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ABSTRACT Multi-Energy-System (MES) integrates diverse energy carriers, digital networks, and human
interactions, requiring accurate simulations for efficient urban energy management. Coupled Simulation
(Co-Simulation) enables complex systems like MESs to be simulated as a whole by linking and coordinating
their individual sub-modules. Current co-simulation approaches face major challenges: connecting hetero-
geneous models and preparing input data often demand significant manual effort and domain expertise. Most
frameworks provide technical interoperability but cannot fully capture each model’s data requirements and
interfaces, limiting automation, scalability, and reproducibility. To address these limitations, we present
COSIMO, a framework that organizes models, technologies, parameters, and their interconnections in a
structured format that software tools can interpret automatically. COSIMO streamlines the creation and
management of co-simulation setups, supporting scalable and reproducible urban energy simulations. We
demonstrate its effectiveness through scenarios from neighborhood to large urban districts—including
photovoltaic systems, battery storage, and occupancy-driven loads—showing improved interoperability,
reproducibility, and seamless integration of diverse models and data.

INDEX TERMS Multi-energy-systems, Co-simulation, Ontology, Knowledge graph, Semantic interoper-
ability, Automation

Acronyms
BEO Building Elements Ontology
ETSI European Telecommunications Standards

Institute
FMI Functional Mock-up Interface
FMU Functional Mock-up Unit
GOPPRR Graph, Object, Port, Property, Role,

Relationship
HELICS Hierarchical Engine for Large

Infrastructure Co-simulation
IFC Industry Foundation Classes
LoD Level of detail
MES Multi-Energy-System
OWL Web Ontology Language
PV Photovoltaic

RDF Resource Description Framework
RDFS RDF Schema
RML RDF Mapping Language
S4S SAREF for Systems
SAREF Smart-Appliances REFerence Ontology
SD Software Description Ontology
SDM Software Description Ontology for Models
SPARQL SPARQL Protocol and RDF Query

Language
UEM Urban-Energy-Modelling

I. INTRODUCTION

To meet the Paris Agreement goals and national decarboniza-
tion targets, many countries are transforming their urban
energy infrastructures, integrating electricity, heating, and
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cooling networks with digital control systems [45]. Achiev-
ing the full potential of these systems requires coordinated
planning and operation of energy networks, which have
historically been designed and managed in isolation. This
coordination is reshaping urban infrastructures from single-
carrier networks into complex, interconnected Multi-Energy-
System (MES) [13]. As these systems become more intercon-
nected, accurately modelling and simulating their behaviour
becomes increasingly complex, revealing the limitations of
traditional monolithic simulation tools, which also struggle
to scale to the urban level, where hundreds or thousands
of interconnected assets must be simulated simultaneously.
Additionally, monolithic models are challenging to adapt
to new contexts, thereby limiting their utility for planning
and operational decision-making. Addressing these limita-
tions requires a modelling approach that coordinates multiple
specialised tools, maintaining consistent data exchange and
synchronised execution across interdependent models.

A. INTEGRATED CO-SIMULATION AND SEMANTIC WEB
TECHNOLOGIES
Analysing urban energy systems requires understanding
complex interactions across multiple scales and domains.
Consider a neighbourhood integrating renewable energy
through rooftop Photovoltaic (PV) systems, heat pumps,
and district heating networks. Such analysis demands the
coordination of specialised simulators, including solar gen-
eration models that predict PV output from weather data
and panel orientation, building thermal models that calculate
heating demands, heat pump controllers that optimise opera-
tion modes, thermal storage systems that manage charge/dis-
charge cycles, and district heating network simulators that
handle fluid dynamics. Each operates at distinct temporal
scales — ranging from seconds for power electronics to min-
utes for thermal dynamics and hours for energy pricing —
while interactions span multiple energy carriers and spatial
boundaries.

To address this complexity, coupled simulation (co-
simulation) enables global simulation of complex systems
through the composition of specialised simulators. Each sim-
ulator acts as a black box, consuming inputs and produc-
ing outputs while encapsulating its internal behaviour. This
approach preserves intellectual property, enables the distri-
bution of computational loads, and allows for model reuse
across different studies [12], [19]. As cyber-physical sys-
tems grow increasingly complex, such integration becomes
essential to capture the intricate interactions between energy
generation, conversion, storage, and consumption.

Various co-simulation frameworks have emerged to man-
age communication and synchronisation among heteroge-
neous components, typically employing publish-subscribe
patterns or master-slave coordination architectures to en-
able scalable and flexible integration [9]. However, these
frameworks primarily address syntactic integration, ensuring
compatible data formats and communication protocols, while
leaving semantic interoperability unresolved.

This lack of semantic interoperability poses significant in-
tegration challenges despite successful data exchange. When
a building model outputs thermal power demand, one simu-
lator might interpret this as instantaneous power in kilowatts,
another as energy consumption in kilowatt-hours, and a third
as peak capacity. Unit mismatches compound these issues:
temperature values exchanged in Celsius while another sim-
ulator expects Kelvin, or thermal energy flows provided in
British thermal units per hour instead of watts. Such ambigu-
ities can lead to integration errors that undermine simulation
validity.

Beyond semantic challenges, co-simulation construction
at the urban scale requires gathering and preparing hetero-
geneous input data for diverse models — a task typically
performed manually, with significant time investment and
error risk. This may require manually collecting building
geometry, thermal properties, occupancy schedules, PV panel
specifications, solar irradiance data, heat pump performance
curves, thermal storage capacities, district heating network
topology, etc.

To address these semantic interoperability and data in-
tegration challenges, ontologies and Semantic Web tech-
nologies offer solutions through flexible, interoperable data
structures. Ontologies provide “a formal, explicit, shared
specification of a conceptualisation” [15], enabling formal
representation of domain concepts and relationships. These
technologies build upon a layered architecture. The Re-
source Description Framework (RDF) [46] provides a graph-
based data model encoding information as subject-predicate-
object triples, enabling flexible data linking. RDF Schema
(RDFS) [47] adds semantic constructs such as class hier-
archies. The Web Ontology Language (OWL) [48] enables
advanced reasoning through Description Logic. SPARQL
Protocol and RDF Query Language (SPARQL) [49] pro-
vides pattern matching and querying capabilities, including
federated queries across distributed datasets [32]. The RDF
Mapping Language (RML) [20] enables automated transfor-
mation of diverse data formats into RDF triples, facilitating
the construction of semantically rich knowledge graphs from
the fragmented datasets typical of urban energy systems.

These technologies underpin knowledge graphs, which
organise information as interconnected entities with formal
semantics. In urban energy co-simulation, an ontology could
formally define that thermal power demand represents energy
per unit time in watts, with explicit relationships to the gen-
erating building component, time step, and target tempera-
ture, eliminating current ambiguities. Such formal definitions
enable automated validation, unit conversion, and semantic
consistency checking across the entire co-simulation frame-
work.

B. SCOPE AND CONTRIBUTIONS

Motivated by the challenges of co-simulating urban MESs
at scale and the potential of ontological approaches, this
work extends [44] by investigating how semantic methods
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can enable automated, interoperable, and reproducible co-
simulation of urban energy systems.

While [44] introduced a preliminary ontology for semanti-
cally describing simulation units and demonstrated feasibility
through a single building validation case, the present work
takes this foundation considerably further. We transition from
conceptual validation to a full framework called COSIMO,
which uses three integrated knowledge graphs (Model Cat-
alog, Topologies Catalog, and Data Graph) to automate the
entire process from heterogeneous urban data to executable
co-simulations. We also ground our approach in established
semantic web standards rather than developing abstractions
from scratch, which improves both expressiveness and in-
teroperability with existing tools. Beyond the basic model
descriptions in [44], we introduce a Topologies Catalog that
captures how models connect and synchronise with each
other, allowing the same model to work in different coupling
scenarios with appropriate timing configurations. Addition-
ally, we address data integration more systematically by
using declarative mappings and model generation services to
bridge the gap between diverse urban datasets and simulation
requirements.

Specifically, it focuses on four interrelated research ques-
tions, each of which motivates one or more concrete require-
ments of the COSIMO framework, formally derived through
the gap analysis presented in Section II:

• RQ1: Semantic Representation – How can urban data
and simulation models be formally represented in a
unified, machine-readable format?

• RQ2: Model Coupling – How can semantic annota-
tions and scenario descriptions enable the automatic
instantiation and interconnection of simulation units,
reducing manual setup effort?

• RQ3: Parameters Mapping and Reproducibility -
How can heterogeneous urban data sources be systemat-
ically mapped to model parameters, ensuring consistent
and reproducible simulation results?

• RQ4: Extensibility and Reusability – How can seman-
tic representations support the addition of new simula-
tion models and the reuse of existing semantic descrip-
tions across different urban energy scenarios?

Guided by the research questions, we developed COSIMO,
an ontology-based framework that, to the best of our knowl-
edge, provides the first end-to-end semantic approach for
urban multi-energy system co-simulation. This framework
systematically connects heterogeneous data sources to exe-
cutable simulation configurations through formal ontological
representations. While existing work at the intersection of
energy simulation and ontologies primarily focuses on device
modelling, building semantics, smart home reasoning, or
digital-twin preparation, the automated generation of exe-
cutable co-simulation configurations remains largely unad-
dressed. This work therefore contributes not simply the adop-
tion of established ontologies, but their systematic integration
into a unified semantic framework capable of automating the

end-to-end construction of urban multi-energy system co-
simulations.

The rest of this manuscript is organised as follows: Sec-
tion II reviews related work on semantic urban energy
modelling and application of ontologies in co-simulation
contexts, highlighting identified gaps. Section III presents
COSIMO’s architecture in detail. Section IV illustrates the
methodology through a representative urban energy use case,
including automated generation of co-simulation setups. Sec-
tion V discusses evaluation metrics, experimental results, and
implications for scalability, reproducibility, and interoper-
ability. Section VI discusses the key remarks and limitations
of the proposed solution. Finally, Section VII concludes the
paper and outlines directions for future research.

