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Energy systems analysis requires a diverse set of tools to comprehensively evaluate complex transformation
pathways. Robust assessments depend on methods for data generation and processing, renewable energy po-
tential estimation, energy system optimization, as well as socio- and macroeconomic analysis. In this paper, we
present for the first time a harmonized model suite — ETHOS - that integrates these functionalities within a
consistent analytical framework. The ETHOS suite comprises tools ranging from automated data extraction using
natural language processing to state-of-the-art renewable potential assessments and energy system optimization
models, among others. We describe the individual components of the suite, outline their methodological foun-
dations, explain how they can be accessed and applied, and summarize previous applications in scientific pub-
lications and flagship reports of the International Energy Agency. Looking ahead, all models within the ETHOS
suite are intended to be developed as open-source software, fostering a broad research community and enabling
holistic decision support for policymakers to advance the energy transition.

then have to be harmonized and further processed across multiple sce-
narios within a model formulation that employs a specific programming

1. Introduction

To achieve the optimal transformation pathways to sustainable en-
ergy systems worldwide, planning tools such as energy system models
are required [1]. These planning tools need to consider all relevant
technologies and measures, as well as target criteria, from costs and
environmental sustainability to justice [2]. Each energy system analysis
begins with the collection of primary data, which may be based, for
example, on official sources or crowdsourced public datasets. These data
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language and toolchain. In the case of mathematical optimization, a
numerical solver is used to generate the model outputs. If the project is
open source, the model code and data are typically hosted in a public
archive. In the final step, the model outputs are interpreted and pub-
lished [3]. Interactions with stakeholders for policy design usually take
place after the publication of results, or as human-in-the-loop frame-
works to enhance the real-world feasibility of the modeled solution
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spaces [4]. The holistic assessment of energy systems and all influencing
factors typically requires the linking or integration of various models
[5]. A prominent example is the application of models to determine the
techno-economic potential of renewable energy plants, e.g., based on
minimum distance restrictions and technical considerations, and the
integration of the resulting data in energy system transformation studies
[6].

When linking models, it is essential to ensure that all assumptions
and parameter values in the models are consistent and harmonized.
Furthermore, although initial limited efforts have been made [7], there
are currently no standardized FAIR [8] data sources for energy system
analysis. This often results in data and models being combined that were
not originally intended to be linked. To avoid potential problems, an
open model suite that is designed to be interconnected and consistent in
terms of assumptions and data could provide a solution.

There are already several prominent energy system frameworks and
models available as open source, such as PyPSA [9], oemof [10], and
Calliope [11]. PyPSA also has standardized links to other tools such as
atlite [6] for determining renewable potential or ETHOS.tsam [12] for
time series aggregation. However, to the authors' knowledge and based
on a review of 152 potentially relevant studies', there is still no
coherent, coordinated model suite for energy system analysis that har-
monizes data collection, system optimization, and further ex-post ana-
lyses. The only examples in the literature are suites that optimize
combined heat and mass integration in urban and industrial systems
[13], suites for model-inter-comparisons [14-16], and suites that
generate flexible model regions for energy system models [17].

Therefore, the objective of our article is to provide one of the first
fully open-source model suites for energy system analysis with the En-
ergy Transformation PatHway Optimization Suite (ETHOS). In this article,
we present all already existing open-source modules of ETHOS as well as
others that are currently planned for release. In addition, we show which
interfaces already work properly and which of them are to be automated
in the future.

The article is structured as follows: Section 2 provides an overview of
the ETHOS model suite and its model groups. Section 3 describes the
most important models in the suite and presents their potential appli-
cations, as well as selected use cases. Section 4 explains the model in-
stances of the optimization frameworks and the interfaces of the models
that have been successfully implemented and those that are potentially
possible. Section 5 discusses the work and presents conclusions.

2. The ETHOS Model Suite

The purpose of the ETHOS model suite is that it develops quantitative
and qualitative energy system transformation scenarios as a basis for
discussion and decision-making by policymakers aimed at demon-
strating societal feasibility, while ensuring techno-economic effective-
ness. The quantitative assessment of transformation pathways for global
energy systems is based on techno-economic simulation and optimiza-
tion models with a temporal resolution and timeframe ranging from sub-
hourly to decades, where model parameters are iteratively refined based
on insights gained in socio-economic analyses. ETHOS combines various
modules (see Fig. 1) from renewable potential assessment, load profile
generators and grid planning to technology evaluation with Life Cycle
Sustainability Assessment (LCSA). The suite focuses on holistic energy
system optimizations, which are regionalized using detailed infrastruc-
ture models, considering socio-economic impacts and societal
feasibility.

At the core of the model suite are integrated hourly energy system
optimization models. These models use inputs from surrounding com-
ponents, including techno-economic data and renewable resource
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potentials, and are coupled with other components, such as macroeco-
nomic assessment frameworks. Their outputs, in turn, feed into subse-
quent analyses, including sustainability assessments. The following
sections describe the linked components and their interactions in greater
detail.

In addition to numerous scientific publications, the ETHOS model
suite has also been used in wide-ranging policy and public information
events on cost-effective German [23] and European [24] energy system
transformation strategies, as well as to support several major reports by
the International Energy Agency (IEA) in recent years. The latter include
the latest Global Hydrogen Reviews [25-27], the Latin America Energy
Outlook [28], as well as reports on the reconstruction of the Ukrainian
energy system [29,30].

In the following, we focus on the modules of the ETHOS suite that 1)
are already openly available or 2) have already been published in
journals and are scheduled for open-source release. We will also present
the existing model instances and model interfaces.

3. Open-source Modules and Applications

In this section, we divide the description of the modules of the
ETHOS model suite as follows (see Table 1 and Fig. 2): first, we describe
the modules for data provision to the frameworks and models (Section
3.1). Then, for the frameworks and models, we distinguish between
modules for determining the techno-economic and socially feasible
global renewable energy potential (Section 3.2), modules for deter-
mining optimal energy system designs and transformation pathways
(Section 3.3), and modules for socio-economic analysis of energy sys-
tems (Section 3.4). The model instances, based on the modules described
in this section, are presented in the next Section 4. Table 1 also provides
an overview of all modules, including links to the repositories and key
journal publications.

To ensure interoperability between individual modules while
enabling their flexible composition into data-driven workflows for
complex research questions, the ETHOS model suite is based on a
modular workflow concept [69]. This approach supports detailed,
machine-actionable descriptions of both data and software components
and promotes their flexible and sustainable reuse. Instead of relying on
rigid, domain-wide interface standards or ad-hoc integration scripts,
ETHOS emphasizes the reuse of collaboratively developed trans-
formation functions that can be dynamically deployed and jointly
evolved. These functions enable the application-specific integration of
heterogeneous data and modules into complex workflows. By leveraging
workflow managers, modules can be easily coupled, exchanged, or
extended, ensuring interoperability within ETHOS and with external
research software ecosystems.

