentially asymmetric con-
ditions. Concretely, when processing a message from ns to nr, outgoing-related attributes
are updated for the sender node ns, while incoming-related attributes are updated for the
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Table 4.1: Overview on state attributes.
State Type Attribute

Link State

Resource utilization
Throughput (bps)
Average delay time (ms)
Average inter-departure time (ms)
Current inter-departure time (ms)
Average inter-arrival time (ms)
Current inter-arrival time (ms)
Average idle time (ms)
Current idle time (ms)

Node State

Average incoming delay time (ms)
Average outgoing delay time (ms)
Average inter-departure time (ms)
Current inter-departure time (ms)
Average inter-arrival time (ms)
Number of messages sent simultaneously
Average number of messages sent simultaneously

Network State

Average throughput (bps)
Average delay time (ms)
Average inter-departure time (ms)
Average inter-arrival time (ms)
Average idle time (ms)
Average resource utilization
Number of messages in transit
Number of busy links
Number of network nodes
Number of messages sent at the current time

receiver node nr. This distinction is used throughout the remainder of this chapter when
formalizing event updates and time advancement.

4.3 Event Representation and Time Advancement

To preserve DES semantics at the meta-model interface, events are defined exclusively
based on observable interactions. In the coupled setting considered in this work, the meta-
model observes that a message is issued by a sender at a certain simulation time and that
the message departs after an end-to-end delay that is either measured from the detailed
communication simulation or predicted by the meta-model. Consequently, two event types
are modeled:
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• message arrival events at a node, which occur when the source simulation issues a
message and the message becomes known to the communication component, and

• message departure events at a node, which occur when the message completes trans-
mission and the corresponding end-to-end delay is realized.

This event definition ensures that state changes are instantaneous and occur only at discrete
time instants, as required by DES.

Each observed message is represented as a message object

m = (ts, p, η(ts), ν(ts), d), (4.2)

where ts denotes the simulation time at which the message arrival event is processed, p is
the packet size (in B), η(ts) is the node state at the time of arrival, ν(ts) is the network
state at the time of arrival, and d is the resulting end-to-end delay of the message. It should
be noted at this point that the link states are not taken into account here. This is because
the attributes of this state type have not proven to be important for predicting delay times
(see Section 4.5).

The states η(ts) and ν(ts) in m are snapshots taken at the arrival time ts. This is a
deliberate design choice: the learning problem is later formulated as predicting the delay
based on the overall system state at dispatch time. Capturing the state at ts thereby
establishes a consistent mapping between observations and targets, while maintaining
DES-conform timing.

Since the goal is to approximate a detailed communication simulation, it can be dis-
tinguished between the realized delay obtained from the detailed simulator and the delay
predicted by the meta-model:

d ∈ {dreal, dpred}. (4.3)

If the coupled setup executes the detailed communication simulator for a message, the
measured delay dreal is used. In contrast, if the meta-model substitutes the detailed simula-
tor, the delay is produced as a prediction dpred. In both cases, the corresponding message
departure time is defined as

td = ts + d, (4.4)

which yields a scheduled departure event at simulation time td.
Time advancement follows a next-event strategy. The simulation maintains a Future

Event Set (FES) containing all scheduled but not yet processed events. At any point in time,
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the simulation clock advances directly to the time stamp of the earliest event in this list,
and all events scheduled for that same time stamp are processed before advancing further.
In the coupled setting, the next time instant is therefore determined by either the earliest
scheduled message departure or the next message arrival issued by the source simulation.
This next-event principle preserves causal ordering and is consistent with standard DES
execution routines [43].

4.4 Simulation Execution

cocoon 
coupled communication simulation with an online trained meta-model

integrated simulation environment

approximation

control (power) 
system
simulation

communication 
system simulation

power system component 

communication end device

approximated communication
node
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Figure 4.3: Coupled simulation execution and online approximation with cocoon.

Figure 4.3 illustrates the execution routine of the coupled setup and how the meta-
model approximates the original, detailed communication simulation. The setup consists
of three components: (i) the source (control/power system) simulation, in which messages
are exchanged between system components (e.g., energy system entities), (ii) the detailed
communication network simulation (e.g., OMNeT++ configured with a selected network
model), and (iii) the meta-model in cocoon, which maintains a graph-based internal repre-
sentation and state variables as introduced in Section 4.2.

At the beginning of a simulation run, all components are initialized. The source simula-
tion and the detailed communication simulation are initialized according to the scenario
configuration. The meta-model is initialized with an empty directed graph and with an
initial state object at network-level.

When the source simulation emits a message event (1), the corresponding information is
forwarded to both the detailed communication simulation and cocoon. In the meta-model,
this triggers the processing of a message arrival event and the construction of the message
object as defined in Section 4.3.

Upon receiving the message information (2), the meta-model ensures that the internal
graph representation matches the observation. If the sender and/or receiver nodes are not
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yet present, they are created and inserted into the graph. If the directed link from sender
to receiver does not yet exist, it is created as well. All affected graph components (sender
node, receiver node, and the connecting link) are associated with their corresponding state
objects, including the attributes listed in Table 4.1.

In the detailed communication simulation, the message dispatch is simulated and the re-
sulting end-to-end delay dreal is obtained (3). This delay is returned to the source simulation
to ensure consistent progression of the coupled execution. In addition, dreal is forwarded
to the meta-model, where it is used to schedule the corresponding departure event and to
update the relevant node- and network-level state attributes.

4.5 Analysis and Selection of State Attributes

The state representation introduced in Section 4.2 provides a broad set of candidate
attributes at network-, node-, and link-level. Since these attributes later serve as inputs
to the online learning component, an empirical screening step is performed to identify a
subset that is informative with respect to the observed end-to-end delay.

For this analysis, previously generated communication scenarios (cf. Chapter 3) were
transferred into the cocoon environment such that each message can be represented in the
unified format m = (ts, p, η(ts), ν(ts), d), as defined in Section 4.3. To obtain comparable
and robust statistics, scenarios were filtered to include only those with at least 50 messages.
Moreover, messages with delay times above 3 000 ms were excluded, as such values typically
indicate a Transmission Control Protocol (TCP) reconnect and constitute outliers with
respect to the modeled communication dynamics. Due to computational burden, a random
sample of 5 % of the remaining scenarios was selected for the attribute screening.

Based on this dataset, each candidate attribute was related to the corresponding message
delay. As a measure of influence, the Pearson correlation coefficient between each attribute
and the end-to-end delay was computed. Pearson correlation was chosen as a computa-
tionally efficient linear screening measure suitable for ranking candidate attributes. While
Spearman’s rank correlation would be more robust to the skewed delay distribution, the
primary goal here is relative ranking rather than precise quantification of dependence, and
the applied outlier exclusion (messages above 3 000 ms) reduces the influence of extreme
values. In addition, the fraction of missing observations (NaN values) and structurally ab-
sent values (zeros) was determined for each attribute. Figure 4.4 summarizes both aspects
by visualizing correlation values and missing-value shares side by side.

To focus the feature set on attributes that carry explanatory power, only attributes with
an absolute correlation above 0.1 were retained as candidates here. The results indicate that
several node- and network-level attributes are consistently correlated with delay, whereas
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Figure 4.4: State-attribute screening for online learning: Pearson correlation between each
candidate attribute and the observed end-to-end delay (left) and the share
of missing observations (NaN or zero values) across the evaluated messages
(right).

link-level attributes exhibit comparatively weak correlations in the evaluated scenarios. In
particular, delay-related aggregates at sender and receiver level, as well as network-level
load indicators (e.g., number of messages in transit or number of busy links), show the
strongest correlations with the resulting end-to-end delay.

Consequently, the attributes from Table 4.2 were selected for subsequent training and
evaluation.

At the same time, the missing-value analysis highlights an important practical limitation.
Many aggregate attributes emerge only over the course of a simulation run because they
require sufficient observations to become meaningful (warm-up effects). As a result, these
attributes may be undefined or take default values immediately after initialization or when
nodes/links are newly created. This effect is visible in Figure 4.4 through high shares of
NaN or zero values for some attributes. Handling this warm-up behavior is therefore an
integral part of the later online processing and is revisited when discussing model training
and substitution.

4.6 Chapter Summary

This chapter addressed Sub-RQ 2 by formalizing how the input-output behavior of a de-
tailed communication network simulation can be represented within the meta-model in
cocoon while preserving essential DES properties. Building on DES theory, requirements
for simulation compatibility were derived, emphasizing an explicit event definition, instan-
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Table 4.2: List of attributes used, sorted by corresponding components. It is also specified
whether the attributes are always available (and if so, a symbol is added for
later use).

Component Attribute Always
Avail-
able

Sender average outgoing delay (ms) ×
average incoming delay (ms) ×
messages sent simultaneously η|simultaneously| ✓

Receiver average outgoing delay (ms) ×
average incoming delay (ms) ×
messages sent simultaneously η|simultaneously| ✓

Network average delay (ms) ×
number of messages in transit ν|transit| ✓
number of busy links ν|busy links| ✓
number of network nodes ν|nodes| ✓
messages sent simultaneously ν|simultaneously| ✓

taneous state transitions at discrete time instants, and a time advancement strategy that
preserves causal ordering. Based on these requirements, a technology-agnostic, graph-based
internal representation was introduced, in which communication endpoints and observed
sender-receiver relations are constructed online as a directed graph and enriched with
network-, node-, and link-level state variables.

To ensure executable integration into coupled (co-)simulation settings, the chapter then
formalized event semantics and time advancement using message arrival and message depar-
ture events and a next-event execution principle. The resulting simulation routine specifies
initialization, online graph updates from observations, event scheduling via predicted or
realized delays, and state updates consistent with discrete-event execution. Finally, an
empirical screening of candidate state attributes quantified both correlation with end-to-
end delay and the prevalence of missing (NaN) or structurally absent (zero) values. This
analysis motivated a reduced feature set dominated by node- and network-level load and
delay aggregates, while link-level attributes were omitted due to limited explanatory power
in the evaluated scenarios. The observed warm-up and missing-value behavior highlights a
practical constraint for online operation and motivates explicit handling of undefined or
default-valued attributes in later training and substitution steps.
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Technology can become the “wings”
that will allow the educational world
to fly farther and faster than ever
before – if we will allow it.

Jenny Arledge

The previous chapter introduced the internal network representation used by the meta-
model, i.e., a graph-based abstraction that captures the dynamically observed communica-
tion structure and its state during simulation execution. Building on this representation,
this chapter addresses how the behavior of the detailed communication network simula-
tion can be approximated online within cocoon while preserving the DES-conform event
semantics required for integrated simulation.

In Section 2.5, two major challenges of existing meta-modeling approaches were identified.
First, many general meta-modeling approaches rely on large and costly training datasets
and show limited flexibility when conditions change, for instance due to different scenario
parameterizations or shifts in communication behavior. This motivates online learning as a
natural remedy: by continuously updating the model on streaming observations, it can cope
with concept drift without requiring repeated offline retraining. Moreover, ensemble-based
designs are a complementary means to increase robustness, as they can combine diverse
predictors and adapt their weighting dynamically, thereby exploiting a “wisdom of the
crowd” effect. Second, meta-models for communication network simulations are to date
predominantly trained and used in an offline manner, which restricts their applicability in
integrated simulation workflows where new conditions emerge during execution.

These observations directly motivate the focus of this chapter and relate to Sub-RQ 2,
which targets the online training of a meta-model during execution time such that it
can operate as a drop-in DES component. Concretely, the approximation is learned from
message observations and state snapshots gathered during the ongoing simulation, enabling
the model to adapt to scenario-specific traffic characteristics without requiring complete
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retraining beforehand.
A second focus of this chapter concerns a central hypothesis of this thesis: that there exists

a substitution threshold beyond which the online-trained meta-model approximates the
detailed simulation sufficiently well to replace it entirely during execution. This threshold
is the key mechanism that enables the meta-model to transition from an observation
mode, in which it learns from the detailed simulation, to a substitution mode, in which it
operates independently and thereby eliminates the computational overhead of the detailed
simulation altogether. If such a threshold can be identified and reliably estimated at
runtime, simulation execution can be accelerated substantially, which in turn enables
larger parameter studies and broader sensitivity analyses under computational constraints.
Crucially, this acceleration is achieved without requiring prior knowledge of the scenario,
as the threshold is determined dynamically based on the observed approximation quality
during execution. To analyze this hypothesis, Sub-RQ 3 is investigated, addressing how the
meta-model can be evaluated with respect to accuracy and consistency criteria such that
a defensible substitution decision can be defined.

EGG LARVA PUPA BUTTERFLY

Section 5.1 Section 5.2 Section 5.3 Section 5.4

Figure 5.1: Four-phase online learning process used for runtime approximation and poten-
tial substitution of the detailed communication network simulation.

Building on the graph-based internal representation introduced in the previous chapter,
this chapter presents an online approximation method that incrementally learns to repro-
duce the delay behavior of a detailed communication network simulation during runtime.
The method follows a structured four-phase learning process, which was introduced in own,
accompanying work [10] and is adopted and extended here in a thesis-consistent context. As
illustrated in Figure 5.11, the four phases provide a controlled transition from prior knowl-
edge to scenario-specific adaptation and, eventually, substitution. In order to illustrate the
complex learning process, the analogy of butterfly metamorphosis was used, where each
phase represents a distinct step in the development and refinement of the meta-model:

1Note: Icons in this figure were generated using ChatGPT v5.2 (OpenAI) (date: 2025-12-18, prompt:
“Please generate four icons for the different phases in the metamorphosis of a butterfly”), then edited
by the author.
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• Egg phase (Section 5.1): offline initialization that derives prior predictors from
historic samples to mitigate cold-start effects.

• Larva phase (Section 5.2): warm-up phase in which prior predictors are applied
while ground-truth delays from the detailed simulator are still observed to collect
scenario-specific training data.

• Pupa phase (Section 5.3): online adaptation phase that trains a scenario-specific
model on streaming data and combines it with the prior predictors (via dynamic
weighting) to increase robustness under changing conditions.

• Butterfly phase (Section 5.4): substitution phase in which the meta-model
may replace the detailed simulation once a confidence criterion indicates sufficiently
accurate and consistent approximation.

These different phases are described in more detail in the following sections.

5.1 Egg Phase - Offline Training on Clustered Message

Objects

This phase sets the groundwork for the training process that follows. As discussed in
Chapter 3, communication scenarios in CPESs display a wide range of characteristics.
Consequently, a universal predictive model is inadequate to cover all possible scenarios.

By clustering the comprehensive set of simulation data (generated with the artifact trace)
into distinct message object clusters based on their properties, it becomes possible to train
regressors tailored to the specific requirements of each cluster. This enables accurate and
efficient predictions adapted to the characteristics of the communication scenario at hand.

As displayed in Figure 5.2, this phase consists of the loading of training data, the
clustering of message objects, and the pre-training of individual regressors on the clus-
ters. In the following, the clustering of message objects based on their properties is de-
scribed (Subsection 5.1.1). Building on these definitions, clusters in the simulation data
generated with the method presented in Chapter 3 are analyzed. Subsequently, Subsec-
tion 5.1.3 presents a one-time comparison of different regressor types to select a suitable
base learner for the Egg phase .

5.1.1 Clustering of Message Objects

Cluster analysis is a statistical method used to group classification objects into homoge-
neous clusters. According to Bacher et al. [98], good cluster solutions exhibit high intra-
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load training
data

cluster 
message
objects

...
pre-train

regressors

...

...

...

Figure 5.2: Egg phase (offline): training data is clustered and used to pre-train cluster-
specific regressors that serve as prior predictors for online approximation.

cluster similarity while maintaining heterogeneity between clusters. They should also be
interpretable, stable, and compact, with clusters having a meaningful minimum size.

Two primary clustering strategies exist according to von der Hude et al. [99]: partitional
clustering and hierarchical clustering. Partitional clustering assigns objects randomly to
clusters initially and reorganizes them iteratively. Hierarchical clustering, in contrast, suc-
cessively divides objects into subsets or merges them into larger clusters. For this work,
hierarchical clustering is chosen due to its flexibility and suitability for datasets with no
predefined cluster count.

Distances between clusters are a crucial consideration in clustering. Common distance
metrics include single-linkage (minimum distance), complete-linkage (maximum distance),
average linkage (mean distance), and centroid distance (distance between centroids) [99].

In this work, centroid linkage is employed as it yields an explicit centroid representation
per cluster, which can be reused efficiently during online operation: new observations can be
assigned to the closest cluster by comparing to centroids, avoiding costly pairwise distance
computations against all historical samples. This is particularly relevant in the proposed
four-phase learning procedure, where cluster membership is needed as a lightweight runtime
operation. The classification objects here are message objects rather than scenarios, as
scenarios inherently encompass diverse messages, making them less suitable for clustering.

The clustering process is designed to group messages based on their similarities in
key variables X that correlate with the target variable dreal. The selected variables (see
Table 4.2) are:

X = {ν|transit|, ν|busy links|, ν|nodes|, ν|sent|, p, η|sent|} (5.1)

The scaled Euclidean distance is used to compute the pairwise distances between mes-
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sages. Let mi and mj represent the feature vectors for messages i and j, scaled to have
zero mean and unit variance. The distance dist(mi, mj) is given by:

dist(mi, mj) =

√√√√ K∑
k=1

(mi,k − mj,k

σk

)2
(5.2)

Where:

• K: Number of variables in X.

• mi,k: Value of the k-th variable for message object i.

• σk: Standard deviation of the k-th variable across all messages.

The resulting pairwise distances form a distance matrix D ∈ R|M |×|M |, where M is the
set of all message objects, and |M | represents the total number of messages.

