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CO-SIMULATION-BASED OPTIMIZATION: STATE OF THE ART

DIEGO ALEJANDRO VEGA AND VINCENT CHEVRIER

Abstract. A complex big-picture problem can be studied by combining the

knowledge of various disciplines’ experts through interdisciplinary collabora-

tion. This collaboration carries a considerable challenge, as it needs to handle
the interaction of domains without losing their capabilities. One solution for

this problem is co-simulation, which creates a virtual representation that can

be tested, validated, and improved. Co-simulation provides the chance to get
high-level insights into the complex system; optimization takes advantage of

this opportunity by exploring the various system configurations to determine

the best performance according to a predefined objective.
Numerous fields have already employed this combination of co-simulation

and optimization in the literature to study and enhance the performance of
complex systems. This survey compiles, assesses, and links existing papers on

co-simulation-based optimization to give foundations and guidelines for future

research on this combined approach.
An overview of co-simulation-based optimization from the conceptual, mul-

tidisciplinary, and optimization perspectives is presented. To provide general

descriptions of the integration process of co-simulation-based optimization,
this overview discusses the trends in the literature, which primarily involves

a wide range of domains, numerous optimization methods, diverse strategies

used to handle interoperability between co-simulation and optimization, and
the benefits of generalization tools and frameworks.

Contents

1. Introduction 2
1.1. Motivation 2
1.2. Need for the survey 3
2. Co-simulation and optimization 5
2.1. Main concepts: Co-simulation 5
2.2. Main concepts: Optimization 9
2.3. Co-simulation-based optimization: black box approach 9
2.4. Challenges and conclusions 11
3. Multidisciplinary Analysis 11
3.1. Simulation domains 12
3.2. Simulations interoperability 13
3.3. Challenges and conclusions 15
4. Optimization analysis 17
4.1. Optimization methods in the literature 17
4.2. Optimization Software and frameworks 20
4.3. Challenges and conclusion 22

Date: August 5, 2024.
Key words and phrases. Co-simulation, Coupled-simulation, Optimization, Black-box

approach.
1



2 DIEGO A. VEGA AND V. CHEVRIER

5. Discussion and conclusions 23
References 24
Appendix A. Classification table 34
Appendix B. Abbreviations 37
Appendix C. Software compilation 38

1. Introduction

1.1. Motivation. The growing presence of product complexity in the industry is
expanding the need to understand and predict the global behavior of a complex
system in a reliable way. Co-simulation is presented as one way of modeling this
complexity throughout the virtual representation of heterogeneous entities inter-
acting with each other at a local level, where as a consequence, the global behavior
emerges [29].

The emerging behavior achieved with the co-simulation can be tested using dif-
ferent setup configurations to understand or improve certain performances at a low
cost compared to real setup experiments. Introducing optimization as the next
step of co-simulation comes naturally, as in the field of simulation, one of the ul-
timate goals is to find a combination of parameters that optimizes a key output
performance [114]. Given the wide amount of optimization methodologies available
in the literature, it is necessary to analyze the methods often used to understand
how to choose a particular optimization methodology correctly, this means taking
advantage of the optimization toolbox of algorithms.

In this article, we present a survey on the combination of co-simulation and
optimization with the purpose of understanding how this combined approach is
being implemented, as well as highlighting the recurrent strategies, structures, and
patterns that are found in the literature’s implementations of co-simulation-based
optimization. The sample of publications used in this survey is obtained using
the Equation 1 on three different Scientific databases (SCOPUS, Web of Science,
and DBLP), which resulted in a total of 126 publications between journal articles,
book chapters, and conference proceedings. This sample is studied and reduced
to 96 after excluding publications that are not part of the co-simulation-based
optimization field. The goal of this publication sample database is to provide a
representative notion of the work being done in research with co-simulation-based
optimization until the end of 2023 and use this representative sample to analyze
how this process is being done and, what challenges remain to be fixed in the field.

TITLE ((”co-simulation” OR ”cosimulation” OR ”coupled simulation” ) AND ”optimization” )(1)

We perform a preliminary analysis of the sample database to observe the growing
relevance over time. Figure 1 shows the publishing timeline. It illustrates the initial
studies conducted on the subject between 2007 and 2009, followed by an increase
in publications over time. The problem has been more relevant during the last ten
years, particularly in the last three years when the number has remained around
13. This trend demonstrates the value of the survey’s findings for further research
on the subject and the need to combine all of the individual efforts, particularly
concerning methodology and standard operating procedures.
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Figure 1. Publications about co-simulation-based optimization
over the years until 2023. Combined results from SCOPUS, Web
of Science, and DBLP using Equation 1 on February 2024.

The domain distribution of the publications is another analysis that can provide
general insights into the literature. We take Table 1 from the SCOPUS analysis
tool, which shows the number of publications that involve each of the general do-
mains as defined in the SCOPUS indexing (a publication may involve more than
one domain). The table shows that the primary fields involved are engineering
and computer science, and the applications are diverse, spanning from physics and
mathematics to the natural and social sciences. Because of the wide range of
applications throughout the research spectrum, co-simulation-based optimization
methodology has the potential to benefit a wide range of areas. Given the multi-
disciplinary nature of the methodology examined in this survey, a more thorough
examination of the domains and methods by which this technique is currently being
applied is necessary.

1.2. Need for the survey. The co-simulation survey done by Gomes, et al. [58]
showed the growing interest and the advantages of co-simulation by bridging in-
dividual contributions, which improves future applications and leads to a deeper
understanding of co-simulation. The same situation is happening currently on co-
simulation-based optimization as a technique, there is a growing interest represented
in the many individual contributions that are not linked yet in a survey. Despite
the growing interest, to the best of our knowledge, there is no survey focused on
co-simulation-based optimization, which is causing several researchers to propose
already existing approaches unknowingly. One example of this is found in the re-
viewed articles sample, where papers such as [213, 17, 70, 187, 141] talk about
co-simulation, other papers such as [180, 203, 73, 205, 212] talk about coupled sim-
ulations, and finally the paper [5] talks of cosimulation, when the three concepts
are referring to the same technique.

To address the problem of multiple terminologies for one technique, the term
“co-simulation” was proposed as a unifying term in the Gomes et al. survey [58].
An example of the advantages of consistent nomenclature in the context of this
paper (co-simulation-based optimization) is the COSMO methodology, which was
first introduced in the publication [207] and then used in [208, 209, 210, 206]. This
type of uniformity supports the development and validation of a methodology’s
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Table 1. Number of publications per research field, using the
field categories as defined in SCOPUS. Results from SCOPUS after
manually removing papers out of the scope of this survey from
equation 1 on February 2024, with a total of 85 publications.

Field Articles

Engineering 53
Computer Science 34
Mathematics 13
Physics and Astronomy 12
Environmental Science 11
Materials Science 10
Energy 10
Agricultural and Biological Sciences 3
Chemical Engineering 3
Social Sciences 3
Earth and Planetary Sciences 2
Chemistry 2
Decision Sciences 1
Biochemistry, Genetics, and Molecular Biology 1

performance by making its results easier to compile and compare. Therefore, we
suggest using co-simulation-based optimization for the technique described in this
paper in future applications.

The main contribution of this survey, which presents a state-of-the-art review on
co-simulation-based optimization, is to provide an analysis of how co-simulation
and optimization are implemented. To do this, we examine the literature for
emerging patterns in proposed strategies to identify a general abstraction of the
methodologies. This abstraction showed that extensibility, standardization, and
frameworks are the main approaches for handling the various disciplines involved
in co-simulation-base optimization, as well as the various optimization techniques
available.

In this document, we first present in Section 2 a general description of the main
concepts of co-simulation and optimization, and the way they interact with each
other. Throughout the confrontation of the concepts and applications found in the
literature, we propose a new classification based on how a co-simulation is con-
structed. This classification provides an abstract representation of a co-simulation
process and helps future researchers understand which problems can be solved with
co-simulation.