II. RELATED WORK
A. URBAN ENERGY MODELLING AND SEMANTIC
FOUNDATIONS
Urban-Energy-Modelling (UEM) relies on consistent, struc-
tured representations of buildings and energy-related data.
Standards such as the Common Information Model, Industry
Foundation Classes (IFC) [6], and CityGML with its Ap-
plication Domain Extensions [14] offer unified models for
describing energy systems and properties across the urban
scale. However, in practice, urban energy data are scattered
across heterogeneous formats and databases, each encod-
ing different semantic information. This fragmentation im-
pedes seamless interoperability, particularly as urban energy
systems grow in scale and complexity. To overcome these
challenges, knowledge graphs have emerged as a promising
approach [17], providing a unifying semantic layer that can
federate disparate data sources, enable flexible information
access, and serve as an integrative infrastructure to bridge
fragmented standards. Smart-Appliances REFerence Ontol-
ogy (SAREF) [?], developed by European Telecommunica-
tions Standards Institute (ETSI), defines core concepts for
smart appliance representation alongside modular extensions
addressing specific domains. Beyond serving as a general
semantic foundation, the SAREF ecosystem has also been
progressively adopted in application-oriented smart environ-
ments. García-Castro et al. [10] document the evolution of
SAREF from a core ontology for smart appliances into a
modular ecosystem of extensions supporting interoperability
across multiple domains. In parallel, Reda et al. [33] show
how SAREF-based semantic representations can support
rule-based reasoning in smart home scenarios through OWL
and SWRL. These works confirm the suitability of SAREF
as a common semantic layer for interoperable energy-related
applications. However, their primary focus remains device
interoperability, semantic reasoning, and application support,
rather than the automated composition of executable co-
simulation scenarios. This distinction is particularly rele-
vant for urban multi-energy systems, where semantic rep-
resentations must support not only domain interoperability,
but also model selection, parameter preparation, and vari-
ables coupling. In particular, SAREF4BLDG [31] incorpo-
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rates relevant subsets of the IFC standard for modelling
building devices and equipment, while SAREF4SYST [23]
provides patterns for representing systems and their inter-
connections. This high-level perspective complements the
Building Elements Ontology (BEO) [30], which provides
IFC-derived classes for specific building elements such as
rooftops. Together with GeoSPARQL [3], the de facto stan-
dard for georeferenced data representation and querying, the
SAREF suite and BEO form an integrated semantic frame-
work spanning building devices, spatial topology, physical
elements, and geographic context. The potential of such
semantic representation to automate simulation workflows
has been demonstrated in recent works: Huang et al. [18]
evaluated knowledge graph-based integration of CityGML
and IFC data for solar energy simulations, comparing tradi-
tional data integration pipelines against ontology-driven ap-
proaches. Their feasibility study demonstrated that semantic
linking enables unified SPARQL querying across heteroge-
neous building and geospatial data sources while preserv-
ing original formats. Wu et al. [50] proposed an ontology-
based automatic framework that integrates multiple data
sources, including weather, building geometry, and internal
heat gains, incorporating rule-based reasoning for automatic
thermal zoning and instance-based mapping for generating
building simulation models. While these efforts demonstrate
the potential of semantic web technologies for integrating
heterogeneous data, applications at the urban scale require
a comprehensive framework that unifies the representation
of simulation models, their configurations, and the mecha-
nisms for transforming heterogeneous data into tool-specific
formats.

B. ONTOLOGIES SUPPORTING CO-SIMULATION
The fundamental challenge in co-simulation is establishing
semantic interoperability among models developed indepen-
dently using different tools and conventions. Early recogni-
tion of this problem led to proposals for semantically richer
descriptions of model interfaces beyond the primitive types
provided by standards like Functional Mock-up Interface
(FMI). FMUont [26] provides an OWL-based ontology for
Functional Mock-up Unit (FMU), defining classes such as
FMU, hasInputVariable, hasOutputVariable, hasParameter,
Medium, Quantity, Unit, and SemanticType to enable un-
ambiguous semantic description of model interfaces and
automated topology derivation.

Rindaroy et. al. [36] present OSP-IS, an ontology to enrich
FMI simulation models by adding human and machine-
readable semantics. OSP-IS enforces validation rules based
on meaningful physical exchanges, while violations are clas-
sified into error types, providing clear feedback, and ensuring
valid connections.

Li et al. [24] extend FMU-level descriptions to complete
co-simulation scenarios through a Graph, Object, Port, Prop-
erty, Role, Relationship (GOPPRR)-based ontology (Graph,
Object, Port, Property, Role, Relationship) that captures de-
sign and timing information, topological relationships, and

simulation parameters. While GOPPRR formalises system
integration patterns, the approach primarily addresses topo-
logical aspects, with domain-specific physical semantics re-
maining implicit within individual models.

The FMI-ontology suite [42], [43] addresses the con-
nection between simulation models and domain knowl-
edge descriptions, directly linking real entities to models.
The FMI-ontology provides an RDF/OWL transcription of
FMI standard definitions, while the SMS-ontology (Systems,
Models, Simulations) establishes a formalism-independent
framework connecting real or conceptual systems to their
abstract representations, demonstrating how ontologies can
connect domain semantics with simulation model descrip-
tions, though the practical application to automated co-
simulation setup from real-world data sources remains to be
investigated.

In the context of planning and evaluating energy co-
simulation scenarios involving experts from diverse domains,
Schwarz et al. [37], [38] propose the use of a semantic media-
wiki of components from where to retrieve simulation units
starting from the definition of a co-simulation scenario in the
form of a mind map. Moreover, external ontological knowl-
edge is linked to the elements in the mind map, exploiting the
meaning defined there for the entities of interest.

According to [41], automatic integration of models in the
mobility sector can be achieved by leveraging ontologies
for two purposes: establishing standardised terminology and
creating mappings that link ontological concepts to model
metadata.

Novak et al. [28] develop a semantic-based approach that
partially automates the construction of simulation models for
industrial facilities. Their system encodes knowledge about
both plants and simulations, then uses SPARQL-based re-
trieval to match plant components with corresponding mod-
els from a repository.

The reviewed works served as direct inputs to COSIMO’s
design, both methodologically and in terms of gap identi-
fication. From a methodological standpoint, Wu et al. [50]
directly inspired our use of RML mappings and model gener-
ation services within the Data Graph pipeline, demonstrating
how ontology-driven transformations can bridge heteroge-
neous urban data sources and simulator-specific formats.
FMUont [26] and the SMS-FMI suite [42], [43] informed the
design of the Model Catalog, particularly the formal descrip-
tion of model interfaces and their linking to domain knowl-
edge through RDF/OWL representations. The GOPPRR-
based formalisation of Li et al. [24] directly inspired the
structure of the Topologies Catalog, where coupling pat-
terns and timing configurations are persisted as reusable
templates, while Novak et al. [28] motivated our SPARQL-
based composition workflow for matching physical system
components to simulation models. From the perspective of
gap identification, Schwarz et al. [37], [38] highlighted the
need for assisted scenario construction in multi-domain co-
simulation contexts, directly motivating RQ2 on automated
model coupling, while OSP-IS [36] underlined the impor-
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tance of connection validation beyond syntactic compati-
bility. More broadly, the fragmentation observed across all
reviewed contributions, each one addressing isolated aspects
of the co-simulation lifecycle without providing an end-
to-end workflow, collectively motivated the formulation of
requirements presented in the following section.

C. GAP ANALYSIS

The literature examined reveals that existing semantic and
co-simulation approaches address important but isolated as-
pects of the co-simulation construction problem. While each
contribution provides valuable solutions to specific chal-
lenges, whether by describing interface semantics [26], mod-
elling coupling errors [36], topological relationships [24],
or integrating domain knowledge [37], [50], they remain
fundamentally fragmented. None offers a comprehensive
framework that integrates these complementary elements into
a unified workflow capable of addressing the complete co-
simulation lifecycle from real-world data to executable co-
simulations. Table 1 synthesises these works according to the
requirements presented in the following paragraph. To enable
the construction of co-simulation at scale, a comprehensive
framework must fulfil the following requirements, each ad-
dressing critical gaps in existing approaches and motivated
by the research questions RQs defined in Section I-B:

• R1 - Unified Semantic Representation: provide
machine-readable representation of urban data and sim-
ulation models through shared ontological foundations,
addressing RQ1. None of the reviewed works simul-
taneously represents both urban data and simulation
models under a common semantic layer, with existing
contributions addressing either aspect in isolation. A
shared ontological foundation is therefore identified as
a prerequisite for enabling automated reasoning across
heterogeneous urban assets and simulation components.

• R2 - Semantic Connection Validation: ensure physical
meaningfulness and engineering correctness of model
connections beyond syntactic compatibility, addressing
RQ2. Existing works validate connections syntactically
but fail to ensure physical meaningfulness, leaving au-
tomatic and correct instantiation of simulation units un-
addressed. R2 directly operationalizes RQ2 by defining
connection validation as a necessary condition for reli-
able automated model coupling, as highlighted in [36]–
[38].

• R3 - Topology Preservation: maintain and persist cou-
pling topologies, connection patterns, and inter-model
relationships for reusability across simulation scenar-
ios, addressing RQ2 and RQ4. Existing works for-
malise topological structures without persisting them as
reusable artifacts, requiring redefinition for each new
scenario. R3 operationalizes both RQ2 and RQ4 by
establishing topology persistence as the mechanism en-
abling automatic model interconnection and semantic
reusability across diverse urban energy scenarios.

• R4 - Context-Dependent Coupling and Synchronisa-
tion: dynamically configure temporal synchronisation
strategies and coupling patterns based on the specific
combination of models present in each co-simulation
topology, addressing RQ2. No reviewed work config-
ures synchronisation strategies dynamically based on
the specific model combination instantiated, leaving
temporal coordination an unresolved challenge for au-
tomatic model coupling. R4 operationalizes RQ2 by es-
tablishing context-dependent synchronisation as a nec-
essary condition for correctly coordinating models op-
erating at different temporal scales upon automatic in-
stantiation.

