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Abstract

Macro-energy system modelling is used by decision-makers to steer the global energy transition toward an
affordable, sustainable and reliable future. Closed-source models are the current standard for most policy and
industry decisions. However, open models have proven to be competitive alternatives that promote science,
robust technical analysis, collaboration and transparent policy decision making. Yet, two issues slow the
adoption: open models are often designed with limited geographic scope, hindering synergies to collaborate,
or are based on low spatially resolved data, limiting their use. Here we introduce PyPSA-Earth, the first
open-source global energy system model with data in high spatial and temporal resolution. It enables large-
scale collaboration by providing a tool that can model the world energy system or any subset of it. This work
is derived from the European PyPSA-Eur model using new data and functions. It is suitable for operational
as well as combined generation, storage and transmission expansion studies. The model provides two main
features: (1) customizable data extraction and preparation scripts with global coverage and (2) a PyPSA
energy modelling framework integration. The data includes electricity demand, generation and medium to
high-voltage networks from open sources, yet additional data can be further integrated. A broad range of
clustering and grid meshing strategies help adapt the model to computational and practical needs. A data
validation for the entire African continent is performed and the optimization features are tested with a 2060
net-zero planning study for Nigeria. The demonstration shows that the presented developments can build
a highly detailed energy system model for energy planning studies to support policy and technical decision-
making. We anticipate that PyPSA-Earth can represent an open reference model and we welcome to join

forces to address the challenges of the energy transition together.
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1. Introduction

1.1. Motivation

Energy system planning models are broadly adopted around the world. They are used as instruments
to inform policy and investment decision-making, such as operational, supply diversification, and long-
term infrastructure planning studies. Inscrutable ‘black-box’ models, even though being under criticism
in academia [ [2], are still the standard for high-impact modelling such as the African Continental Power
System Plan [3]. This prevents transparent decision-making while having other major drawbacks, as de-
scribed in [l 2]. Open-source models evolved to overcome these typical black-box model problems and can
perform equivalent or even more tasks, but at no charge, while additionally supporting transparent and ro-
bust analyses [4]. In many examples, the European Commission applies open tools and requests their use in
funded projects, proving its belief in the benefits of openness and transparency [5]. Now with the encouraging
rise of more than 31 models in 2019 [6], simultaneously concerns of failed collaboration and duplication are
arising that cost taxpayer money [7]. As a result, it becomes increasingly important to avoid duplication and
provide modelling solutions that allow global united efforts. For these reasons, in this study, we propose an
open-source community-backed flexible energy system model able to represent any arbitrarily large region of
the world energy system in high spatial and temporal resolution that leverages other existing open-source

projects to serve industry, policymakers, and researchers.

1.2. Literature analysis

In general, models are idealised representations of real physical systems. To ease building idealised
systems, 'frameworks’ have been developed to provide pre-compiled equations, algorithms, solver interfaces
and/or input/output features. A framework becomes a ‘'model’ only when data is added that describes real
physical systems [§]. In this view, PyPSA is a framework and PyPSA-Eur and PyPSA-Earth are models
for the European and Earth energy system, respectively. Nowadays, the open-source community is rich in
energy system modelling frameworks that can provide similar functionalities. Table[I]compares some available
functionalities across selected widely-adopted energy system modelling frameworks [4, [OHIT]. Undoubtedly,
each developer team might be capable of filling missing features, but the functionality of the frameworks is
only one important part of models, the other one, often even more relevant, is the integration of data.

Existing models are often designed to implement data with limited geographical coverage, such as a
specific province, country or continent [2I]. Continental models with implemented high-resolution data have
proven to be the most maintained and active, possibly by covering many regions of interest and giving the
user options for the aggregation level [22] 23]. In contrast, there are several examples where single-country
models have soon become outdated, poorly documented or inactive [24H27]. While global energy system
models exist, they currently have several shortcomings. 'GlobalEnergyGIS’ [28], an open source model which
can create energy system model data for any arbitrary region, is used in the ’Supergrid’ model [29], but
misses network data or a workflow management system that are important for flexible and reproducible data
processing [30]. Similarly, the GENeSYS-MOD model is a global open-source model, however, it is written
in GAMS preventing free use and offers no data processing workflows [3I]. Another promising candidate is
the recently released OSeMOSYS-global model, which includes a workflow management system but misses
network topology data as well as unit-commitment and power flow constraints that have been shown to

strongly affect model results [10] [32].