Second, as discussed in Section 1.1, the involvement of several domains in a co-
simulation-based optimization problem is a relevant and increasing situation in the
field, which motivated us to perform a multidisciplinary analysis of the literature.
Section 3 presents a study of the works done on co-simulation-based optimization,
focusing on which domains are interacting with each other, how are the hetero-
geneous domains interacting with each other, and which simulation software is
supporting this interdisciplinary initiative.
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Third, we extend the additional complexity that brings the integration of op-
timization with co-simulation. In Section 4 we will study the literature from the
optimization point of view, which means, analyzing which optimization methods are
being used, which additional challenges are emerging from the optimization imple-
mentation, and how is the interoperability between co-simulation and optimization
being handled.

Finally, Section 5 presents a discussion of the findings and contributions of the
article, along with the concluding remarks. Furthermore, we present Table 5 in Ap-
pendix A, which contains the classification of the entirety of the literature sample
database in terms of the construction classification approach (described in Sections
2.1.1 and 2.1.2), the simulation domains involved, the simulation software, the op-
timization method, and the optimization software. In Appendix C, we also provide
a list of all the software mentioned in the articles together with a brief description
of its purpose in Table 8. The list of acronyms used in the paper can be found in
Appendix B.

2. Co-simulation and optimization

In this section, we provide a general description of co-simulation, optimization,
and the black-box approach, as well as how we can conceptually combine these
techniques. This establishes the basis of the core concepts of the document (co-
simulation and optimization), as well as the synergy between them using the black-
box approach, culminating in a general abstraction of co-simulation-based opti-
mization. To accomplish these definitions, we use the seminal and implementation
articles; in these papers, we find the concepts to determine the structure and evo-
lution of the methodologies for co-simulation and optimization. Additionally, we
will propose a construction classification for understanding existing co-simulation
problems and identify the general process followed, offering an abstraction of the
co-simulation structure to help understand the optimization implementation.

2.1. Main concepts: Co-simulation. The co-simulation methodology always
starts with a target system that needs to be computationally represented. To do
this, concepts such as modeling, simulation, and coupling are used to achieve a co-
simulation that can effectively represent the target system. A model is defined as:
“For an observer B, an object A* is a model of an object A to the extent that B can
use A* to answer questions that interest him about A” [127], we can use a model
of the target system to create a simulation (virtual implementation of the model
A*) that behaves similarly to the entity A. The modeling and simulation process
is illustrated in Figure 2a. However, in the case of some complex target systems, it
is often found that a simulation is not enough to represent the interaction between
heterogeneous domains in a system (multidisciplinary) [189]. In these cases, co-
simulation is presented as a solution to handle the complexity and is defined as:
“The theory and techniques to enable global simulation of a coupled system via
the composition of simulators” [58]. This definition presents co-simulation as an
extension of the simulation methodology that divides the target system into coupled
sub-systems.

To illustrate the co-simulation concept, we propose the scheme seen in Figure
2b as a general abstraction of the co-simulation methodology. The co-simulation
process starts with a complex target system that is conceptually divided into sub-
systems, each sub-system is simulated using the same modeling and simulation
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(a) (b)

Figure 2. (a) Simulation process scheme (Adapted from [200])
including an analysis step after the simulation to compare with
the target system, and a feedback loop connection to re-model
and simulate until the validation of the simulation is achieved.
(b) Proposed Co-simulation process scheme as an extension of (a)
including the division of the complex system into sub-models that
will be later coupled and co-simulated.

process described before (Figure 2a), then a coupling process is required, where
the interactions between the different models are then performed using dedicated
software in charge of exchanging and synchronizing data between models [58, 144],
and finally, a global analysis to determine if the reliable representation is achieved,
otherwise the process can restart for adjustments.

Co-simulation is becoming a growing trend for several reasons: first, as more and
more projects involve developing teams from various domains of expertise, different
formalisms inevitably have to collaborate; second, because simulation is a widely
used technique, many model implementations still exist, making it cost- and time-
effective to reuse existing models; and third, when multiple enterprises are involved
in the same simulation project, there may be concerns about the intellectual prop-
erty over the models, which means working with black-box approach (discussed in
Section 2.3), which considers models that can interact with others while considering
the internal processes as unknown. A method that addresses all the aforementioned
challenges is co-simulation.

We have found in the literature sample reviewed for this article (described in
Section 1.1) that there are two main approaches concerning how a co-simulation
is constructed starting from the identification of the study problem (in this case
we talk about the target system) to the final result (in this case the final product
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is the functioning co-simulation). The classification depends on the context of the
research; this means details like the different simulation software availability and
the compatibility between the domains involved in terms of simulation coupling
and type of information exchange. This discovery leads to a better understanding
of the co-simulation pertinence and methodology.

The proposed classification helps understand the general design of the co-simulations
that are already available in the literature and helps identify situations in which
co-simulation may be the most appropriate methodology to apply to a new complex
problem. We classified the 96 documents reviewed (classification available in Table
5) using the classical top-down/bottom-up approaches.

2.1.1. Construction classification: Bottom-up approach. In general, the bottom-up
approach uses the inductive reasoning method, which starts with specific observa-
tions that can build a more complex or general theory. This means we can start
with the definition of specific systems to be simulated, then a big-picture complex
system can be built through the coupling of the different simulations. This scenario
can arise when multiple pre-existing simulations are available but do not provide
reliable enough results. In these scenarios, the simulations can boost each other’s
performance with coordinated interactions. Figure 3 provides a general illustration
of the co-simulation bottom-up approach. It shows how previously available inde-
pendent simulations that represent different components of a complex system are
coupled to create a co-simulation. This process involves assessing whether the sim-
ulation input and output are compatible and how they interact (coupling). Using
the individual capabilities of each simulation and combining them to enhance the
global behavior with the coupling mechanisms allows the user to present a virtual
representation of the complex system.

The methodology used in the research documents that we classify as the Bottom-
up approach describes how independent simulations are designed in two or more
different simulation software, to later be coupled and used as a collective coordi-
nated complex simulation (co-simulation). The articles that present the bottom-up
approach are identified in the literature sample (see Table 5).

2.1.2. Construction classification: Top-down approach. In general, the top-down
approach uses the deductive reasoning method, which starts from a general the-
ory or methodology to formulate a hypothesis over a system, then collects the
information, and finally validates or rejects the hypothesis. For the co-simulation
context, this means that there is a co-simulation methodology used to formulate
and test a hypothesis over a complex system that fits the methodology domain.
This situation occurs when the target system cannot be handled with only one sim-
ulation, but a co-simulation software or framework allows it to divide into smaller,
interconnected sub-systems. Figure 4 illustrates the general structure of this ap-
proach, which breaks down a complex target system into smaller sub-systems that
are subsequently simulated and coupled using dedicated software. The resulting
co-simulation is then evaluated and contrasted with the target system to ensure
validity.

In the case of the research works reviewed with the top-down approach, docu-
ments such as [2, 180, 196, 16, 189] present general frameworks for co-simulation
of a complex system that allows it to model a system in a modular manner, where
most often each module belongs to a different domain (full classification available
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Figure 3. Proposed classification: Bottom-up approach for co-
simulation. A target system is abstracted as a co-simulation, using
pre-defined simulations coupled with each other and compared with
the target system in a global analysis stage.

Figure 4. Proposed classification: Top-down approach for co-
simulation. A target system is multi-modeled, i.e., it is divided into
subsystems that are coupled and simulated. To provide feedback,
this co-simulation is then compared to the target system using
global analysis.

in Table 5). For example, the co-simulation of a complex mechanical part from a
helicopter is co-simulated using the ANSYS environment in [180], where 3 different
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simulations are designed and coupled, each simulation describes the system under
different domains (fluid, physical, and thermal mechanics).

The use of either approach to achieve a co-simulation is just the beginning of
the study of a complex system. The co-simulation allows us to test configurations
by tuning parameters or coupling patterns; these possibilities raise the interest
in finding a combination of parameters that optimizes a key output performance.
For this, the combined simulation-based optimization methodology has been an
important technology tool since 1998 [114], and for this reason, it is a natural
continuation for co-simulation to collaborate with the optimization field.