• R5 - Automated Parameter Mapping: support sys-
tematic transformation from heterogeneous datasets to
executable models at scale, addressing RQ3. Existing
works either perform parameter mapping manually or
address it only partially, without providing a system-
atic and reproducible pipeline from heterogeneous ur-
ban data sources to simulator-specific formats. R5 op-
erationalizes RQ3 by establishing automated parame-
ter transformation as the concrete mechanism through
which consistent and reproducible simulation configu-
rations are achieved at scale.

• R6 - Extensible Architecture: enables the integration
of new models and the reuse of semantic descriptions
without requiring workflow redesign, addressing RQ4.
Existing frameworks are tightly coupled to specific tools
or domain assumptions, requiring significant redesign
effort when new models or scenarios are introduced.
R6 operationalizes RQ4 by establishing architectural
extensibility as the direct technical enabler of semantic
reusability, ensuring that new simulation models can
be integrated and existing descriptions reused across
diverse urban energy scenarios without disrupting the
overall workflow.

In particular, these requirements collectively define the
foundation for a semantically-grounded approach to co-
simulation construction. While no existing work satisfies all
requirements simultaneously, their partial fulfilment across
different frameworks demonstrates the feasibility of individ-
ual components. In particular, Table 1 synthesises the re-
viewed contributions against the six identified requirements,
where fully supported (✓) indicates comprehensive cover-
age, partially supported (~) indicates that relevant mecha-
nisms are present but incomplete or limited in scope, and
not supported (×) indicates no coverage. The table reveals
a consistent pattern of fragmentation. Wu et al. [50] address
R1 and R5 but omit model coupling and topology man-
agement. FMUont [26] supports R2 and R6 but not urban
data representation or parameter mapping. OSP-IS [36] fully
supports R2 and partially R3 – it classifies coupling errors
but does not persist topology patterns as reusable templates.
Li et al. [24] fully supports R3 but only partially R6, as its
abstractions offer limited reusability without a fully extensi-
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ble architecture. SMS-FMI [42], [43] partially addresses R1
by linking domain knowledge to models, without supporting
automated scenario construction. Schwarz et al. [37], [38]
fully support R1 and partially R2 – ontological knowledge
is linked to scenario elements but connection validation re-
mains informal. Novak et al. [28] and Stepien et al. [42] par-
tially contribute to R1 and R5 within narrow domain scopes
without generalising to a complete workflow. The proposed
COSIMO framework addresses this gap by simultaneously
satisfying requirements R1 to R6 through an integrated se-
mantic approach that brings these capabilities into a coherent
methodology, thereby constituting the principal contribution
and novelty of this work.

TABLE 1: Comparison of semantic co-simulation ap-
proaches against identified requirements (✓ fully supported,
× not supported, ∼ partially supported).

.
Work R1 R2 R3 R4 R5 R6 Primary Focus

Wu et al. [50] ✓ × × × ✓ ∼

Transformation of
semantic data into
simulator-specific

formats

FMUont [26] × ✓ ∼ × × ✓
Semantic description

of FMU interfaces

OSP-IS [36] × ✓ ∼ × × ∼ Connection errors
classification

Li et al. [24] × × ✓ × × ∼
Formalisation of

co-simulation
topology

SMS-FMI [42], [43] ∼ × × × × ∼
Linking domain

knowledge to
simulation models

Schwarz et al. [37],
[38] ✓ ∼ × × × ∼

Semantic wiki for
collaborative scenario

definition

Stepien et al. [41] ∼ × × × ✓ ∼
Ontology-based

parameter
transformation

Novak et al. [28] ✓ ∼ × × × ∼
SPARQL-based

component-to-model
matching

Proposed Work ✓ ✓ ✓ ✓ ✓ ✓

Comprehensive
framework for

automated
co-simulation
construction

III. METHODOLOGY
This section presents COSIMO’s architecture and demon-
strates how semantic web technologies enable automated
construction of co-simulation environments for urban multi-
energy systems. To address the challenges presented in the
previous section,

COSIMO leverages three independent knowledge man-
agement activities: i) gathering scenario data and definition,
ii) cataloguing simulation models, and iii) defining coupling
topologies. By formalising this knowledge in a machine-
readable way, the framework enables automated reasoning
across these distinct knowledge sources.

A. HELICS FOR CO-SIMULATION
To implement the co-simulation capabilities required by our
framework, we selected Hierarchical Engine for Large In-
frastructure Co-simulation (HELICS) [16] as the underlying
communication and synchronisation infrastructure. HELICS
encapsulates each simulation component as a federate, a
software entity responsible for managing time advancement
and data exchange for its underlying model. Federates com-
municate through a publish-subscribe mechanism [9], with
publications and subscriptions declared in configuration files.
This declarative approach aligns well with our semantic
methodology, as it separates model logic from communi-
cation specifications and enables automated generation of
federate configurations.

This framework provides flexible time-advancement
mechanisms and robust synchronisation strategies that main-
tain temporal consistency across federates operating at dif-
ferent time scales. The numerical stability, coupling consis-
tency, and computational efficiency of HELICS have been
thoroughly validated in the literature: comparative stud-
ies [2], [40] have demonstrated that dedicated co-simulation
orchestration frameworks ensure tight temporal coupling
and numerically stable data exchange across heterogeneous
federates, making them particularly well-suited for com-
plex, large-scale scenarios. Recent work [7] has further
corroborated the maturity of such infrastructures under de-
manding deployment and scalability conditions. The present
framework, therefore, builds on a numerically validated and
coupling-proven orchestration foundation, with its contribu-
tion lying not in the co-simulation engine itself, but at the
scenario-construction level, ensuring that federate configura-
tions are semantically coherent.

B. ARCHITECTURAL OVERVIEW
COSIMO’s architecture separates concerns into three main
areas that collectively capture all information required for
automated co-simulation construction (see Figure 1). These
graphs can be maintained independently by different stake-
holders, yet queried together to synthesise complete simula-
tion environments:
i) The Data Graph is a semantic representation of the
physical assets being simulated, integrating information from
diverse sources.
ii) The Model Catalog is a registry of available simulation
components equipped with an HELICS interface, document-
ing their input/outputs, requirements, and the data trans-
formation services needed to prepare inputs in simulator-
specific formats.
iii) The Topologies Catalog is a library of validated coupling
patterns that define how models can be correctly connected
and synchronised.

These three graphs are queried together to identify compat-
ible models, instantiate and interconnect them, and generate
the configuration files required by each one. The methodol-
ogy unfolds through five connected stages. First, we explain
how simulation models are catalogued with formal interface
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FIGURE 1: General architecture of the semantic framework
workflow showing the transformation of domain expert spec-
ifications into executable co-simulations through integrated
knowledge graphs.

descriptions, requirements, and links to domain ontologies
that provide semantic foundations for scenario interpretation.
Second, we describe how the Model Catalog supports the
assisted construction of valid coupling patterns and how
timing rules are captured in the topologies graph for reuse.
Third, we explain how the data graph integrates heteroge-
neous data sources and supports declarative scenario specifi-
cation. Fourth, we show how the querying system exploits the
three graphs to invoke model-generation services and syn-
thesise complete co-simulation configurations. Finally, we
explain how the co-simulation configuration translates into
instantiated models with automatically configured HELICS
interfaces that are correctly connected and synchronised ac-
cording to their context. This architecture enables domain ex-
perts to specify multi-energy scenarios declaratively, leaving
the technical complexities of co-simulation construction and
validation to the framework.

C. MODEL CATALOG
The Model Catalog (see Figure 1) constitutes a machine-
readable registry of models equipped with an HELICS in-

terface participating in co-simulation workflows. Anchoring
this catalog in formal ontologies facilitates reasoning about
each component’s data. To represent simulation software
and associated services, we adopt the Software Description
Ontology (SD) [21] and its extension, the Software Descrip-
tion Ontology for Models (SDM) [11]. SD was selected
for its generality: unlike ontologies focused exclusively on
simulation or scientific computing, SD maintains sufficient
breadth to represent both simulation models and auxiliary
software components participating in co-simulation work-
flows, including model generation services and data process-
ing utilities. SD provides foundational concepts for capturing
software metadata, including name, version, creator, and
execution constraints.

SDM extends this foundation with constructs specific to
simulation modelling. It provides a framework for formally
describing model inputs, outputs, parameters, and the internal
timestep by which the model advances time.

While this framework is general, a detailed semantic
representation of variables is necessary for interoperability.
Variable definitions are standardized through several com-
ponents: (i) links to controlled vocabulary terms defining
standard variables such as "Global solar irradiance on earth
surface" or "Outside dry bulb temperature", (ii) units of
measure formalized using the Ontology of Units of Measure-
ment (OM) [35], (iii) datatypes specifying whether values
are numeric (float, integer), boolean, string, or array for-
mat, and (iv) value constraints defining admissible ranges
and default values. These formal specifications serve a dual
purpose. First, they document each model’s requirements and
capabilities in machine-readable form. Second, they provide
the foundation for automated validation of model intercon-
nections during topology construction. While model inter-
faces and parameters can be specified within the ontology,
a mechanism is needed to translate data from the Data Graph
into formats that specific simulation tools can interpret. To
address this heterogeneity, a model may be associated with a
model generation service: a software component that accepts
semantic descriptions and produces executable configuration
files. For example, consider a rooftop PV model generation
service. This service captures the transformation logic by
taking building geometry and geographic coordinates from
the Data Graph, generating model configuration files with pa-
rameters such as tilt angle and rooftop slope, and outputting
an executable configuration file. The unified view on urban
energy data ensures that service definitions remain invariant,
enabling permanent reuse across scenarios without redefi-
nition. Generation services are themselves described using
SD, enriched with semantics from the Service Ontology [8],
and linked to models via the service:consumes property. This
enables the framework to automatically identify and invoke
appropriate services during the co-simulation construction
process. While SD and SDM provide comprehensive descrip-
tions of simulation models and their computational inter-
faces, they do not capture the relationships to the domain
concepts used to express scenarios. A PV system model
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might be perfectly specified with all its inputs, outputs, and
parameters, yet the framework still needs to know that this
model is appropriate for simulating photovoltaic devices as
represented in the Data Graph. The critical connection be-
tween domain knowledge in the Data Graph and simulation
capabilities in the Models Graph is established through the
rdf:type property, which links simulation models to appropri-
ate semantic technology types. For example, the triple cata-
log:PV_Model_1 rdf:type s4bldg:PhotovoltaicSystem estab-
lishes that when a PV system appears in a scenario speci-
fication, the model catalog:PV_Model_1 is appropriate for
its simulation. This approach bridges the semantic gap be-
tween scenario entities expressed in domain terminology
and computational models capable of simulating them. A
minimal example of a model within the catalog is shown in
Figure 2. While model specifications are currently authored
using Protégé [27], more robust solutions incorporating au-
tomated validation and user-friendly interfaces should be
implemented to ensure metadata quality about models.