Agglomerative hierarchical clustering is applied to the distance matrix D. The process
begins with each message in its own cluster and iteratively merges the two closest clusters
based on centroid linkage. Let cp and cq denote two clusters, and let µ(c) be the centroid
of cluster c (mean feature vector of its members). The centroid-linkage distance is then
defined as:

dist(cp, cq) = ∥µ(cp) − µ(cq)∥2 (5.3)

Clusters are formed by setting a predefined distance threshold δ. At each iteration, the
pair of clusters with minimal centroid distance is merged, and merging continues until
the minimal inter-cluster centroid distance exceeds δ. The final cluster assignments ⌋ =
{c1, c2, . . . , cN } partition the set of message objects into N distinct clusters.

Each cluster cn (n ∈ {1, . . . , N}) contains messages with similar network states and node
behaviors. Predictive models are then tailored to each cluster to improve accuracy and
interpretability in specific operating regimes.

5.1.2 Cluster Analysis

In this subsection, an analysis of the resulting message object clusters is conducted. For
this, the simulation data resulting from the analysis in Chapter 3 is used. Clusters are con-
structed for the technologies LTE, LTE450, 5G, and Ethernet and for a distance threshold
δ = {10, 5, 1} to illustrate the clustering process. The scenarios are filtered as in Section 4.5
to only those with at least 50 messages and delay times below 3 000 ms. Again, a randomly
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(a) Visualization of the clusters for different distance thresholds δ for LTE.
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(b) Visualization of the clusters for different distance thresholds δ for Ethernet.

Figure 5.3: Clustering results for different communication technologies under varying dis-
tance thresholds δ. Each subplot shows message objects in the space of network
load and packet size; marker color and shape indicates cluster membership
and marker size encodes simultaneity level. Subplots are arranged left to right
with decreasing granularity (δ = 10, 5, 1). For both LTE and Ethernet, smaller
thresholds resolve finer cluster structure within dense message regimes, at the
cost of a larger number of pre-trained regressors in the Egg phase .

selected 5 % of the scenarios are used for clustering. The sample is selected in a way that en-
sures every communication application is represented in the communication traffic models,
capturing diverse communication behaviors within the subset of messages.

To analyze the results of clustering between different technologies and distance thresholds,
Figures 5.3a and 5.3b present a visualization of the message objects within their respective
clusters. The visualizations illustrate how messages are grouped based on their network
characteristics for different communication technologies.

Each subplot represents the clustering results for different distance thresholds (δ), demon-



5.1 egg phase - offline training on clustered message objects 81

strating how the number and compactness of clusters change based on the chosen threshold.
The message objects are visualized in a 2-dimensional space, where the x-axis represents
the overall network congestion, the y-axis represents the packet sizes of message objects
and the size of the markers captures the concurrent message transmissions by summing
messages sent at the current time and messages sent simultaneously by the sender. The
values are computed as follows:

• x-axis (Network Load): x = load = ν|transit| + ν|busy links| + ν|nodes|

• y-axis (Packet Size): y = p

• Marker size (Simultaneity): z = sim = ν|sent| + η|sent|

The impact of the distance threshold δ on the clustering results is clearly visible in the
figure. A high threshold (δ = 10) results in few or no distinct clusters, as most message
objects remain unclustered due to the distance constraint. A low threshold (δ = 1) leads
to an excessive number of small, potentially meaningless clusters, as minor variations in
network characteristics cause fragmentation. A medium threshold (δ = 5) provides a
compact and interpretable representation of the data, balancing cluster separation and
internal cohesion.

Given these observations, a threshold of (δ = 5) is selected for the subsequent analysis
to ensure meaningful, well-separated, and compact cluster formations.

As previously stated, message objects have been selected for the clustering process as
opposed to scenarios. This decision is further reinforced by the distribution of clusters by
application, as illustrated in Figure 5.4 for LTE scenarios. It is evident that only certain
applications, such as Customer Information and Demand Response, contain messages from
a single cluster. However, numerous other applications, including Demand Supply Balancing
and Scheduled Automated Meter Reading, exhibit a multitude of distinct clusters. To ensure
that all messages in a scenario are processed with a regressor that is tailored to the specific
properties of the message, it is necessary to cluster message objects at a higher level of
detail rather than clusters of scenarios.

Figure 5.5 shows normalized cluster properties (network load, simultaneity, and packet
size) alongside message delay for each communication technology. Values are normalized
via Min-Max scaling; error bars indicate within-cluster standard deviation; delay is plotted
on the secondary y-axis. Across all technologies, clusters with elevated network load and
simultaneity consistently exhibit higher message delays, while packet size shows little
systematic relationship with delay. This pattern is most pronounced in LTE and LTE450,
where distinct high-load clusters (e.g., LTE Cluster 5, LTE450 Cluster 6) coincide with
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Figure 5.4: Cluster distribution by application for scenarios with LTE communication
network models.

clear delay peaks, and is also visible in 5G. For Ethernet, load is more evenly distributed
across clusters, resulting in comparatively stable and low delay values throughout.

These results show how the previously performed clustering of the message objects
firstly successfully classifies the messages with regard to their properties and secondly also
differentiates the messages with regard to their behavior in the simulated network. In the
subsequent phases of online learning, this makes it possible to classify the message objects
even before the actual delay time is observed, thus enabling more targeted prediction.

5.1.3 Cluster Pre-Training

Within the Egg phase , the objective of cluster pre-training is to obtain a set of cluster-
specific regressors that provide message-property-dependent delay predictions during the
subsequent online phases. However, the selection of a suitable regressor type is not per-
formed repeatedly. Instead, different model families are compared once in this section to
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Figure 5.5: Cluster properties compared with message delays (normalized).

identify a base learner that offers a favorable trade-off between prediction accuracy and
computational cost in the considered data. The selected regressor type is then used con-
sistently in the Egg phase : for each cluster, a separate regressor instance is trained to
yield message-specific predictions.

For the one-time model selection, four regression model families are evaluated using
their default configurations as provided by the scikit-learn2 library in Python: a Decision
Tree Regressor, a Random Forest Regressor, a Linear Regression model, and a simple

2version 1.6.1, https://scikit-learn.org/stable/, last access: 2025-12-19

https://scikit-learn.org/stable/
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Multi-Layer Perceptron (MLP) regressor. These model families were selected to cover
a representative range of learning biases and model complexities, ranging from linear
relationships to nonlinear and ensemble-based approaches, while being well-established and
computationally efficient. In addition, they offer complementary methodological properties,
such as the high interpretability of decision trees, the improved predictive performance and
robustness of ensemble methods, and the ability of neural networks to capture complex
nonlinear dependencies. Training and testing are conducted independently per cluster of
the data set introduced in Subsection 5.1.2, using a 70/30 split (training/testing).
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Figure 5.6: Trade-off between prediction errors (as RMSE) and prediction time per sample
for different models (Decision Tree, Random Forest, Linear Regression, MLP
Regressor) and data sets (different clusters and technologies).

Figure 5.6 visualizes the trade-off between prediction errors of message delay times
(measured as Root Mean Squared Error (RMSE)) and prediction time per sample. Cluster
instances are shown with different marker sizes, where larger markers correspond to larger
clusters, and marker styles distinguish the considered network technologies. A clear sepa-
ration is visible with respect to inference speed: the fastest predictions are located on the
left of the log-log plot and are dominated by Linear Regression and Decision Tree models,
whereas Random Forest predictions are shifted notably to the right, indicating higher
per-sample computational cost. At the same time, accuracy is strongly regime-dependent:
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within a fixed prediction-time band, the RMSE varies substantially across clusters and
technologies, reflecting that delay behavior changes with the underlying message-object
properties and network conditions. Overall, Random Forest models tend to populate a
“slower but often lower-error” region, while the largest clusters are predominantly located
in the fast-runtime region. The MLP regressor exhibits acceptable performance mainly for
larger clusters but degrades for small clusters, indicating limited robustness under data
sparsity.

Based on this one-time comparison, the Decision Tree Regressor is selected as the base
learner in this work. It provides a robust accuracy-runtime compromise and, crucially,
enables training many lightweight cluster-specific models. Consequently, in the Egg
phase the chosen regressor type is used to pre-train one decision tree per cluster, yield-
ing message-specific priors that are subsequently refined by online learning and dynamic
weighting in later phases. For completeness, Chapter 6 also includes a Random Forest
Regressor as an overall baseline in the integrated setting.

Finally, the focus of this work lies on the overall system design and the online learning
and substitution algorithm rather than on identifying an optimally tuned regressor for
each application. More specialized model selection and hyper-parameter optimization may
further improve approximation quality in specific deployments and are therefore considered
a direction for future work.

5.2 Larva Phase - Simulation Warm-up

The Larva phase phase marks the beginning of the simulation warm-up process, where
the original communication simulation is observed to approximate its input-output behavior.
At this stage, it is essential to warm up the simulation before collecting meaningful data
because of the lack of knowledge about the behavior and states inherent in the simulation.

The simulation warm-up phenomenon is a well-documented issue in simulation theory,
as described by Mahajan et al. [100]. Most simulation models start in an empty and idle
state, taking some time to reach a steady state, during which they are considered to be in
a transient state. This problem is known as the initialization bias or start-up problem. To
overcome this issue, simulation models are typically run for a specified warm-up length,
after which observations are recorded. Various methods exist to determine this warm-up
length, including graphical, statistical, and heuristic approaches.

In online learning, a similar challenge arises as when recording results from simulation
models. However, since the meta-model needs time to be trained online, conventional warm-
up length determination methods can be bypassed. Instead, a substitution threshold is
defined, after which the online-trained model substitutes the original simulation (for details



86 online approximation of communication network simulations

PUPA

get closest
cluster

predict message departure
with pre-trained regressor

yes

no

train regressor online

yes

no

predict message departure
with online trained

regressor

weighten
predictions

LARVA

for each message object in scenario with message objects

Figure 5.7: Larva phase and Pupa phase within the online training algorithm.

refer to Section 5.4).
During the Larva phase , the simulation is warmed up by iterating over messages

in the FES, as shown in Figure 5.7. For each message object mi in the FES, its feature
vector is compared to the centroids of all clusters obtained in the Egg phase . The
message object is assigned to the cluster ccl whose centroid has the smallest Euclidean
distance distc to the message’s feature vector. Subsequently, the cluster-specific regressor
associated with this nearest cluster regccl is used to predict the delay dcl pred for mi.

An illustrative example of this and the following Pupa phase will be provided in
Subsection 5.3.1.

5.3 Pupa Phase - Scenario-specific Online Training

In the Pupa phase , an additional regressor is trained online on the current scenario
data. As shown in the lower part of Figure 5.7, this phase is only conducted for messages
mi in a scenario after the index i of the message is above some pre-defined constant ipupa.
This is the case because a certain amount of information about the current scenario must
already be available. This constant ipupa is also used as a kind of batch size in the course
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of the scenario, after which the online regressor regon is re-trained.
This prediction of the online trained regressor regon is combined with the prediction

of the pre-trained regressor dcl pred by weighting these values. This weighting depends on
the previous error of the regressors. Here, the most recent predictions should be given
more weight, as an increasing amount of information becomes available as the scenario
progresses.

The Exponential Weighted Moving Average (EWMA) [101] for prediction errors is com-
puted recursively as:

EWMA(t) = α · et + (1 − α) · EWMA(t − 1) (5.4)

where et is the absolute prediction error at time step t and α ∈ (0, 1] is a smoothing factor
that controls the influence of recent errors versus past errors. The initial condition is set
as EWMA(0) = e0.

This smoothing is applied separately to the prediction errors of the cluster-based and
online-trained regressors to track their recent accuracy.

The weighted prediction dw pred is then calculated as follows:

dw pred = don pred · EWMAcl(ts) + dcl pred · EWMAon(ts)
EWMAcl(ts) + EWMAon(ts) (5.5)

with EWMAcl(ts) being the exponentially weighted moving average of absolute errors until
simulation time of the message arrival ts for the cluster-based regressor, and EWMAon(ts)
being the exponentially weighted moving average of absolute errors for the online-trained
regressor until the time ts.

This formulation adaptively balances the two regressor predictions based on their recent
accuracy, ensuring that the final, weighted prediction prioritizes the model with lower errors
over time.

5.3.1 Illustrative Example

An example scenario was selected according to the following criteria:

1. The scenario contains message objects from different clusters.

2. The scenario contains a medium number (≈ 150) of message objects.

The remaining selection was random. The resulting example scenario is the communication
application Fault Detection and Location with 158 message objects and the technology 5G.
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Figure 5.8: Predictions dcl pred, don pred and dw pred compared to real values dreal.

Larva phase In the left part of Figure 5.8 the predictions dcl pred of the cluster-specific
regressors are compared to the real values dreal. The message objects in the selected example
scenario are assigned to either cluster 2 or cluster 3. It can be seen that the predictions
are approximately correct, but some dynamics in the delay times cannot be predicted. In
addition, the prediction results do not improve over the course of the scenario because
the regressors are pre-trained on the historical data from the clusters and are not refined
during the scenario execution.

Pupa phase The previously selected example scenario has now been expanded to
include the online training of a regressor on the scenario data. The batch size constant
ipupa was chosen in a way that multiple learning iterations can be observed in during the
simulation process with ipupa = 30. The iterations after ipupa message objects is indicated
in Figure 5.8 as dotted, gray lines.

The message departure is then predicted with the online trained regressor regon, resulting
in an additional prediction don pred. This prediction value is visualized for the example
scenario in the middle part of Figure 5.8. The data shows that no predictions don pred are
made until the message object with the index ipupa is reached. The online regressor is
then trained for the first time, but initially makes poor predictions. However, after a few
iterations an improvement in the predictions can be seen.

The resulting, weighted predictions dw pred for the exemplary scenario are plotted in
the right part of Figure 5.8. It can be seen that the weighted predictions reflect the real
values relatively accurately, especially in the later stages of the scenario. In addition, at
the beginning of the scenario, the cluster-based prediction is initially weighted higher so
that information can first be accumulated for the online trained regressor.
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5.4 Butterfly Phase - Simulation Substitution
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Figure 5.9: Butterfly phase in the online training algorithm.

After the initialization and adaptation phases (Egg phase , Larva phase , Pupa
phase ), the meta-model has accumulated scenario-specific observations and continuously
refined its predictors. The Butterfly phase formalizes the transition from “assisted”
approximation (where ground-truth delays are still produced by the detailed simulator) to
simulation substitution, i.e., using dpred as the effective delay time for subsequent messages
and thereby replacing the detailed communication network simulation during runtime.

A substitution decision must be conservative: replacing the simulator too early can in-
troduce systematic timing deviations that may accumulate over the course of a simulation
run, since uncertainties of co-simulated subsystems propagate and compound across sim-
ulation components [102]. At the same time, delaying substitution unnecessarily reduces
the achievable speed-up.

For this reason, substitution is not triggered by a single metric (e.g., a point estimate of
error). Relying solely on a single indicator such as prediction accuracy has been identified
as insufficient in online learning settings, since it fails to capture the full range of conditions
under which a model may degrade [103, 104]. Instead, a multi-criteria confidence assessment
is employed to capture complementary aspects of approximation reliability. This assessment
considers not only whether the current error is small, but also whether it is improving,
whether the current operating regime is covered by the trained priors, and whether the
underlying network representation is sufficiently stable.

The substitution decision in the Butterfly phase combines four weighted factors
to determine when the meta-model has achieved sufficient accuracy and stability to replace
the original communication simulation:

1. Error Trend Factor ftrend (is the approximation improving?)
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2. Error Level Factor flevel (is the current approximation sufficiently accurate?)

3. Cluster Distance Factor fcluster (are the current message object properties similar
to those seen during pre-training?)

4. Network Topology Factor ftopology (is the observed communication network
topology stable?)

This selection reflects typical failure modes of online approximation and mirrors the
multi-source nature of uncertainty in co-simulation systems, where parameter uncertainty,
input attribute uncertainty, and output attribute uncertainty constitute distinct and com-
plementary sources of unreliability [102]. For instance, a low mean error alone can be
misleading if errors are currently increasing (regime change), if predictions are made far
outside the distribution of the pre-trained clusters (out-of-distribution), or if the network
graph is still evolving rapidly (new nodes/edges leading to different congestion behavior).
Consequently, the weighted aggregation of complementary factors yields a single confidence
score that can be compared to a substitution threshold.

The error trend factor ftrend evaluates whether the meta-model is converging in the
recent past. Let e

(w)
t denote the absolute prediction error of dw pred at message index t, i.e.,

e
(w)
t = |dactual − dw pred|. Let â denote the slope obtained by fitting a linear function to

the sequence of the ipupa most recent such errors {e
(w)
t−ipupa+1, . . . , e

(w)
t } via ordinary least

squares. A non-negative slope indicates stagnation or degradation of predictive quality and
therefore yields a confidence contribution of zero. A negative slope increases the confidence
up to a saturation level, which prevents overly strong influence of short-term fluctuations:

ftrend =

0.0 if â ≥ 0

min
(
1.0, |â|

50.0

)
if â < 0

(5.6)

The error level factor flevel captures the current magnitude of approximation errors.
It is computed from the mean absolute error of dw pred over the recent window of ipupa

observations, normalized by an expected maximum error bound Emax. The normalization
maps errors to a unit interval and yields higher confidence if the observed error level remains
well below the maximum tolerated error:

flevel = 1.0 − min
(

1.0,
e

(w)
recent

Emax

)
(5.7)

where e
(w)
recent = 1

ipupa

∑t
j=t−ipupa+1 e

(w)
j is the mean absolute error of dw pred over the recent

window, and Emax is a configurable expected maximum error threshold. In contrast to
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ftrend, which is sensitive to changes, flevel serves as an absolute quality gate. Both are
required because a decreasing error trend can still occur at an unacceptably high error
level.

The cluster distance factor fcluster addresses representativeness with respect to the pre-
training data. Even if errors appear small in a short recent window, substitution can be
risky if the current messages are far from the pre-trained regimes (e.g., a new traffic pattern
or a rare operating condition). Therefore, fcluster measures how close the current message’s
feature vector mc ∈ X is to the closest cluster centroid obtained in the Egg phase :

fcluster = 1.0 − min
(

1.0,
dmin
dmax

)
(5.8)

where dmin = mink ∥mc−µ(ck)∥2 is the minimum Euclidean distance to any cluster centroid
µ(ck), and dmax = 100 · δ is a maximum expected distance derived from the clustering
distance threshold δ configured in the Egg phase . Intuitively, this factor penalizes
out-of-distribution situations: when dmin is large, confidence decreases even if recent errors
are temporarily low.