2.2. Main concepts: Optimization. Optimization consists of finding a value
that minimizes or maximizes some specific function among all possible values (in a
defined domain) that satisfy some conditions or constraints given [27], the general
optimization process is shown in Figure 5. To begin, a target system is modeled,
which means defining constraints, objective function, and decision variables [163].
The model’s output will then be analyzed using an optimization method to deter-
mine the ideal model configuration. Lastly, an analysis is done on the data to see if
the outcomes match the model’s expectations, and if not, the process is restarted.

Figure 5. Optimization process scheme. Adapted from [163]

The schemes presented in Figures 5, 2a, and 2b present a general methodology
similarity since they study a target system by proposing a model to understand it or
predict it, and then analyze and compare the results of the model with the target
system to provide feedback and adjustments. This shows the fundamental com-
patibility between simulation, co-simulation, and optimization; including the fact
that large-scale, stochastic, and high-complexity problems constitute typical areas
in which simulation-based optimization is applied [59], we can affirm that optimiza-
tion can leverage co-simulations to explore the process design space [54]. However,
in order to present a general abstraction of the combination of co-simulation and
optimization, it is necessary to have a representation capable of encapsulating these
concepts in a way that they can interact and boost each other.

2.3. Co-simulation-based optimization: black box approach. The concept
of the black box was already discussed in computer science around 1988; it was
defined as hardware and software components that show an interface so that pro-
gramming can be conducted based on knowledge of the operation of the interface
but not the functioning of the components as such [190]. The idea is to have a
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module or “box” with internal unknown mechanisms and states, and the only way
to interact with this box is by providing information (input), asking the module
to process that information, and getting the results (output). The black-box ap-
proach is effortlessly applied for co-simulation representations, as the modeling and
simulation processes are already encapsulating a system representation into a box
with inputs, outputs, and internal processes. Therefore, we can use the black-box
approach to abstract the general structure of a co-simulation.

We described two distinct approaches for building a co-simulation; both methods
address the co-simulation design and validation procedure. However, the outcome of
these techniques is the same for both methods: a multi-model integrated into a co-
simulation. This multi-model can be illustrated with boxes and arrows representing
the models and couplings as an abstraction of the structure. We present a general
co-simulation black-box representation in Figure 6a that shows how several coupled
sub-models create a bigger box known as a multi-model, which has inputs and
outputs. In Figure 6b, we present a black-box representation of the co-simulation
study case developed in [189], which depicts the impact of weather conditions on
the house internal temperature and the operation of an air conditioning system
that adjusts the temperature based on the occupancy of the house and the current
temperature.

(a)

(b)

Figure 6. (a) Co-simulation black-box general representation.
(b) House internal temperature’s co-simulation black-box repre-
sentation (adapted from [189]).

We may begin to consider a generic representation of the cooperation between
co-simulation and optimization thanks to the general black-box representation pro-
posed in this Section. Drawing from Figure 5, the multi-model generalization sug-
gested in Figure 6a, and the architectures employed in the reviewed documents
(e.g., [2, 180, 196, 16, 189]), it is possible to identify the need for an interface be-
tween the co-simulation and the optimization algorithm as shown in Figure 7. This



CO-SIMULATION-BASED OPTIMIZATION: STATE OF THE ART 11

interface is responsible for translating the inputs and outputs of the co-simulation
software towards the algorithm, depending upon the algorithm’s requirements.

Figure 7. Co-simulation and optimization black-box representa-
tion.

2.4. Challenges and conclusions. Co-simulation is a helpful technique for com-
prehending and forecasting the behavior of intricate mechanisms. Optimization can
leverage this representation to provide a detailed analysis and suggest adjustments
or solutions. These general concepts have a clear potential; yet, because the idea
of co-simulation-based optimization is still in exploratory stages, new applications
may need further research to reconcile the methodology of existing applications
with novel ones. A generalization of the co-simulation and optimization interac-
tion will define the specific nature and requirements of the interaction between the
components. This interaction is not clear enough for a working generalization (Fig-
ure 7), as there is a wide variety of strategies to manipulate and communicate the
co-simulation with the optimization.

Co-simulation is a methodology beneficial for multidisciplinary work, as it aims
to connect heterogeneous systems without taking them out of their domain. For this
reason, many of the applications found in the literature combine domain-specific
simulation software, causing a convergence of the applications into this method-
ology. Nevertheless, the many individual efforts to perform co-simulation-based
optimization are not working under a general method, causing redundant frame-
works to be proposed in different domains.

3. Multidisciplinary Analysis

In this section, we present a review of the recurrent domains and software used
for co-simulation-based optimization applications. We also highlight the recurrent
interdisciplinary collaborations and the advantages of using co-simulation for op-
timizing complex multi-domain problems. An overview of the literature focused
on the multidisciplinary aspects of a problem, these applications usually propose
a holistic representation of a system that can provide a better performance than
other models. The emerging patterns found through gathering and studying the
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literature can lead to a conceptual architecture of the process, which is a comprehen-
sive contribution to the field that will benefit future applications in the same area.
The goal is to understand how to generalize the co-simulation-based optimization
methodology, why doing so is beneficial, and how the availability of domain-specific
software impacts the approaches employed in the implementations.

The heterogeneous approach of co-simulation encourages multidisciplinary works,
for example, the design of a vehicle involves the interaction of its major sub-
systems (engine, control, hydraulics suspension, and pressure), which involves dif-
ferent domain-specific dynamics like mechanics, logic, fluid, and thermal. In [154]
a virtual prototype project is proposed between companies to combine the sub-
systems to evaluate the performance of the vehicle using a shared co-simulation
environment to find the best configuration of the sub-systems that will produce the
desired vehicle performance (global optimization). To understand the multidisci-
plinary influence on the topic we will use the following methodology: first, we will
analyze the different domains interacting in the co-simulation-based optimization
works in the literature, this domain-approach review will highlight the synergies al-
ready present between domains and encourage new collaborations. Second, we will
perform a co-simulation software review to extend the analysis from this section to
the software availability factor, which can influence the research path followed by
each domain expert. Finally, we will discuss the challenges in the multidisciplinary
field of co-simulation-based optimization.

3.1. Simulation domains. In contrast to the SCOPUS classification of domains,
where the primary goal is to categorize the research fields (see Table 1), there are
many simulation domains with different levels of detail ranging from specialized
domain simulations (i.e. fluid dynamics simulation with FLUENT [203] or with
COMSOL [194], numerical simulation with MATLAB [156]) to big systems domain
simulations (i.e. building performance simulation with EnergyPlus [203, 191, 126,
115, 36, 25] or with TRNSYS [41, 42, 46, 47], vehicle simulation with CarSim [150]).
As part of this survey, we provide a full classification in Table 5 of the simulation
domains in the literature (third column) that compile a total of 49 different domains.
This classification was done manually, taking into account the general purpose of
the software used, as well as the document definition of the model created with the
software. From these domains, we can identify a particularly interesting one, the
Computational Fluid Dynamics (CFD) [75], which is used on 21% of the articles
reviewed in connection with other domains. In Table 2 we can see all articles from
the sample database that use CFD simulations, the table shows the great variety of
combinations present in terms of domains and software. Additionally, we include
the interoperability methodology used to integrate the CFD simulation with the
other domain software.

Table 2 shows that CFD simulations are widely combined with other domains
such as solid (Computed-Aided Design for creating 2D or 3D virtual representations
of real-world products), energy, numerical, building, and more. The diversity of
combinations and integration methodologies shows the complexity of the field of
co-simulation. We can see the presence of software to handle the integration of the
unitary simulations from different domains, manual implementations, and the use
of import/export tools to combine the simulations. The different methods highlight
the methodological significance of the interoperability of the simulations, which is
correlated with the software compatibility and the domains in question.
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Table 2. Co-simulation collaborations with CFD by domain, sim-
ulation software, and integration method.