3.1. Data and Metadata

Energy system analyses require a large amount of data on current
and future costs, efficiencies, availability, and much more for potential
technologies, measures, and materials. This involves making many as-
sumptions that can sometimes have a substantial impact on the results of
the energy system transformation. Many energy system models rely on
data from sources such as the International Renewable Energy Agency
[70] or the Danish Energy Agency [71], which is often not automatically
accessible but must be extracted from PDF files or similar sources.
Furthermore, it is not always clear where the data used in energy system
analyses comes from and for which application or scenario it is valid. In
the following, we present modules of the ETHOS model suite that are
designed to ensure the transparency and accuracy of data through
automatic data extraction and metadata description.

3.1.1. Metadata Schema for Software and Data
In energy systems research, the sharing, integration, and processing
of software and data pose pressing challenges. An evaluation of wind
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Fig. 1. A selection of the most important topics covered by the modules of the ETHOS model suite. This article only deals in detail with the modules that 1) are
already openly available or 2) have already been published in journals and are scheduled for open-source release. The illustrations in the figure were taken from

various previous publications[18-22].

resource assessments [72], for example, showed that up to 90% of
studies are insufficiently reproducible due to missing data provision and
a lack of transparency. Beyond harmonizing data collection, data pro-
cessing must therefore be designed in an efficient, transparent, and
sustainable manner to support reproducible model-based analyses.

To enable an overarching integration of data and software within
such analyses, both must be described unambiguously in terms of their
interfaces and underlying data models. Metadata schemas are required
to capture all information considered relevant by the energy systems
domain in a well-structured and machine-actionable format. Ontologies
and controlled vocabularies provide the necessary linguistic basis to
ensure that these metadata descriptions are not only formally stan-
dardized but also semantically unambiguous.

For this purpose, the ETHOS.DataDesc framework [31,32] was
developed, which enables the detailed and machine-actionable
description of data models in both software interfaces and datasets.
The DataDesc metadata schema focuses on formally describing contents,
formats, value ranges, and structural properties of data models, thereby
allowing data provided by external sources to be systematically
compared with the requirements of model interfaces. By making such
information explicit, DataDesc supports the transparent ingestion of
heterogeneous data into ETHOS workflows and promotes the FAIRness
of research software and data.

Based on these metadata descriptions, DataDesc enables the identi-
fication of required data transformations when datasets and software
interfaces are not directly compatible. These transformations can be
implemented in a modular and reusable manner using dedicated data
processing components. Within ETHOS, this approach is exemplified by
CuCoPy [73], which provides reusable workflows for currency conver-
sion and cost harmonization and can be flexibly integrated into data
ingestion pipelines. In addition to supporting data integration, DataDesc
metadata can also be used to automate and document interfaces be-
tween individual components of the ETHOS model suite, facilitating

their composition into transparent and reproducible workflows.

Examples of this approach include our open-source workflows for
wind power [44] and rooftop photovoltaic potential assessments based
on satellite imagery [43], which are described in the section on
renewable potential assessments.

3.1.2. Quantitative Information Extraction from Text

To support energy system modelers in researching techno-economic
data, we use natural language processing methods to automatically
identify and extract quantitative information from scientific literature
[74]. As part of ETHOS, this functionality is bundled in a framework
called Quinex [34] (short for Quantitative Information Extraction).

Quinex builds on lightweight large language models that are spe-
cifically trained on extracting quantitative information from scientific
literature. Quinex outperforms similar lightweight systems for quanti-
tative information extraction and also provides qualitative improve-
ments, such as capturing implicit properties and detailing critical
qualifiers such as the spatio-temporal scope. Quinex is trained on large
heuristically created datasets [33] from Wikipedia and Wikidata as well
as human-labeled data from various scientific domains including energy
systems analysis. This broad training data enables small models to
achieve robust performance across domains. Quinex's domain-agnostic
design and low computational requirements make large-scale litera-
ture analysis accessible to a broad audience. The framework is openly
available as a Python package (https://pypi.org/project/quinex/,
https://github.com/FZJ-IEK3-VSA/quinex), as are the underlying lan-
guage models (https://huggingface.co/JuelichSystemsAnalysis).

Furthermore, to facilitate the sharing, reuse and integration of en-
ergy technology data, a controlled-access techno-economic database is
being developed. In this database, data will be described using the Open
Energy Ontology [75] (OEO) as a community-driven terminology stan-
dard. Meanwhile, Quinex is being extended to automatically populate
the database.
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Table 1
Major modules of the ETHOS suite that 1) are already openly available or 2) have already been published in journals and are scheduled for open-source release.
Category ETHOS Model Short description Repository Journal
Publications
Data & Metadata DataDesc Metadata schema for software and data https://github.com/FZJ-IEK3-VSA/DataDesc [31,32]
Data & Metadata Quinex Al-based extraction of quantitative information from  https://github.com/FZJ-IEK3-VSA/ETHOS. [33,34]
text quinex
Data & Metadata LoadProfile- Generation of load profiles for residential buildings https://github.com/FZJ-IEK3-VSA/ [35,36]
Generator LoadProfileGenerator
Data & Metadata PeNALPS Generation of load profiles for industrial sites https://github.com/FZJ-IEK3-VSA/ [37]
ETHOS_PeNALPS
Data & Metadata BUILDA Provision of spatially explicit building data https://github.com/FZJ-IEK3-VSA/ethos- [38,39]
builda-client
Renewable Energy Potential GeoKit Analysis and Processing of Geodata https://github.com/FZJ-IEK3-VSA/geokit [40]
Assessment
Renewable Energy Potential GLAES Land eligibility assessment for energy technologies https://github.com/FZJ-IEK3-VSA/glaes [41]
Assessment
Renewable Energy Potential RESKit Simulation of globally validated generation profiles https://github.com/FZJ-IEK3-VSA/RESKit [20,42]
Assessment and costs for energy technologies
Renewable Energy Potential PASSION Al-based assessment of rooftop potentials worldwide  https://github.com/FZJ-IEK3-VSA/PASSION [43]
Assessment
Renewable Energy Potential REFLOW Provision of a workflow manager for potential https://github.com/FZJ-IEK3-VSA/ethos. [44,45]
Assessment assessments REFLOW
Energy Systems Design tsam Time series aggregation for energy systems analyses  https://github.com/FZJ-IEK3-VSA/tsam [12,46-48]
Energy Systems Design spagat Spatial aggregation for energy systems analysis https://github.com/FZJ-IEK3-VSA/FINE/tree/ [49]
master/fine/aggregations
Energy Systems Design HiSim Simulation of building energy systems https://github.com/FZJ-IEK3-VSA/HiSim [5
Energy Systems Design FINE Facilitated energy system model set-up via https://github.com/FZJ-IEK3-VSA/FINE [51
standardized framework
Socioeconomics DEMARCO Macro-economic assessment of energy systems Release planned 52-54]
Socioeconomics MODE.behave Assessment of mobility behavior https://github.com/FZJ-IEK3-VSA/ [55]
mode_behave
Model Instance FineBuildings Optimization of building energy systems at arbitrary ~ Release planned [56-59]
locations
Model Instance FineRegions Optimization of German municipalities Release planned [60,61]
Model Instance NESTOR Optimization of one-node national energy systems Release planned [62-65]
Model Instance Infrastructure Optimization of multi-node energy infrastructure Release planned [66]
Model Instance FineEurope Optimization of the European energy system (multi-  Release planned [67]1

node)