The network topology factor ftopology captures the stability of the underlying commu-
nication graph representation. Substitution is most meaningful once the communication
structure has largely stabilized. Frequent changes in node participation typically imply
changing routing and congestion dynamics, which can invalidate learned mappings. This
concern is particularly relevant in co-simulation contexts, where simulators with high de-
pendency on other components require additional care to ensure that approximation quality
is not compromised by structural change [102]. Hence, ftopology decreases confidence when
the node count changes strongly between consecutive Butterfly phase evaluations:

ftopology = 1.0 − min
(

1.0, 2 · |Nt − Nt−1|
Nt−1

)
(5.9)

where Nt and Nt−1 denote the number of nodes in the communication graph at the current
and previous Butterfly phase evaluation, respectively. The factor of 2 implies that
a relative node count change of 50 % or more reduces confidence to zero. While node
count is a simple metric, it is computationally lightweight and reflects a key prerequisite
for substitution: if the set of participating nodes is still changing, the meta-model should
continue observing ground truth to remain reliable.

The final substitution decision is based on a weighted combination of the four factors:

Scombined = wtrend · ftrend + wlevel · flevel + wcluster · fcluster + wtopology · ftopology (5.10)
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where wtrend, wlevel, wcluster, wtopology are user-configurable weights that sum to 1.0. The
weights and the threshold θbutterfly can be configured to reflect application-specific require-
ments, as the appropriate balance between conservativeness and speed-up is inherently
dependent on the research question and system under study [102].

The substitution threshold is reached when:

Scombined ≥ θbutterfly (5.11)

where θbutterfly denotes the confidence threshold for meta-model substitution and can
likewise be configured to control the conservativeness of the substitution decision.

5.5 Chapter Summary

This chapter introduced the online approximation approach implemented in cocoon for
replacing detailed communication network simulations during runtime while preserving
DES-conform event semantics as an answer to Sub-RQ 2. Motivated by the research gap
that existing meta-models are predominantly offline and often require large, costly training
data, the chapter established an online learning algorithm that continuously adapts to
streaming observations and naturally supports changing conditions.

The method follows a structured four-phase procedure that provides a controlled tran-
sition from prior knowledge to scenario-specific adaptation and, eventually, simulation
substitution. In the Egg phase , historical message objects are clustered via hierarchi-
cal clustering with centroid linkage. The distance between two clusters is defined as the
Euclidean distance between their respective centroids - the mean feature vectors of the
message objects they contain - yielding explicit centroids that enable the efficient runtime
assignment of new messages to their closest cluster. Cluster-specific regressors are then pre-
trained to provide message-property-dependent priors. A one-time comparison of several
model families (Decision Tree, Random Forest, Linear Regression, MLP) demonstrated the
trade-off between prediction accuracy and computational overhead; based on this trade-off,
the Decision Tree Regressor was selected as the base learner that is subsequently used
consistently to train one regressor per cluster.

In the Larva phase , the simulation warm-up is performed by processing messages
while still observing ground-truth delays from the detailed simulator; cluster membership
is determined by nearest-centroid distance and the corresponding cluster regressor provides
the initial prediction. In the Pupa phase , an additional scenario-specific regressor is
trained online after a configurable batch size ipupa, and its prediction is combined with
the cluster-based prediction using error-adaptive weighting based on EWMA, thereby
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implementing an ensemble-style mechanism that emphasizes the currently more accurate
predictor.

Finally, the Butterfly phase defined the substitution mechanism and its underly-
ing hypothesis: if the approximation becomes sufficiently accurate and stable, the detailed
simulation can be replaced to accelerate execution. By this, the Sub-RQ 3 has been answered.
To make this decision robust, substitution is formulated as a multi-criteria confidence as-
sessment combining (i) error trend, (ii) error level, (iii) distance to the closest cluster
centroid (representativeness), and (iv) topology stability; these factors are aggregated via
user-configurable weights and compared to a configurable threshold θbutterfly.

Building on these algorithmic components, the next chapter evaluates the proposed
online approximation method (Sub-RQ 2 and Sub-RQ 3) in comparison to alternative
communication modeling approaches.





6 E v a l u a t i o n a n d C o m p a r a t i v e A n a l y s i s

Everything should be made as simple
as possible, but not simpler.

Albert Einstein

This chapter addresses Sub-RQ 4 by evaluating the proposed online-trained communi-
cation meta-model with respect to its performance in comparison to established commu-
nication modeling approaches. In particular, the analysis focuses on the extent to which
the meta-model achieves its intended goal of reducing computational complexity relative
to detailed communication simulations while maintaining higher fidelity than simplified
analytical models.

To this end, the communication modeling approaches introduced in Section 2.4 are
applied to a set of representative communication scenarios derived from combinations of
traffic models and network models as defined in Chapter 3. These scenarios reflect the
diversity of communication behaviors observed in energy system applications and provide
a consistent basis for comparison across modeling paradigms.

The evaluation follows a comparative perspective and assesses the different approaches
with respect to selected NFRs. In particular, accuracy, performance efficiency, and scala-
bility are examined in detail, with adaptivity discussed as a secondary criterion mainly
in the presentation of the simulation environment. The analysis thereby complements the
methodological contributions presented in the previous chapters and provides empirical
evidence for the practical trade-offs between detailed simulation, analytical modeling, and
online meta-modeling approaches, as motivated by the limitations and open gaps identified
in prior work.

6.1 Simulation Environment

The concepts introduced in the preceding chapters are instantiated within a unified sim-
ulation environment that serves as the basis for the comparative evaluation. The aim is
to assess different communication models under identical conditions, while isolating the
impact of the model from the application.
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Figure 6.1: Overview of the evaluation setup and scheduler architecture. The simplified
diagram illustrates the hierarchical relationships between different communica-
tion models and schedulers.

To demonstrate the applicability of the proposed online meta-model, it is integrated into
the agent-simulation framework mango [39]. The framework is implemented in Python
and provides predefined abstractions for agent design, such as roles that encapsulate agent
capabilities and behaviors. Agents are assigned to so-called containers, which are responsible
for managing message exchange both within and across containers. This abstraction reflects
real-world deployments, where individual containers can be mapped to physical devices
and communication is realized via concrete protocols such as Message Queueing Telemetry
Transport (MQTT) or TCP.

For the purpose of communication-aware simulation, mango offers ExternalScheduling
containers, a specialized container type that allows the implementation of custom schedul-
ing logic. While time in mango typically advances in real time, this container type enables
an event-based advancement of simulation time. Only the execution of individual container
steps is bound to real time, whereas inter-container communication and scheduling are han-
dled in abstract simulation time. This behavior is essential for integrating communication
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models that follow discrete-event simulation principles, as such models inherently rely on
the ability to advance simulation time in response to discrete events rather than in contin-
uous real-time increments. Without this capability, communication delays computed by an
external simulator could not be correctly reflected in the agent simulation, since real-time
execution would decouple the timing of message arrivals from the simulated agent behavior.
The event-based scheduling mechanism thus ensures that causality between communication
events and agent reactions is preserved throughout the simulation.

An overview of the resulting evaluation setup and scheduler architecture is shown in Fig-
ure 6.1. All communication modeling approaches are encapsulated in dedicated scheduler im-
plementations that inherit from a common abstract base class, CommunicationScheduler.
This design ensures a modular architecture in which different communication models can
be exchanged transparently without modifying the simulated scenario. Each scheduler in-
ternally maintains a distinct model instance that realizes the functionality of the respective
communication modeling approach - details of these models are discussed in the follow-
ing subsection. The mapping of mango-specific containers to the scheduler is provided
explicitly, enabling the scheduler to mediate all message exchanges.

The overall scheduling logic proceeds as follows. The simulation starts at time zero and
proceeds iteratively until a termination condition is met. In each iteration, all containers are
stepped, returning outgoing messages and the next scheduled agent activities. Messages
are then processed by the selected communication model, and, if required, waiting for
communication simulation results is handled explicitly, which is particularly relevant for
detailed network simulations. Simulation time is advanced to the next event, determined
either by the earliest scheduled message arrival or the next agent activity. If no future
events remain or the predefined simulation duration is reached, execution terminates.

This implementation ensures that the scheduling logic and communication modeling
are fully decoupled from the agent behavior and scenario definition. As a result, arbitrary
mango scenarios (and thus a wide range of communication traffic patterns) can be evaluated
consistently across all considered communication modeling approaches.

The design of the simulation environment also serves to demonstrate that the proposed
meta-model satisfies the NFR of adaptivity. By integrating the meta-model into mango
solely via the abstract CommunicationScheduler interface, it can be deployed without
modifications to agent implementations or scenario definitions. This integration shows that
the meta-model is not tied to a specific simulation framework or communication setup, but
can be incorporated into heterogeneous environments that support event-based scheduling
while adapting to different communication scenarios during execution.
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6.1.1 Communication Modeling Approaches

Multiple communication modeling approaches are implemented within the evaluation setup
to enable a systematic comparative analysis with respect to the defined NFRs across a
diverse set of communication scenarios. This comparison is motivated by the trade-offs
identified in Section 2.4: analytical models offer high computational efficiency at the cost of
reduced fidelity, whereas detailed communication simulators provide accurate, technology-
specific representations but incur substantial computational overhead.

Based on these considerations, two analytical models (a channel model and a static
delay graph model) and one detailed communication model are selected as reference mod-
els for comparison with the proposed online-trained meta-model implemented in cocoon.
Offline-trained meta-models are intentionally excluded from the comparison. While such
models can achieve high predictive accuracy in narrowly defined settings, they typically rely
on extensive, scenario-specific training data and fixed feature representations that must
be generated prior to simulation. In coupled power, control, and communication system
simulations, this assumption is difficult to satisfy, as communication behavior emerges
dynamically from device interactions, control logic, and scenario evolution. More impor-
tantly, offline-trained meta-models are usually formulated as static input–output predictors
(“black box”) without an explicit notion of internal simulation state or event handling. As
a consequence, they cannot be integrated as simulation models that participate in event-
based scheduling and time advancement, but instead act as external predictors detached
from the simulation loop. This prevents their transparent integration into heterogeneous
co-simulation environments and violates the NFR of adaptivity targeted in this work.

In contrast, the selected models span the relevant spectrum of communication modeling
approaches that can be integrated transparently into heterogeneous co-simulation environ-
ments: analytical models provide lightweight, adaptable abstractions with minimal integra-
tion effort, while the detailed communication model represents the upper bound in fidelity
at the cost of computational complexity. All approaches are integrated uniformly into the
simulation environment through a common abstraction, enabling a controlled and meaning-
ful comparison focused on the trade-off between accuracy, performance efficiency, scalability,
and adaptivity. As illustrated in Figure 6.1, each communication modeling approach is
realized by a concrete scheduler that inherits from the abstract CommunicationScheduler
class and internally maintains a corresponding model instance. This design ensures consis-
tent scheduling behavior while allowing the internal logic of each communication model to
differ.

The detailed communication model relies on a discrete-event network simulation executed
in OMNeT++ [37]. The interaction between mango and OMNeT++ follows a structured
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Figure 6.2: Sequence diagram of the communication between the mango Python environ-
ment and OMNeT++ for co-simulation of detailed network behavior.

process, as illustrated in Figure 6.2. During initialization, the required C++ project is built
and the simulator is launched as a separate process, establishing a TCP connection through
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which all subsequent communication is coordinated. The simulation duration is then trans-
mitted via a CONFIG message and acknowledged by OMNeT++ before execution begins.
Throughout the simulation, an OmnetConnection is maintained via TCP sockets. In each
iteration, message arrival events generated in mango are forwarded to OMNeT++ as JSON-
encoded MESSAGE objects, where message dispatch and network traversal are simulated up
to the specified max_advance time horizon. Upon message reception, the resulting delay
information is transmitted back to mango as RECEIVED events and integrated as message
departure events, after which a WAITING_COMPLETE signal synchronizes simulation time
advancement. Once all events are processed, a TERMINATE message concludes the simulation
and sockets are closed. This approach enables high-fidelity modeling of concrete network
technology dynamics.

The channel model represents an analytical approximation derived from detailed OM-
NeT++ simulation models. Its construction follows a three-step process: first, the network
topology is extracted from the network description files, including nodes, positions, and con-
nections, with wireless links added automatically where applicable. Second, model parame-
ters are fitted based on detailed simulation outputs, including transmission rates, processing
delays, jitter, and propagation speeds. These parameters are stored in a topology_dict
that captures the essential network characteristics. Finally, this representation is used by
the ChannelModelScheduler to compute message delays during simulation.

The static delay graph model is generated as a post-processing step from detailed simula-
tion results. For each network technology, unicast message exchanges are simulated between
a set of nodes and the resulting delay distributions are analyzed for the different network
models under consideration. A larger graph is then constructed, where end-to-end delays
between nodes are defined by the mean observed delays; if no direct measurements are
available, a global mean delay is applied. This model captures static delay characteristics
without accounting for dynamic network effects.

The MetaModelScheduler builds upon the detailed model by inheriting from the Detailed-
ModelScheduler. This is required because, during the initial learning phases (Larva
phase and Pupa phase ), the meta-model depends on the same functionalities as the
detailed simulation to observe and learn communication behavior. Beyond these phases,
the scheduler extends the detailed model by approximating (and substituting) the observed
simulation behavior using the online-trained meta-model, thereby reducing computational
complexity while preserving key delay characteristics.
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6.2 Experimental Setup

This section describes the experimental setup used to evaluate the proposed communication
meta-model and to compare it with alternative communication modeling approaches. It
specifies the underlying communication network model, the evaluation metrics, the consid-
ered communication scenarios, and the meta-model training configurations. In addition,
a step-based evaluation methodology is introduced to structure data generation, hyper-
parameter tuning, and comparative validation in a systematic and reproducible manner.

6.2.1 Communication Network Models
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Figure 6.3: Geographic distribution of end devices and network components used to derive
the communication network topology.

As discussed in Section 2.3, communication infrastructures in CPESs can differ signif-
icantly depending on the application context and network level. While multiple commu-
nication network models were introduced in Chapter 3, the evaluation presented in this
chapter is restricted to a single communication network topology (combined with different
communication technologies) in order to reduce confounding effects and to isolate the
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impact of the communication modeling approaches.
The selected communication network topology is derived from a real-world power network.

Specifically, a future Low Voltage (LV) reference network of the German city of Bremerhaven
as proposed in [5] was used as the basis for the geographic placement of end devices as
illustrated in Figure 6.3. The modeled LV network of the street Buchenweg was selected to
represent a dense set of smart meters or comparable communication units typically found
in NANs or FANs. In addition, a set of further devices was placed at randomly selected
locations in the remaining network to represent other DERs or sensing components. This
results in an overall network topology with 50 nodes representing different device types
and communication relationships.

A central control entity was positioned at the geometric center of all end device locations
and connected to a core router, representing communication over the WAN. Following
the clustering approach proposed in the literature, end devices were grouped into spatial
clusters, and one access router was placed for each cluster. These cluster routers are
connected to the central router as part of the core network, while each end device is
connected to its closest router based on geographic distance. This structure reflects the
typical separation between access networks (NAN/FAN) with lower data rates and the
higher-capacity WAN. For wireless communication scenarios, the same clustering and
routing approach was applied. In addition, one antenna per network was placed to ensure
sufficient coverage of all wireless end devices.

With regard to the selection and parameterization of technologies in OMNeT++, the
same design decisions were made as in Chapter 3, and the technologies LTE, LTE450, 5G,
Ethernet and parameterization as shown in Table 3.2 were selected.

6.2.2 Metrics

Different metrics (Table 6.1) are used to evaluate the communication modeling approaches
across the considered scenarios. Accuracy-related metrics are evaluated relative to the
detailed communication simulation, which serves as the reference baseline. Performance-
related metrics are evaluated independently, with the ideal communication model providing
a theoretical lower bound for execution time and scalability. A key challenge in the evalua-
tion arises from the non-deterministic nature of detailed communication simulations. Due
to stochastic effects in traffic handling, scheduling, and network behavior, repeated simu-
lation runs yield distributions of delay times rather than identical results. Consequently,
direct point-wise error measures between two modeling approaches are not meaningful.
To address this, accuracy is assessed using distribution-aware metrics that operate on
aggregated statistics over multiple runs.
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Table 6.1: Overview on metrics used in evaluation.

NFR Metric Abbreviation

Accuracy NRMSE for mean delay times NRMSE

Empirical Coverage (±σ) C±σ

Wasserstein Distance W

Performance Execution Time in s ET

(Functionality) Substitution Success S

- Score (combines other metrics) SC

This distributional perspective is further motivated by the observation of Steinbrink
and Lehnhoff [102] that delay distributions in smart grid co-simulation are generally non-
Gaussian, and that likelihood bounds (such as 5th/95th percentile intervals) provide more
informative characterizations of output uncertainty than mean and standard deviation
alone. While the metrics employed in this evaluation do not require explicit distributional
assumptions, they are designed to capture complementary aspects of the delay distribu-
tion: NRMSE targets the central tendency, C±σ assesses whether the dispersion of the
comparative model aligns with the variability of the baseline, and W measures distribu-
tional similarity in a geometry-aware sense. Together, these three metrics approximate the
information content of a full likelihood bound comparison without requiring a parametric
distributional model.

An overview of the data structure underlying the accuracy evaluation is illustrated in
Figure 6.4. For a fixed communication scenario and modeling approach, each message object
is observed over multiple runs, resulting in a distribution of delay times. The following
metrics are derived from these distributions.