Article Simulation domain Software Integration method

[180]
Fluid FLUENT

Import CAD file into ANSYS
Solid Solidworks

[196]
Fluid Spectre

Manual (coded in Verilog)
Electric LT-Spice

[203]
Fluid FLUENT

Manual
Building EnergyPlus

[62]
Fluid FloMaster

FMU imported into Simulink
Control Simulink

[73]
Fluid FLUENT

Imported into ANSYS plugin
Solid Solidworks

[17] Fluid and electric COMSOL COMSOL framework

[70]
Fluid FLUENT

Imported using MATLAB plugin
Mathematical Simulink

[194]
Fluid COMSOL

COMSOL FrameworkElectrical COMSOL
Solid COMSOL

[179] Fluid and solid COMSOL COMSOL framework

[145]
Fluid Gleeble

Gleeble framework
Mechanical Gleeble

[116]
Fluid FLUENT

Manual
Numerical Particle Flow Code

[74]
Solid ANSYS

UDF library imported into ANSYSFluid FLUENT
Dynamic EDEM

[192]
Fluid FLUENT

UDF library imported into ANSYS
Solid EDEM

[211]
Solid Pro ENGINEER

Imported using ANSYS plugin
Fluid FLUENT

[64]
Fluid FLUENT

UDF library imported into ANSYS
Solid EDEM

[195]
Fluid FLUENT

Imported using MpCCI toolset
Solid MATLAB

[41]
Fluid FLUENT

Manual
Energy TRNSYS

[71]
Fluid FLUENT

UDF library imported into ANSYS
Engine GT-Power

[132]
Fluid FrontFlow/Blue

Manual
Numerical VSI Fortran

[44]
Fluid AMPERES

AMPERES-IPS Framework
Electrochemical IPS

[215]
Fluid FLUENT

APECS Framework
Chemical Aspen Plus

3.2. Simulations interoperability. Interoperability, as described in [184], exists
in 6 levels that go from low integrability to full conceptual interoperability (no
compatibility, technical, syntactic, semantic, pragmatic, dynamic, and conceptual).
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This concept has increased its relevance in the simulation fields [106], discussing the
importance of offering interoperability across software from different domains. This
means that a model created in a particular software should be able to interact with
other models created with other software without losing capabilities. To evaluate
the current literature environment regarding software interoperability we focus on
co-simulation interoperability (sub-systems interaction), in which we identified 3
approaches within the literature reviewed, i.e. manual implementations, collabo-
rating standards, and co-simulation framework. In Section 4, we will expand the
analysis to the interoperability between optimization and co-simulation.

3.2.1. Manual implementations. This methodology covers applications in which the
user manages the information transfer between the various simulation software pro-
grams, handling all aspects of the interoperability of the simulations [203, 201, 116,
159, 41, 132]. This implementation strategy solves the software interoperability
issue for the specific study instance but does not offer a generic solution that
can be applied to other comparable projects in the future, making it an ad hoc
solution. Specific examples of manual implementations coupling using high-level
programming languages to set up the co-simulation such as ActiveX [63], Verilog
[196], C++ [204], and communication protocols like Memory Mapped Files [125],
or TCP/IP and DNP3 [158, 2, 121, 122]. The presence of manual implementations
in the literature highlights the benefits of a fully manual interface between simu-
lations, including control over the coupling mechanism in terms of input/output
formats and event coordination. However, it also highlights the drawbacks of an ad
hoc solution to the interoperability problem, which includes providing a scheduling
algorithm and solving the information coherence, as well as the method’s lack of
reproducibility, which will be of greater concern for the next two categories.

3.2.2. Collaborating Standards. This strategy is used by software companies to of-
fer compatibility with other software that could improve the performance of a
simulation. We identified two categories of collaboration standards: those that
allow simulations to be imported in a standard format and those that offer soft-
ware extensions such as toolboxes, plugins, and APIs. The first type of collab-
oration involves simulation software that offers services such as plugins/toolbox
[70, 193, 66, 156, 47, 128, 131, 211, 42, 195, 46, 214, 37, 157, 205, 73, 15] or APIs
[171] to enable compatibility with other software. These tools are an extension of
the main software capabilities to provide a link with external software that handles
the interoperability of the simulations. The second type of collaboration consists
of simulation software that provides the capability of importing models created
in external software using a standard format. In the literature, we find examples
of domain-specific standards formats such as CAD files for 3D and 2D physical
models [180, 73, 5], Materials Property Data exchange (.matml) [172], circuit sim-
ulation import using a Touchstone file standard [129] or the s-parameter format
[111, 110]; we also find examples of non domain-specific formats like UDF libraries
(.dll) [74, 192, 64, 210, 67, 26, 71], XML format [202], ASCII Files [28], and the
Functional Mock-up Interface (FMI) standard [146] that generates “.fmu” files from
any domain [62, 126, 36, 25, 106, 150].

The existence of multiple exportation standard applications and software com-
patibility tools is proof of the usefulness of co-simulation software, which is different
from traditional simulation software in that it can couple two or more simulations to
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produce a global behavior. Examples that we found include the Model.CONNECT
[68, 19] software, which provides an easy-to-use interface for simulation model cou-
pling and focuses on the configuration of the interaction of the models, while the
definition of the individual models is imported from external software; other exam-
ples include OpenModelica [142], Simulink [103] and Adams [13] software, which
combines native simulation capabilities with importation methods to combine sim-
ulations in a shared environment; this shared environment concept is especially
exploited in the next category.

3.2.3. Frameworks. This methodology is a general approach to co-simulation, where
we find architectures that encapsulate several domain-specific simulation software
to coexist in one big environment. This approach is not opposed to the previous
exporting standards approach; on the contrary, it can use standards to expand its
reach. The objective of these frameworks is to offer a platform to develop multi-
disciplinary simulations that can be coupled easily. This approach establishes a
standard for the coupling mechanisms, which means that the interoperability is
handled internally by the framework, and the user only focuses on the simulation’s
setup. The advantage of co-simulation frameworks (also referred to as platform,
environment, or architecture) is that they encourage reusability as they offer a set of
tools to continue developing co-simulations for future researchers which at the same
time will contribute to the validation of the framework. The examples found in the
literature are presented in Table 3, where we classify each framework based on the
domain covered, the articles that use the framework, and the source proposing the
framework, which comes from published articles describing the characteristics of
the framework or a software product offered in the market.

Table 3 shows that there are already 25 co-simulation frameworks available in
the literature, each with a different target domain. The benefit of a framework
over an ad hoc application is that its results serve as an incentive for the domain to
continue working on the issue with the same framework in the future, thereby facili-
tating and encouraging progress. The table presents two special cases of frameworks
that have already been used in multiple applications in the literature sample data-
base: ANSYS [82], a multi-domain co-simulation tool, with six applications, and
COSMO [207] for the mobility field, with four. This reproducibility demonstrates
the value of a framework as each iteration takes advantage of the co-simulation
features and validates the suggested framework. The framework category is the
most robust of the three categories this section defines since it provides a common
environment for user-friendly coupling mechanisms, opens the door for further ap-
plications following the same structure, and works towards an abstract method to
perform co-simulation.

3.3. Challenges and conclusions. This section presented an analysis of the lit-
erature sample on integrating multiple domains into a co-simulation. This analysis
shows the increasing presence of collaboration and frameworks in co-simulation
software (Tables 2 and 3), these strategies use general patterns to couple two or
more simulations that can belong to different domains. The co-simulation state-
of-the-art [58] described extensibility as a remaining challenge for co-simulation,
that is, the ability to include new features; we find frameworks such as MECYSCO
[189], APECS [215], Helics[155] and GUSMA [154] as examples of the extensibility
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Table 3. Co-simulation frameworks in the literature.

Framework name Domain covered Used in Proposed by

EXPPO Cyber-Physical Systems [22] Article [22]
HELICS Multi-domain [155] Article [65]
MATLAB Multi-domain [68] Software product [97]
EV-EcoSim Electric vehicule [21] Article [21]
ANSYS Multi-domain [124, 170, 119, 72, 40, 198] Software product [82]
MECSYCO Multi-domain [189] Software product [39]
MODUS Hardware/Software [117, 23] Article [23]
COMSOL Multiphysics [17, 194, 179] Software product [32]
Cadence Thermo-electric [69] Software product [91]
Amperes-IPS 3D Magnetic [164] [44] Article [44]
GUSMA Vehicle design [154] Article [154]
COSMO Mobility [30, 209, 206, 208] Article [207]
EPPY Building design [115] Article [115]
LabView Aerial vehicle design [107] Software product [34]
Rhino Building design [191] Software product [101]
ADS Circuit design [199, 112] Software product [181]
Gleeble Thermomechanical [145] Software product [94]
COSCO Fog computing [187] Article [187]
APECS Fossil energy [215] Software product [130]
Not-named Bio-fabrication [54] Software product [38]
Not named Photonic and electronic [12] Software product [9]
Not named Multi-domain [197] Article [197]
Not named ROS-based [153] [16] Article [188]
Not named OPAL-RT-based [99] [24] Article [24]
Not named Robotics [6] Article [6]

advantages. These frameworks present co-simulation software that handles sim-
ulation tools, capabilities of importing external models, and also the possibility
of developing new compatibility modules to other software using high-level code
languages.