Table 1: Comparison of selected features for energy system modelling frameworks that are applied in Africa.
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Similarly, existing PyPSA models are geographically limited. While PyPSA as a framework is adopted
worldwide by many companies, non-profit organisations and universities (see example studies in [33]), there
is no global model solution available yet. Providing a global energy system model ecosystem solution has the

potential to unlock collaboration potentials that accelerate and improve the energy transition planning.

1.8. Contributions

In this paper, we present PyPSA-Earth, the first open-source global energy system model with data in
high spatial and temporal resolution. Users can flexibly model the world or any subset of it with high spatial
and temporal resolved data, including a GIS-tagged network representation based on OpenStreetMap. Using
an automated workflow procedure it can (a) generate energy system model data and (b) perform energy

planning studies. The novel contributions of PyPSA-Earth are detailed as follows:

1. New model creates arbitrary high spatial and temporal resolution representation of energy systems
around the world

2. Automated workflow generates national, regional, continental or global model-ready data for energy
planning studies based on open or optionally closed data

3. Integration and linking of multiple data sources and open-source tools to process raw data from multiple
sources, e.g. OpenStreetMap

4. Provision of new spatial clustering strategies to simplify the high-resolution model

5. Data and model validation for the African continent and Nigeria



6. Development of 2060 net-zero energy planning study for Nigeria

Following the open-source spirit, the model is not built from scratch but derived from the popular Euro-
pean transmission system model — PyPSA-Eur [22]. Novel additions that have not been part of PyPSA-Eur
include the use and integration of global data by default (e.g. demand, generators, transmission grid) and
building a meshed electricity network from OpenStreetMap. New features in PyPSA-Earth that can be op-
tionally activated are the use of administrative zones instead of network-derived zones, consideration of DC
meshed grids, and the automatic creation of line expansion options.

In this paper, the PyPSA-Earth model is presented and discussed with a focus on the African continent.
This includes the data and model validation for the African continent and Nigeria. Finally, a 2060 net-zero
energy planning study for Nigeria’s electricity sector demonstrates the optimization capabilities.

All code and validation scripts are shared open-source under GPL 3.0 license. The data, often extracted

by python script activation, is available under multiple open licenses. For a detailed license listing, see [34].

1.4. Organization of the paper

The rest of the paper is organized as follows. Section [2|introduces the novel PyPSA-Earth model that is
able to perform large-scale energy system modelling studies. The data processing novelties are described in
detail in Section |3} Data validation for the African continent is performed in Section 4] and a quantitative
case study on Nigeria is discussed in Section [bl Finally, the limitations of the model are discussed, and the

conclusions are drawn.

2. PyPSA-Earth model

This section describes the scope of the PyPSA-Earth model, its features as well as the role of the initiative

that is facilitating the model developments.

2.1. Scope

The PyPSA-Earth model is a novel open-source data management and optimization tool that aims to
provide policymakers, companies and researchers with a shared platform for a wide range of macro-energy
system analyses needed to achieve the energy transition together. The option to create a tailored country,
continental or global model under a unique code repository maximises synergies and wider user-benefits. For
instance, one user in Africa can implement new features and data, improve the documentation or implement
bug fixes that immediately benefit all other users around the world.

Studies that were already demonstrated in the PyPSA ecosystem [33], and are now globally available

include:

. energy system transition studies
. power system studies
. technology evaluation studies (e.g. energy storage, synthetic fuels and hydrogen pipelines)

1
2
3
4. technology phase-out plans (e.g. coal and nuclear)
5. supply diversification studies

6

. electricity market simulations

The PyPSA-Earth model currently focuses on the power system and does not yet provide capabilities for
sector coupling studies such as co-optimization of e.g. power, heat, transport and industry sectors. However,

these features are in active development building on top of PyPSA-Eur-Sec [35].