The Normalized RMSE (NRMSE) evaluates the deviation of mean delay times
between a comparative model and the detailed baseline (denoted as model:m and model:det
in Figure 6.4). For each message object, the mean delay over all runs is computed for both
models. The root mean squared error between these per-message means is then calculated
and normalized by the average mean delay of the detailed model. Let

• m denote a communication modeling approach,

• i ∈ 1, . . . , n index message objects,

• j ∈ 1, . . . , r index independent simulation runs,
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communication scenario

model: m model: det

r runs r runs

...

... ...

...

... ...

n
message 
objects ... ...

Figure 6.4: For a fixed communication scenario, each communication modeling approach
is executed for r independent runs. For each of the n message objects, the
resulting delay times dm

j,i form a distribution per model m.

• dm
j,i be the delay time of message object i in run j produced by model m.

For each message object i and model m, the empirical mean and standard deviation is
defined as:

dm
i = 1

r

r∑
j=1

dm
j,i, σm

i =

√√√√ 1
r − 1

r∑
j=1

(
dm

j,i − dm
i

)2
. (6.1)

The detailed communication simulation is denoted by m = det.
With that, the NRMSE for the delay times in a scenario with model m can be calculated

as:

NRMSE =

√
1
n

∑n
i=1

(
dm

i − ddet
i

)2

1
n

∑n
i=1 ddet

i

(6.2)

This metric captures systematic bias in expected delay behavior.
The empirical coverage measures how well the delay distributions of a comparative

model m align with the variability observed in the detailed model det. For each message
object, the mean and standard deviation of the baseline delay distribution define an interval.
The fraction of delay samples produced by the comparative model that fall within this
interval is computed and then averaged across all message objects. The empirical coverage
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is calculated as:

C±σ = 1
n

n∑
i=1

1
r

r∑
j=1

I
(∣∣∣dm

j,i − d̄det
i

∣∣∣ ≤ σdet
i

) (6.3)

I(·) is the indicator function, yielding 1 if the condition holds and 0 otherwise.
This metric reflects whether the comparative model reproduces not only expected values

but also realistic dispersion. It is conceptually related to the likelihood bound assessment
recommended by Steinbrink and Lehnhoff [102]: whereas their framework evaluates whether
output distributions fall within explicit percentile bounds (e.g., 5th/95th quantiles), C±σ

operationalizes the same question using the empirical mean and standard deviation of the
baseline as interval boundaries. Under Gaussian delay distributions, the two approaches
are approximately equivalent, as the ±σ interval corresponds to the central 68% proba-
bility mass. For non-Gaussian distributions C±σ remains a well-defined and interpretable
coverage measure, though it does not directly correspond to a fixed probability level. The
Wasserstein distance W , introduced below, complements C±σ by capturing full distribu-
tional discrepancy without relying on interval boundaries.

To directly compare entire delay distributions, the first-order Wasserstein distance [105]
(also known as Earth Mover’s Distance) is computed for each message object between the
baseline and comparative model distributions. This metric quantifies the minimal effort
required to transform one distribution into the other and captures differences in shape,
spread, and location. The reported value is the mean Wasserstein distance across all
message objects:

W = 1
n

n∑
i=1

W1

({
dm

j,i

}r

j=1
,
{

ddet
j,i

}r

j=1

)
(6.4)

The first-order Wasserstein distance is well suited for comparing empirical delay distri-
butions, as it defines a true metric on probability measures and remains finite even for
distributions with non-overlapping support [106]. In contrast to divergence-based measures,
it explicitly accounts for the underlying metric structure of the delay variable, thereby
reflecting differences in location, dispersion, and tail behavior in physical time units. For
one-dimensional empirical distributions, the Wasserstein distance admits an intuitive in-
terpretation as the average amount of delay mass that must be transported to align
two distributions, making it particularly appropriate for assessing discrepancies between
stochastic communication models [107].

Performance efficiency is measured using the total execution time (ET ) of a simulation
run. In addition, for the meta-model, substitution success (S) is recorded as a functional
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indicator denoting whether the meta-model successfully replaced the detailed simulation
during execution.

To support a compact comparison across configurations, a composite score (SC) is
computed by ranking configurations with respect to the individual metrics. Lower values
of NRMSE, W , and ET , and higher values of C±σ are preferred. The score is defined as

SC = [(rmax − r(NRMSE)) + r(C±σ) + (rmax − r(W )) + (rmax − r(ET ))] · S, (6.5)

where r(x) denotes the rank of a configuration with respect to metric x (with 1 being best),
and rmax is the maximum possible rank. Multiplication by S ensures that configurations
in which substitution did not occur are assigned a score of zero.

6.2.3 Communication Scenarios

The evaluation employs a diverse set of communication scenarios to reflect the heterogeneity
of real-world communication behavior in CPESs. The selection of scenarios is motivated by
prior simulation data analysis and by a systematic investigation of communication traffic
diversity, as presented in Section 3.4 and in the own publication [1]. In these works, the
Fano factor F (w) was used to quantify the variability of communication traffic and to
distinguish between traffic patterns with regular, random, and bursty characteristics.

Based on these findings, three classes of traffic models are considered in the evaluation:
CBR (F (w) ≈ 0), Poisson traffic (F (w) ≈ 1), and complex, bursty traffic patterns modeled
using Central Demand Supply Balancing (CDSB) (F (w) > 1). These classes represent
increasing levels of variability and burstiness and are chosen to cover the range of commu-
nication behaviors observed in CPES applications, from highly regular monitoring traffic
to event-driven and agent-based interactions with clustered message dispatches.

These traffic classes are realized through explicit message dispatch mechanisms within
the agent-based simulation framework. For CBR traffic, message sending is implemented
via periodic scheduling, where sender agents emit messages at fixed intervals and optionally
broadcast them to multiple receivers. This results in strictly regular inter-arrival times and
serves as a baseline for highly predictable monitoring and reporting traffic.

Poisson traffic is generated by sampling exponentially distributed inter-arrival times,
with all message send events scheduled at simulation start based on a fixed rate parameter.
This produces memory-less message arrivals with controlled stochastic variability while
preserving a well-defined average message rate. Fixed random seeds are used to ensure
reproducibility across simulation runs.

Complex, bursty traffic patterns modeled using CDSB are implemented as event-driven
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interaction sequences between agents. In these scenarios, incoming messages may trigger
delayed responses, conditional follow-up messages, or cascades of additional communication
events. The resulting message streams exhibit temporal clustering, non-uniform inter-arrival
times, and feedback-driven bursts that depend on agent state and control logic rather than
on exogenously defined schedules.

The specific traffic parameterizations listed in Table 6.2 are chosen to represent com-
parable average message rates while systematically increasing temporal variability and
burstiness. For CBR traffic, three message rates are selected to reflect typical periodic mon-
itoring and reporting intervals in CPES applications. The Poisson configurations mirror
these average rates and are instantiated with different random seeds to assess robustness
with respect to stochastic variability. The CDSB parameterizations combine message rate,
processing delay, and response probability to emulate event-driven and feedback-based
communication patterns commonly found in agent-based control and coordination scenar-
ios.

The traffic models are further parameterized by different message frequencies, scenario
durations, and numbers of end devices in order to capture both small-scale and more
demanding communication scenarios. Scenario durations (one to thirty minutes) are chosen
to ensure that, in combination with the selected message rates, a representative number
of message transmissions1 is observed for all traffic models while keeping the evaluation
computationally tractable. Longer durations, such as multi-hour or day-long scenarios,
would lead to disproportionately increased execution times for the detailed communication
simulation, as discrete-event network simulators operate at millisecond resolution and
must process time advancement and internal events continuously over the entire scenario
horizon, particularly for wireless technologies. Since the evaluation focuses on message-level
behavior and resulting delay distributions, rather than on long-term background dynamics,
the selected durations provide sufficient statistical representativeness without introducing
unnecessary computational overhead. It should be noted that this design choice may exclude
scenarios in which approximation-based approaches, including the proposed meta-model
or analytical methods, would exhibit even more pronounced performance advantages over
detailed simulation.

Similarly, the number of end devices is varied up to a maximum of 50 to analyze scal-
ability effects while avoiding confounding initialization and background simulation costs.
In detailed network simulations, all modeled devices contribute to simulation complexity
regardless of whether they actively transmit messages, and network initialization over-

1Depending on traffic configuration, scenario duration, and system size, the evaluated scenarios comprise
on average between approximately 600 and 6 000 message transmissions per run, with peak values
approaching 30 000 messages in communication-intensive configurations.
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head increases rapidly with network size. The selected range of 5 to 50 devices therefore
allows systematic investigation of scaling behavior in terms of communication modeling
accuracy and performance, while ensuring that the comparison remains focused on the
communication interactions.

In addition to traffic characteristics, different communication network models are applied.
Both wired and wireless communication technologies are considered in order to reflect typ-
ical deployment contexts in CPES, such as access networks and wide-area communication
infrastructures. By combining traffic models with different network technologies, the eval-
uation captures the interaction between traffic variability and network-induced effects on
message delays. An overview of all factors and their respective stages considered in the

Table 6.2: Overview on factors and stages in evaluation.
Symbol Factor Stages
CM Communication Model Ideal Communication

Detailed Model
Channel Model
Static Graph Model
Meta-Model cocoon

CN Communication Network Model LV-based topology with LTE
LV-based topology with LTE450
LV-based topology with 5G
LV-based topology with Ethernet

T Traffic Configuration CBR (1 mps)
CBR (1 mpm)
CBR (1 mph)
Poisson (1 mps, seed 1)
Poisson (1 mpm, seed 1)
Poisson (1 mps, seed 2)
Poisson (1 mpm, seed 2)
CDSB (1 mpm, 5 s, 50 %)
CDSB (5 mpm, 30 s, 75 %)
CDSB (10 mph, 60 s, 25 %)

S Scenario Duration one minute
ten minutes
thirty minutes

ND Number of Devices 5
10
50

evaluation is provided in Table 6.2. Each communication scenario is defined by a specific
combination of communication model, network technology, traffic model, scenario dura-
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tion, and number of devices. This systematic variation enables a structured comparison of
communication modeling approaches across a representative subset of the communication
behavior space in CPES, while keeping the overall evaluation tractable.

6.2.4 Meta-Model Training Configurations and Hyper-Parameter

The online-trained meta-model implemented in cocoon exposes several hyper-parameters
that influence clustering behavior, online learning dynamics, and the substitution decision
between detailed simulation and approximation. These hyper-parameters are systematically
varied in the evaluation in order to assess their impact on accuracy and performance
efficiency across different communication scenarios. An overview of all meta-model–specific
factors and their respective stages is provided in Table 6.3.

The cluster distance threshold δ (C-DT) controls the granularity of the initial clustering
used during the pre-training phase (Egg phase ), thereby influencing how sensitively the
meta-model distinguishes between different communication states. The batch size ipupa (C-
IP) determines how frequently the online regressor is retrained during simulation execution
and thus represents a trade-off between learning speed and computational overhead. The
learning rate α (C-LR) affects the responsiveness of the error smoothing mechanism used for
weighting predictions, while the butterfly threshold θbutterfly (C-BT) governs the confidence
required to fully substitute the detailed simulation with the meta-model. In addition,
different substitution priority configurations (C-SP)2 are evaluated by varying the weighting
of error level, error trend, cluster distance, and topology stability in the substitution decision.

Beyond hyper-parameter variation, different test–training splits (C-TTS) are applied to
reflect realistic deployment and reuse scenarios of the meta-model. The parametrization
split represents cases where only minor variations (such as the message frequency) in traffic
parameters are introduced. The traffic load split evaluates generalization across different
message volumes and load levels. The technology split reflects deployment across different
communication technologies, such as transitioning from wireless to wired networks. The
scale split investigates generalization from small validation setups to larger system sizes
with more end devices. Finally, the traffic model split assesses the ability of the meta-model
to adapt from simpler traffic patterns to more complex communication behavior.

6.2.5 Step-Based Method

The evaluation follows a step-based methodology designed to progressively investigate
different aspects of the proposed meta-model, ranging from data generation and internal

2error level: wlevel=0.4, wtrend=0.2, wcluster=0.2, wtopology=0.2, error trend: wlevel=0.2, wtrend=0.4, wcluster=0.2, wtopology=0.2,
none: wlevel=0.25, wtrend=0.25, wcluster=0.25, wtopology=0.25
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Table 6.3: Overview on meta-model specific factors and stages in evaluation.
Symbol Factor Stages
C-DT Cluster Distance Threshold 1

3
5

C-IP Batch Size ipupa 50
100
150

C-LR Learning Rate α 0.1
0.5
0.9

C-BT Threshold Value θbutterfly 0.1
0.5
0.9

C-SP Substitution Priority error level
none
error trend

C-TTS Test-Training Split parametrization split (pa)
traffic load split (tr)
technology split (te)
scale split (sc)
traffic model split (tm)

Step 0 Step 1 Step 2

Training Data Hyper-Parameters

Figure 6.5: Step-based evaluation methodology illustrating the separation between data
generation (Step 0), hyper-parameter tuning and robustness analysis (Step 1),
and comparative validation across communication modeling approaches
(Step 2).

optimization to comparative validation against alternative communication modeling ap-
proaches. Each step is associated with a specific experimental design and a clearly defined
objective.3

3All simulations were executed on a virtualized Linux system running Ubuntu 22.04.5 LTS (kernel 5.15.0).
The system was equipped with an Intel® Xeon® Gold 6248R CPU (3.00 GHz), providing 4 CPU cores with
single-thread execution (no simultaneous multithreading), and 7.8 GiB of RAM. The virtual machine
was hosted on a VMware hypervisor.
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Step 0: Training Data Generation Step 0 establishes the empirical foundation of the
meta-model by generating a representative and diverse training dataset. The objective is
to expose the meta-model to a broad range of communication behaviors, covering different
network technologies, traffic patterns, and system scales. This step focuses exclusively on
data generation and does not include comparative evaluation.

In this step, only the meta-model in training mode is used (CM: 1 level). All four
communication network technologies are considered (CN: 4 levels). A comprehensive set of
traffic patterns is employed (T: 13 levels), including the traffic models listed in Table 6.2
and additional unicast message exchange configurations. Scenario duration is determined
implicitly by the traffic configuration (S: coupled to T), and three system sizes are evaluated
(ND: 3 levels).

Step 1: Hyper-Parameter Tuning and Robustness Analysis Step 1 shifts the
focus from data generation to meta-model refinement. Using a Face-Centered Central Com-
posite Design [108], this step investigates the influence of hyper-parameters on prediction
accuracy, stability, and substitution behavior. In addition, different test–training splits are
evaluated to assess robustness under varying deployment assumptions.

The evaluation compares the detailed simulation and the meta-model (CM: 2 levels).
Two representative communication technologies are selected to contrast wired and wireless
settings (CN: 5G, Ethernet) and a reduced set of representative traffic patterns is used
(TS: CBR 1 mps, Poisson 1 mps, CDSB 1 mpm with 5 s processing delay and 50% response
ratio). A medium-sized system is considered (ND: 10 devices). All meta-model–specific
hyper-parameters (C-DT, C-IP, C-LR, C-BT, C-SP) are varied according to Table 6.3, and
three test–training splits are applied (C-TTS: parametrization, scale, technology).

Step 2: Comparative Validation and Generalization The final step evaluates
the external validity of the meta-model in comparison to alternative communication mod-
eling approaches. A Fractional Factorial (screening) design [108] is used to analyze the
impact of key scenario factors on the defined NFRs, namely accuracy, performance efficiency,
scalability, and adaptivity.

All communication modeling approaches are included (CM: Ideal, Detailed, Static Graph,
Channel Model, Meta-Model). All four communication technologies are evaluated (CN:
LTE, LTE450, 5G, Ethernet). Six representative traffic models are considered, covering
regular, stochastic, and bursty behavior. System size is varied to assess scalability (ND: 5,
10, 50 devices), and scenario duration is increased (S: five and ten minutes). All test–training
splits are applied (C-TTS: all stages), while the remaining meta-model hyper-parameters
are fixed to the optimal configuration identified in Step 1.
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6.3 Hyper-Parameter Optimization (Step 1)

In total, Step 1 comprises 726 evaluated scenarios, including predominantly meta-model
configurations and a number of six detailed reference configurations. Each scenario was ex-
ecuted with five independent simulation runs to account for the non-deterministic behavior
of the communication models.

Following the approach of Banks et al. [42], a number of simulation runs R required
to estimate the mean delay with a significance level of α = 0.05 and an allowed error of
ϵ = 0.05 can be derived using Equation 6.6:

R ≥
(

tα/2,R0 · σ

ϵ

)2
, (6.6)

where tα/2,R0 denotes the critical value of the t-distribution with R0 degrees of freedom.
Although multiple evaluation metrics are considered in Step 1 (cf. Table 6.1), the stan-

dard deviation σ in Equation 6.6 refers to the run-to-run variability of the underlying
stochastic output, i.e. the end-to-end delay times produced by the communication simu-
lation4. Assuming a standard deviation of σ = 5 for the result variability, this yields a
requirement of more than 200 simulation runs per scenario. Given that a single scenario run
requires up to 300 s of execution time (as this was set as a time-out threshold), this would
result in approximately 60 450 s per scenario. For all 726 scenarios, the total execution time
would amount to about 43 886 700 s, corresponding to more than 508 days (≈ 1.39 years) of
computation time. Consequently, achieving this confidence level is computationally infea-
sible within the scope of this work, and the number of simulation runs is therefore limited
to five5 per scenario. The resulting statistical uncertainty is explicitly acknowledged and
must be taken into account when interpreting the results.

Across all scenarios, the mean execution time of the detailed simulations amounts to
125.17 s, while the meta-model executions required 68.32 s on average. Substitution of the
detailed simulation by the meta-model occurred in 264 out of 462 applicable configurations,
corresponding to a substitution success rate of 57.14%.

In the following subsections, the results of the Step 1 optimization will be presented
by focusing on different aspects such as the influence of the model hyper-parameters and
different test-training configurations.