Another challenge discussed in [58] is the combined approach of the discrete
event and continuous time for co-simulation software, the idea being to leverage
the combined features of the two formalisms. We can see that the number of
different methods used to perform the co-simulation in the literature is a sign of
the complexity that presents the combination of heterogeneous simulations in terms
of formalisms, domains, environment, and communication. The level of integration
achieved between the simulations can be assessed with the interoperability levels
mentioned in Section 3.2. These levels evaluate the integration of components
according to integrability, interoperability, and composability [184]. The black-
box approach claims its relevancy in this topic, by encompassing the extensibility
and framework approaches, these approaches aim to describe a system in terms
of abstract components that interact and that can support further composition
with new components in a nested manner, which is compatible with the black-box
approach.

At the same time that the number of co-simulation frameworks increases and
abstract structures are proposed, the opportunity to include optimization as an
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extension of the capabilities of co-simulation grows. This survey takes this op-
portunity to leverage existing applications of co-simulation-based optimization and
confront them with the cumulative complexity carried by the complex systems
studied, the co-simulation particularities, and the optimization field requirements
(discussed in the next section).

There is remarkable progress in the field, which we can prove by comparing
three of the conclusions of the state-of-the-art article on co-simulation from 2018
[58]. First, by 2018 the large majority of applications used ad-hoc couplings between
simulators, which now (at least for the co-simulation-based optimization share) is
mostly dominated by import standards and co-simulation frameworks. Second, the
challenges for co-simulations were many, but two specific mentions are already dis-
cussed in this document, modular coupling (in Section 2) and finding standards
for hybrid co-simulation (in this Section). Third, Gomes, et al. assert that the
main conclusion of the review is that there is a lack of research into the modular,
stable, and accurate coupling of simulators, which is now an important concern of
software developer companies, as shown by the amount of co-simulation software
available. The next step for the co-simulation technique that provides complex sys-
tem abstractions is to offer complex insights into the system. This is the objective
of implementing optimization as a general combined technique; this combination
offers to explore, study, and improve complex systems.

4. Optimization analysis

In this section, we present a review of the optimization methods used in co-
simulation-based optimization (Section 4.1) and analyze the interaction strategies
between co-simulation and optimization (Section 4.2) to understand the nature
of the interaction illustrated in Figure 7. An analysis of the methodologies and
interactions in this field will help identify promising approaches for working with
co-simulation-based optimization, which will benefit both software companies and
users.

As described in Section 2.3, the interface between the co-simulation and the
optimization method can be understood using the black-box approach as shown
in Figure 7. The goal of this analysis is to understand two main aspects of the
figure, namely the internal structure of the optimization method box and the in-
terface characteristics. To achieve this, we reviewed the database sample regarding
the optimization methods used, and the interaction strategies used to combine op-
timization and co-simulation (Table 5) to be later confronted with the black-box
approach.

4.1. Optimization methods in the literature. The optimization methodology
used in simulations is a recurrent combination, as it is a natural use of system
virtualization (simulation) to test and find improvements in the system by tuning
the structure or parameters which can lead to an optimal or pseudo-optimal per-
formance configuration. This makes the process less expensive than testing on the
real system. To understand how the optimization methodologies are being imple-
mented in the particular case of interest of this article (i.e., co-simulation), we will
analyze the optimization types present in the literature sample, which follows the
tree structure abstracted in Figure 8.
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Figure 8. Optimization categories and specific methodologies
used in the sample database (the amount of articles using each
method is included in red in parenthesis, see table 5).

min or max f(x⃗)

subject to:

gi(x⃗) <= Ci, i = 1, ..., n

(2)

There are two types of optimization problems: parametric and control [59]. Para-
metric optimization refers to problems that can be represented with the general
Equation 2, where we are minimizing or maximizing an objective function f(x⃗),
the vector x⃗ represents all the parameters or decision variables of the problem, the
problem also has n constraints represented by gi(x⃗) compared to n constants Ci

[59]. In general, parametric optimization problems are known as static systems
[44, 215], whereas control optimization problems handle dynamic systems as they
change in some way from time to time, the objective is to choose a set of actions
to move the system along a desirable path. The general Equation 3 is defined in
[59] where S denotes the states of the system and |S| the number of states in the
system, µ(i) refers to the action taken in state i, and finally the function f denotes
the objective function to be optimized.

min or max f(µ(1), µ(2), ..., µ(|S|))
(3)

Each of these categories mentioned has many techniques proposed which can be
again classified into sub-categories, the classification depends on the problem’s na-
ture as well as the approach taken to solve it [59]. In Figure 8 we see the category
division of optimization methods, starting from the basic categories (parametric
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and control) taken from [59], and then the subdivision depending on the character-
istics of the methods found in the literature1. Hereafter, we briefly describe each
category and method of optimization in Figure 8 including the articles from the
sample database that use each method (see Table 7 for abbreviations).

Design optimization encompasses the approaches that aim to reduce the solution
search space to a relatively small size (most of the time under 20 scenarios [59])
using intuitive or mathematical tools, to be later confronted against each other
with an objective function. An example of this approach is Ranking and selection,
which is the methodology most used in the literature (with 43 of the 96 articles
in this category, see Table 5) with two additional cases of particular ranking and
selection post-processing techniques, namely, Pareto Frontier [195] and GDO [211].
Sensitivity analysis is another approach that reduces the search space by perform-
ing a mathematical treatment of the available data like in [40] and a more specific
method of sensitivity analysis like RSM in [116].

The algorithmic approach to optimization follows a specific set of steps to find
an optimal or near-optimal result while avoiding exploring all the search space. The
linear (e.g. IPOPT, SNOPT [17]) and non-linear (e.g. simplex [24] and LWM [67])
algorithms depend on the assumption that we know the tendency of the solution.

In contrast, for other algorithms that present unknown tendencies, the meta-
heuristic approach can offer interesting algorithms that employ distinct features to
advance from one system’s performance to a better one until a stopping criterion is
satisfied. These methods are shown in Figure 8 and we link, in the next paragraph,
each algorithm with the articles from the database.

We find in the literature sample database meta-heuristic methods using adap-
tive algorithms such as Particle Swarm Optimization (PSO) [124, 66, 47, 131, 107,
46, 37], also evolutionary algorithms [16] such as Fruit-Fly optimization algorithm
(FOA) [170] (both part of the swarm intelligence approach), constrained multi-
objective evolutionary algorithm with multiple stages (CMOEA-MS) [179], Covari-
ance matrix adaptation evolution strategy (CMA-ES) [5], Differential Evolution
Algorithm (DEA) [12], genetic algorithms [54, 21, 171, 128, 25, 42, 106, 63] includ-
ing the variation NSGA-II [70]. We also have gradient-based algorithms [189] like
GOBI [187] and Block Coordinate Descent (BCD) [155], methods that approximate
behavior to mathematical functions like Constrained Optimization By Linear Ap-
proximation (COBYLA) [197] and Radial Basis Function Optimization (RBFOpt)
[191], methods that use Neighborhood search strategies like Non-Dominated Neigh-
borhood Immune Algorithm (NNIA) [180] and Tabu Search (TS) [204], and finally
other approaches like Artificial Neural Networks (ANN)[199], and FFD/BFD [22].