3.1.3. Load Profile Generation

Load profiles are time series that represent the energy demand of
individuals, devices, or facilities over time. In energy systems, accu-
rately capturing and anticipating demand through load profiles is
essential for ensuring the alignment of energy supply and demand.
These profiles are critical inputs for evaluating and designing flexibility
measures, including energy storage systems, demand-side management,
flexible generation technologies, oversizing unflexible energy supply
technologies, and energy imports. Load profiles provide detailed in-
sights into consumer behavior patterns. As a result, empirically
measured load profiles are often considered sensitive data, which limits
their availability for research and development purposes.

In addition, many energy system analyses require load profiles for
hypothetical or future scenarios where no measured data exists. This
makes it necessary to generate load profiles through alternative methods
such as occupancy behavior simulation [76]. Artificial load profiles offer
two key advantages: they can be freely shared as open data, and they can
be tailored to represent prospective scenarios. To support this need, the
ETHOS platform offers two tools for load profile generation. The ETHOS.
LoadProfileGenerator simulates electricity demand profiles for private
households, while ETHOS.PeNALPS focuses on simulating load profiles
for industrial manufacturing processes.

LoadProfileGenerator. The LoadProfileGenerator [35] is an agent-
based residential demand model designed to generate high-resolution
load profiles for individual households. It is based on a desire-driven
approach that uses a psychological model to simulate daily activities
of each occupant. These activities are linked to devices, whose load is
then aggregated to create the household load profile. By modeling each
occupant and device individually, the LoadProfileGenerator can account
for various constraints such as time limits and concurrent device usage,
resulting in realistic and internally consistent energy demand patterns.

The LoadProfileGenerator offers highly detailed household configura-
tion options, including every device and behavioral trait of the occu-
pants. To simplify usage, it provides a set of predefined households
representative of the German population, which can be simulated
directly or adapted as needed.

The model has been applied for many different purposes, for example
assessing methods for electric vehicle charging [77] and optimal sizing
and operation of photovoltaic systems [78,79]. In future work, it will
serve as a foundation for simulating occupant behavior and energy de-
mands for entire cities.

The LoadProfileGenerator is fully open-source (https://github.
com/FZJ-IEK3-VSA/LoadProfileGenerator). Precompiled executables
are available for both Windows and Linux (https://www.loadprofilege
nerator.de/download). They include a graphical user interface for
household configuration, and a command line tool for simulation.
Additionally, a Python wrapper library is available via PyPI (https://pyp
i.org/project/pyloadprofilegenerator/).

PeNALPS. ETHOS.PeNALPS [37] (Petri Net Agent-based Load Pro-
file Simulator) simulates the load profiles of industrial manufacturing
systems. It enables the modeling of individual systems as well as entire
industrial sectors — such as steel, cement, or glass production — on a
national scale. It provides a set of generic building blocks that can be
used to model industrial manufacturing systems.

PeNALPS conceptualizes industrial manufacturing systems as net-
works of work systems that are interconnected via material flows. Each
work system is represented as an autonomous agent capable of
communication with other agents to which it is linked through material
dependencies. This agent-based communication allows for the syn-
chronization of inputs and outputs across the system, resulting in the
creation of a just-in-time production schedule.

The energy demand of the system is attributed to both the activity of
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Fig. 2. Overview of the major modules of the ETHOS suite, categorized into “Data & Metadata”, “Frameworks & Models” and “Model Instances”. The modules are
either 1) already openly available or 2) have already been published in journal articles and are scheduled for open-source release. The illustrations in the figure were
taken from various previous publications[2,24,32,34,36,43,44,49,50,53,55,58,60,68].

the individual work systems and the associated material flows. Fluctu- from its GitHub repository [37].

ations in activity can then lead to fluctuations in energy demand.

ETHOS.PeNALPS is an open-source Python-based software package, 3.1.4. Building Database

available via the conda-forge channel or for development use directly The building database ETHOS.BUILDA provides building data for the
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German building stock at the level of individual buildings. Data includes
both geometric information, such as the building footprint and the
height, as well as information about, for example, building type, size
class, construction year, TABULA types, and heating systems. The
footprint polygons were retrieved from official 3D building datasets and
OpenStreetMap data [38]. The building footprint data was then
enriched with further attributes, using both the aforementioned data
sources as well as additional sources, such as the German census.
Furthermore, machine learning models were trained in order to impute
missing values for attributes, such as height [38], size class and con-
struction year [39]. Using this approach, a complete building dataset for
Germany was created.

The data is made available through a Rest-API (https://ethos-builda.
fz-juelich.de/), which allows the targeted retrieval of buildings of
selected types and for areas. Furthermore, a ready-made Python client
(https://github.com/FZJ-IEK3-VSA/ethos-builda-client) is available,
which is especially useful for integration in Python-based workflows.
Furthermore, database extracts in CSV-format can be downloaded from
Zenodo  (https://doi.org/10.5281/zenodo.11845991,  https://doi.
org/10.5281/zenodo.12069754).

The database is a valuable resource for large-scale simulation studies
of the German building stock and provides the data necessary to
parametrize building models such as ETHOS.HiSim (https://github.
com/FZJ-IEK3-VSA/HiSim). This makes it possible to conduct bottom-
up studies of, for example, self-sufficiency rates of building energy sys-
tems [50]. In the future, data from ETHOS.BUILDA could be used in
workforce demand analyses for building envelope refurbishments or for
city simulations. The database will be extended to include the buildings
of further countries in the future.

3.2. Renewable Energy Potential Assessment

Future greenhouse gas-neutral energy systems will be based on
renewable energies for electricity and heat supply. To plan these systems
appropriately, information is needed on the technical, economic, and
feasible [80] potential of renewable energies, which is determined by
restrictions such as land availability, solar radiation, wind conditions,
etc. Determining this potential is not straightforward, and there are
many different approaches that have also led to scientific debates in the
past [81,82]. The modules of the ETHOS suite described below are
therefore continuously being developed to keep them up to date with the
latest scientific findings [83,84].