4The accuracy metrics are derived from these delay values and therefore inherit their variability, but
they are not themselves the quantities for which confidence intervals are constructed in the replication
analysis.

5Assuming a below threshold execution time of 100 s per scenario, this would result in ≈ 4.2 days compu-
tation time for Step 1.
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6.3.1 Distribution of Evaluation Metrics
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Figure 6.6: Distribution of the evaluation metrics for the meta-model (with substitution
enabled) during Step 1. The plots show the variability of the Normalized RMSE
(NRMSE), Wasserstein distance (W ), empirical coverage (C±σ), execution
time (ET ), and composite score (SC).

The distribution of the evaluation metrics obtained in Step 1 is shown in Figure 6.6. The
distribution of the NRMSE metric is strongly right-skewed, indicating that the majority
of configurations achieve low deviations in mean delay times compared to the detailed
simulation. However, a small number of configurations exhibit substantially higher error
values, reflecting unfavorable hyper-parameter settings or insufficient generalization under
certain training–testing splits. A similar pattern is observed for the Wasserstein distance
W . Most scenarios result in low distributional distances, suggesting that the meta-model is
generally able to reproduce the delay distributions of the detailed simulation. Nevertheless,
isolated configurations yield larger Wasserstein distances, highlighting cases where higher-
order distributional characteristics are not captured adequately.

The empirical coverage C±σ is more evenly distributed across the interval [0, 1], with a
clear concentration toward higher coverage values. This indicates that, in most scenarios,
the variability of the delay distributions produced by the meta-model aligns well with the
dispersion observed in the detailed simulation.

Execution times vary considerably across scenarios, ranging from very short run-times to
values of approximately 200 s. This spread reflects differences in scenario duration, traffic
load, and substitution behavior. Configurations without substitution generally exhibit
higher execution times due to the reliance on the detailed simulation.

The composite score SC is zero for all scenarios in which no substitution occurred, as
intended by its definition. For scenarios with successful substitution, the score spans a wide
range of values, reflecting the combined influence of accuracy, performance efficiency, and
distributional similarity.
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6.3.2 Influence of Hyper-Parameters

As a first step, the results of Step 1 are analyzed with respect to their statistical significance
in order to quantify the impact of the meta-model hyper-parameters on performance and
accuracy relative to the detailed communication simulation baseline.

To disentangle structural effects from model-specific behavior, the analysis distinguishes
between two complementary evaluation perspectives. An Intention-To-Treat (ITT) view
includes all meta-model configurations and accounts for substitution as an explicit co-
variate, thereby reflecting realistic deployment behavior. In contrast, a Per-Protocol (PP)
view restricts the analysis to configurations in which substitution of the detailed simula-
tion by the meta-model actually occurred, allowing the influence of hyper-parameters on
approximation quality to be assessed independently of the substitution decision. [109]

Prior to statistical testing, the evaluation metrics are transformed to account for skew-
ness and bounded domains. Execution time (ET ), the accuracy metrics NRMSE and
Wasserstein distance (W ) are log-transformed, and the empirical coverage metric (C±σ) is
logit-transformed. These transformations improve the validity of linear-model assumptions.

For each metric, a joint multi-factor ordinary least squares model is fitted that includes
all meta-model hyper-parameters simultaneously, namely the cluster distance threshold (C-
DT), batch size ipupa (C-IP), learning rate α (C-LR), butterfly threshold θbutterfly (C-BT),
and substitution priority (C-SP). To control for scenario-dependent effects, the model fur-
ther includes communication network type, traffic configuration, and test–training split as
co-variates. Statistical significance is assessed using Type-II Analysis of Variance (ANOVA),
which yields order-invariant tests for the main effects of each factor [110]. Effect sizes are re-
ported in terms of partial η2, quantifying the proportion of explainable variance attributable
to each factor beyond the residual error.

The results reveal that substitution behavior in Step 1 is fully determined by the butterfly
threshold. For θbutterfly = 0.9, substitution does not occur in any configuration, whereas
for lower threshold values substitution always takes place. Consequently, C-BT acts as a
structural switch between detailed simulation and approximation rather than as a fine-
grained tuning parameter.

This behavior is reflected in the results regarding the performance estimation. In the ITT
view, execution time is dominated by the butterfly threshold, followed by the batch size.
All remaining hyper-parameters exhibit negligible and statistically non-significant effects.
In the PP view, where only configurations with successful substitution are considered, the
influence of C-BT vanishes, and execution time is almost entirely determined by the batch
size, reflecting the computational overhead of online retraining.

For the accuracy-related metrics, significant effects in the ITT view are again observed
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Table 6.4: Statistically significant hyper-parameter effects identified in Step 1. Only effects
with substantial explanatory power (partial η2 > 0.1) are shown.
Metric Factor View partial η2

ET C-BT ITT 0.77
ET C-IP ITT 0.31
ET C-BT PP 0.84
NRMSE C-BT ITT 0.47
W C-BT ITT 0.46
C±σ C-BT ITT 0.50

exclusively for the butterfly threshold. These effects do not reflect differences in approxima-
tion quality, but rather the contrast between substituted and non-substituted configurations.
Once the analysis is restricted to substituted configurations (PP), no hyper-parameter ex-
hibits a statistically significant impact on NRMSE or W , and only a moderate effect of
the batch size on empirical coverage remains.

An overview of all statistically significant effects with substantial explanatory power
(η2 > 0.1) is provided in Table 6.4. Taken together, these findings indicate that the primary
role of Step 1 is not the fine-tuning of approximation accuracy, but the identification of a
robust hyper-parameter configuration that yields stable accuracy while enabling efficient
substitution.

In order to find this robust configuration of hyper-parameters, Figure 6.7 summarizes the
(partially non-significant) influence of the evaluated hyper-parameters on the standardized
evaluation metrics. For this analysis, all metric values were transformed into z-scores across
configurations to allow direct comparison of effects. The metrics ET and W were inverted
prior to standardization such that higher values consistently indicate better performance.
Darker cells therefore correspond to above-average outcomes, whereas lighter cells indicate
below-average results.

Overall, the results show that the choice of hyper-parameters has an impact on both
accuracy-related and performance-related metrics. In particular, the cluster distance thresh-
old (C-DT) exhibits an influence in the scenarios investigated. A moderate threshold value
(C-DT = 3) consistently achieves favorable trade-offs across metrics, whereas smaller or
larger thresholds tend to either over-fragment the clustering or overly smooth scenario
distinctions, leading to reduced performance or accuracy.

As mentioned earlier in the statistical analysis, the substitution threshold θbutterfly (C-BT)
shows the strongest individual effect. Higher threshold values result in improved accuracy
metrics, as substitution is delayed or prevented and the detailed simulation dominates.
However, this comes at the cost of increased execution time and reduced substitution success.
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Figure 6.7: Comparison of standardized mean values across meta-model hyper-parameter
configurations during Step 1 optimization. Metric values are z-score normalized;
ET and W are inverted so that darker cells consistently indicate better per-
formance. The configuration selected for Step 2 is marked with dashed boxes,
reflecting the most balanced trade-off across all metrics and the highest com-
posite score SC.

Conversely, lower threshold values promote earlier substitution, improving performance
efficiency but increasing approximation error. This behavior highlights the fundamental
trade-off between accuracy and computational efficiency inherent in the meta-model design.

The batch size ipupa (C-IP) and learning rate α (C-LR) primarily affect stability and
convergence behavior. Intermediate values (C-IP = 100, C-LR = 0.5) yield more balanced
results across metrics, whereas extreme settings tend to favor either responsiveness or
stability at the expense of the other. The substitution priority (C-SP) further influences



6.3 hyper-parameter optimization (step 1) 117

the balance between error control and performance. A neutral weighting of substitution
criteria (C-SP = none) achieves the most consistent overall performance, as reflected
in the composite score. Based on the composite score SC, which integrates accuracy,
distributional similarity, and execution time while accounting for substitution success6, the
configuration C-DT=3, C-IP=100, C-LR=0.5, C-BT=0.5, and C-SP=none emerges as the
most robust overall setting. C-BT=0.1 and C-BT=0.5 show similar results in terms of the
SC metric. However, since C-BT=0.5 shows more balanced results in terms of accuracy
metrics, this configuration was chosen. This configuration is then selected as the default
for the comparative evaluation in Step 2.
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Figure 6.8: Influence of hyper-parameter configurations on the composite score SC across
different network technologies (blue: 5G, orange: Ethernet) and traffic config-
urations (line styles). The butterfly threshold C-BT dominates the response,
with C-BT=0.5 producing a sharp peak across all scenarios.

Figure 6.8 provides a condensed view of the influence of individual hyper-parameters on
the composite score SC, differentiated by communication network technology and traffic
configuration. The dominant finding is the strong and consistent effect of the butterfly
threshold C-BT: the score peaks sharply at C-BT=0.5 across all network types and traffic
configurations, while both extreme values (C-BT=0.1 and C-BT=0.9) yield substantially
lower scores. This reflects the fundamental trade-off identified in the statistical analysis:
too low a threshold triggers premature substitution and degrades accuracy, while too high
a threshold prevents substitution entirely and eliminates the performance benefit. The
remaining hyper-parameters show comparatively flat and less decisive response curves, with
moderate settings consistently outperforming extremes but without producing the sharp

6It should be noted at this point that the ET and SC metrics show very similar results in the Figure 6.7.
This is not because ET has a greater influence on SC than the other metrics, but because the other
metrics usually show similar performance in the configurations and therefore do not have a strong
influence on SC in the comparison.
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optimum observed for C-BT. Importantly, the qualitative shape of all response curves
is consistent across network technologies and traffic configurations, confirming that the
selected default configuration represents a stable compromise independent of the specific
deployment scenario.

6.3.3 Test-Training Configurations
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Figure 6.9: Standardized mean performance of the meta-model across different
test–training configurations (C-TTS).

Figure 6.9 illustrates the influence of different test–training split strategies (C-TTS)
on the standardized evaluation metrics. As in the hyper-parameter analysis, all metrics
were z-score normalized across configurations, with the values for execution time ET and
Wasserstein distance W inverted to ensure consistent interpretation.

The results show that the choice of test–training configuration has a noticeable impact on
both accuracy-related and performance-related metrics. The parametrization split achieves
comparatively high standardized values, particularly for ET and the composite score SC.
This behavior can be attributed to the high similarity between training and testing data in
this split, which allows the cluster-based predictions to remain accurate from the beginning
of the simulation and enables earlier substitution of the detailed model.

Favorable performance across all metrics is also exhibited by the scale split. Although
the number of devices differs between training and testing scenarios, the underlying commu-
nication patterns and technologies remain comparable. This indicates that the meta-model
generalizes well with respect to system size, provided that traffic characteristics are suffi-
ciently represented in the training data.

In contrast, the technology split results in the lowest standardized performance. In
this configuration, the communication technology used during testing differs from that
seen during training, leading to mismatches in delay characteristics and network behavior.
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As a result, both accuracy and substitution performance degrade, which is reflected in
lower values for ET and SC. This outcome is expected and highlights the importance of
technology-specific training data when transferring the meta-model across heterogeneous
communication infrastructures.

Overall, the analysis confirms that the meta-model benefits most from training data that
is representative of the deployment context, while still maintaining a degree of robustness
with respect to changes in scale.

6.3.4 Scenarios without Substitution

This part of the Step 1 analysis focuses on the behavior of the meta-model when substitution
of the detailed simulation is disabled. The objective is to isolate the effects of online learning
duration and the amount of available training data on prediction accuracy and execution
time. By excluding substitution (and therefore the Butterfly phase ), the analysis
allows direct observation of how the meta-model’s predictive performance evolves over time
as additional message observations become available.
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Figure 6.10: Chunked Mean Absolute Error (MAE) and RMSE over time for different
amounts of training data. Each curve represents the mean weighted prediction
error within consecutive message intervals (step size = 50). The lines show
how the meta-model accuracy evolves over time, averaged across scenarios
that share the same amount of training data used during training.
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Figure 6.10 illustrates the evolution of the weighted prediction error over the course
of the simulation for different amounts of initial training data under the parametrization
split. Prediction errors are computed in consecutive chunks of 50 messages and averaged
across all scenarios sharing the same training data configuration. Both MAE and RMSE
exhibit a clear dependence on the amount of training data during the early phase of the
simulation.

At the beginning of the execution, configurations initialized with larger and more diverse
training datasets show higher prediction errors, whereas configurations trained on a single
scenario achieve lower initial errors. This behavior reflects the closer alignment of narrowly
trained models with the test scenarios, while more broadly trained models exhibit increased
initial variance.

For configurations trained on the full training dataset, the error does not decrease
monotonically but exhibits a temporary increase in the intermediate phase of the simulation.
This behavior indicates that parts of the training data may encode communication patterns
that are not fully consistent with the currently observed scenario, leading to transient
negative transfer before sufficient online observations allow the model to adapt.

As the simulation progresses, prediction errors decrease across all configurations, demon-
strating effective online learning. Towards the end of the plot (message indices 200 and
250), both MAE and RMSE converge to similarly low levels for all training configurations,
indicating that long-term predictive performance is governed primarily by online adapta-
tion, while the amount and diversity of initial training data mainly influence early and
transient behavior.
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Figure 6.11: Execution time of the scenarios as a function of the amount of training data,
differentiated by test–train split. Bars show mean execution time across all
scenarios within each configuration.
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The impact of training data size on execution time is shown in Figure 6.11. Execu-
tion time increases with the amount of training data, reflecting the higher computational
overhead associated with larger clustering structures and more complex regression mod-
els. In contrast to the substitution-enabled scenarios discussed earlier, differences between
test–training split strategies are comparatively small when substitution is disabled. This in-
dicates that, in the absence of substitution, execution time is dominated by the complexity
of the training data rather than by scenario similarity between training and testing.

It is important to note that even in scenarios without substitution, where delay generation
is exclusively performed by the detailed communication simulation, the resulting accuracy
metrics do not attain ideal values. Across all Step 1 scenarios with disabled substitution,
the average empirical coverage amounts to 0.97, with a minimum observed value of 0.76.
Similarly, the Wasserstein distance is non-zero, with an average value of 0.36 and maximum
values exceeding 3, while the normalized root mean squared error reaches an average of
0.018 and a maximum of 0.18.

These deviations arise from the inherent non-deterministic behavior of the detailed com-
munication simulation itself. Due to stochastic effects in scheduling, queuing, and protocol
dynamics, repeated executions of identical scenarios yield distributions of delay outcomes
rather than identical realizations. Consequently, even comparisons between realizations of
the detailed model exhibit non-zero error and incomplete empirical coverage.

This inherent baseline uncertainty must therefore also be taken into account in the
interpretation of the Step 2 results, as it defines a lower bound on achievable accuracy that
applies independently of the chosen communication modeling approach.

6.3.5 Comparison to Random Forest Regressor

In addition to the Decision Tree Regressor used in the meta-model configuration discussed
so far, the same evaluation was conducted using a Random Forest Regressor. This choice
is motivated by the observation in Subsection 5.1.3 that inherently ensemble-based tree
methods can yield strong predictive performance in static regression settings and are often
considered a robust alternative to single-tree models.

Figure 6.12 compares the distribution of evaluation metrics obtained when using Decision
Tree and Random Forest Regressors within the meta-model. The comparison includes
accuracy-related metrics (NRMSE, W , C±σ) as well as execution time (ET ).

With respect to performance efficiency, the Random Forest configuration achieves slightly
lower execution times on average. This effect can be attributed to differences in the sub-
stitution behavior and prediction dynamics of the regressor, which in some scenarios allow
earlier or more frequent substitution of the detailed simulation. However, this performance
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Figure 6.12: Comparison of the meta-model performance when using Decision Tree and
Random Forest Regressors.

advantage is comparatively small and must be interpreted in conjunction with the observed
accuracy behavior.

In contrast, the accuracy-related metrics reveal a markedly less stable behavior of the
Random Forest Regressor. While median values of NRMSE and W are already higher
than those obtained with the Decision Tree, the most prominent difference is the presence
of numerous extreme outliers. This effect is particularly pronounced for the Wasserstein
distance, where values exceed 1500 in several configurations, whereas the corresponding
values for the Decision Tree Regressor remain below 10 across all evaluated scenarios. A
similar pattern is visible for the NRMSE, indicating substantial deviations in predicted
mean delay times in a subset of scenarios.

The empirical coverage metric C±σ further supports this observation. Although high
coverage values are achieved in many cases, the Random Forest configuration exhibits a
wider spread and a larger number of low-coverage realizations, indicating a reduced ability
to consistently reproduce the variability of the delay distributions observed in the detailed
simulation.

A more detailed analysis of the scenario configurations reveals that the unfavorable
Random Forest results are strongly associated with the technology split test–training con-
figuration. In this setting, the communication technology used during evaluation differs
from that seen during training, leading to pronounced shifts in delay characteristics. The
ensemble-based Random Forest Regressor appears to be less robust under such distribu-
tional changes, resulting in amplified prediction errors and heavy-tailed error distributions.
This behavior suggests that, while Random Forests can effectively reduce variance in sta-
tionary settings, they may struggle to extrapolate under stronger regime changes that are
common when transferring between communication technologies.
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6.3.6 Summary of Step 1 Findings

The main findings of the hyper-parameter optimization and analysis in Step 1 can be
summarized as follows:

• Substitution behavior and execution time are dominated by the butterfly threshold,
which effectively controls whether the meta-model replaces the detailed simulation
or not.

• Once substitution occurs, execution time is primarily determined by the batch size,
reflecting the computational overhead of online retraining.

• Approximation accuracy is largely insensitive to most hyper-parameters in substituted
configurations, indicating stable predictive behavior over a wide parameter range.

• Test–training configurations strongly influence early-phase accuracy and substitution
timing, with parametrization and scale splits yielding the most favorable results.

• Online learning enables the meta-model to compensate for limited or partially mis-
matched training data, although transient accuracy degradation may occur.