2.2. Features

The following features are implemented in PyPSA-Earth:

flexible model scope: from Earth to any subregion
high temporal and spatial resolution

model-ready data creation

co-optimization of investment and operation

single or multi-year optimization

A T e

flexible addition of arbitrary optimization constraints, e.g. socio-economic, technical, or economic
Moreover, the PyPSA-Earth model has been developed with the following non-functional requirements:

1. easy to use and learn

2. highly customizable and flexible

3. modular to include new features and data
4

. fully reproducible

The proposed features of PyPSA-Earth are a novelty as compared to the literature in Section Fur-
thermore, new features can be created in or adopted from other PyPSA-based models that share a similar
backbone. Examples are the work on endogenous learning with pathway optimization and multiple invest-
ment periods [36], dynamic line rating constraints based on spatially differing environmental conditions [37],
the implementation of generic constraint settings that enable equity constraints such as applied in [38] and
uncertainty analyses by input parameter sweeps or by exploring the near-optimal solution space [39].

The data and methods Section [3] presents more details on the presented features.

2.8. PyPSA meets Earth initiative

The PyPSA meets Earth initiative is an independent research initiative that aims to improve energy
system planning with open solutions. It supports, builds and maintains the PyPSA-Earth model and is
therefore briefly introduced. The initiative’s vision is to support transparent and debatable decision-making
on the energy matter that cannot be achieved with the status quo ruled by commercial inscrutable closed-
source “black-box” tools. Current research activities in the initiative can be categorised into three distinct

groups:
e open data
e open energy system model and

® Open source solver

First, the open data activities focus on open data creation, collection, fusion, modification, prediction and
validation for energy system models. These data activities are not limited to aggregated country information
but prioritise work on high spatial and temporal resolution data, which is fundamental for scalable and
accurate mini-grid and macro-energy system model solutions. Second, the open energy system modelling
activities focus on implementing new functions and data streams into the model, such as building a sector-
coupled model with multi-horizon optimization that is useful across the globe. Third, open source solver-

related activities deal with benchmarks and efficient interfaces that help to adopt and develop open source
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Figure 1: PyPSA-Earth model design. After providing the configuration parameters and countries of interest, data is collected
and processed to be then fed into the PyPSA model framework which enables to perform the desired optimization studies such

as least-cost system transition scenarios.

solvers. For instance, we created a benchmark that became a successful public funding proposal and attracted
sufficient funding for the open-source solver HIGHS [40] . This activity pushes breakthroughs in large-scale
optimization performance required for energy system models, which were until now reserved only for people
that can afford commercial proprietary solvers.

In order to assure a continuous inflow of people that maintain, improve and use the software, as needed by

open-source software [41], the initiative supports a free and open community where anyone can contribute.

The initiative adopts:
e GitHub to publicly record issues, requests, solutions or source code-based discussions
e Discord as a voice channel and messaging social platform for regular public meetings and exchanges
e Google Drive to publicly store files and meeting notes

Together, these tools provide the backbone of the open community supporting the initiative goals and activ-

ities (data, model, solver).



3. Data and methods

In this section, the PyPSA-Earth methodology sketched in Figure [I] is described in detail. First, we
introduce the workflow management tool that supports the model user experience. Then, data creation
and processing approaches are discussed considering the main data blocks used by the PyPSA-Earth model:
power grid topology and spatial shapes, electricity demand, renewable potential and power plant locations.
Further, we describe some advanced pre-processing techniques such as clustering and line augmentation used
to introduce data into the model in a robust and efficient way. Finally, we describe the energy system

modelling and optimization framework with its solver interfaces.

3.1. Workflow management tool

First of all, inherited from PyPSA-Eur [22], PyPSA-Earth relies on the ’Snakemake’ workflow manage-
ment [42] that decomposes a large software process into a set of subtasks, or 'rules’, that are automatically
chained to obtain the desired output. Accordingly, ’Snakemake’ helps sustainable software design that en-
ables reproducible, adaptable and transparent science, as described in [43]. For example, Figure [2| represents
a workflow of PyPSA-Earth automatically created by ’Snakemake’ for which the user can execute any part
of the workflow with a single line of code. The implications of such design on the energy system model are
described in the following.