3.2.1. Land Availability and Renewable Energy Simulation
ETHOS.GLAES [41] allows the processing of geographical informa-
tion to identify areas suitable for a specific application. Typically, it is
utilized to assess eligible areas for different renewable energy technol-
ogies but can be used for all land-use related questions as for instance
already done to assess locations of salt caverns for underground
hydrogen storage [85]. The spatial resolution can technically be as high
as 1m x 1m, effectively the achievable accuracy depends on the selected
input datasets. The exclusions based on multiple geographical entities
selected by the user from different datasets can be blended within
ETHOS.GLAES, and individual buffer distances to specified point or
polygon features can be defined. Based on this information, ETHOS.
GLAES iteratively calculates the remaining eligible area and returns it as
a scalar percentage as well as a combined raster eligibility map. The
geospatial operations within ETHOS.GLAES heavily rely on ETHOS.
GeoKit [40], a versatile tool for geospatial analyses in Python which can
also be used autonomously. Making use of calculation-efficient gdal [86]
operations, it allows dealing with vector and raster data in a single
package. ETHOS.GeoKit is often used to pre-process and harmonize
vector network layers. In Caglayan et al. [87], for example, these layers
were then clipped to the study area, aligned to coordinate reference
systems and prepared for candidate grids. These layers were subse-
quently employed in the design of hydrogen transmission networks
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within a fully renewable European energy system.

Within a second step, ETHOS.GLAES places renewable energy tech-
nologies across the identified eligible areas. The distribution of polygons
as well as point locations is possible, with an optional spatial orientation
such as it is used e.g. to consider different distances between wind tur-
bines in main or crosswind direction. The geospatial information ob-
tained from ETHOS.GLAES can be directly utilized within ETHOS.
RESKit [31]. Alternatively, continuous rasters indicating distances from
each exclusion case can be generated, allowing for multi-criteria deci-
sion-making approaches.

ETHOS.RESKit [42] is a simulation tool, which calculates the output
time-series of renewable and other energy technologies at a specific
geolocation or area. For each energy technology, a separate module is
implemented, currently covering wind turbines, photovoltaic systems,
concentrated solar power and enhanced geothermal systems. Each
module contains workflows to account for different weather data sour-
ces or methodological approaches. The workflows are usually based on a
time-resolved weather data input, often combined with a static down-
scaling via the global wind atlas [88] respectively global solar atlas [89].
To ensure reliable and accurate results, validation is a crucial prereq-
uisite. Wind workflows in ETHOS.RESKit currently exist both validated
for MERRA-2 [90] on a European scale [20] and for ERA-5 [91] on a
global scale [42]. The temporal resolution is usually determined by the
main weather dataset, often hourly [90,91], whereas the spatial reso-
lution is determined by the long-run average data used for the spatial
resampling which typically is at 250m x 250m resolution [88,89]. The
output of ETHOS.RESKit is, hence, a time-series, often in hourly reso-
lution, of generated power of a specific renewable energy technology for
a specific plant. This can be analyzed at high detail level for local as-
sessments or be aggregated for use in energy system models like ETHOS.
FINE [51] due to the vast amounts of data. Besides modules for power
generation technologies, ETHOS.RESKit enables simulation of weather-
dependent technologies in general. For instance, the specific energy
demand of direct air capture (DAC) plants is severely affected by the
prevailing air temperature and relative humidity [92] and can be
simulated for specified locations using ETHOS.RESKit. While default
DAC models from literature are already incorporated, the user can
define further models as sought. Furthermore, other location specific
time series data, such as the energy demand or water consumption of
cooling systems, can be calculated by existing modules with ETHOS.
RESKit.

Up until now, ETHOS.GLAES and ETHOS.RESKit have been utilized
widely, spanning from national [93-96] over regional and continental
[20,41,68,85,97,98] to global assessments [99,100]. ETHOS.GLAES and
ETHOS.RESKit have also been used to generate the energetic potential at
global scale for multiple IEA reports [25-30,101]. Their focus is on
open-field PV and wind onshore, but further applications span other
energy technologies like rooftop photovoltaics [95], geothermal systems
[102], agri-, parking and floating photovoltaics [94] or salt caverns [85]
as well. Typically, ETHOS.GLAES and ETHOS.RESKit are used together
to generate input for energy system models [63,67].

An exception to this is the Hy Atlas Africa [103], which provides
openly available data via a web-based GUI. Here, ETHOS.GLAES and
ETHOS.RESKit were used for renewable and hydrogen potential as-
sessments. The application of ETHOS.GLAES is not limited to renewable
energy technologies but can be applied to all land-use questions. In this
regard, land-use change and impact of climate change on land-use are
promising future applications of ETHOS.GLAES. The integration of
weather products covering climate change in turn presents a promising
future application for ETHOS.RESKit to assess the impact of climate
change scenarios on renewable energy generation. The integration of
workflows for further energy technologies is planned to create a
framework which can provide all weather-dependent time series data
needed for energy system models.

ETHOS.GLAES, ETHOS.RESKit, and ETHOS.GeoKit are open-source
Python-based software packages, available via the conda-forge
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channel or for development use directly from their github repositories
(https://github.com/FZJ-IEK3-VSA/glaes, https://github.com/FZJ-IEK
3-VSA/reskit, https://github.com/FZJ-IEK3-VSA/geokit). The tools
can be used either separately or in combination, allowing for a geo-
location specific assessment of renewable energy potentials at local to
global scales. Workflow managers within the packages provide the user
with easy to apply workflows for different application cases.

3.2.2. Renewable Potential Assessment Workflows

As described above, most renewable resource assessments are not
transparent and reproducible [72]. To counteract this, we have devel-
oped the ETHOS.PASSION and ETHOS.REFLOW workflows for our
assessments.

ETHOS.PASSION [43] represented our first attempt to generate a
conceptual workflow for rooftop photovoltaic potential assessment.
PASSION comprises an open-source, scalable, and robust workflow
based on three neural networks integrated into a two-look approach to
identify roof areas using satellite images, place photovoltaic modules
there, and determine their maximum techno-economic potential per
roof half.

ETHOS.REFLOW [44] is a Python-based workflow management tool
designed to ensure transparency and reproducibility in renewable en-
ergy potential assessments. It draws on our experience with the devel-
opment of PASSION. REFLOW uses Spotify's Luigi as the core workflow
manager and supports containerization through Docker for reproducible
computing environments. The framework allows researchers to repro-
duce existing workflows through simple single-line commands using
standardized JSON configuration files rather than modifying underlying
code. This approach reduces technical barriers for users with varying
programming experience while maintaining full reproducibility. The
tool automatically manages Python package dependencies and can be
easily integrated with any software that has a Python interface,
including GLAES for land eligibility analysis and RESKit for power
generation simulations.