• A single hyper-parameter configuration emerges as a robust default based on the
composite score and is selected for the comparative evaluation in Step 2.

• Even in scenarios without substitution, accuracy metrics do not attain ideal values
due to the inherent non-deterministic behavior of the detailed communication simu-
lation, establishing a baseline uncertainty that must be considered when interpreting
substitution-enabled results.

Based on these findings, the hyper-parameter configuration C-DT=3, C-IP=100, C-
LR=0.5, C-BT=0.5, and C-SP=none is selected as the default for the comparative evalu-
ation in Step 2. This configuration achieves the most balanced trade-off across accuracy,
distributional similarity, and execution time while maintaining robust substitution behavior
across heterogeneous scenarios. The following section applies this configuration to assess
the meta-model against alternative communication modeling approaches across the full
scenario space defined in Table 6.2.

6.4 Comparative Evaluation (Step 2)

The objective of this step is to evaluate the defined NFRs (accuracy, performance efficiency,
scalability, and adaptivity) for the proposed meta-modeling approach in comparison to the



124 evaluation and comparative analysis

other communication modeling approaches. In contrast to Step 1, which focused on internal
optimization and the identification of robust hyper-parameters, Step 2 assesses the validity
and practical applicability of the meta-model across a broad range of communication
scenarios.

Table 6.5: Overview of evaluated NFR categories, their influencing factors, and the corre-
sponding metrics.

NFR (focus) Main Factors Main Metrics

Accuracy all NRMSE, C±σ, W

Adaptivity NRMSE, C±σ, W

(regarding communica-
tion network technolo-
gies)

CN (Communication Network
Model)

(regarding test-training
set-up)

C-TTS (Test-Training Split)

Performance Efficiency all ET

Scalability ET

(increasing complexity
& message volumes)

T (Traffic Model)

(increasing network
topologies)

ND (Number of Devices)

(increasing scenario du-
rations)

S (Scenario Duration)

Table 6.5 summarizes how the individual NFRs are evaluated. Accuracy is assessed across
all scenarios using metrics that capture deviations in mean delay behavior, distributional
similarity, and empirical coverage. Adaptivity is evaluated indirectly by analyzing the
stability of these accuracy metrics across different communication network technologies
(CN) and test–training configurations (C-TTS), thereby assessing the meta-model’s ability
to generalize beyond its training context. Performance efficiency is measured using the
execution time (ET ), while scalability is analyzed by observing how execution time evolves
with increasing traffic complexity, network size, and scenario duration. The accuracy metrics
with regard to increasing network topologies are analyzed as part of the accuracy evaluation.

Overall, 1 584 distinct scenarios were evaluated, each executed with five independent
runs (cf. the discussion in Section 6.3 for details on the required number of simulation
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runs) to account for non-deterministic behavior. The scenarios are distributed across the
different communication modeling approaches as follows: 960 scenarios use the meta-model,
192 scenarios each use the channel model, detailed model, and static graph model, and
48 scenarios use the ideal model. The different numbers of scenarios result from different
parameterization options (e.g., the ideal model does not consider different communication
networks). Within the meta-model configurations, substitution of the detailed simulation
occurred in 806 scenarios, while 154 scenarios completed without substitution. Detailed
numerical results for all evaluated metrics are provided in the appendix (see Table A.1,
Table A.2, and Table A.3).

Table 6.6: Results of nested linear model tests assessing the influence of the communication
modeling approach (CM) on the evaluation metrics in Step 2 (#CM refers to
the number of stages in CM considered for the metric).

Metric #CM F p-value partial
η2

ET (log) 5 1737.99 < 10−15 0.709

NRMSE (log) 3 3.96 0.0468 0.0031

W (log) 3 4.11 0.0428 0.0032

C±σ (logit) 3 211.25 < 10−40 0.141

As an initial global analysis, the influence of the communication modeling approach (CM)
on the evaluation metrics is assessed using nested linear models that control for scenario
characteristics (cf. Table 6.6). The results show that the choice of communication model has
a highly significant and dominant effect on execution time, confirming that computational
performance is primarily determined by the modeling approach. For accuracy-related
metrics, statistically significant but substantially smaller effects were observed for mean
delay error and distributional distance. In contrast, empirical coverage exhibits a large
effect size, demonstrating that the ability to reproduce delay variability depends strongly
on the selected communication model.

While this global analysis establishes that the choice of communication modeling ap-
proach has a statistically significant influence on the evaluated metrics, it does not yet
reveal how the individual modeling approaches compare under specific scenario conditions.
To this end, the following subsections examine the behavior of the different communication
models in more detail, disentangling their relative strengths and limitations with respect
to Accuracy, Performance Efficiency, Scalability, and Adaptivity across the considered
communication scenarios.
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6.4.1 Accuracy

Accuracy is a central requirement for the proposed meta-model, as it is intended to exceed
the fidelity of simple analytical communication models while avoiding the computational
cost of detailed simulation. Consequently, accuracy is evaluated across the full space of
scenario factors considered in Step 2, including traffic models, network sizes, communication
technologies, and scenario durations.
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Figure 6.13: Overall comparison of accuracy metrics across communication modeling ap-
proaches aggregated over all Step 2 scenarios.

Figure 6.13 shows a clear separation between the evaluated communication modeling
approaches. The channel model exhibits the weakest accuracy across all metrics, with
comparatively high normalized errors, consistently low empirical coverage close to zero,
and the largest Wasserstein distances. This indicates that, while computationally efficient,
the channel model fails to reproduce both mean delay behavior and delay variability across
heterogeneous scenarios.

The static graph model and the meta-model achieve substantially better accuracy. For
NRMSE and W , both approaches show comparable median values, indicating similar
performance in reproducing mean delays and overall delay distributions. However, the
meta-model consistently achieves higher empirical coverage C±σ than the static graph
model. This suggests that the meta-model more accurately captures the dispersion and
variability of delays, rather than only their central tendency.

Further insights are provided by Figure 6.14, which decomposes accuracy by network
size and traffic model. Across all numbers of devices and traffic configurations, the channel
model consistently shows the highest NRMSE, near-zero empirical coverage, and the
largest Wasserstein distances. The static graph model improves upon these results but
exhibits increasing error and variability as the number of devices grows.

In contrast, the meta-model shows a comparatively narrow spread in both NRMSE and
W across network sizes and traffic models, indicating stable and predictable error bounds.
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Figure 6.14: Accuracy comparison of analytical communication models and the meta-model
across varying numbers of devices and traffic models for all accuracy metrics.

While empirical coverage decreases with increasing network size for all approaches, the
meta-model maintains noticeably higher coverage values than the other analytical models,
particularly in scenarios with smaller and medium-sized networks.

A closer inspection of the empirical coverage metric reveals that its decline with increasing
network size is not specific to the meta-model but reflects a general increase in delay
variability in larger systems. As the number of devices grows, contention, routing diversity,
and queue interactions lead to broader and more heterogeneous delay distributions in
the detailed simulation baseline. Analytical models, which rely on static or mean-based
abstractions, fail to reproduce this variability and therefore exhibit near-zero coverage
across all network sizes.

For the meta-model, the decrease in empirical coverage at larger scales is more gradual.
This indicates that the meta-model partially adapts to the increased variance through
online learning, but does not fully capture higher-order distributional characteristics under
high-complexity conditions.

Figure 6.15 serves to contextualize the achievable accuracy of the meta-model by again
explicitly illustrating that the lower error bound of the evaluation metrics is not zero.
Scenarios without substitution correspond to continued execution of the detailed commu-
nication simulation and therefore represent comparisons between stochastic realizations
of the same underlying model. Due to inherent non-deterministic effects in scheduling,
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Figure 6.15: Accuracy metrics of the meta-model differentiated by substitution outcome.
Scenarios without substitution correspond to continued execution of the de-
tailed simulation.

queuing, and protocol dynamics, these configurations already exhibit non-zero values for
NRMSE, Wasserstein distance, and empirical coverage below one (as already mentioned
in Subsection 6.3.4). This demonstrates that the meta-model maintains accurate and sta-
ble predictions across the evaluated scenarios, and that observed deviations should be
interpreted relative to the intrinsic uncertainty of the reference simulation rather than as
absolute modeling errors.

6.4.2 Adaptivity

Adaptivity also is a key NFR of the proposed meta-model, as it is intended to be applicable
across heterogeneous communication network configurations and adaptable to varying
communication behaviors without requiring extensive re-engineering. While the integration
of the meta-model into the simulation environment has already been discussed in Section 6.1,
the focus of this subsection is on its empirical adaptivity. This is assessed by analyzing
how robustly the meta-model maintains accuracy across different communication network
technologies and under varying test–training configurations.

Figure 6.16 compares the accuracy metrics of the different communication modeling
approaches across the evaluated communication network technologies. For wireless tech-
nologies (5G, LTE, and LTE450), the meta-model consistently achieves strong accuracy
results across all metrics. In particular, it outperforms the simpler analytical approaches
and maintains comparatively low NRMSE and W values, while achieving higher empir-
ical coverage C±σ. This indicates that the meta-model adapts well to the stochastic and
technology-specific characteristics of wireless communication networks.

For wired Ethernet-based communication, the static graph model slightly outperforms
the meta-model in terms of accuracy. This behavior can be attributed to the highly pre-
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Figure 6.16: Comparison of accuracy metrics across communication network models. Each
subplot shows one accuracy metric evaluated for different communication
technologies and modeling approaches.

dictable and largely static delay characteristics of Ethernet networks, which align well
with the assumptions underlying static delay graph representations. While the meta-model
remains applicable in these scenarios, the results suggest that its default hyper-parameter
configuration is not fully optimized for wired network environments. Targeted tuning could
further improve its performance in this setting.

Across all communication technologies, the relative accuracy of the meta-model remains
stable across different traffic models. Differences are most pronounced in the empirical
coverage metric, which is more sensitive to the inherent non-determinism of the detailed sim-
ulation baseline. These variations reflect stochastic effects rather than systematic modeling
errors.

The influence of different test–training configurations on meta-model accuracy is shown in
Figure 6.17. Overall, the meta-model exhibits comparable performance across all evaluated
split strategies, indicating robust generalization beyond the specific conditions seen during
training. The best accuracy is achieved for test–training splits that preserve similar traffic
characteristics between training and testing. In particular, the traffic load split, where the
traffic pattern remains unchanged but message volume varies, and the parametrization
split, where traffic characteristics change only slightly, yield consistently low NRMSE and



130 evaluation and comparative analysis

Tr
aff

ic 
mod

el 
sp

lit

Sca
le 

sp
lit

Tr
aff

ic 
loa

d s
pli

t

Pa
ra

metr
iza

tio
n s

pli
t

Te
ch

no
log

y s
pli

t
0.0

0.2

M
et

ri
c 

va
lu

e
NRMSE

Tr
aff

ic 
mod

el 
sp

lit

Sca
le 

sp
lit

Tr
aff

ic 
loa

d s
pli

t

Pa
ra

metr
iza

tio
n s

pli
t

Te
ch

no
log

y s
pli

t
0.0

0.2

0.4

M
et

ri
c 

va
lu

e

C±σ

Tr
aff

ic 
mod

el 
sp

lit

Sca
le 

sp
lit

Tr
aff

ic 
loa

d s
pli

t

Pa
ra

metr
iza

tio
n s

pli
t

Te
ch

no
log

y s
pli

t
0

5

M
et

ri
c 

va
lu

e

W

Figure 6.17: Accuracy metrics of the meta-model across different test–training split config-
urations. Each subplot shows one accuracy metric aggregated over all Step 2
scenarios.

W values and higher empirical coverage.
In contrast, splits that introduce stronger deviations between training and testing condi-

tions, such as the technology split, lead to moderately reduced accuracy. This behavior is
expected, as fundamental network characteristics differ between communication technolo-
gies and are only partially transferable without technology-specific training data.

Overall, the results demonstrate that the meta-model can be applied across heterogeneous
communication network technologies and remains robust under different assumptions about
training data availability and deployment context. The observed stability of accuracy
metrics across both network technologies and test–training configurations provides strong
empirical evidence for the adaptivity of the proposed meta-modeling approach.

6.4.3 Performance Efficiency

Performance efficiency is another central requirement for the proposed meta-model, as
it aims to significantly reduce computational overhead compared to traditional, fully in-
tegrated communication simulations while retaining acceptable accuracy. Since this is
intended to be an inherent property of the modeling approach, execution time is evaluated
across all scenario factors considered in Step 2, including traffic characteristics, communi-
cation models, network size, and scenario duration.

Figure 6.18 compares the execution times of all communication modeling approaches
aggregated over all evaluated scenarios. The ideal communication model serves as a lower
bound for execution time, as it introduces no communication-related computation beyond
message passing. Both analytical approaches (the channel model and the static graph model)
exhibit execution times close to this lower bound, reflecting their reliance on simple look-
up operations and lightweight delay calculations. In contrast, the detailed communication
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Figure 6.18: Execution time comparison across communication modeling approaches. The
boxplots show the distribution of execution times over all Step 2 scenarios.
For the meta-model, scenarios with substitution (S) and without substitution
(S) are shown separately.

model shows substantially higher execution times, with median values exceeding 100 s. This
reflects the computational cost of executing a full-fledged discrete-event network simulation
and maintaining synchronization between the simulation environments.

The meta-model occupies an intermediate position between these extremes. For scenarios
in which substitution occurs, execution times are significantly reduced compared to the
detailed model and are closer to those of the analytical approaches, while still exceeding
the ideal baseline due to the overhead of online learning and prediction. Scenarios with-
out substitution exhibit higher execution times, approaching those of the detailed model,
as communication events continue to be handled by the detailed simulation throughout
execution.

Overall, the results demonstrate that the meta-model substantially improves performance
efficiency relative to detailed communication simulation, particularly when substitution is
achieved.

6.4.4 Scalability

Scalability is a NFR for communication modeling approaches in CPESs, as real-world
applications are characterized by increasing system sizes, longer operational horizons, and
growing communication volumes. In this subsection, scalability is evaluated by analyzing
how execution time evolves with increasing numbers of devices, longer scenario durations,
and more complex traffic patterns.

Figure 6.19 shows execution times aggregated over all scenarios with respect to network
size and scenario duration. The analytical communication models exhibit consistently low
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Figure 6.19: Execution time as a function of system scale. The left plot shows execution
time over increasing numbers of devices, while the right plot shows execution
time for different scenario durations.

execution times across all configurations. Their runtime is largely insensitive to both the
number of devices and the scenario duration, reflecting their reliance on simple computa-
tions and static delay representations.

In contrast, the execution time of the detailed communication model increases steadily
with both the number of devices and the scenario duration. This trend reflects the growing
number of simulated communication events and the increased complexity of network state
handling in the discrete-event simulation. It is worth noting that a timeout of 300 s was
configured, which bounds the maximum observed execution time and further highlights
the limited scalability of fully detailed communication simulations.

The meta-model again exhibits an intermediate behavior. Execution time increases with
network size and scenario duration, but at a substantially lower rate than for the detailed
model. Even for the largest network sizes and longest scenarios considered, the meta-model’s
execution times remain well below those of the detailed simulation. This indicates that
the meta-model mitigates the scalability limitations of detailed communication simulation
while still accounting for dynamic communication effects.

Figure 6.20 further differentiates execution time by traffic model class. For regular
CBR traffic and Poisson-distributed traffic, similar execution times are observed across all
modeling approaches. In contrast, scenarios with CDSB traffic lead to noticeably higher
execution times for the detailed communication model, reflecting the increased burstiness
and clustering of communication events.

For the meta-model, execution times under CDSB traffic are comparatively lower than
those of the detailed simulation. This behavior may be attributed to the fact that bursty
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Figure 6.20: Execution time comparison across traffic model classes. Results are aggregated
over all network sizes and scenario durations.

traffic accelerates the accumulation of training data and increases the likelihood of substi-
tution, thereby reducing the duration for which the detailed simulation remains active. As
a result, the meta-model benefits from complex traffic patterns in terms of performance
efficiency, whereas the detailed simulation incurs additional computational overhead.

Overall, the results demonstrate that the meta-model scales more favorably than detailed
communication simulation with respect to system size, scenario duration, and traffic com-
plexity. While analytical models remain the most computationally efficient, they do so at
the cost of reduced accuracy. The meta-model provides a scalable compromise that substan-
tially improves performance efficiency over detailed simulation while retaining significantly
higher fidelity than simple analytical approaches.

6.4.5 Summary of Step 2 Findings

The comparative evaluation in Step 2 yields the following key observations:

• The choice of communication modeling approach has a dominant effect on execution
time and a substantial impact on the reproduction of delay variability.

• The meta-model often outperforms simple analytical models and improves upon static
graph-based approximations, particularly with respect to distributional accuracy.

• With increasing network size, empirical coverage decreases for all communication
modeling approaches due to rising delay variability; the meta-model exhibits a more
gradual degradation, indicating partial adaptation to increased system complexity.



134 evaluation and comparative analysis

• The meta-model achieves significant runtime reductions compared to detailed simu-
lation and scales more favorably with increasing system size, scenario duration, and
traffic complexity.

• Accuracy remains stable across different communication technologies and test–training
configurations, with predictable degradation under strong distribution shifts such as
technology changes.

Taken together, these findings demonstrate that the meta-model constitutes a robust
compromise between accuracy and computational efficiency, effectively bridging analytical
abstractions and detailed communication simulation. The empirical results are subsequently
translated into application-oriented recommendations in Section 6.6, which provide prac-
titioners with concrete guidance on when and how to deploy the proposed approach, and
into a formal trade-off formulation in Subsection 6.6.1, which defines a quantitative de-
cision criterion for selecting between detailed simulation and meta-modeling under fixed
computational budgets and accuracy requirements.