Compared to parametric optimization, the number of control optimization prob-
lems using co-simulation in the literature is quite small (14 of the 96 documents).
In control optimization, due to the dynamic nature of the system, the solutions
are mostly focused on dynamic or mathematical programming [59], this explains
the dominance of meta-heuristics found in the literature. We found studies that
implement meta-heuristics [206, 209, 208, 158] to optimize dynamic systems with

1the Figure 8 classification is not exhaustive regarding existing optimization methodologies,
but it is exhaustive regarding the 96 articles reviewed in the sample literature database.
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techniques such as surrogate optimization [111, 112, 110], Model Predictive Control
(MPC) [115, 126], Volt-var optimization (VVO) [121, 122, 26, 2], and EXTREMUM-
SEEKING (E-S) [150].

The literature contains a variety of algorithms that demonstrate the wide range
of optimization techniques that may be applied in a co-simulation scenario. These
techniques involve modifying parameters or control strategies to explore the search
space for optimal performance. Regardless of the approach, the interaction be-
tween co-simulation and optimization is crucial for comprehending the conceptual
relationship between these elements. To investigate this further, we conduct an
interoperability analysis similar to the one conducted for co-simulation interoper-
ability, in order to identify the features of this collaboration.

4.2. Optimization Software and frameworks. As discussed in Section 3.3, an
analysis of the software used to develop the implementations in the literature gives
the opportunity to study the characteristics of the conceptual interface between
concepts. In the previous section (Section 3.2), we discussed the three approaches
used to handle the interoperability between the simulations; now we will do the
same analysis focused on the interoperability between co-simulation and optimiza-
tion. To better understand the requirements and challenges of this collaboration,
we reviewed the sample database of articles and extracted three categories that
represent the interoperability management strategy between co-simulation and op-
timization.

4.2.1. Manual optimization. The first category covers the cases where no optimiza-
tion software was involved in the process, this means that the optimization process
was done by the researcher. There are 38 articles in the database of this review
that used the Ranking and Selection optimization methodology without using any
optimization software (see table 5), which, as described in this Section, consists
of reducing the search space as much as possible to have a reasonable amount of
scenarios to co-simulate, compare, and select the optimal. Apart from these cases,
there is only one more case that fits this category [67] where co-simulation was used
to define the constraints of the optimization problem, and the optimization process
(Linear Weighted Method) was performed manually by the researcher.

4.2.2. Software collaboration. The second category refers to the cases where two or
more different software environments were combined to achieve the co-simulation-
based optimization process. All cases are classified in Table 4 where we can see
the co-simulation software, the optimization software, and the method used to
integrate these components. In general, we found three types of integration, manual,
using extension tools, and optimization frameworks. The first type is the manual
interface, which refers to the cases where the researcher takes the outputs of the
co-simulation software and provides the data as input to the optimization software,
either by manually assigning the input/output files [111, 110, 201, 122, 121, 131] or
by creating code that automatizes this part of the process with high-level languages
such as C++ [204, 26], ActiveX [63], or Python [197, 115]. The second type is the
use of existing tools to handle interoperability such as libraries [42, 46, 54, 199],
plugins [70, 124, 2, 24, 37, 66, 15, 214], export standards [150, 128, 5], and APIs
[179, 171, 12, 126, 25, 155]; these types of tools are always used in the presence
of high-level and high-demand software languages such as Python and MATLAB
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(see Table 4). Finally, the third type refers to optimization frameworks, which are
optimization-dedicated software that are specially designed to serve as a modular
tool that can collaborate with third-party software to achieve optimization using
different optimization algorithms with a black-box approach (as described in Section
2.3), the optimization framework software found in the literature are GenOpt [47],
OptiY [158], and modeFRONTIER [195, 106].

Table 4. Methods of interoperability between co-simulation and
optimization software found in the literature (Software references
in Table 8).

Co-simulation software Optimization software Interface method Ref

AnnAGNPS C++ Manual [204]
EMTP-RV C++ Manual [26]
ADS FEKO Manual [111, 110]
Matlab GenOpt Optimization framework [47]
SWAT Lingo Manual [201]
ANSYS MATLAB Plugin [70, 124]
CarSim MATLAB Exporting standards [150]
COMSOL MATLAB API [179, 171]
EnergyPlus MATLAB Manual [115]
OPAL-RT MATLAB Plugin [2, 24]
OpenDSS MATLAB Exporting standards [128]
PSIM MATLAB Plugin [37]
RSCAD MATLAB Manual [121, 122]
Solcore (python) MATLAB API [12]
Solidworks, ADAMS MATLAB Exporting standards [5]
SPEED MATLAB Manual [63]
SWAT MATLAB Manual [131]
TRNSYS MATLAB Library [42, 46]
Xilinx MATLAB Plugin [66]
Python MicroGP library Library [54]
ANSYS modeFRONTIER Optimization Framework [195]
OpenModelica modeFRONTIER Optimization framework [106]
SimulationX, LS-DYNA OptiY Optimization framework [158]
ADS Python Library [199]
Aspen plus Python Manual [197]
EnergyPlus Python API [126, 25]
Gridlab Python API [155]
GT-Power Simulink Plugin [15]
Solidworks, ADAMS Simulink Plugin [214]

4.2.3. Co-simulation-based optimization frameworks. The third and last category
is the most robust of the approaches, as it aims to incorporate all aspects of the pro-
cess into a single software framework. A software environment that fully supports
the co-simulation-based optimization process is a great tool for researchers to study
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and understand complex systems insightfully, with a reliable complex virtual rep-
resentation and several optimization methods available to be implemented into the
model effortlessly, which is a big opportunity for upcoming studies. The big-picture
approach of the framework methodology provides an environment that encourages
multidisciplinary collaboration and reusability. In the literature, we found a to-
tal of 11 co-simulation-based optimization frameworks that are specially designed
for a domain-specific research problem, there are the electronic framework offered
by ADS [181] used in [112], the process engineering dedicated framework APECS
[130] used in [215], the multiphysics framework COMSOL [32] used in [17], the fog
computing framework COSCO proposed in [187], the mobility framework COSMO
proposed in [207] and used in [206, 209, 208], the physics framework DAKOTA-
IPS [183, 147] proposed in [44], the electric vehicle power framework EV-ECOSim
proposed in [21], the mathematical-based framework MATLAB [97] used in [16],
the hardware and software (H/S) framework MODUS used in [23, 117], the Cyber-
physical Systems framework EXPPO proposed in [22], and the Computer-aided
Design framework Rhino 3D [101] used in [191].

The frameworks presented propose a generalization of the co-simulation-based
optimization approach to propose an environment for a specific domain, even more
general frameworks are found in the literature that aim to use the same approach to
cover multidisciplinary domains in general, the frameworks found present software
environment with the purpose of total simulation integration for design, manu-
facturing, and engineering problems. It offers a wide variety of domain-specific
modules to create simulations that share the same environment for maximum in-
teroperability, such as ANSYS [82] (used in [180, 116, 211, 40]), Isight [176] (used
in [170]), LabView [34] (used in [107]), and MECSYCO [39] (used in [189]).

4.3. Challenges and conclusion. The many optimization categories and tech-
niques found in the literature showed the wide variety of optimization possibilities
available. This shows the complexity of deciding which optimization methodology
to utilize. In the literature, almost half of the cases (47 out of 96) choose to di-
minish the scenario amount to perform the analysis over a controlled number of
co-simulations to find the optimal (design optimization) and to use meta-heuristics
almost the other half of the cases (44 out of 96) to find a near-optimal solution that
is computationally viable.

As each optimization method employs different approaches, each with highly
varied setups and interaction features between the optimization strategy and the co-
simulation, there is a challenge to propose a generalized structure for co-simulation-
based optimization that ensures interoperability between the co-simulation and
optimization software.

We can find in the literature some proposals that contribute to the field with ideas
like cross-company collaboration [97, 32], domain-specific frameworks combining
specialized software with optimization tools [187, 130, 207, 181, 21, 44, 117, 101, 22],
multi-disciplinary sub-systems simulations in a common environment [82, 176, 34],
and conceptual frameworks using a modular architecture with black-box optimiza-
tion [39, 189, 113, 47, 167, 195, 106, 55, 158].