REFLOW implements a structured computational workflow using a
directed acyclic graph architecture that manages task dependencies and
ordering. The framework addresses critical reproducibility challenges in
renewable energy research, where studies often lack adequate docu-
mentation and code availability. REFLOW supports heterogeneous data
types including meteorological time series (NetCDF), geospatial data
(shapefiles, GeoTIFF), and tabular data (CSV, JSON). It allows full
reproducibility through the full data science workflow of renewable
potential analyses: from data acquisition and pre-processing through
land eligibility assessments and power generation simulations, to report
generation and visualization. Key features include comprehensive log-
ging, checkpoint functionality for long-running analyses, parallel pro-
cessing capabilities for HPC systems, and built-in validation routines for
early error identification.

REFLOW has been successfully demonstrated through case studies
including a technical offshore wind potential assessment of the North
Sea [44] and a land use assessment of the worldwide solar and wind
infrastructure [45]. The North Sea case study evaluated two method-
ologies across multiple scenarios for both fixed-foundation and floating
turbine technologies, estimating an installable capacity ranging between
768-861 GW with annual electricity yields between 2,916-3,047 TWh.
Ongoing applications include a techno-economic assessment of Europe’s
onshore wind energy under various social acceptance scenarios based on
the proximity of wind infrastructure to scenic areas [104], and an
assessment of Europe’s offshore wind energy potential incorporating a
novel physics-based model for estimating wake reductions from
large-scale wind turbine deployment. The machine-readable outputs of
RELFOW can be integrated directly with energy system optimization
models, which allows for the future development of a fully reproducible
comprehensive energy system analysis, from potential assessments
through to full-scale energy system optimization.
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3.3. Energy Systems Design

A unique feature of the ETHOS model suite is that the energy system
analyses are possible on all spatial scales. In addition to the global and
(inter-)national analyses already described, we are thus also able to
conduct optimizations at municipal [60,61] and building level [56-59].
This supports us in evaluating the feasibility of the national trans-
formation pathways at the local level and in providing policy advice on
necessary regulations. An analysis of different spatial scales is made
possible by our developed open-source Framework for Integrated En-
ergy System Assessment (ETHOS.FINE) and a joint technology database.
Through standardized features for technology and measure specifica-
tion, the framework enables the accelerated implementation of energy
system models and is the basis for all our optimization models.

3.3.1. Framework for Integrated Energy System Assessment (ETHOS.FINE)

ETHOS.FINE [51] provides a framework for modeling, optimizing
and assessing energy systems. To set up an energy system model, mod-
elers can assemble components from different object classes. These
include sources and sinks representing imports and demands, conver-
sion technologies that capture processes such as electricity generation,
transmission elements that interconnect nodes or regions to facilitate the
exchange of energy carriers, and storage units that enable temporal
balancing of the system.

To manage model complexity, the framework provides built-in ag-
gregation tools. Temporal resolution can be simplified using the inte-
grated Python package tsam [12], which enables clustering of time steps
into typical periods, segmentation of time series, or hybrid approaches,
while spatial and technological detail can be reduced following estab-
lished aggregation methods [49]. More detailed descriptions of these
aggregation methods follow below. Transformation pathways can be
examined by incorporating multiple investment periods under myopic,
rolling horizon, or perfect foresight formulations [62]. Furthermore, the
framework enables stochastic optimization for single-year planning
problems with multiple parameter realizations, thereby facilitating the
identification of more robust system configurations.

Recent applications include analyses of the influence of meteoro-
logical variability on optimal siting strategies for direct air capture
technologies [92,105], investigations of the role of foresight horizons in
shaping decarbonization trajectories [62], and participatory mapping of
local cost potentials for green hydrogen in sub-Saharan Africa [98].
ETHOS.FINE is an open-source Python-based software package, avail-
able via the conda-forge channel or for development use directly from its
GitHub repository [51].

3.3.2. Time Series Aggregation Module (ETHOS.tsam)

Incorporating large amounts of data is a particular challenge for
energy system models, as they are generally based on optimization
problems whose complexity increases disproportionately to the number
of variables and constraints considered. This is a hurdle to the maximum
level of detail that can be achieved with these models. For this reason,
acceleration methods have been systematically developed, imple-
mented, and validated that permit the incorporation of ever higher
resolution datasets into ever larger models. These include the develop-
ment of heuristics that reduce the resolution of models in those areas
where high resolution does not provide added information value. Ex-
amples of these techniques include spatial [49] and temporal aggrega-
tion [12], i.e., grouping together regions and time steps considered by
the models that do not significantly differ from each other.

In addition to comprehensive surveys [2,106] on energy system
frameworks and the general handling of complexity in these systems, we
achieved several further developments in the field of temporal aggre-
gation. As part of our ETHOS model suite, our open-source tool ETHOS.
tsam (Time Series Aggregation Module) for automated Pareto-optimal
time series aggregation allows users to select different combinations of
clustering approaches and representation methods for time series
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aggregation, thereby accelerating the solving of our optimization
problems [12]. Our advanced but generally applicable clustering tech-
niques allow for ad-hoc improvements of current approaches without
requiring profound knowledge of the individual energy system model.
These improvements comprise a method to find the optimal trade-off
between the number of typical days and inner-daily temporal resolu-
tions, and a representation method that can reproduce the value dis-
tribution of the original time series.

Our improvements in current methods dominate the status quo with
respect to Pareto-optimality in terms of runtime and accuracy. While a
speeding up factor of one magnitude could be achieved using traditional
aggregation methods within a cost deviation range of two percent, our
algorithms can achieve this accuracy with a runtime speedup by a factor
of two orders of magnitude.

The ETHOS.tsam tool is published open-source on GitHub, and
available via the PyPI (https://pypi.org/project/tsam/) and conda-forge
channels. Beyond its core algorithms, it is designed to integrate seam-
lessly into existing modeling workflows with minimal adaptation effort
as applied by modelers worldwide, for example, in prominent optimi-
zation frameworks such as PyPSA [9] and ETHOS.FINE [51,107].
Notably, ETHOS.tsam supports flexible temporal resolutions, including
sub-hourly, which are becoming increasingly relevant as renewable
energy penetration increases [108]. Additionally, it can handle multiple
parallel time series, including load data, weather data, and market pri-
ces, thereby broadening its applicability. This flexibility renders it
suitable for a variety of energy system analyses.