6.5 Digression: Application to Real-World Data

The main intention behind the meta-modeling approach developed in this work is to
approximate simulation models. This aspect has already been evaluated in the previous
sections. Another possible application, however, is to use the approach to approximate
real systems. This is not the primary focus of this work but will be demonstrated in this
section in the form of a case study. At the current stage of this work, no suitable real-
world data are publicly available. To be suitable, the data would need to include message
information in the form of sender, receiver, packet size, delay times, and timestamp of
message transmission. For this reason, real communication data were collected manually.
A field test from the project “DEER” was used [13, 14], in which a multi-agent system
coordinates the aggregation and market-based offering of power flexibilities from small-scale
distributed energy assets, including battery storage systems and heat pumps, to support
redispatch operations in low-voltage grids. In this setting, individual FlexibilityAgents
representing household-level assets communicate with a central AggregatorAgent, which
consolidates flexibility offers and submits planning data to a market platform. The field
test took place in two phases during the second half of 2025, involving ten geographically
distributed agents communicating with an aggregator hosted on a virtual machine. The
exact content and purpose of the messages are not relevant at this point. The idea of this
demonstration is to apply the developed meta-model approach to approximate the expected
message delays. This could, for instance, support future system developments involving
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time-critical processes by allowing communication delays to be considered already during
the design phase of the system. It is assumed that data from one day (October 6th) are
available for training the meta-model, and that the model is then used to approximate
subsequent messages. Accordingly, the training data include the messages from the first
day, and testing is performed on a set of 1 000 additional events (i.e., 500 messages) from
the following day.

The procedure can be described as follows:

1. Transformation of the data (containing transmission time, sender, receiver, delay time)
into an event format (each message is converted into two events: one for sending and
one for receiving)

2. Training of the meta-model using the messages from the first day

3. Testing of different meta-model configurations with respect to various hyper-parameters
(as described in Subsection 6.2.4)

4. Recording of the predicted delay times for the messages in the test period and
computation of error metrics (MAE and RMSE) between the predictions and the
actual delays

5. Selection of the model with the lowest overall error (with respect to RMSE)

The prediction results of the meta-model with the selected best configuration7 are
depicted in Figure 6.21.

The figure illustrates that the meta-model successfully captures the temporal character-
istics of communication delays between agents and the aggregator. The predicted curve
follows the general trend of the measured delays, reproducing both short-term fluctuations
and broader delay variations. The per-segment error annotations reveal that prediction
accuracy remains relatively stable across most message intervals, with minor deviations
during periods of higher latency dynamics. This demonstrates that the meta-model can
approximate real-world network behavior with reasonable precision, even when trained on
limited data from a single day. The observed deviations likely reflect stochastic variations
in network conditions and message routing, which were not explicitly modeled but are
implicitly represented through the meta-model’s learned structure.

7C-DT=1, C-IP=50, C-LR=0.1
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Figure 6.21: Comparison of real and predicted message delay times over sequential message
indices. Each dashed vertical line separates 100-message intervals, annotated
with corresponding RMSE and MAE values to quantify model performance
within each segment.

6.6 Recommendations for Application

The Comparative Evaluation (Step 2) highlights that no single communication modeling
approach is universally optimal across all analysis objectives. Instead, the suitability of a
modeling approach depends strongly on the focus of the analysis, the dominant NFRs, and
the characteristics of the investigated scenarios. To support practitioners and researchers
in selecting an appropriate modeling approach, the evaluation results are synthesized into
a set of application-oriented recommendations. Figure 6.22 summarizes the recommended
communication modeling approaches for different analysis focuses. The figure should be
read from top to bottom: starting from the primary objective of an analysis, the dominant
non-functional requirements are identified, followed by a suitable modeling recommendation
and its key properties and prerequisites. The recommendations are directly derived from
the empirical results presented in the preceding sections.

For early-stage conceptual analyses and rapid prototyping, analytical communication
models are recommended. Their near-ideal execution time and minimal implementation
effort make them well suited for trend exploration and functional testing, where precise
delay modeling is not critical. However, their limited accuracy restricts their applicability to
exploratory analyses and a suitable abstraction level must be chosen in the implementation
(which in turn requires knowledge about the underlying system).
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Figure 6.22: Recommended communication modeling approaches for different analysis ob-
jectives based on the evaluated non-functional requirements and observed
trade-offs. The figure should be read from top to bottom: starting from the
primary analysis objective, the appropriate modeling recommendation is iden-
tified, followed by the key properties of the recommended approach and the
specific requirements that must be met for its application.

For large-scale scenario exploration and sensitivity studies, the meta-model represents
the most suitable compromise. The evaluation shows that it provides substantial runtime
reductions compared to detailed simulation while maintaining stable accuracy across diverse
scenarios. This makes it particularly well suited for studies involving long scenario durations,
or repeated execution under varying parameters, provided that representative training data
from a detailed model is available.

In contrast, accuracy-critical communication analyses benefit most from detailed commu-
nication simulation. When protocol-level fidelity and precise delay modeling are essential,
detailed simulators remain the reference approach despite their high computational cost
and limited scalability.

The figure further highlights deployment-oriented considerations. For scenarios involving
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heterogeneous or wireless communication technologies, the meta-model demonstrates robust
accuracy and acceptable degradation under technology shifts, supporting its adaptivity
across deployment contexts. In the scenarios under consideration, the online learning
capability of the meta-model enables accuracy improvements over time and facilitates
substitution, leading to increasing runtime savings as simulations progress.

In addition to the presented recommendations, it is important to note that the scope of
the evaluation (and consequently of the meta-model in its current form) is focused on delay-
related QoS metrics. For analyses that require additional QoS properties, such as packet loss,
jitter correlations beyond delay distributions, or protocol-specific reliability mechanisms,
detailed communication simulations remain necessary. Alternatively, the meta-model would
need to be extended to explicitly incorporate these metrics into its state representation
and learning objectives.

The same limitation applies to scenarios involving disturbances, faults, or malicious
behavior, such as link failures, congestion collapse, denial-of-service attacks, or adversarial
message injection. These phenomena often depend on low-level protocol interactions and
non-stationary network dynamics that are not directly observable from delay measurements
alone. In such cases, detailed simulation models provide the required explanatory power,
while the meta-model could only be applied if augmented with additional features and
training data that capture these effects.

Accordingly, the meta-model is best suited for performance-oriented and scalability-driven
analyses under nominal operating conditions. Detailed communication models remain indis-
pensable for investigations targeting fault tolerance, security, and advanced QoS guarantees,
whereas future extensions of the meta-model could aim to bridge this gap by integrating
richer network state information and disturbance-aware learning mechanisms.

Overall, the recommendations emphasize that the meta-model should be understood
neither as a replacement for analytical models nor for detailed simulation, but as a comple-
mentary approach. It fills the gap between these extremes by enabling communication-aware
analyses that balance accuracy and computational efficiency in scenarios where neither
purely analytical nor fully detailed modeling is practical.

6.6.1 Trade-Off Formulation

The selection of an appropriate communication modeling approach can be formalized as
a trade-off between achievable statistical accuracy and available computational resources.
This formulation is particularly relevant for application scenarios that require repeated sim-
ulation runs, such as sensitivity analyses, uncertainty quantification, or large-scale scenario
exploration.
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For the detailed communication model, assume that the observed delay metric exhibits
a standard deviation σreal. To estimate the mean delay with a confidence level 1 − α and
an admissible absolute error ϵ, the required number of simulation runs Rdet is bounded by
Equation 6.6.

For the meta-model, the achievable accuracy is limited not only by statistical variance
but also by the inherent approximation error of the model, denoted by ϵcocoon. Let σcocoon

represent the standard deviation of the meta-model outputs. The required number of runs
Rcocoon to achieve an overall error bound ϵ is then given by

Rcocoon ≥
(

tα/2,R0 · σcocoon

ϵ − ϵcocoon

)2
(6.7)

This formulation assumes ϵ > ϵcocoon, i.e., the target accuracy must exceed the inher-
ent approximation error of the meta-model. Otherwise, the required number of runs is
undefined.

In practical applications, the number of executable simulation runs is constrained by an
available execution time budget T . Let tdet and tcocoon denote the mean execution time
per run of the detailed model and the meta-model, respectively. The maximum number of
realizable runs within the time budget is

ndet = T

tdet
, ncocoon = T

tcocoon
. (6.8)

Under this constraint, the achievable error of the detailed simulation is

ϵachievable,det =
tα/2,R0 · σreal

√
ndet

=
tα/2,R0 · σreal√tdet√

T
, (6.9)

whereas the achievable error of the meta-model is

ϵachievable,cocoon = ϵcocoon +
tα/2,R0 · σcocoon

√
ncocoon

= ϵcocoon +
tα/2,R0 · σcocoon√

tcocoon√
T

. (6.10)

From an application-oriented perspective, the meta-model is preferable whenever it yields
a lower achievable error under the same execution time constraint, i.e.,

ϵachievable,cocoon < ϵachievable,det. (6.11)

Solving the equality condition

ϵachievable,cocoon = ϵachievable,det (6.12)
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for T yields a critical execution time threshold

Tcritical =

 tα/2,R0

(
σreal√tdet − σcocoon√

tcocoon
)

ϵcocoon

2

. (6.13)

For execution time budgets below Tcritical, the meta-model achieves more reliable results
than the detailed simulation due to the higher number of realizable runs. Conversely, for
sufficiently large time budgets, the detailed simulation becomes preferable as its statistical
error can be reduced without incurring approximation bias. This formulation provides a
quantitative decision criterion that complements the application-oriented recommendations
derived from the evaluation.

Example Consider a confidence level of 95% (α = 0.05). Given the number of runs used
in the evaluation (R0 = 5), the corresponding value for tα/2,R0 is given as

tα/2,R0 = 2.015.

Based on the empirical results of Step 2, representative values for delay variability and
execution times are:

σreal = 25 ms, σcocoon = 25 ms,

tdet = 120 s, tcocoon = 15 s, ϵcocoon = 5 ms.

Substituting these values into the trade-off equation yields

Tcritical ≈ 5 090 s. (6.14)

Figure 6.23 visualizes the resulting trade-off between computational effort and achievable
error for both communication modeling approaches. The left ordinate shows the number of
completed simulation runs as a function of the available execution time budget, while the
right ordinate depicts the corresponding achievable estimation error. Step-wise curves indi-
cate the discrete nature of realizable simulation runs, whereas continuous curves represent
the resulting error bounds derived from the statistical formulation.

For execution time budgets below approximately 5 090 s (about 1.41 hours), the meta-
model achieves a lower achievable estimation error than the detailed communication simu-
lation. This advantage arises from its substantially shorter execution time per run, which
enables a significantly larger number of realizations within the same time budget. As
illustrated in Figure 6.23, this effect outweighs the inherent approximation error of the
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Figure 6.23: Trade-off between execution time budget and achievable estimation accuracy
for the detailed communication model and the meta-model.

meta-model in the low-budget regime. Conversely, for execution time budgets exceeding
Tcritical, the detailed simulation becomes preferable, as its purely statistical error can be
further reduced without incurring approximation bias.

The sensitivity of the critical execution time threshold Tcritical to the approximation
error of the meta-model and to delay variability can be illustrated by varying these pa-
rameters in the trade-off formulation. For instance, reducing the approximation error of
the meta-model to ϵcocoon = 1 ms shifts the critical threshold to approximately 127 256 s
(about 35.3 hours), substantially enlarging the regime in which the meta-model is prefer-
able. Conversely, increasing the approximation error to ϵcocoon = 10 ms reduces Tcritical

to approximately 1 273 s (about 21 minutes), indicating that detailed simulation becomes
advantageous already at comparatively small execution time budgets.

A similar effect is observed when varying the delay variability. Reducing the standard
deviation of delay times to σ = 10 ms decreases the critical threshold to approximately
814 s, as fewer simulation runs are required to achieve a given statistical confidence. These
examples illustrate that Tcritical depends strongly on both the intrinsic approximation error
of the meta-model and the variability of the underlying communication process, and that
improvements in approximation accuracy or increases in stochastic variability directly
expand the range of scenarios in which the meta-model yields superior results under fixed
computational budgets.
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6.7 Chapter Summary

This chapter addressed Sub-RQ 4 by systematically evaluating the proposed online-trained
communication meta-model in comparison to established analytical and detailed communi-
cation modeling approaches. The evaluation was conducted across a broad and representa-
tive set of communication scenarios, covering different traffic patterns, network technologies,
system scales, and execution horizons.

The results demonstrate that the meta-model fulfills its intended role of reducing compu-
tational complexity while maintaining substantially higher fidelity than simple analytical
models. In terms of accuracy, the meta-model often outperforms channel-based and static
graph models, particularly with respect to capturing delay variability and distributional
characteristics, while remaining bounded by the inherent non-determinism of detailed
communication simulation. The adaptivity analysis shows that the meta-model generalizes
robustly across heterogeneous communication technologies and test–training configurations,
confirming its applicability beyond narrowly defined deployment contexts.

With respect to performance efficiency and scalability, the meta-model achieves significant
reductions in execution time compared to detailed simulation, especially when substitution
occurs. Although execution time increases with growing network size and scenario duration
the observed scaling behavior remains markedly more favorable than that of fully detailed
communication simulation. This enables communication-aware analysis in scenarios that
would otherwise be computationally infeasible.

Finally, the chapter translated these empirical findings into application-oriented recom-
mendations and a formal trade-off formulation. This formulation provides a quantitative
decision criterion for selecting between detailed simulation and meta-modeling under fixed
computational budgets and accuracy requirements. Taken together, the results provide
a comprehensive answer to Sub-RQ 4 by demonstrating that the proposed meta-model
constitutes a viable and well-founded compromise between accuracy and computational
efficiency for the evaluation of communication effects in CPESs.

In addition, the findings provide direct support for Hypotheses 3 and 4. The evaluation
confirms that a principled, execution-time–dependent threshold can be defined beyond
which the meta-model approximates the detailed simulation with sufficient accuracy to jus-
tify substitution. At the same time, substitution leads to substantial runtime improvements
while maintaining accuracy within the variability bounds imposed by the non-deterministic
reference simulation. These results demonstrate that both the feasibility and the practical
benefit of online substitution can be quantified and systematically assessed in realistic
communication-aware simulation settings.
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An approximate answer to the right
problem is worth a good deal more
than an exact answer to an
approximate problem.

John Tukey

The objective of this thesis was to enable combined energy and communication sys-
tem simulation in CPESs while mitigating the computational burden imposed by detailed
communication network models. As energy systems become increasingly interconnected,
digitalized, and adaptive, their communication infrastructures grow in complexity and sig-
nificance. Paradoxically, this raises a fundamental and seemingly counter-intuitive method-
ological question: as systems become more complex, how can the models and methods used
to analyze them become simpler rather than more elaborate – without losing explanatory
power or validity?

In current CPES studies, communication effects are often either neglected or modeled
at a level of detail that severely limits scalability. While detailed packet-level simulations
offer high fidelity, they frequently render large-scale, long-horizon, or many-run analyses
computationally infeasible. This tension between increasing system complexity and the
need for computationally tractable models forms a central challenge for communication-
aware CPES simulation.

To address this challenge, this work proposed the approximation of computationally
expensive detailed communication network simulations by means of an online-trained,
discrete-event-compatible meta-model. Rather than simplifying the problem by reducing
its scope, the approach simplifies the modeling effort by learning the essential input–output
behavior of the communication system during execution.

The remainder of this chapter first summarizes the research contributions and how
they collectively address the posed research questions. Subsequently, future directions
are outlined, highlighting opportunities to extend the proposed approach toward broader
metrics, domains, and operational settings.
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7.1 Summary

In the introduction of this thesis in Chapter 1, the relevance of communication modeling
for CPES analysis was established, and a set of RQs was formulated to structure the
investigation. The overarching RQ addressed how meta-models for communication network
simulation can be created automatically by approximating input–output behavior during
simulation, such that they can be integrated seamlessly into co-simulation environments
and applied in heterogeneous CPES scenarios.

The fundamentals and related work reviewed in the Chapter 2 provided the basis for
identifying the central research gap. Combined energy and communication simulations
offer the opportunity to investigate mutual inter-dependencies in CPESs, but they re-
quire DES-compatible communication models for seamless integration. At the same time,
detailed packet-level simulations are often computational bottlenecks in scenario-rich or
large-scale studies. Meta-models offer a promising means to reduce runtime, yet existing
approaches are predominantly trained offline, rely on synthetic traffic models, and act as
black-box predictors that are poorly suited for dynamic CPES scenarios. Additionally,
communication models must be technology-agnostic, topology-aware, and robust to highly
heterogeneous traffic patterns induced by diverse energy system applications. These aspects
are further complicated by the inherent trade-off between realism and computational effort
in communication modeling.

Against this background, the research gap was summarized as the lack of communication
models that (i) preserve essential DES characteristics and can be integrated into CPES co-
simulation frameworks, while (ii) avoiding the full computational cost of detailed simulation,
and (iii) overcoming the limitations of offline-trained, non-adaptive meta-models.

Subsequent chapters addressed this gap in a structured manner. First, a CPES-specific
framework for the abstract representation of communication traffic and scenarios was
developed in Chapter 3. Communication traffic was derived from application-level behavior,
and parameterized communication network models were generated automatically from
power system reference networks. This enabled the systematic creation and simulation of
a broad set of representative communication scenarios. The resulting simulation data were
analyzed to characterize the diversity of CPES communication behavior and to define the
operational space within which the meta-model must generalize.

Building on this foundation, in Chapter 4 the detailed communication network sim-
ulation was abstracted into an internal, technology-agnostic representation suitable for
meta-modeling. Communication endpoints and their interactions were captured as a dy-
namically evolving directed graph, enriched with state variables at network and node level.
Event semantics and time advancement were formalized to ensure DES compatibility and
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executable integration into co-simulation environments.
This internal representation then served as the basis for the development of an online

approximation algorithm structured into four distinct phases in Chapter 5. Historical data
were used to initialize cluster-based priors, while scenario-specific behavior was learned
online during simulation. Ensemble-style mechanisms enabled adaptive weighting between
prior knowledge and online learning, and a multi-criteria confidence assessment governed
the substitution of detailed simulation by the meta-model at runtime.