D. TOPOLOGIES CATALOG
The Model Catalog provides complete specifications of indi-
vidual simulation components, but it does not address how
these components should be connected and synchronised
when instantiated to form complete co-simulation systems.
Questions remain about which outputs connect to which in-
puts and what timing constraints must be satisfied when mod-
els are instantiated. The Topologies Catalog (see Figure 1)
addresses these questions by enabling the definition and val-
idation of coupling patterns between models, which are then
persisted as reusable templates. To represent system-level
coupling patterns, we adopt SAREF for Systems (S4S) as a
natural extension of our use of SAREF in domain modelling.
This choice maintains consistency within the SAREF ecosys-
tem while providing the necessary constructs to represent
systems of systems and their compositional structures. S4S
enables the representation and storage of topology configura-
tions that capture how models are instantiated and connected
within particular simulation scenarios. Importantly, a single
model may participate in multiple topologies with different
connection patterns and synchronisation configurations. The
same model can thus be coupled differently depending on
which other models it needs to interact with.

For instance, a PV model might couple to both battery
and grid models in one topology, while in another topology,
the same model connects only to a building electrical load
without battery storage. This pattern-based approach enables
significant reuse: if a district contains fifty buildings with
photovoltaic systems and batteries, the same topology pattern
applies to each building without requiring fifty separate con-
figuration efforts, drastically reducing the risk of introducing
coupling and timing errors. The topology serves as a tem-
plate, while model instantiation creates concrete connections
and parametrised executable models. The formal interface
specifications established in the Model Catalog enable au-
tomated validation of proposed connections between com-

ponents at topology construction time. For convenience, we
developed a node-based graphical user interface to simplify
the visualisation and definition of connections and timing for
combinations of models within the catalog, enabling interac-
tive creation of a new topology. When defining a new topol-
ogy, each proposed connection between two models must sat-
isfy compatibility criteria to ensure physical meaningfulness
and computational correctness. The SPARQL query used to
assess the validity of a connection is presented in Listing 1.
Constraints defined in the query prevent meaningless cou-
plings from being saved in the Topologies Catalog, such as
connecting temperature output to power input, catching unit
mismatches such as attempting to connect watts to kilowatts
without explicit conversion, identify datatype incompatibili-
ties before runtime, and detect range mismatches that would
cause inputs to consistently fall outside their valid domains.

Beyond systems connectivity, topologies encode the
temporal coordination strategies required for stable co-
simulation execution. HELICS provides flexible time man-
agement mechanisms but requires explicit configuration of
logical time to synchronise each federate. Different model
combinations require different synchronisation approaches
based on their coupling strength, characteristic timescales,
and numerical properties. Models in the catalog specify
an sdm:OutputTimeInterval representing their internal sim-
ulation time advancement. However, logical time coordina-
tion properties are defined at the topology level rather than
within individual model specifications, enabling synchroni-
sation parameters to be configured dynamically based on
the coupling context. This topology-level specification is
implemented through HELICS period and offset parameters.
Within each topology, system classes are annotated with
cosim:hasTimePeriod and cosim:hasTimeOffset properties.
The period parameter defines the logical time interval at
which a federate advances, while the offset parameter delays
federate execution with respect to the period to ensure align-
ment with data availability from upstream models.

When models are instantiated within a specific topol-
ogy, they inherit these context-appropriate synchronisation
parameters. This approach provides substantial reusability:
timing configurations defined once within topology templates
can be applied across multiple scenario instances, reducing
the configuration burden on domain experts. While HELICS
offers additional sophisticated timing features, including var-
ious synchronisation modes and fine-grained control mecha-
nisms, the period and offset parameters employed here prove
sufficient for the coupling patterns demonstrated in this work
for all feasible model combinations.

E. THE DATA-GRAPH
While the Model Catalog formalises simulation components
and the Topologies Catalog defines their interconnections
across different contexts, the Data Graph provides the seman-
tic representation of the physical systems being simulated.
Building on the ontologies reviewed in the previous section
(SAREF, BEM, GeoSPARQL), the Data Graph leverages
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FIGURE 2: Semantic modelling demonstration using graph-based representation of two Models catalogue entries connected
via Topologies catalog patterns, including subsystem definitions, connection points, and variable mappings.

PREFIX sdm: <http://w3id.org/sdm#>
PREFIX sd: <http://w3id.org/okn/o/sd#>
PREFIX om: <http://www.ontology-of-units-of

-measure.org/resource/om-2/>
PREFIX xsd: <http://www.w3.org/2001/XMLSchema#>
PREFIX catalog: <http://model_catalog#>

ASK WHERE {
BIND(catalog:model1 AS ?model1)
BIND(catalog:model2 AS ?model2)
BIND(catalog:variable1 AS ?var1)
BIND(catalog:variable2 AS ?var2)
{

?model1 sdm:hasOutputVariable ?var1 .
?model2 sdm:hasInputVariable ?var2 .

} UNION {
?model1 sdm:hasInputVariable ?var1 .
?model2 sdm:hasOutputVariable ?var2 .

}
?var1 sdm:hasStandardVariable ?standardVar .
?var2 sdm:hasStandardVariable ?standardVar .
?var1 sdm:hasDataType ?datatype .
?var2 sdm:hasDataType ?datatype .
?var1 sdm:usesUnit ?unit1 .
?var2 sdm:usesUnit ?unit2 .
?unit1 om:hasDimension ?dimension .
?unit2 om:hasDimension ?dimension .
?var1 sdm:hasMinValue ?min1 .
?var1 sdm:hasMaxValue ?max1 .
?var2 sdm:hasMinValue ?min2 .
?var2 sdm:hasMaxValue ?max2 .
FILTER(?max1 >= ?min2 && ?max2 >= ?min1)

}

Listing 1: SPARQL query for variable compatibility
verification.

semantic technologies to integrate heterogeneous urban data
sources into a unified representation. Urban energy mod-
elling has become essential for managing energy use within
cities, with numerous methodologies and tools developed to
assess energy demands, benchmark performance, and anal-
yse consumption patterns [25]. However, a fundamental re-

quirement is to enable domain experts to declaratively spec-
ify simulation scenarios without requiring in-depth knowl-
edge of simulation models and their technical requirements.
The Data Graph takes advantage of ontological modelling to
enable the framework to understand declarations and to cre-
ate the underlying co-simulation infrastructure. An overview
of the ontology concepts used and their relations is shown in
Figure 3. Although the majority of concepts necessary for the
demonstration were already established in existing ontolo-
gies, the new:RoofPart concept was introduced to represent
individual roof surfaces and their associated geometric and
physical attributes.

This section illustrates the methodology through an exam-
ple use case of a photovoltaic installation, demonstrating how
building structures and rooftop properties are represented.
In this scenario, a domain expert specifies that "Rooftop_1
features a pitched surface with a 30° inclination that hosts a
PV panel from a specified manufacturer" without requiring
knowledge of which simulation model will represent this
system or what input parameters that model demands. The
example in Listing 2 illustrates how ontologies enable the
creation of declarative system specifications that can be au-
tomatically processed by the framework.

The declarative statements were formulated using Pro-
tégé [27], a widely-adopted ontology development environ-
ment. While manual creation is possible, these statements are
typically derived from existing data sources.

As discussed in the introduction, urban data are dispersed
across multiple sources and formats, necessitating a uni-
fied representation. To this end, RML mappings provide a
declarative framework for transforming data from various
source formats into RDF triples that conform to the onto-
logical schema. The execution of these mappings requires a
graph materialisation engine capable of efficiently processing
heterogeneous data sources and executing the transforma-
tion rules at scale. For this purpose, we employ Morph-
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FIGURE 3: Example instantiation demonstrating the ontological framework for representing a building structure with roof
surfaces and an associated photovoltaic system.

KGC [1], selected for its performance characteristics in con-
structing knowledge graphs. Although any data format could
be used for demonstration purposes, this work leverages a
CityGML 2.0 dataset hosted in a 3DCityDB [22] instance,
from which building models and rooftop geometries are ex-
tracted and materialized. In addition, RDF flexibility enables
knowledge enrichment at multiple levels. First, we integrate
technical specifications by leveraging saref:DeviceKind con-
cept to incorporate manufacturer datasheet parameters for PV
panels. This enrichment extends the representation beyond
purely geometric attributes to include essential technical
parameters required for simulation configuration. Second, the
framework enables derivation of implicit properties from ex-
isting data through computational enrichment. Properties that
are not directly available in source datasets but can be com-
puted from existing information are systematically derived
and materialized within the knowledge graph. For instance,
roof slope values, implicit in CityGML 2.0 geometries but
critical for calculating PV energy production, are derived
from geometric representations via external processes, with
results materialized in the graph through SPARQL queries.
This pattern decouples domain-specific computations from
the ontology structure while ensuring derived knowledge
remains queryable, enabling direct retrieval by downstream
configuration services. Importantly, this computational en-
richment pattern can extend beyond geometric properties
to encompass any derived knowledge: energy performance
indicators, system compatibility assessments, or optimization
parameters. This showcases the framework’s extensibility
across diverse domain requirements. Although our imple-

mentation focuses on a specific use case, comprehensive
transformation of CityGML 2.0 data into a knowledge graph
falls outside the scope of this study; rather, this work estab-
lishes foundational principles for ontology-driven automa-
tion that can be extended to broader simulation scenarios
and diverse modelling tools. Combined with the Model and
Topologies Catalog, the Data Graph complements the seman-
tic foundation for automated co-simulation construction.