3.3.3. Spatial and Technological Aggregation (ETHOS.spagat)

As energy system models increase in spatial and technological res-
olution, their computational complexity grows substantially. This chal-
lenge becomes particularly pronounced in models that span large
geographic areas and incorporate high shares of variable renewable
energy sources, such as wind and solar power. In such cases, the models
may become computationally infeasible to solve in a reasonable time.

To address this, the SPAGAT [49] tool is employed to reduce model
complexity. It does so by identifying representative subsets of regions
and variable components, thereby enabling aggregation without sig-
nificant loss of critical information. This dimensionality reduction
approach helps maintain the integrity of system dynamics while
ensuring that the model remains computationally tractable.

The spatial and technological aggregation functions are integrated
into the FINE framework. Therefore, the same installation as for FINE
applies here. SPAGAT reduces:

(a) The number of regions present in the energy system model.
The regions with similar attributes (operation rates, capacity,
locational eligibility, etc.) of different components (renewable
technologies, electricity demands, storages, etc.) can be grouped.
The k-medoids clustering algorithm is used for grouping. In the
next step, each component is aggregated, thus providing a
reduced set of regions that represent the original region set.

(b) The number of installation sites of variable renewable
technologies such as wind turbines or photovoltaics. A time
series aggregation, using hierarchical clustering, is employed to
reduce the number of individual installation sites of renewable
technologies present in the energy system. In contrast to tsam,
SPAGAT aggregates several time series into one representative
series, whereas tsam aggregates the time steps of several single
time series.

If the number of wind turbines are to be reduced, then in each region,
the wind turbines’ operation time series are first clustered using a hi-
erarchical clustering algorithm. Next, a representative per group is ob-
tained by taking the average of all the times series in the group and the
sum of all their capacities.
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3.3.4. Household Infrastructure and Building Simulator (ETHOS.HiSim)

ETHOS.HiSim [50] is a Python-based, open-source building simula-
tion framework designed for bottom-up analyses of household scenarios
and building energy systems. It generates detailed load profiles for
electricity consumption and generation, heating demand, and smart
control strategies. The framework is easy to install, user-friendly, and
publicly available under a MIT license (https://github.com/FZJ-IEK3-
VSA/HiSim).

ETHOS.HiSim is modular, highly scalable, and well-suited for auto-
mation and parallel computing. Users can select different temporal
resolutions, ranging from 1 to 60 minutes, depending on the level of
detail required. With ETHOS.HiSim all kinds of household in-
frastructures and building energy systems can be modelled and
analyzed. Users can choose between different household scenarios like
singles, families or seniors etc. providing different residents load pro-
files. Also, users can build their own energy system containing rooftop
PV, solar thermal systems, boilers or heat pumps, fuel cells, batteries,
energy management systems and many more. Different building types
with diverse physical properties, including size, height, location, energy
efficiency, u-values, rooftop orientation, can be simulated. Large
building stock analyses can be conducted in an efficient and precise
manner. Furthermore, different climate scenarios can be investigated, e.
g., to evaluate the effects of climate change on building systems.

3.4. Socio-economics

As shown in Fig. 1, in addition to modules for techno-economic
analysis, the ETHOS model suite also includes modules for the socio-
economic assessment of energy systems, which are described below.

3.4.1. Dynamic macro-economic assessment (ETHOS.DEMARCO)

The macroeconomic environment in which energy system trans-
formation occurs plays a crucial role in shaping key outcomes. Its in-
fluence extends well beyond the standard considerations of gross
domestic product (GDP) growth and energy consumption. Additional
important factors include openness to trade, the availability of essential
industrial inputs, and the presence of production resources such as
skilled labor, financial capital, and natural capital. These elements can
either accelerate or slow progress toward achieving net-zero carbon
emissions, making them critical to consider.

The central focus here is not only on how the transformation of the
energy system affects the overall economy (as in Royston et al. [109]).
Instead, we also investigate how broader macroeconomic conditions can
influence both the success and pace of the transition to net-zero carbon
emissions. At the same time, it remains important to assess the effects of
the transition on key economic indicators such as GDP, wages,
employment, and household consumption to provide context for a ‘just
transition.’

To support this analysis, we are developing a set of modules within
ETHOS.DEMARCO that can be integrated with energy system optimi-
zation models or used as standalone tools. These tools are designed to
evaluate the macroeconomic implications of various shocks and policy
interventions. This approach expands the typical scope of energy system
transformation assessments by also considering issues such as labor
market policies, fiscal policies, and the resilience of the system to
external shocks and how these factors might affect the energy system.

The development of these tools is informed by recent research
[110-113] and draws on a wide range of economic models, including
general equilibrium, disequilibrium, econometric approaches, and state-
of-the-art agent-based modeling. Each method has its own strengths and
limitations, but by applying these tools in parallel and selecting the most
appropriate one for each use case, it is possible to provide a compre-
hensive assessment of key macroeconomic issues. Example applications
include analyzing the implications of short-term economic constraints in
a hybrid energy-economy setting [53], assessing system resilience [54],
and examining the impacts of water scarcity [114].
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Recent work [115] introduces a state-of-the-art macroeconomic
modelling framework that is currently being incorporated into the
DEMACRO module. By design, this framework supports cross-domain
integration and anticipates closer connections with various aspects of
the current ETHOS suite such as ETHOS.MO|DE (see section 3.4.2). Bi-
directional linking is explicitly enabled, allowing for interactions be-
tween the modules. However, full incorporation into the DEMACRO
toolbox is still a work in progress.

3.4.2. Mobility behavior

ETHOS.MO|DE.behave [55] is a Python-based software package
used for estimating and simulating discrete choice models. ETHOS.MO|
DE.behave uses advanced discrete choice methods to quantitatively
analyze survey data on consumer choice behavior. To this end, ETHOS.
MO|DE.behave contains routines for estimating conventional multino-
mial logit models. Notably, it is the first software tool to provide func-
tions for estimating mixed logit models with non-parametric
distributions. In addition, post-processing tools are available that help to
analyze and apply the previously estimated choice models quickly.
Furthermore, simulation methods are included which can be used in
particular in transportation research [102,103], among other areas. One
example of this is simulating long-term mobility-related decisions, such
as whether to buy a car, and short-term decisions about how to travel on
an upcoming trip. This information can then be used to calculate
transport demand and the energy required for both public and private
transport.

ETHOS.MO|DE.behave has been developed as a broadly applicable
framework for the rapid quantitative analysis of choice behavior based
on discrete choice theory. A typical use case can be seen in the analysis
of survey data. The following four steps must be followed. First, the
survey data must be prepared according to the input format specified in
the repository’s documentation. Then, in the second step, the relevant
model attributes must be selected and the further model parameters
specified. Next, a multinomial or mixed logit model is estimated. Finally,
the estimated model parameters and simulation results are analyzed and
visualized.