We highlight the importance of extensibility and the black-box approach as an
adaptive strategy in co-simulation software, as it offers flexibility in the integration
of external simulations while also allowing optimization methods to be integrated
into the process. Extensibility was already mentioned in [58] as a key challenge
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to be explored in co-simulation. This article’s work shows that the combination
of the many applications in the literature with the black-box approach and the
extensibility has benefited not only co-simulation (discussed in Section 3) but also
co-simulation-based optimization by producing emergent patterns. This trend has
to be consolidated using a retrospective view to propose methodologies and frame-
works using a black-box approach and extensibility.

5. Discussion and conclusions

The path followed to review the topic of co-simulation-based optimization started
with the consolidation of a sample database of 96 articles using the equation 1 to
find articles in the literature that combine co-simulation with optimization, then we
performed a study endeavor consisting of analyzing the articles from three different
points of view.

First, we began with the definition of the concepts of co-simulation and opti-
mization, and then we analyzed the collaboration of the concepts in an abstract
manner. This analysis showed the co-simulation conceptual construction process
(top-down and bottom-up approaches) and the subsequent conceptual integration
with optimization using the black-box approach. This approach offered an abstract
representation of the components of a system, which is compatible with the abstract
schemes of co-simulation and optimization (Figures 6a and 5, respectively).

Second, we performed a multidisciplinary analysis of the database that showed
the wide variety of domains cooperating in co-simulations, many domain-specific
software are used for each sub-system which then needs to interact with the others.
This led us to study the interoperability of co-simulations as it is a key factor in the
performance of a complex system representation. The presence of many manual im-
plementations has provoked the proposal of collaborative standards and frameworks
as generalized methods that consolidate the understanding of co-simulation.

Finally, we performed an analysis of the database from the point of view of opti-
mization that showed characteristics similar to the multidisciplinary analysis, that
is, big variety and interoperability relevancy. Additionally, some robust frameworks
found in the literature are starting to grasp a generalization of the co-simulation-
based optimization process to be used in the study of complex systems.

In the process of developing this state-of-the-art research, we achieved several
contributions relevant to co-simulation-based optimization, starting with the con-
struction classification for co-simulations in Section 2, which showed how the rea-
soning approaches bottom-up and top-down can lead a complex system to be co-
simulated. Next, the black-box approach was proposed as an intuitive abstraction
tool to represent co-simulation and optimization, which provided a shared seman-
tic environment to analyze the interoperability strategies found in the literature
database.

The number of heterogeneous domains participating in this topic showed the
relevance and applicability of the co-simulation-based optimization method for un-
derstanding and predicting complex systems, while also bringing attention to the
way in which the components interact. This means that the collaboration of di-
verse domains implies an effort of interoperability, and based on the analysis done
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over the literature, we proposed the classification into three types of interoper-
ability strategies: manual implementations, software collaboration standards, and
frameworks that offer a multi-domain shared environment for co-simulation.

From an optimization perspective, we found and classified the optimization meth-
ods used in the literature database (Figure 8). This classification allowed us to
examine the characteristics of the interaction between the co-simulation and op-
timization components to determine the three types of interoperability strategies
that are utilized in the literature to integrate co-simulation and optimization, that
is, manually, by software collaboration, and using co-simulation-based optimization
frameworks.

The main conclusion found in the reviewing process of this article is linked to
the interest in capitalizing on the many applications by proposing frameworks that
offer extensibility capabilities that make possible the integration of co-simulation
and optimization tools. A step further could be to better formalize the black-box
representation of figure 7 by the development of standards for both co-simulation
and optimization interoperability on which frameworks can rely.
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154. Andreas Rüdenauer, Song Han, Marcus Geimer, et al., Optimization of the development

process of mobile machines using a standardized co-simulation., Landtechnik 67 (2012),

no. 2, 122–126.
155. Rabayet Sadnan, Nathan Gray, Anamika Dubey, and Anjan Bose, Distributed optimization

for power distribution systems with cyber-physical co-simulation, 2021 IEEE Power & Energy

Society General Meeting (PESGM), IEEE, 2021, pp. 1–5.
156. Reinhard Schemmel, Viktor Krieger, Tobias Hemsel, and Walter Sextro, Co-simulation of

matlab and ansys for ultrasonic wire bonding process optimization, Microelectronics Relia-

bility 119 (2021), 114077.
157. A. Schirrer and M. Kozek, Co-simulation as effective method for flexible structure vibration

control design validation and optimization, 2008, pp. 481–486.
158. Tobias Schulze, Jürgen Weber, Knut Großmann, Lars Penter, and Christer Schenke, Hy-

draulic die cushions in deep drawing presses: Analysis and optimization using coupled sim-

ulation, Fluid Power Systems Technology, vol. 57236, American Society of Mechanical Engi-
neers, 2015, p. V001T01A066.

159. Antonio Ciccomancini Scogna and LianKheng Teoh, Sipi co-extraction and spice co-

simulation for package on-die decap optimization, 2016 IEEE 20th Workshop on Signal and
Power Integrity (SPI), IEEE, 2016, pp. 1–4.

160. SDS, Sdm software, https://systemdynamics.org/resources-old/sdm-doc/, 2024, Ac-

cessed: 31.05.2024.
161. SDTools, Oscar software, https://www.sdtools.com/solutions/oscar/, 2002, Accessed:

03.06.2024.

162. Siemens, Simcenter flomaster software, https://plm.sw.siemens.com/es-ES/simcenter/

systems-simulation/flomaster/, 2024, Accessed: 31.05.2024.
163. Jan A Snyman, Practical mathematical optimization, Springer, 2005.
164. INTEGRATED Engineering Software, Amperes software, https://www.integratedsoft.

com/products/Amperes, 2021, Accessed: 28.05.2024.

165. Siemens Digital Industries Software, Amesim software, https://plm.sw.siemens.com/

en-US/simcenter/systems-simulation/amesim/, 2024, Accessed: 28.05.2024.

 https://openmodelica.org/ 
 https://www.java.com/en/
https://fmi-standard.org/
https://ipsframework.sourceforge.net/doc/html/
https://ipsframework.sourceforge.net/doc/html/
 https://opnetprojects.com/opnet-network-simulator/ 
 https://opnetprojects.com/opnet-network-simulator/ 
 https://www.ptc.com/en/products/creo/pro-engineer 
 https://www.remcom.com/resources/articles-and-papers/3d-electromagnetic-simulation-vs-planar-mom
 https://www.remcom.com/resources/articles-and-papers/3d-electromagnetic-simulation-vs-planar-mom
 https://gazebosim.org/home
https://www.ros.org/
https://systemdynamics.org/resources-old/sdm-doc/
 https://www.sdtools.com/solutions/oscar/ 
https://plm.sw.siemens.com/es-ES/simcenter/systems-simulation/flomaster/
https://plm.sw.siemens.com/es-ES/simcenter/systems-simulation/flomaster/
https://www.integratedsoft.com/products/Amperes
https://www.integratedsoft.com/products/Amperes
https://plm.sw.siemens.com/en-US/simcenter/systems-simulation/amesim/
https://plm.sw.siemens.com/en-US/simcenter/systems-simulation/amesim/


32 DIEGO A. VEGA AND V. CHEVRIER

166. Anshu Soni and Virender Ranga, Api features individualizing of web services: Rest and soap,

International Journal of Innovative Technology and Exploring Engineering 8 (2019), no. 9,

664–671.
167. ESTECO SpA, modefrontier software, https://engineering.esteco.com/modefrontier/,

2024, Accessed: 31.05.2024.

168. Dirk Spenneberg, Martin Albrecht, and Till Backhaus, Monster: A new behavior-based mi-
crokernel for mobile robots, Proceedings of the ECMR 2005 (2005).

169. Giovanni Squillero, Microgp3 software, https://ugp3.sourceforge.net/, 2006, Accessed:

31.05.2024.
170. Hongbiao Sun, Wenqiang Li, Lanjiang Zheng, Sitong Ling, and Wanchang Fu, Adaptive

co-simulation method and platform application of drive mechanism based on fruit fly opti-

mization algorithm, Progress in Nuclear Energy 153 (2022), 104397.
171. Lu Sun, RuXin Zhang, ChaoLing Du, WangXu Rong, Xiang Li, YangXi Chen, TianYi Fu,

ShuiYan Cao, and DaNing Shi, Optical optimization of ultra-thin crystalline silicon solar
cells by a co-simulation approach of fem and ga, Applied Physics A 127 (2021), no. 7, 1–9.