F. SPARQL-BASED QUERYING SYSTEM FOR
CO-SIMULATION COMPOSITION

Given the Data-Graph specifying buildings and their equip-
ment, the Model Catalog describing available simulation
models, and the Topologies Catalog defining coupling pat-
terns, we execute the composition workflow presented in
Algorithm 1 to generate a Co-simulation Graph that syn-
thesizes the complete co-simulation scenario (see Querying
System in Figure 1). By leveraging concept reuse between the
Data Graph and Model Catalog, the algorithm first identifies
all buildings and their installed equipment within the Data
Graph. For each building, it searches for a topology config-
uration capable of simulating the required system composi-
tion. Listing 3 shows an example query used to identify such
configuration topologies. For each system in the identified
configuration, the algorithm retrieves the necessary metadata
from the Model Catalog and creates a model instance in the
Co-simulation Graph, incorporating execution information,
interface variables, and their corresponding connection point
types from the Topologies Graph.

Model instances representing the systems within a building
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@prefix s4bldg: <https://saref.etsi.org/saref4bldg/> .
@prefix beo: <https://pi.pauwel.be/voc/buildingelement>

.
@prefix rdf:

<http://www.w3.org/1999/02/22-rdf-syntax-ns#> .
@prefix saref: <https://saref.etsi.org/core/> .
@prefix om: <http://www.ontology-of-units-of
-measure.org/resource/om-2/> .
@prefix ex: <http://example-scenario-data#> .

ex:Building_1
rdf:type s4bldg:Building ;
s4bldg:hasSpace ex:Rooftop_1 .

ex:Rooftop_1
rdf:type beo:Roof ;
s4bldg:hasSpace ex:RoofPart_1 .

ex:RoofPart_1
rdf:type new:RoofPart ;
saref:contains ex:PhotovoltaicSystem_1 ;
saref:hasProperty ex:Slope_1 .

ex:Slope_1
rdf:type saref:Property ;
saref:hasPropertyValue ex:Slope_1_Value .

ex:PhotovoltaicSystem_1
rdf:type s4bldg:PhotovoltaicSystem ;
saref:hasDeviceKind ex:pv_series_M .

value:Slope_1_Value
rdf:type saref:PropertyValue ;
saref:isMeasuredIn om:Degree ;
saref:hasValue "30"^^xsd:double .

Listing 2: Example declaration of a photovoltaic system,
illustrating the integration of existing data (non-bold) with
domain expert modifications (bold).

are grouped under a building-specific node and linked to
the corresponding data graph entity via the cosim:belongsTo
property. For example, the PV system installed on roof pitch
8 of building 51 is linked directly to that roof pitch entity
through this relationship, establishing explicit traceability
between simulation components and physical building ele-
ments.

When a model requires initialization, the algorithm in-
vokes its associated generation service, passing the build-
ing reference to enable retrieval of contextual information
for generating model-specific configuration files. The re-
sulting file is semantically linked to the model instance in
the Co-simulation Graph via the sd:hasInput property and
persisted in object storage for subsequent delivery to the
corresponding federate upon instantiation. Subsequently, the
algorithm establishes variable connections by querying the
topology graph for matching connection types and creating
directed edges from compatible outputs to inputs using the
cosim:directedTo property. Listing 4 shows an excerpt of the
final co-simulation graph document generated at this stage,
ready to be translated into an HELICS federation.

At this stage, all executable files are stored in object
storage (a storage system for unstructured data and binary
files) and linked to their corresponding model instances in
the Co-simulation Graph. This graph contains the complete
federation specification: all model instances, their intercon-
nections, and synchronization parameters. The system uses
this information to regenerate model interfaces with the right
connectivity and timing, and to deliver the correct config-

uration files to each federate when it starts up. The final
workflow is shown in Figure 4.

Algorithm 1: Co-simulation composition workflow
1: Initialize storage, knowledge manager, and scenario

graph
2: Create storage bucket
3: buildings← Query buildings from data-graph
4: for all building do
5: required_systems← Identify building systems
6: configuration← Find matching configuration for

required_systems in topology-graph
7: for all model in configuration do
8: Retrieve metadata from models-graph
9: if model requires initialization then

10: Run initialization service→ Store executable
file in bucket

11: end if
12: Add model instance to co-simulation graph with:
13: - Metadata (name, type, execution command,

executable file)
14: - Temporal parameters (time intervals)
15: - Input/output variables (with connection types)
16: end for
17: end for

18: for all input variable in co-simulation graph do
19: compatible_outputs← Find outputs with matching

connection types in cosimulation graph
20: Create directed connections: output→ input
21: end for
22: Serialize scenario graph to file

IV. SCENARIO
A. USE CASE OVERVIEW
To demonstrate COSIMO’s capabilities across varying spa-
tial scales and levels of distributed energy resource pen-
etration, we implement a comparative study of three ur-
ban configurations within the city of Aachen, comprising
50, 100, and 500 residential buildings respectively, each
evaluated under four distinct technology deployment sce-
narios. The city of Aachen was selected for this analy-
sis due to the public availability of CityGML 2 Level of
detail (LoD)2 datasets [39], which provide detailed three-
dimensional building geometries and semantic information
essential for urban energy modeling. This approach re-
flects realistic planning contexts where urban energy plan-
ners evaluate progressive integration of renewable technolo-
gies and storage systems across neighborhoods of different
sizes. All scenarios simulate one year of operation with
hourly timesteps to capture representative energy flow pat-
terns. While adding equipment to individual buildings is
feasible through Protégé’s graphical interface, we employed
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FIGURE 4: Co-simulation federation generation pipeline showing the transformation from semantic graphs through composi-
tion querying, model generation, and federate creation to produce executable HELICS federations.

PREFIX s4s: <http://w3id.org/s4s#>
PREFIX sdm: <http://w3id.org/sdm#>
PREFIX rdf:

<http://www.w3.org/1999/02/22-rdf-syntax-ns#>
PREFIX s4bldg: <https://saref.etsi.org/saref4bldg/> .
SELECT DISTINCT ?conf ?modelconf0 ?modelconf1
WHERE {
?conf s4s:hasSubSystem ?subsystem0 .
?modelconf0 rdf:type sdm:ModelConfiguration .
?modelconf0 rdf:type ?subsystem0 .
?modelconf0 rdf:type s4bldg:PhotovoltaicSystem .

?conf s4s:hasSubSystem ?subsystem1 .
?modelconf1 rdf:type sdm:ModelConfiguration .
?modelconf1 rdf:type ?subsystem1 .
?modelconf1 rdf:type s4bldg:WeatherStation .

?conf s4s:hasSubSystem ?anySubsystem .
}
GROUP BY ?conf ?modelconf0 ?modelconf1
HAVING (COUNT(DISTINCT ?anySubsystem) = 2)

Listing 3: SPARQL query against the topology graph for
finding topology configurations matching specified building
equipment. Example limited to two-element topologies
comprising a PV system and a weather station.

SPARQL to programmatically edit blocks of buildings and
assign technologies at scale, enabling efficient scenario con-
figuration across all districts.

All scenarios include meteorological monitoring, occupancy-
driven load profiles, and smart metering infrastructure as
baseline components that will be discussed in the next para-
graph. Scenario A represents the baseline condition where
buildings are equipped only with monitoring and consump-
tion modeling capabilities, representing the current state
without distributed power generation. Scenario B introduces
renewable energy sources with low penetration with approx-
imately one quarter of buildings equipped with rooftop PV
systems. Scenario C doubles this to medium penetration
with half the buildings featuring PV installations. Finally,
Scenario D maintains the same PV penetration level but adds
battery energy storage systems to capture locally generated

power. Each scenario exercises different topology patterns,
demonstrating the framework’s ability to automatically select
and instantiate appropriate coupling configurations based
on building equipment specifications across different urban
scales.

B. BUILDING CHARACTERISTICS

Building geometry and spatial data originate from
CityGML 2.0 datasets at LoD 2 for each of the three districts.
During the knowledge graph enrichment process, roof geo-
metric properties are derived and added to the data graph for
all buildings, including surface altitude, orientations, slope,
and area.

For photovoltaic installations, suitable roof surfaces are
defined as those with azimuth angles between 135° and
225°, corresponding to south-facing orientations optimal for
solar energy capture. The PV model generation service com-
putes the installed capacity by considering panel dimensions,
rooftop surface area, and assuming 75% coverage of the
available surface to account for spacing and mounting con-
straints.

C. SIMULATION MODELS

The co-simulation framework employs a modular architec-
ture where individual building energy systems are repre-
sented through interconnected component models, starting
from a baseline weather-meter configuration. The topologies
catalog includes pre-validated topologies for each combina-
tion of photovoltaic systems, battery storage, and occupancy
models that can be integrated with the baseline configuration.
This combinatorial approach ensures that any technically
valid system configuration encountered in the scenario spec-
ifications can be matched to a corresponding topology.

Weather conditions are provided through a CSV file reader
that retrieves temporal weather data from the OpenWeather
APIs [29]. The model operates as a data source federate, out-
putting three key meteorological variables: global horizontal
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@prefix s4bldg: <https://saref.etsi.org/saref4bldg/> .
@prefix beo: <https://pi.pauwel.be/voc/buildingelement>

.
@prefix rdf:

<http://www.w3.org/1999/02/22-rdf-syntax-ns#> .
@prefix saref: <https://saref.etsi.org/core/> .
@prefix om:

<http://www.ontology-of-units-of-measure.org/resource/om-2/>
.