A recent application of ETHOS|MODE in the ETHOS modelling suite
involves providing input parameters to ETHOS.NESTOR (Section 4)
relating to passenger transport demand by transport mode, as well as
powertrain mixes. Both data sets are relevant for estimating transport
energy demands, including the type and quantity of fuels, which depend
on the powertrain type and efficiency. The software package ETHOS.
MO|DE.behave and its associated workflows are currently being further
developed, with the aim of making them also available as open source.

4. Model Instances and Interfaces

In this section, we describe the model instances of the ETHOS.FINE
energy system optimization framework (see Fig. 3). The framework is
used to define possible technologies and measures, as well as all inputs
to be used for a specific energy system within a spatial boundary.
Although other modules such as RESKit were also used for case studies
(see details above), these are not optimization model instances in this
sense, which are used for various questions and sensitivity calculations
as in the case of energy systems. The model instances described below
can be recreated using the open-source modules of the ETHOS model
suite. However, they are not yet available as open source — work is
currently underway on their publication.

ETHOS.FineEurope. The ETHOS.FineEurope model is a spatially
and temporally highly resolved energy system optimization model
depicting the European energy system by covering the EU-27 as well as
the United Kingdom, Norway, and Switzerland. The model focuses on
electricity, natural gas and hydrogen infrastructures, representing the
import, generation, storage, and transmission of these energy carriers.
Reassignment of existing natural gas underground storage and pipeline
infrastructure is explicitly considered (see Fig. 3). Other sectors are
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represented by their exogenously defined demand for electricity,
hydrogen, and natural gas (see details in Supplementary Material).
Ongoing developments include modeling the value chains of hydrogen
derivatives and synthetic fuels, including their transport via ships and
trucks. Besides ETHOS.FINE, the model utilizes various other packages
from the ETHOS model suite and databases to generate the model input
[67]. The model can be applied in a myopic, rolling horizon, or perfect
foresight setting with a variable investment period length to analyze the
different transformation pathways toward greenhouse gas neutrality.

In a first study [67], the model is used to investigate the optimal
balance between the domestic production of hydrogen and its import
from the world market. Thereby, the model results show that neither a
fully self-sufficient system nor a complete reliance on imports is cost-
optimal by 2050. Additionally, the results show also that varying
weather conditions can change the optimal import share by up to 60%,
thereby highlighting the importance of a flexible and diversified
hydrogen supply strategy. Recently, the model was also expanded to
include endogenous technological learning [116], which led to a sig-
nificant increase in complexity. In this case, this computational effi-
ciency challenge had to be addressed through appropriate temporal
(section 3.3.2), spatial, and technological aggregation (section 3.3.3).

ETHOS.NESTOR. The ETHOS.NESTOR (National Energy System
model with secTOR coupling) model is a sector integrated, single-node
energy system optimization model with hourly resolution (see Fig. 3). It
represents national energy systems with high technological detail
through a bottom-up modelling of process chains in the sectors energy
supply, industry, residential and non-residential buildings, and mobility.
Thus, energy demand from these sectors is endogenously optimized with
respect to exogenous demands for industrial goods, transport demands
for people and freight, and heated areas. The model calculates cost-
optimal transformation pathways from existing national energy sys-
tems towards future energy systems by minimizing total systems costs
while ensuring that emission reduction targets are met. To achieve this,
ETHOS.NESTOR uses the modelling capabilities of ETHOS.FINE and
several other packages from the ETHOS model suite to generate model
input data (see Fig. 4).

The model is currently being developed for a few other countries, but
in the past ETHOS.NESTOR was used solely for the German energy
system. For example, one study [62] analyzes the impact of different
foresight horizons on the transformation of the German energy system
towards greenhouse gas neutrality. Another article [63] shows that
moderate consideration of visual impacts by wind turbines and open-
field photovoltaics in their siting processes does not have a significant
impact on Germany’s future energy system design and costs. Further-
more, the model has been used to investigate different recycling options
for industrial processes and their effects on the German energy system
[64], or the role of hydrogen as an important energy carrier in a
greenhouse gas neutral system [65,126].

Along with ETHOS.FineEurope, ETHOS.NESTOR is the most complex
model in the ETHOS suite, resulting in computation times ranging from
several hours to two weeks. For this reason, aggregated versions of the
model were recently developed to enable the calculation of thousands of
scenario variations [127].

ETHOS.Infrastructure. The ETHOS.Infrastructure model depicts
Germany with higher spatial resolution to integrate transmission infra-
structure considerations into the energy transformation pathway opti-
mization (see Fig. 3). The spatial resolution is based on the current high-
voltage electricity grid. Voronoi regions around the grid buses are used
as basis and aggregated to 80 regions to reduce model complexity,
supplemented by two offshore regions to model offshore electricity
generation. The model covers the exchange of electricity, natural gas,
hydrogen and heat between the modeled regions along existing, planned
and newly built transmission lines. Furthermore, reassignment of
existing infrastructure, e.g. converting natural gas pipelines to hydrogen
pipelines or natural gas underground storages to hydrogen storages, is
included in the model. Demand of residential, industrial and commercial
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sectors is given as exogenous input. The model can be applied in a
myopic setting with a variable period length.

To increase sectoral coverage, ETHOS.Infrastructure can be coupled
with ETHOS.NESTOR using optimized capacities and demand profiles
and distribute them on a regional level. The distribution of capacities
and their operation are done within the optimization in a cost-optimal
manner considering grid bottlenecks. This approach has been used to
investigate the role of liquid hydrogen and its transportation means via
railway, truck and ship transport in an energy system optimized for the
year 2045 [66]. Model results show that liquid hydrogen is only trans-
ported if hydrogen is requested as liquid, which might occur for the
aviation sector or if high purity levels of hydrogen are required. Railway
transport is shown to be a cost-efficient transportation option for liquid
hydrogen but bottlenecks in the rail network limit its potential.

ETHOS.FineRegions. The ETHOS.FineRegions model is a municipal
energy systems model that represents municipalities as a single node
(see Fig. 3), similar to ETHOS.NESTOR. Therefore only simplified esti-
mates of all infrastructures, such as heating networks, are provided
based on established approaches from the literature [128,129]. Through
the efficient design of the highly detailed model, together with
complexity reductions based on time series aggregations, we were able
to design the robust and cost-optimized energy systems of all 11,000
German municipalities for the first time [60]. For the parallel compu-
tation of more than one million optimizations, we used high-
performance computing cluster infrastructure. This makes the ETHOS
suite one of the few tools worldwide capable of conducting both detailed
national and municipal energy system optimization of a whole country.
One further example is the EXPANSE energy system model, which has
already been applied to over two thousand Swiss municipalities

11

[130,131], and to Switzerland as part of Europe [132,133].