172. Wei Sun and Shi Sha Zhu, The mechanical excavator-hydraulic system of the establishment

of co-simulation and optimization, Advanced Materials Research, vol. 706, Trans Tech Publ,
2013, pp. 1651–1656.
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• Non*: Numerical simulation or system analysis where the author does not
mention any software involved in the process.

• Non**: Manual numerical optimization.
• Not Mentioned*: The authors only mention they used “a commercial
3D EM simulator”.

Appendix B. Abbreviations

Table 7. Abbreviations.

Abbreviation Full name

ANN Artificial Neural Networks
BCD Block Coordinate Descent
BFD Best-Fit Decreasing
CMA-ES Covariance matrix adaptation evolution strategy
CMOEA-MS Constrained multi-objective evolutionary algorithm with multiple stages
COBYLA Constrained Optimization By Linear Approximation
DEA Differential Evolution Algorithm
E-S EXTREMUM-SEEKING
FFD First-Fit Decreasing
FOA Fruit fly Optimization Algorithm
GDO Goal-Driven Optimization
GOBI Gradient-Based Optimization using Back-propagation to Input
IPOPT Interior-Point Optimizer
LWM Linear Weighted Method
MOR Model Order Reduction
MPC Model Predictive Control
NNIA Non-Dominated Neighborhood Immune Algorithm
NSGA-II Non-dominated Sorting Genetic Algorithm
OPF Optimal Power Flow
PSO Particle swarm optimization
RBFOpt Radial Basis Function Optimization
RSM Response Surface Methodology
SNOPT Sparse Non-linear Optimizer
TOPSIS Technique for Order Preference by Similarity to Ideal Solution
TS Tabu Search algorithm
VVO Volt-var optimization
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Appendix C. Software compilation

Table 8. Software description (part 1 of 2).

Software Definition of the software Ref

Abaqus Finite Element Analysis Software [173]
Adams Multibody dynamics simulation [13]
ADS Advanced Design System, Electronic circuit simulation [181]
AMESim Thermo-hydraulic simulation software [165]
AMPERES Multi-Physics simulation for Electrochemical and Renewable Energy Storage [164]
ANSYS Engineering simulation software package [82]
AnnAGNPS Simulation software to evaluate management decisions on watersheds [135]
APECS Advanced Process Engineering Co-Simulator [130]
API REST Set of protocols for building and integrating applications software [166]
AQWA Hydrodynamic simulation for offshore and marine structures (Part of ANSYS) [83]
ARENA Discrete event simulation software [18]
Aspen Plus Process Simulation Software for the Chemical Industry [90]
CarSim Simulation Software of vehicle behavior [35]
COMSOL Software for Multiphysics Simulation [32]
CST 3D electromagnetic software for design, analysis and optimization [174]
C++ High-level and general-purpose programming language [49]
DAKOTA Software for optimization using advanced parametric analyses [183]
DNP3 Client-Master Simulator [52]
Docker OS-level virtualization to deliver software in packages called containers. [93]
DSHplus Dynamic simulation of fluid power systems [78]
Dymola Dynamic complex systems simulation [175]
Eclipse Integrated development environment (IDE) used in computer programming [8]
EDEM Discrete Element Method (DEM) Software [77]
EMTP-RV Electromagnetic Transients Program [51]
EnergyPlus Building simulation software [138]
ePHASORSIM Real-time transient stability simulation [98]
EXata CPS Network communications emulator [182]
FEKO Electromagnetic Simulation [79]
Flomaster Thermo-fluid simulation [162]
FLUENT Fluid simulation software (Part of ANSYS) [84]
FMI Functional Mock-up Interface standard for model exchange and co-simulation [146]
Forge Hot and cold forging simulation [185]
FrontFlow/Blue FEM solver for flow prediction in complicated geometries and resulting sound [48]
Gazebo 2D/3D robotics simulator [152]
GenOpt Optimization software that connects to external simulation programs [113]
Gleeble Thermal-Mechanical Simulators [94]
Grasshopper Software for Parametric Modeling of Structural Engineering [100]
GridLAB-D Power distribution system simulator [137]
GT-Power Engine performance simulation [53]
HFSS High-Frequency Structure Simulation Software (Part of ANSYS) [85]
HSPICE Industry’s ‘gold standard’ for accurate circuit simulation [102]
iFogSim Resource Management for IoT, Edge, and Fog Computing Simulation [31]
IPS Integrated Plasma Simulator Framework [147]
Isight Software for automating and optimizing simulation process flows. [176]
Java High-level, class-based, object-oriented programming language [143]
LabView Dynamic systems simulation [34]
Lingo Optimization Software for Linear, Non-linear, and Integer Programming [3]
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Table 9. Software description (part 2 of 2).

Software Definition of the software Ref

LS-DYNA Multiphysics simulation software package (Part of ANSYS) [118]
LTspice Simulation Program with Integrated Circuit Emphasis [81]
MATLAB Numeric multi-paradigm programming language [97]
MicroGP A multi-purpose extensible self-adaptive evolutionary optimization tool [169]
Maxwell Low-Frequency EM-Field Simulation (Part of ANSYS) [86]
ModeFRONTIER Simulation software for process automation and optimization [167]
ModelCenter Multi-model optimization software (Part of ANSYS) [87]
MODFLOW Geological modular finite-difference simulation for groundwater flow [140]
MoM 3D planar electromagnetic (EM) simulator (part of ADS) [151]
MONSTER Microkernel for scabrous terrain exploring robots [168]
MotorCAD Electric Machine design simulation [88]
MOVES MOtor Vehicle Emission Simulator (MOVES) [4]
MT3DMS Transport Model for Simulation of Contaminants in Groundwater Systems [14]
NS-3 Discrete-event network simulator for Internet systems [133]
OPAL-RT Open Real-Time Digital Simulator [99]
OpenDSS Electric power distribution system simulator (DSS) [95]
OpenModelica Mathematical equations based modeling and simulation environment [142]
Opnet Network simulator [148]
Opossum Optimization Solver with Surrogate Models (Part of Grasshopper) [45]
OptiY Multidisciplinary design environment with modern optimization strategies [55]
OSCAR Pantograph/catenary interaction simulation software [161]
Particle Flow Code Discrete-Element Method simulation for synthetic materials [33]
Pro ENGINEER Simulation software for mechanical engineering design [149]
PSIM Electronic circuit simulation software package [80]
PyBoolNet Python package for the simulation of Boolean networks [108]
Python High-level, general-purpose programming language. [50]
RecurDyn Interdisciplinary computer-aided engineering software [96]
RSCAD Real-time simulation software [10]
RTDS Electromagnetic transient (EMT) simulations [11]
SDM Java program for System Dynamics models (.mdl) [160]
Sigrity PowerDC Electrical and thermal simulation software [91]
Simpack Multibody system Simulation [177]
Simplorer Multi-physics circuit simulator (Part of ANSYS) [89]
SimulationX Mechanical, hydraulic, pneumatic, electrical, and combined systems simulation [60]
Simulink Numerical simulation software [103]
Solcore Python-based library for modeling solar cells and semiconductor materials [9]
Solidworks Mechanical modeling en 2D y 3D [178]
Spectre Circuit simulator from Cadence [92]
SPEED Electric Machine Design Simulator [43]
SWAT Quasi-physically-based water quality simulator [134]
SystemC System design and verification language that spans hardware and software [105]
TRNFLOW Ventilation dynamics simulator [7]
TRNSYS Transient systems simulation [186]
UCEF Universal Cyber-Physical Systems Environment for Federation Simulation [139]
UG Advanced high-end Design, engineering, and manufacturing simulation software [61]
UM Dynamics of planar and spatial mechanical systems simulation [136]
VISSIM Microscopic traffic simulation software [56]
VISUM Macroscopic traffic simulation software [57]
VSI Fortran Implementation of the Fortran programming language software [104]
Xilinx Simulink add-on that enables the development of FPGA designs [76]
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