@prefix sd: <https://w3id.org/okn/o/sd#> .
@prefix sdm: <http://w3id.org/sdm#> .
@prefix schema: <http://schema.org/> .
@prefix s4s: <https://saref.etsi.org/saref4syst/> .
@prefix cosim: <http://example-cosimulation#> .
@prefix catalog: <http://example-catalog#> .
@prefix topo: <http://example-topologies#> .
@prefix data: <http://example-data#> .
@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> .
@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .

cosim:pv_bldg_51 rdf:type s4s:System ;
rdf:type topo:pv_eval_sys_pv ;
schema:name "pv_sim_federate.py" ;
sd:hasExecutionCommand "python" ;
sdm:hasInput cosim:pv_bldg_51_input_file ;
sdm:hasOutputTimeInterval
cosim:pv_bldg_51_time_interval ;
topo:hasTimeOffset cosim:pv_bldg_51_offset ;
topo:hasTimePeriod cosim:pv_bldg_51_period ;
cosim:belongsTo data:Building_51 .

cosim:meter_bldg_51 rdf:type s4s:System ;
schema:name "meter_federate.py" ;
sd:hasExecutionCommand "python" ;
sdm:hasOutputTimeInterval
cosim:meter_bldg_51_time_interval ;
cosim:belongsTo data:bldg_51_roof_8 .

cosim:pv_bldg_51_input_file rdfs:label
"roofpitch_8_pvsys.json" .

cosim:meter_bldg_51_time_interval sdm:hasIntervalValue
"3600"^^xsd:integer .

cosim:meter_bldg_51_offset topo:hasOffsetValue
"0.2"^^xsd:decimal .

cosim:meter_bldg_51_period topo:hasPeriodValue
"1"^^xsd:integer .

cosim:pv_bldg_51_time_interval sdm:hasIntervalValue
"3600"^^xsd:integer .

cosim:pv_bldg_51_time_interval sdm:usesUnit om:second .
cosim:pv_bldg_51_offset topo:hasOffsetValue

"0.1"^^xsd:decimal .
cosim:pv_bldg_51_period topo:hasPeriodValue

"1"^^xsd:integer .
cosim:pv_bldg_51 sdm:hasOutputVariable

cosim:pv_out_power_51 .

cosim:pv_out_power_51 rdf:type topo:connp_output_power ;
sd:hasShortName "power_dc" .

cosim:meter_bldg_51 sdm:hasInputVariable
cosim:meter_in_power_51 .

cosim:meter_in_power_51 rdf:type topo:connp_input_power
;
sd:hasShortName "P_in" .

cosim:pv_out_power_51 catalog:directedTo
cosim:meter_in_power_51 .

Listing 4: Excerpt from the co-simulation graph depicting
two model instances with their associated variables, inter-
model connection, and configuration file dependencies.

irradiance (GHI) in W/m2, external air temperature (Text) in
°C, and relative humidity (RH) in percentage.

Solar electricity generation is simulated using a PV model
based on Bottaccioli et al. [4]. The model accepts GHI

(W/m2) and external temperature (°C) as inputs and com-
putes the DC power output (W). The model accounts for
temperature-dependent efficiency losses and irradiance-to-
power conversion based on panel characteristics. Panel spec-
ifications come from manufacturer datasheets aggregated in
JSON format. The data encompasses technical parameters
for a single PV panel model distributed across installations
in all three district scales, as shown in Table 2. This module
represents a typical commercial panel with a nominal power
of 435 watts and efficiency of 21.2%.

TABLE 2: Photovoltaic module specifications.

Parameter Value

Nominal Power (Pmax) 435 W
Efficiency (η) 21.2%
Temperature Coefficient (Pmax) −0.34%/°C
Module Dimensions 2.094× 1.038 m

Residential electricity demand profiles are generated us-
ing a stochastic occupancy-based simulator implementing
the Richardson method [34]. This model generates real-
istic household electrical load profiles by simulating oc-
cupant behavior and appliance usage patterns. Operating
autonomously without external inputs, the model outputs
electrical power consumption (Pusage) in watts, capturing
the temporal variability characteristic of residential energy
demand.

Energy storage is represented through a Modelica-based
Functional Mock-up Unit (FMU) implementing a simplified
battery model. The model operates bidirectionally, absorbing
power (positive flow) during charging periods and supplying
power (negative flow) during discharge cycles. A single
lithium-ion battery technology type is deployed in Scenario
D across all district scales, with specifications detailed in
Table 3. The battery model was developed in Modelica and
exported as an FMU for co-simulation integration, represent-
ing a typical residential storage system suitable for coupling
with photovoltaic installations.

TABLE 3: Battery energy storage system specifications.

Parameter Value

Total Energy Capacity 14.0 kWh
Operating Temperature Range −20°C to +50°C
State of Charge (SoC) Range 5–100%

The electrical power balance at each building node is
computed by a Python-based smart meter model that func-
tions as an aggregator. The meter accepts power production
inputs (Pin) from distributed generation sources and power
consumption inputs (powerreq) from building loads, both
measured in watts. The model calculates and outputs the net
power flow (Pnet in watts), representing the algebraic sum of
all connected power sources and sinks. This net power value
indicates whether the building is drawing from or supplying
to the grid at each simulation interval.
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Based on what is defined in the data graph, the composition
algorithm (see Algorithm 1) identifies and instantiates an
appropriate topology for each building across all district
scales. Table 4 presents the distribution of topologies across
scenarios and district scales: Scenario A establishes the base-
line with only weather conditions, occupancy models and
meters. Scenario B introduces photovoltaic systems to 26%
of buildings, Scenario C implements 50% PV penetration,
and Scenario D pairs PV with battery storage on 50% of
buildings using the complete five-component topology.

The instances count represents the total number of model
federates requiring instantiation and orchestration, while
connections indicate the data exchange links demanding
runtime coordination. System complexity scales significantly
from 150 instances and 100 connections in the 50-building
baseline to 2000 instances and up to 1,260 connections in the
500-building scenarios. Manual configuration of such large-
scale simulations would be prohibitively labor-intensive and
error-prone, particularly given that each connection must
be correctly specified in multiple locations to ensure bidi-
rectional consistency between federate interfaces. A single
misconfigured connection, whether due to incorrect naming,
incompatible units of measurement, or inconsistent data type
specifications, can compromise the entire simulation ensem-
ble. The framework’s automated composition and orchestra-
tion capabilities directly address this challenge, eliminating
human error in connection mapping. Once topologies are
selected, the framework generates technology-specific con-
figuration files for each model instance, accounting for the
varied initialization requirements and interface specifications
inherent to different simulation tools.

D. GENERATED CONFIGURATION ARTIFACTS
Model initialization requirements vary according to technol-
ogy characteristics, with dedicated services handling contex-
tual parameterization where necessary.

Weather models leverage an initialization service that
queries the OpenWeather API based on building coordinates,
retrieving location-specific meteorological time series data
with hourly granularity. Photovoltaic model initialization
employs the model generation service to produce JSON
configuration files encoding roof geometric properties such
as slope and azimuth, along with manufacturer specifications
corresponding to the deployed panel model.

In contrast, occupancy behavior is governed by stochas-
tic processes executed during simulation runtime, requiring
no prior initialization. Similarly, smart meter models oper-
ate without initialization requirements, directly monitoring
building consumption. Battery systems utilize standardized
technology parameters independent of building-specific at-
tributes, thus eliminating the need for contextual initialization
data.

Having established four distinct scenarios ranging from
baseline monitoring to fully integrated PV-battery systems
across three district scales, the automated composition work-
flow has generated complete, executable co-simulation envi-

TABLE 4: Topology Pattern Distribution Across Scenarios
and District Scales

Topology Scenario

A B C D

50 Buildings
W + O + M 50 37 25 25
W + O + M + PV 0 13 25 0
W + O + M + PV + B 0 0 0 25
Instances 150 185 200 200
Connections 100 126 125 125

100 Buildings
W + O + M 100 74 50 50
W + O + M + PV 0 26 50 0
W + O + M + PV + B 0 0 0 50
Instances 300 370 400 400
Connections 200 252 250 250

500 Buildings
W + O + M 500 370 250 250
W + O + M + PV 0 130 250 0
W + O + M + PV + B 0 0 0 250
Instances 1500 1850 2000 2000
Connections 1000 1260 1250 1250

W: Weather; O: Occupancy; PV: Photovoltaic; B: Battery; M:
Meter.

ronments for each configuration. The framework successfully
handled scenarios ranging from 150 model instances in the
smallest scenario to 2000 instances in the largest, while
managing the requisite initialization services and coupling
specifications. What would have required hours to weeks
of manual configuration and error-prone coupling definitions
was accomplished programmatically through semantic rea-
soning and automated instantiation.

The next section examines the simulation outputs to val-
idate the correctness of this automated process and demon-
strate the framework’s practical value for rapid urban energy
planning studies across different urban scales.

V. EXPERIMENTAL RESULTS
This section evaluates COSIMO’s automated co-simulation
construction workflow across multiple district scales with
increasing renewable energy penetration. We conducted ex-
periments at three urban scales comprising 50, 100, and 500
buildings respectively, each evaluated under four technol-
ogy deployment scenarios. We assess both the automation
efficiency through time savings and computational perfor-
mance, and the physical correctness of generated simula-
tion configurations through energy performance metrics. All
experiments were carried out on a consumer-grade laptop
(Intel i7-8750H, 2.20 GHz, 16 GB RAM), used exclusively
for the co-simulation synthesis stage, while co-simulation
execution was performed on a distributed infrastructure. Re-
source usage was measured by averaging samples collected
every 250 ms over ten repeated runs. The pipeline comprises

14 VOLUME 4, 2016



Torlini et al.: Towards Automated Co-Simulation of Multi-Energy-Systems: an Ontology-Driven Approach

three sequential phases: data materialization, composition
engine, and model generation service. Since data material-
ization performance is extensively discussed in the Morph-
KGC literature, the analysis focuses on the remaining two
phases. At n = 10, both phases remain within moderate re-
source limits: the composition engine peaks at approximately
760 MB RAM and 18% CPU, while the model generation
service reaches 1.2 GB RAM and 56% CPU. Scaling up to
n = 500, the composition engine remains manageable at
2.7 GB RAM and 41% CPU, whereas the model generation
service becomes the dominant cost component, consuming
up to 14.2 GB RAM at 87% average CPU. This is primarily
due to the concurrent spawning of multiple Docker contain-
ers, whose aggregate load explains why memory capacity
becomes the main bottleneck at larger scales rather than
the semantic composition logic itself. The architecture is
nevertheless naturally suited to horizontal scaling, since each
container processes an independent entity batch, distributing
the workload across multiple machines would proportionally
reduce memory pressure and shift the scalability limit from a
single workstation to the resources of a distributed computer
network.