Another ETHOS.FineRegions study [61] for 330 municipalities in the
Upper Rhine Graben area in South Germany demonstrated that the novel
technology of direct lithium extraction from thermal water can make
deep geothermal plants cost-competitive with other renewable energy
technologies. The modeled simultaneous supply of electricity in Organic
Rankine processes and the provision of heat via district heating net-
works would primarily displace photovoltaic plants, wind turbines and
heat pumps from cost-optimized systems. Our analysis further indicates
that deep geothermal plants in 10% of the 330 municipalities could
provide enough lithium to produce about 1.2 million electric vehicle
battery packs per year, equivalent to 70% of the current (2022) annual
electric vehicle registrations in the EU.

ETHOS.FineBuildings. The ETHOS.FineBuildings model identifies
cost-optimal technology portfolios for building energy systems across
different building types (see Fig. 3). Analyses [56] show that autono-
mous buildings can be realized through sector-coupled systems
combining rooftop photovoltaics with conversion technologies, e.g.,
heat pumps, electrolysis, fuel cells, and electric boilers, and storage
options including batteries, thermal storage, and hydrogen. Integrating
a reversible solid oxide cell with liquid organic hydrogen carriers can
achieve full electrical and thermal self-sufficiency with a cost premium
of about 50%. High shares of on-site renewable generation can reliably
meet electricity and heat demand depending on building type and load
structure, although hydrogen costs must fall below 0.20 €/kWhH to be
economically viable by 2050. [57]

The model has also been used to evaluate the effect of temporal
resolution on system design and reliability [48,58,117,134]. Results
show that high temporal resolution can be crucial for accurately
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capturing storage dynamics and component sizing; for example, hourly
models can underestimate inverter capacity by up to 50% compared
with minute-level optimizations. Time-series aggregation can signifi-
cantly reduce computational effort while maintaining accuracy, and
sensitivity to high-resolution modeling decreases as the number of
buildings increases.

Further instances. The ETHOS.FINE framework is very flexible and
has been used for many other cases. One example is optimal siting of
direct air capture (DAC) plants, aimed at removing CO, from the at-
mosphere. DAC plants depend heavily on prevailing weather conditions,
which impact the productivity of CO, sequestration and the energy
demand of the DAC system. A recent study [92] applies ETHOS.FINE to
identify optimal locations for DAC plants across 11,000 German mu-
nicipalities, while considering local renewable energy potentials
including onshore wind, tracking PV, battery storage and a heat-pump
for high and low temperature DAC processes. The model endoge-
nously sizes all components and dispatches them to minimize total
annual system cost, and reports municipality-specific Levelized Costs of
DAC (LCOD) as total annualized system cost divided by the captured
CO across all hours. Further studies extend this model and apply it
globally to analyze the cost differences between high and low temper-
ature DAC processes. Using the ETHOS.FINE framework, we model a
LCOD merit order showing the optimal locations for removing CO5 until
2050 with both processes [135].

Model Interfaces. The ETHOS model suite is currently under con-
struction and undergoing continuous development. Therefore, as
described above, a small portion of the models is not yet open source,
and interfaces such as those to ETHOS.Quinex will only be introduced in
future publications. The already established model interfaces can be
seen in Fig. 3. The figure shows that the modules for determining
renewable energy potential (ETHOS.glaes & ETHOS.RESKit) and for
complexity reduction are most often combined with the energy system
optimization models based on the ETHOS.FINE framework.

5. Discussion and conclusion

The ETHOS model suite presented here provides a comprehensive
framework for energy system analysis based on a uniform database. It
enables model-based investigation of a wide range of research questions
in the field. Although most modules are already available as open source
and have been successfully linked in previous applications, further
development remains necessary. Ongoing work aims to make all models
openly accessible and to advance their development within an open and
collaborative environment.

In addition, standardized workflows are being established for all
stages of the modeling process. This approach has already been suc-
cessfully demonstrated with ETHOS.REFLOW for renewable energy
potential assessment [44]. To further enhance integration, uniform and
efficient interfaces are required to ensure optimal model coupling.
Community ontologies, such as the Open Energy Ontology, will be used
to process data and metadata in a machine-actionable manner. This will
also mean that all output data have to be provided in standardized
formats, such as the IAMC format [136], in the future.

The model suite can also be readily connected to other open external
tools. For example, results from energy scenarios could be used in pro-
spective Life Cycle Assessment [137] with tools such as Brightway [138]
to assess system-level environmental impacts (more information in
Supplementary Material). Appropriate interfaces will need to be devel-
oped for this purpose, and inventory management could benefit from
existing data-handling tools such as ETHOS.DataDesc [31,32] and
ETHOS.Quinex [34] to support data harmonization. In this context, our
research team is developing an ETHOS.FINE model instance that
endogenously accounts for material requirements in system optimiza-
tion [139]. Extensions similar to those implemented in REMIND-PyPSA-
Eur [140] are also conceivable to link integrated assessment models
(IAMs) with coarser temporal resolution to energy system models. While
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we have not yet encountered any major convergence issues when
coupling existing modules (e.g., iterative coupling of ETHOS.NESTOR
and ETHOS.Infrastructure), such issues could very well arise in the
future. The article [140] on REMIND-PyPSA-Eur has clearly shown that
100% convergence may not be achievable due to structural differences
between models.

Furthermore, although analyses with a temporal resolution of one
minute have already been conducted using the model suite [141], in-
teractions between the detailed equipment operation level, the system
operation level, and the wide-area system planning level have not yet
been investigated. However, such linkages and corresponding models
could, in principle, be implemented within ETHOS.FINE.

In addition, while individual modules of the suite are unique (e.g.,
ETHOS.Quinex), many modules are comparable to similar models found
in the literature. For example, the functionalities of ETHOS.FineEurope
are comparable to those of PyPSA-Eur [140]. The strength of the suite
lies rather in the interaction of its many modules to address a variety of
research questions. It is also unlikely that all modules in the suite will
ever be combined to address a single specific question; instead, indi-
vidual selected modules will be used flexibly in combination for
different questions.

In the long term, the model suite aims to provide a unified platform
for comprehensive analyses of energy systems ranging from net-zero to
beyond-net-zero [142] configurations. The approach with the suite will
ensure consistent data use and harmonized model assumptions. It will
also facilitate the automated integration of models from adjacent fields —
such as renewable energy potential assessment or natural language
processing-based data collection — into system optimization applica-
tions. Ultimately, the goal is to foster a large, open research community
that collaboratively advances the suite and contributes to informed,
evidence-based decisions in support of the energy transition.
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