Finally, in Chapter 6 the proposed approach was evaluated comprehensively against
analytical and detailed communication modeling approaches across a wide range of sce-
narios. The results demonstrated that the meta-model achieves a favorable compromise
between accuracy and computational efficiency: it substantially outperforms simple ana-
lytical abstractions in capturing delay behavior and variability, while enabling significant
reductions in execution time compared to detailed simulation. The evaluation further con-
firmed robustness across technologies, traffic patterns, and scales in heterogeneous CPES
scenarios.

7.2 Answers to the Research Questions

The overarching RQ of this thesis asked how online-learned meta-models can be generated
and integrated into discrete-event communication network simulations such that detailed
models can be substituted while preserving simulation fidelity.

This work demonstrates that such meta-models can indeed be constructed by observing
the input–output behavior of detailed communication simulations and training predictive
models online during simulation execution. By embedding the meta-model implemented
in cocoon into the overall simulation set-up and continuously evaluating its prediction
quality, detailed simulations can be substituted dynamically once sufficient confidence is
achieved. The results show that this approach preserves essential delay characteristics while
substantially reducing computational complexity, thereby enabling communication-aware
energy system studies that would otherwise be infeasible at scale.

Sub-RQ 1 addressed how communication behavior in cyber-physical energy systems can
be abstracted into simulation-relevant input–output characteristics.

The thesis shows that heterogeneous communication behavior can be systematically
described using traffic models combined with structured communication network represen-
tations1. By abstracting communication behavior in terms of message generation processes,
payload characteristics, and network topology, realistic communication scenarios can be

1The generation of representative communication scenarios and simulation data is realized in trace:
https://github.com/OFFIS-DAI/trace

https://github.com/OFFIS-DAI/trace
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generated and simulated. These abstractions provide a sufficient basis for detailed commu-
nication simulation while remaining independent of specific application logic.

Sub-RQ 2 investigated how observations from discrete-event communication simulations
can be transformed into representations suitable for online training of communication meta-
models.

The results demonstrate that communication events observed during simulation exe-
cution can be transformed into feature representations that capture both local message
characteristics and contextual network information. Using these representations, online
learning algorithms can be trained incrementally to approximate the response of the de-
tailed simulation2. The proposed transformation enables continuous adaptation of the
meta-model to changing communication conditions without interrupting simulation execu-
tion.

Sub-RQ 3 focused on identifying quantitative criteria that allow assessing accuracy,
temporal consistency, and robustness of online-trained meta-models to support principled
substitution decisions.

This work shows that substitution can be guided by a combination of different factors.
The introduced threshold estimation methodology allows the simulation to decide when ap-
proximation quality is sufficient to replace the detailed model. The evaluation confirms that
these criteria enable robust substitution decisions while avoiding uncontrolled degradation
of simulation fidelity.

Sub-RQ 4 examined under which communication scenario characteristics an online-
trained meta-model maintains validity compared to established communication modeling
approaches.

The comparative evaluation demonstrates that the meta-model consistently outperforms
simple analytical communication models in terms of accuracy while achieving substantial
runtime reductions compared to detailed simulation. The results further show that model
choice has a dominant influence on performance efficiency and delay variability, whereas
mean delay accuracy is largely governed by scenario characteristics. Overall, the meta-
model maintains validity across a wide range of traffic patterns, network technologies, and
system scales, provided that representative training data are available.

2The online-trained communication meta-model is implemented in the cocoon framework, which integrates
online learning, substitution logic, and scheduler-based coupling into discrete-event simulations:
https://github.com/OFFIS-DAI/cocoon

https://github.com/OFFIS-DAI/cocoon
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7.3 Future Directions

The results presented in this thesis provide a foundation for a range of subsequent research
directions. In order to establish a coherent and tractable contribution, the scope of this
work was necessarily constrained. Several promising extensions and open research questions
arise naturally from these limitations and are outlined in the following.

Extension to Additional QoS Metrics In its current form, the proposed meta-model
approximates end-to-end message delay as the primary communication-related QoS metric.
While delay constitutes a central factor for many analyses, a comprehensive assessment of
communication effects in energy system operation and control may require the considera-
tion of additional QoS properties, such as packet loss, jitter, or reliability-related metrics,
as discussed for example in [6]. Future work could therefore extend the meta-modeling
approach to incorporate multiple QoS metrics as joint prediction targets. This would likely
require a refinement and extension of the internal state representation in order to capture
a broader range of network dynamics.

Disturbance-, Fault-, and Attack-Aware Modeling The communication scenarios
considered in this thesis focus on nominal operating conditions and do not explicitly include
disturbances, faults, or adversarial behavior. However, such phenomena are highly relevant
when analyzing the resilience and robustness of CPESs. A natural extension of this work
would be to investigate how fault and attack scenarios can be integrated into the scenario
construction process and whether their effects can be captured by the meta-modeling
approach. In this context, classifications of system states into normal, limited, and failed
operation, as proposed in [24], could serve as a conceptual basis for extending the model
state space and learning objectives.

Adaptive Hyper-Parameter Tuning During Execution At present, the hyper-
parameters governing clustering behavior, learning dynamics, and substitution decisions
must be specified prior to simulation execution. While this design choice simplifies ex-
perimental control, it limits usability. Future research could investigate adaptive hyper-
parameter tuning strategies that operate online during simulation execution, enabling the
meta-model to adjust its behavior automatically in response to observed performance and
accuracy. Such mechanisms could further reduce manual configuration effort and improve
robustness across heterogeneous scenarios.
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Uncertainty Quantification of Meta-Model Outputs The substitution mecha-
nism introduced in the Butterfly phase governs when the meta-model is sufficiently
reliable to replace the detailed simulator. However, once substitution has occurred, the
predicted delay dpred is provided as a point estimate, leaving the residual approximation
uncertainty implicit. In co-simulation environments, this limitation is non-trivial: as shown
by Steinbrink and Lehnhoff [102], uncertainties of co-simulated subsystems propagate and
compound across simulation components, so that unquantified output uncertainty in one
simulator may distort the behavior of downstream models. A natural extension of cocoon
within a mosaik-based co-simulation would therefore be to complement the substitution
decision with post-substitution uncertainty quantification. Two complementary sources
of uncertainty are relevant in this context. First, hyperparameter uncertainty arises from
the sensitivity of dpred to the choice of meta-model hyper-parameters; treating each hyper-
parameter configuration as a sample from an uncertain parameter space and pooling the
resulting delay distributions yields a probabilistic output interval. Second, output parameter
uncertainty captures the residual stochastic variability in dpred itself - the spread of delay
values the meta-model produces across repeated evaluations under identical conditions.
Following the ensemble-based probabilistic propagation approach of [102], cocoon could
be wrapped by a Uncertainty Quantification (UQ) component that jointly accounts for
both sources and expresses dpred as a probability distribution rather than a point estimate,
propagating residual approximation uncertainty into downstream system simulations. This
integration is architecturally feasible because cocoon could itself be a black-box simulator
component from mosaik’s perspective, satisfying the non-intrusive precondition of the ap-
proach. To keep the additional computational overhead acceptable, the ensemble would
operate over multiple instances of cocoon rather than of the detailed simulator, exploiting
the fact that cocoon is computationally cheap relative to OMNeT++.

Online Adaptation to Live Network Conditions Beyond simulation-based appli-
cations, an interesting future direction is the deployment of the meta-model alongside a
real communication system. By continuously updating its parameters based on observed
delays and traffic patterns, the meta-model could provide a near-real-time approximation
of current network behavior. This capability could support decision-making, monitoring, or
what-if analyses in operational environments, bridging the gap between simulation-based
studies and live system observation.

Meta-Modeling of Multi-Domain Co-Simulations The principles developed in
this thesis are not inherently limited to communication network simulation. A broader
research direction is the application of online-trained meta-models to approximate entire
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sub-simulators within multi-domain co-simulation environments. This could enable the
selective replacement of computationally expensive components across domains such as
communication, power system dynamics, or control logic, thereby improving scalability
while retaining essential cross-domain interactions.

Networked Control Systems and Industrial Automation Finally, the proposed
approach could be transferred to domains such as networked control systems, industrial
automation, or cooperative robotic systems, where communication delays and variability
directly affect control stability and performance. Applying online-trained meta-models in
these contexts may support scalable analysis of timing effects and robustness in large-scale
or safety-critical control applications.
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Historical and Current Use of the Term “Online”

Early work in theoretical computer science and optimization often used the hyphenated
form on-line to describe algorithms that process inputs sequentially as they arrive, without
knowledge of future requests, in contrast to off-line algorithms that have access to the
entire input in advance [111, 112]. Over time, the field has converged toward the closed
form online, as seen in modern textbooks and survey articles on online algorithms and
competitive analysis, which define an online algorithm as one that must react to a sequence
of inputs without seeing the future and compare its performance to an optimal offline
algorithm [113]. In parallel, machine learning and signal-processing communities have
adopted the term online learning or online machine learning to denote methods that
update model parameters incrementally as new data arrive, contrasting them with batch
or offline learning that trains on a fixed dataset [114, 115].

Throughout this thesis, the term online (without a hyphen) will be used for both online
algorithms and online learning procedures, while noting that older literature may use the
synonymous spelling on-line in the same technical sense.
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Result Tables for Comparative Evaluation

The following tables summarize the detailed numerical results of the Comparative Eval-
uation (Step 2). They report aggregated metric values for all evaluated communication
modeling approaches across the considered scenario factors. Results are grouped by factor
and stage, and values are reported as mean ± standard deviation over all corresponding
scenarios and simulation runs.

The tables provide a comprehensive quantitative reference for the comparative analysis
presented in Chapter 6. They are intended to support transparency and reproducibility,
while the main body of the thesis focuses on the interpretation of trends and trade-offs
rather than individual numeric values.
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Factor Stages NRMSE

CM Channel Model Static Graph Model Meta-Model

C-TTS pa tl tm sc te

T

CBR 0.61 ± 0.25 0.19 ± 0.14 0.18 ± 0.22 0.20 ± 0.25 0.21 ± 0.28 0.21 ± 0.28 0.23 ± 0.24

Poisson 0.60 ± 0.26 0.22 ± 0.14 0.21 ± 0.25 0.19 ± 0.20 0.24 ± 0.28 0.22 ± 0.27 0.24 ± 0.24

CDSB 0.71 ± 0.18 0.23 ± 0.18 0.20 ± 0.25 0.21 ± 0.25 0.31 ± 0.22 0.22 ± 0.25 0.23 ± 0.19

S
5 min 0.64 ± 0.24 0.21 ± 0.16 0.20 ± 0.24 0.19 ± 0.24 0.25 ± 0.26 0.21 ± 0.27 0.23 ± 0.22

10 min 0.64 ± 0.24 0.21 ± 0.16 0.20 ± 0.24 0.20 ± 0.23 0.26 ± 0.26 0.22 ± 0.27 0.24 ± 0.22

ND 5 0.54 ± 0.28 0.16 ± 0.08 0.03 ± 0.04 0.03 ± 0.04 0.07 ± 0.10 0.03 ± 0.05 0.05 ± 0.06

10 0.58 ± 0.24 0.16 ± 0.08 0.10 ± 0.09 0.09 ± 0.08 0.17 ± 0.14 0.09 ± 0.08 0.15 ± 0.09

20 0.64 ± 0.19 0.19 ± 0.09 0.18 ± 0.13 0.18 ± 0.14 0.21 ± 0.13 0.18 ± 0.13 0.23 ± 0.10

50 0.78 ± 0.13 0.34 ± 0.24 0.50 ± 0.28 0.48 ± 0.26 0.55 ± 0.31 0.56 ± 0.31 0.52 ± 0.23

CN

LTE 0.46 ± 0.18 0.29 ± 0.17 0.26 ± 0.20 0.27 ± 0.20 0.30 ± 0.20 0.28 ± 0.21 0.27 ± 0.21

LTE450 0.46 ± 0.18 0.29 ± 0.17 0.26 ± 0.19 0.27 ± 0.20 0.30 ± 0.20 0.28 ± 0.21 0.28 ± 0.22

Ethernet 0.93 ± 0.04 0.05 ± 0.04 0.22 ± 0.36 0.21 ± 0.32 0.30 ± 0.39 0.26 ± 0.40 0.32 ± 0.26

5G 0.69 ± 0.06 0.22 ± 0.05 0.06 ± 0.07 0.05 ± 0.06 0.10 ± 0.12 0.06 ± 0.06 0.08 ± 0.09
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Table A.2: Overview on step 2 results for C±σ (sigma-interval coverage).

Factor Stages C±σ

CM Channel Model Static Graph Model Meta-Model

C-TTS pa tl tm sc te

T

CBR 0.00 ± 0.00 0.19 ± 0.27 0.50 ± 0.43 0.50 ± 0.42 0.51 ± 0.41 0.52 ± 0.41 0.39 ± 0.40

Poisson 0.00 ± 0.00 0.11 ± 0.13 0.37 ± 0.33 0.37 ± 0.35 0.38 ± 0.34 0.37 ± 0.33 0.31 ± 0.35

CDSB 0.00 ± 0.00 0.17 ± 0.30 0.50 ± 0.37 0.48 ± 0.37 0.35 ± 0.33 0.48 ± 0.38 0.35 ± 0.32

S
5 min 0.00 ± 0.00 0.16 ± 0.24 0.46 ± 0.38 0.47 ± 0.39 0.43 ± 0.37 0.47 ± 0.38 0.37 ± 0.36

10 min 0.00 ± 0.00 0.15 ± 0.24 0.45 ± 0.38 0.44 ± 0.39 0.40 ± 0.36 0.44 ± 0.38 0.33 ± 0.35

ND 5 0.00 ± 0.00 0.16 ± 0.30 0.77 ± 0.30 0.76 ± 0.31 0.72 ± 0.33 0.75 ± 0.32 0.68 ± 0.35

10 0.00 ± 0.00 0.16 ± 0.20 0.55 ± 0.33 0.56 ± 0.34 0.49 ± 0.34 0.55 ± 0.33 0.40 ± 0.30

20 0.00 ± 0.00 0.13 ± 0.20 0.40 ± 0.38 0.37 ± 0.38 0.31 ± 0.33 0.40 ± 0.38 0.24 ± 0.28

50 0.00 ± 0.00 0.18 ± 0.27 0.12 ± 0.15 0.12 ± 0.15 0.14 ± 0.15 0.13 ± 0.14 0.08 ± 0.15

CN

LTE 0.00 ± 0.00 0.03 ± 0.05 0.26 ± 0.31 0.25 ± 0.31 0.24 ± 0.30 0.25 ± 0.30 0.26 ± 0.31

LTE450 0.00 ± 0.00 0.03 ± 0.05 0.26 ± 0.31 0.25 ± 0.31 0.24 ± 0.31 0.25 ± 0.30 0.25 ± 0.31

Ethernet 0.00 ± 0.00 0.53 ± 0.19 0.65 ± 0.36 0.63 ± 0.39 0.63 ± 0.32 0.66 ± 0.34 0.22 ± 0.32

5G 0.00 ± 0.00 0.03 ± 0.06 0.66 ± 0.32 0.67 ± 0.32 0.55 ± 0.36 0.66 ± 0.33 0.66 ± 0.30
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Factor Stages W

CM Channel Model Static Graph Model Meta-Model

C-TTS pa tl tm sc te

T

CBR 17.68 ± 11.39 4.70 ± 5.26 5.24 ± 7.45 5.67 ± 8.33 5.79 ± 8.77 5.91 ± 8.88 6.74 ± 7.88

Poisson 17.76 ± 11.96 5.36 ± 5.51 5.78 ± 8.12 5.44 ± 6.94 6.69 ± 9.22 6.28 ± 9.05 7.28 ± 8.60

CDSB 24.33 ± 9.40 7.84 ± 8.58 6.22 ± 8.86 6.33 ± 8.88 8.55 ± 7.65 6.58 ± 8.97 7.00 ± 7.62

S
5 min 19.94 ± 11.38 5.96 ± 6.75 5.73 ± 8.19 5.74 ± 8.08 6.85 ± 8.64 6.20 ± 8.99 6.88 ± 8.04

10 min 19.90 ± 11.38 5.97 ± 6.74 5.76 ± 8.11 5.89 ± 8.08 7.18 ± 8.61 6.32 ± 8.91 7.13 ± 8.01

ND 5 16.19 ± 12.74 3.33 ± 1.70 0.44 ± 0.64 0.63 ± 1.35 1.48 ± 2.61 0.65 ± 1.06 1.15 ± 2.20

10 17.58 ± 11.91 3.53 ± 2.05 1.83 ± 1.69 1.73 ± 1.61 3.36 ± 3.32 1.71 ± 1.59 3.54 ± 2.98

20 19.91 ± 10.42 4.75 ± 2.67 4.17 ± 3.44 4.50 ± 3.69 4.99 ± 3.07 4.16 ± 3.42 6.03 ± 3.09

50 26.01 ± 7.31 12.26 ± 10.70 16.55 ± 9.35 16.39 ± 9.24 18.22 ± 9.81 18.51 ± 9.86 17.29 ± 9.00

CN

LTE 14.80 ± 9.94 9.13 ± 8.17 8.01 ± 8.03 8.25 ± 8.35 9.00 ± 8.42 8.62 ± 8.86 8.23 ± 8.74

LTE450 14.81 ± 9.99 9.11 ± 8.17 7.82 ± 7.64 8.31 ± 8.50 9.09 ± 8.76 8.67 ± 8.89 8.61 ± 9.08

Ethernet 34.64 ± 3.46 1.11 ± 0.82 6.10 ± 10.11 5.94 ± 9.18 8.09 ± 10.75 6.87 ± 11.08 10.36 ± 7.42

5G 15.46 ± 4.13 4.49 ± 1.22 0.86 ± 1.05 0.82 ± 1.09 1.95 ± 2.57 0.93 ± 1.17 1.20 ± 1.45
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