To evaluate the physical correctness and energy perfor-
mance of the automatically generated co-simulations, we first
define the key performance indicators used throughout this
analysis. We track four primary energy flows: total building
consumption (Econs), which represents the annual aggregate
electrical energy consumed by all buildings in the scenario;
total PV generation (EPV), the annual aggregate electrical
energy generated by all photovoltaic systems; grid import
(Eimport), the annual energy imported from the grid to meet
building demand; and grid export (Eexport), the annual energy
exported to the grid when local generation exceeds local
consumption.

From these basic energy flows, we derive three perfor-
mance indicators. The self-consumption rate (SC) represents
the fraction of locally generated PV energy that is consumed
locally rather than exported to the grid:

SC =
EPV − Eexport

EPV
× 100% (1)

The self-sufficiency rate (SS) measures the fraction of
total building consumption met by local PV generation:

SS =
EPV − Eexport

Econs
× 100% (2)

Finally, the grid dependency reduction (GDR) quantifies
the percentage reduction in grid imports compared to the
baseline scenario without distributed generation:

GDR =
Ebaseline

import − Eimport

Ebaseline
import

× 100% (3)

All performance indicators represent annual aggregates
calculated as the ratio of cumulative energy flows over the
entire simulation period (8760 hours i.e. one year).

A. PHYSICAL VALIDATION OF SIMULATION OUTPUTS
Beyond demonstrating automation efficiency, we verify that
automatically generated configurations produce physically
correct and meaningful results through energy performance
analysis across all scenarios. This validation approach is
consistent with established co-simulation methodologies for
energy communities [5], where scenario-based energy per-
formance analysis serves as a means to assess the physical
correctness and practical relevance of simulation outputs.
The objective here is therefore not a formal numerical stabil-
ity analysis of the runtime co-simulation process, but rather
an assessment of whether the automatically generated config-
urations yield physically plausible and internally consistent
energy results appropriate for the scenario-construction focus
of the proposed framework. We analyze annual energy
metrics computed from hourly simulation data across all
scenarios and district scales to demonstrate the progressive
impact of PV and battery deployment. Figure 5 illustrates
the daily energy flows for a representative 50-building district
across the four analyzed scenarios, visualizing how different
distributed energy resource configurations affect the bal-
ance between local generation, storage, and grid interaction
throughout a typical day.

Total building consumption remains proportional to dis-
trict size, maintaining constant per-building consumption of
approximately 17 MWh annually across all scenarios. The
load profile (black dashed line in Figure 5) exhibits typical
residential patterns with morning activity peaks around 7-8
AM and pronounced evening peaks near 7 PM, followed by
reduced nighttime consumption.

Scenario A establishes the baseline condition without
distributed generation, showing complete grid dependency
with all consumption met through grid imports (100% grid
dependency), represented by the blue area perfectly matching
the load profile throughout the day.

Scenario B introduces photovoltaic systems to 25% of
buildings, generating approximately 7.9 MWh per system
annually. As shown in Figure 5, PV generation occurs
exclusively during daylight hours, with peak production
around midday. The green hatched area represents direct
self-consumption of solar energy, while the pink area below
the axis indicates excess generation exported to the grid
during peak production hours. The simulation results show
that 60% of this generated energy is consumed locally, while
the remaining 40% is exported to the grid. Grid imports
remain necessary during morning, evening, and nighttime
hours when solar generation is insufficient or absent. This
configuration achieves a 7% reduction in aggregate grid
imports compared to baseline, demonstrating measurable
impact from limited PV deployment.

Scenario C doubles PV penetration to 50% of buildings,
maintaining the same per-system generation capacity. The
increased deployment improves annual self-consumption to
65%, as higher local generation better aligns with aggregate
consumption patterns. The visualization reveals substantially
larger self-consumption (green hatched area) during daylight
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hours and correspondingly greater grid exports (pink area)
during midday peak production. Grid imports decrease by
15% relative to baseline, though absolute grid export in-
creases proportionally with the larger installed capacity. This
scenario reveals the diminishing returns of self-consumption
improvement with increasing penetration in the absence of
energy storage, as evidenced by the growing mismatch be-
tween the timing of peak solar generation and consumption
patterns.

Battery integration in Scenario D produces the most sig-
nificant impact on energy flows. While maintaining the same
50% PV penetration as Scenario C, the addition of battery
storage systems with 14 kWh capacity enables 85% annual
self-consumption, representing a 20% point improvement.
Figure 5 clearly illustrates the role of batteries through two
distinct patterns: the purple hatched area below the axis
represents battery charging during periods of excess solar
generation (primarily midday hours), while the gray hatched
area above the axis shows battery discharge during consump-
tion peaks (evening and night hours). Battery systems store
excess solar generation during high-production periods and
discharge during consumption peaks, substantially improv-
ing the alignment between generation and demand. The plot
demonstrates how storage enables temporal shifting of solar
energy, reducing both grid imports during evening hours and
grid exports during midday. This configuration achieves a
20% reduction in grid imports compared to baseline and
a 57% reduction in grid export compared to Scenario C,
demonstrating the critical role of storage in maximizing local
energy utilization.

The consistency of percentage-based metrics across all
three district scales validates the correct instantiation and
coupling of simulation models. Self-consumption rates of
60%, 65%, and 85% for Scenarios B, C, and D respectively
remain almost constant across 50, 100, and 500 building
districts, confirming that the automated composition pro-
cess correctly replicates topologies at different scales. Self-
sufficiency levels reach 7%, 15%, and 20% for the three
PV scenarios, values that accurately reflect the partial de-
ployment of generation assets where only 25% or 50% of
buildings contribute local generation.

Grid dependency reductions correspond appropriately with
both technology penetration and district size, demonstrat-
ing that the framework maintains physical consistency as
complexity increases. The automated coupling between PV
generation models, battery dynamics, and occupancy con-
sumption profiles produces energy flows that match expected
patterns for residential districts with distributed energy re-
sources. These results collectively indicate that COSIMO’s
automated approach maintains physical correctness and pro-
duces reliable simulation outputs across scales ranging from
neighborhood to large urban district levels.

B. WORKFLOW AUTOMATION BENEFITS
The primary contribution of COSIMO lies in automating the
co-simulation construction workflow. Table 5 compares the

traditional manual approach against COSIMO’s ontology-
driven automation across the three district scales for scenar-
ios A and D, which represent the boundary cases.

TABLE 5: Workflow time comparison across district scales
and scenarios.

Number of Buildings
Task 50 100 500
Manual Approach - Scenario A
Model instantiation 3 hours 6 hours 30 hours
Configuration files 4 hours 8 hours 40 hours
Parameter mapping 2 hours 4 hours 20 hours
Total expert time ∼15 h ∼30 h ∼150 h
Manual Approach - Scenario D
Model instantiation 4 hours 8 hours 40 hours
Configuration files 6 hours 12 hours 60 hours
Parameter mapping 2 hours 4 hours 20 hours
Total expert time ∼20 h ∼40 h ∼200 h
COSIMO Automated Approach
Composition (Scen. A) 23 s 42 s 186 s
Composition (Scen. D) 56 s 105 s 524 s
Time reduction 99.95% 99.95% 99.95%

Manual time estimates are based on our experience with
urban energy co-simulation projects and represent an approx-
imate breakdown of expert effort required for configuration
tasks. These estimates assume practitioners are familiar with
the simulation tools but must manually specify connections,
instantiate models, and generate configuration files. For the
500-building district in Scenario D, manual configuration
would require approximately 200 hours of expert time, equiv-
alent to five weeks of full-time work. COSIMO’s auto-
mated approach reduces practitioner effort to initiating the
composition process, with actual configuration generation
completing in minutes even for the largest and most com-
plex scenario. This assumes pre-existing data mappings, an
annotated model catalog, validated topologies, and available
model generation services. While these preparatory activities
are time-consuming, they constitute one-time investments
reused across all future scenarios.

The dominant phase across all scales is model generation
service invocation, accounting for 35% to 45% of total time.
This phase offers optimization opportunities through paral-
lelization in future implementations. For the 500-building
district in Scenario D, which requires instantiation and con-
nection of 2000 model instances, composition completes in
approximately nine minutes. The time savings relative to
manual approaches remain consistently above 99.9% across
all tested scales, demonstrating that automation benefits are
preserved at larger scales where manual configuration be-
comes increasingly impractical.

VI. DISCUSSION AND LIMITATIONS
This work demonstrates that ontology-driven approaches can
successfully automate co-simulation construction for urban
multi-energy systems, achieving dramatic time savings while
maintaining physical correctness. The framework addresses
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FIGURE 5: Daily energy flow patterns for a 50-building district demonstrating progressive impact of distributed energy
resources during 24 hours.

critical gaps in existing approaches by integrating semantic
representation, partial automated validation, and systematic
parameter mapping into a unified workflow. Results con-
firm that semantic web technologies are sufficiently mature
to support practical urban energy modeling applications at
scale.

Several limitations indicate directions for future research.
The adoption of a unified semantic schema, while central to
COSIMO’s automation, introduces its own limitations. Up-
dates to upstream standards such as SAREF propagate across
all dependent mappings, requiring coordinated maintenance
effort that grows with graph size. The approach also entails
considerable upfront modelling effort, as data sources, model
interfaces, and coupling patterns must all be aligned with
the shared ontology before automation benefits materialize.
Heterogeneity is furthermore not fully removed but often
displaced into mappings and adapters, which remain costly
to maintain and difficult to debug. The shared schema also
forces heterogeneous systems into a common representa-
tion that may not naturally fit all of them, flattening tool-

specific assumptions and omitting fine-grained distinctions.
Finally, semantic ambiguity represents a concrete risk when
the same concept carries different meanings across domains,
a challenge particularly pronounced during model annota-
tion phase, where different modelers may interpret shared
vocabulary inconsistently, compromising the reliability of
automated reasoning across the graph.

Model generation services and topology patterns require
initial manual definition, representing upfront investment
before automation benefits materialize. However, once estab-
lished, these definitions become reusable assets.

The current topology validation framework ensures syn-
tactic compatibility and physical meaningfulness of com-
ponent connections. However, it does not yet incorporate
comprehensive system-level design constraints. Specifically,
the validation does not include numerical stability analysis,
detection of self-loops, or identification of potential deadlock
configurations. These advanced validation capabilities repre-
sent important directions for future work and will enhance
the robustness of the topology verification process.
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The implementation couples tightly with HELICS, and
supporting alternative co-simulation frameworks would re-
quire additional abstraction layers. Multi-carrier energy sys-
tems extending to thermal, gas, or hydrogen networks require
ontology extensions, though the modular architecture sup-
ports such expansions.

Besides these limitations, this work represents a significant
step toward the automatic creation of digital copies for urban
energy systems. While the current implementation generates
static co-simulation configurations from available data, the
semantic infrastructure developed here lays crucial ground-
work for evolving toward digital twins with real-time data
integration, continuous model calibration, and operational
feedback capabilities.

VII. CONCLUSION
This work presented COSIMO, an ontology-driven frame-
work that addresses the challenge of constructing co-
simulations for urban multi-energy systems at scale. Through
systematic integration of semantic web technologies, the
framework successfully bridges the gap between heteroge-
neous urban data sources and executable co-simulation en-
vironments. COSIMO provides a unified machine-readable
representation integrating urban data, simulation models, and
coupling patterns through a three-graph architecture compris-
ing the Model Catalog, Topologies Catalog, and Data Graph.
The framework automates topology validation and instan-
tiation through SPARQL-based reasoning, ensuring physi-
cal meaningfulness of connections beyond syntactic com-
patibility. Through RML mappings and model generation
services, COSIMO systematically transforms heterogeneous
data sources into simulator-specific formats, reducing the
manual effort required for configuration.
Experimental validation across four scenarios confirmed both
automation efficiency and physical correctness. Generated
co-simulations produced physically meaningful results with
energy metrics showing expected behavior patterns corre-
sponding to technology configurations. By enabling domain
experts to specify scenarios declaratively rather than config-
ure simulation tools manually, the framework democratizes
access to sophisticated multi-energy analysis and supports
rapid exploration of decarbonization strategies.
This work establishes that ontology-driven approaches ef-
fectively automate complex co-simulation construction while
maintaining physical correctness and enabling reproducible
research, demonstrating that semantic web technologies are
ready to support the next generation of urban energy mod-
eling tools required for effective decarbonization planning.
Future work will focus on several key directions to en-
hance COSIMO’s capabilities. First, we aim to strengthen
topology validation by incorporating comprehensive system
design constraints, including numerical stability checks and
automated detection of problematic configurations such as
algebraic loops, deadlocks, and other patterns that could
compromise co-simulation execution. Second, we plan to ex-
tend COSIMO toward digital twin capabilities by integrating

internet of things data streams directly into the knowledge
graph, creating a real-time semantic representation of physi-
cal urban systems that continuously synchronizes simulated
and observed states. Finally, we intend to leverage artificial
intelligence techniques to automate the integration of new
simulation models by intelligently matching coupling vari-
ables based on semantic descriptions provided by model-
ers, and by employing dependency resolution strategies to
automatically infer appropriate synchronization patterns and
coupling configurations, further reducing the manual effort
required for co-simulation assembly while ensuring robust
and stable system behavior.

REFERENCES
[1] Julián Arenas-Guerrero, David Chaves-Fraga, Jhon Toledo, María S Pérez,

and Oscar Corcho. Morph-KGC: Scalable knowledge graph materializa-
tion with mapping partitions. Semantic Web, 15(1):1–20, 2024.

[2] Luca Barbierato, Pietro Rando Mazzarino, Marco Montarolo, Alberto
Macii, Edoardo Patti, and Lorenzo Bottaccioli. A comparison study of co-
simulation frameworks for multi-energy systems: the scalability problem.
Energy Informatics, 5(Suppl. 4):53, 2022.

[3] Robert Battle and Dave Kolas. GeoSPARQL: enabling a geospatial
semantic web. Semantic Web, 3(4):355–370, 2011.

[4] Lorenzo Bottaccioli, Edoardo Patti, Enrico Macii, and Andrea Acquaviva.
GIS-based software infrastructure to model pv generation in fine-grained
spatio-temporal domain. IEEE Systems Journal, 12(3):2832–2841, 2017.

[5] Silvio Brandi, Pietro Rando Mazzarino, Daniele Salvatore Schiera, Matteo
Bilardo, Luca Barbierato, Lorenzo Bottaccioli, Edoardo Patti, and Alfonso
Capozzoli. Scenario analysis for renewable energy communities through
advanced co-simulation infrastructure. Applied Energy, 394:126106,
2025.

[6] buildingSMART International. Industry Foundation Classes (IFC) Release
4 Add2 Technical Corrigendum 1. buildingSMART International, 2020.
ISO 16739-1:2016; Accessed: 2025-12-16.

[7] F. Chini et al. Streamlined deployment of a distributed and scalable co-
simulation platform for integrated energy systems. In Proceedings of the
International Symposium on Advanced Power Systems (ISAP), 2024.

[8] DINI AG KIM. Service vocabulary, 2023. Version 1.0.0.
[9] Patrick Th Eugster, Pascal A Felber, Rachid Guerraoui, and Anne-Marie

Kermarrec. The many faces of publish/subscribe. ACM Computing
Surveys (CSUR), 35(2):114–131, 2003.

[10] Raúl García-Castro, Maxime Lefrançois, María Poveda-Villalón, and
Laura Daniele. The etsi saref ontology for smart applications: A long path
of development and evolution. In Energy Smart Appliances: Applications,
Methodologies, and Challenges. Wiley, 2023.

[11] Daniel Garijo, Varun Ratnakar, Yolanda Gil, Deborah Khider, Maximil-
iano Osorio, Hernán Vargas, and Jay Pujara. Software description ontology
for models (sdm), 2020. Version 1.7.0, part of the MINT Model Catalog.

[12] Cláudio Gomes, Casper Thule, David Broman, Peter Gorm Larsen, and
Hans Vangheluwe. Co-simulation: a survey. ACM Computing Surveys,
51(3):1–33, 2018.

[13] Diana María López González and John Garcia Rendon. Opportunities
and challenges of mainstreaming distributed energy resources towards the
transition to more efficient and resilient energy markets. Renewable and
Sustainable Energy Reviews, 157:112018, 2022.

[14] Gerhard Gröger and Lutz Plümer. CityGML–Interoperable semantic 3D
city models. ISPRS Journal of Photogrammetry and Remote Sensing,
71:12–33, 2012.

[15] Tom Gruber. What Is an Ontology? Knowledge Systems Laboratory,
Stanford University, 1993.

[16] Trevor D Hardy, Bryan Palmintier, Philip L Top, Dheepak Krishnamurthy,
and Jason C Fuller. HELICS: A co-simulation framework for scalable
multi-domain modeling and analysis. IEEE Access, 12:24325–24347,
2024.

[17] Aidan Hogan, Eva Blomqvist, Michael Cochez, Claudia d’Amato, Ger-
ard De Melo, Claudio Gutierrez, Sabrina Kirrane, José Emilio Labra Gayo,
Roberto Navigli, Sebastian Neumaier, et al. Knowledge graphs. ACM
Computing Surveys (CSUR), 54(4):1–37, 2021.

18 VOLUME 4, 2016



Torlini et al.: Towards Automated Co-Simulation of Multi-Energy-Systems: an Ontology-Driven Approach

[18] W Huang, PO Olsson, J Kanters, and L Harrie. Reconciling city models
with bim in knowledge graphs: A feasibility study of data integration for
solar energy simulation. ISPRS Annals of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, pages 93–99, 2020.

[19] Mohammad Hussain, Nafiseh Masoudi, Gregory Mocko, and Chris Pare-
dis. Approaches for simulation model reuse in systems design—a review.
SAE International Journal of Advances and Current Practices in Mobility,
4(2022-01-0355):1457–1471, 2022.

[20] Ana Iglesias-Molina, Dylan Van Assche, Julián Arenas-Guerrero, Ben
De Meester, Christophe Debruyne, Samaneh Jozashoori, Pano Maria,
Franck Michel, David Chaves-Fraga, and Anastasia Dimou. The rml ontol-
ogy: A community-driven modular redesign after a decade of experience
in mapping heterogeneous data to rdf. In International Semantic Web
Conference, pages 152–175. Springer, 2023.

[21] Aidan Kelley and Daniel Garijo. A framework for creating knowledge
graphs of scientific software metadata. Quantitative Science Studies,
2(4):1423–1446, 2021.

[22] Thomas H Kolbe, Claus Nagel, and Javier Herreruela. 3D City Database
for CityGML. Addendum to the 3D City Database Documentation,
Version 2.1, 2013.

[23] Maxime Lefrançois, Antoine Zimmermann, and María Poveda-Villalón.
SAREF extension for Systems. ETSI Technical Specification TS 103 548
V1.1.1, ETSI, 2023. ETSI TS 103 548.

[24] Yuanfu Li, Jinwei Chen, Zhenchao Hu, Huisheng Zhang, Jinzhi Lu, and
Dimitris Kiritsis. Co-simulation of complex engineered systems enabled
by a cognitive twin architecture. International Journal of Production
Research, 60(24):7588–7609, 2022.

[25] Rui Ma, Qi Li, Botao Zhang, Hao Huang, and Chendi Yang. An ontology-
driven method for urban building energy modeling. Sustainable Cities and
Society, 106:105394, 2024.

[26] Matthias Mitterhofer, Georg Ferdinand Schneider, Sebastian Stratbücker,
and Klaus Sedlbauer. An fmi-enabled methodology for modular building
performance simulation based on semantic web technologies. Building
and Environment, 125:49–59, 2017.

[27] Mark A. Musen. The protégé project: a look back and a look forward. AI
Matters, 1(4):4–12, 2015.
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