Starting with essential usability features, the implemented Snakemake procedure enables the user to
flexibly execute the entire workflow with various options without writing a single line of code. For instance,
the user can model the world energy system or any subset of countries only using the required data. Wildcards,
which are special generic keys that can assume multiple values depending on the configuration options, help
to execute large workflows with parameter sweeps and various options. Examples are shown in Figure
where the function 'build_renewable_profile’ is executed with the wildcards ’offwind-ac’, ’solar’, 'onwind’,
"hydro’ and ’offwind-dc’ to estimate renewable potentials and create synthetic time series for renewable feed-
in availability by technology. Lastly, workflows allow easy scaling by parallel execution. A few more benefits
also exist from the developer’s perspective. For instance, the modular design of rules allows parallel code
development and deployment with continuous integration tests of the complete workflow that guarantee the
stability of PyPSA-Earth.

3.2. Network topology and model

The electricity network topology is one of the main inputs needed to build an energy system model which
accounts for realistic power flow approximations across regions. The most comprehensive and accurate data
on power grids are curated by the transmission system operator. In practice, the availability of open power
grid data is still relatively low for many parts of the world, with the situation in Africa being extremely
sparse.

A natural way to address the lack of power grid data provided by transmission system operators’ is
to utilize open geospatial datasets. Currently, a few open source packages have been published to extract
and build networks from such datasets (e.g. Gridkit [44], Transnet [45], SciGrid [44]). However, each of
these packages focuses on applications for a particular world region rather than on the global coverage and
there is still no ready-to-use solution which could be implemented into a global model. To fill this gap,
we have developed an original approach which reconstructs the network topology by relying solely on open

globally-available data. The developed approach is based on the OpenStreetMap (OSM) datasets that are a
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Figure 2: Directed acyclic graph of a PyPSA-Earth example workflow. Each box represents a rule that modifies or creates the
input, resulting in outputs. Already computed rules are shown as boxes with dashed borders, solid bordered rules indicate rules
yet to be computed during the workflow execution. The workflow creates here four least-cost scenarios with varying spatial and
temporal resolution and is triggered by a single line of code. Wildcards define options for the spatial resolution with 50 and 100
clusters and the temporal resolution with 1 and 3 hours (Co2L-1H and Co2l-3H).

crowd-sourced collection of geographic information, which is daily updated and includes geolocation references
[46].

The electricity network topology is created in three novel steps: i) downloading, ii) filtering and cleaning
the data, and iii) building a meshed network dataset with transformer, substation, converter and high voltage
alternating current (HVAC) as well as high voltage direct current (HVDC) components. Figure [3| shows
sample raw and cleaned networks along with the options for clustering and line augmentation that are
introduced in Section [3.7] and [3.8] respectively.



The following explains the most critical steps to building the electricity network topology and model.
First, the model implements an interface to download the OSM database. From this interface, substations and
network data of any available voltage level are retrieved with essential operating details of the infrastructure.
The interface thereby runs with the esy-osm tool that allows fast retrieval of OSM data through multi-
threaded processing [47].

To select only power-related data, the raw OSM database is filtered using the ”power” key. By doing so,
electrical substations, generators, high-voltage transmission lines and underground cables information can
be obtained. A further data cleaning procedure is designed to restore the missed pieces of information and
ensure that the overall data quality conforms with the requirements of the PyPSA modelling framework.
In particular, the power infrastructure elements are being filtered by the validity of their geometry and the
desired voltage level. Available data on the electrical overhead and underground cables are used to improve
the representation of the high-voltage transmission lines, while the frequency values are applied to identify
the HVDC transmission systems.

The cleaned dataset is pre-processed to build the network topology. The pre-processing includes:

1. extracting additional data on electrical substations from the transmission line dataset,

2. cleaning duplicated records,

3. splitting substations by the voltage level to represent each voltage by a separate substation,
4

. deriving data on transformers and AC/DC converters from the information on the transmission lines.

Beyond that, an approach has been developed to improve the quality of the OSM-extracted grid topology:
substations within a given tolerance (few kilometres) from power transmission lines with the same voltage
level are merged and connected to the power lines. Otherwise, the network may result in incomplete and
unexpected distortions because of small missing information, such as short underground cables connecting

the last mile of a transmission line with a transformer in a substation.

3.8. Fundamental shapes

Fundamental shapes represent the smallest defined regions that gather various data types to characterise
the energy system (see Figure [4)). Before being ready for the model-framework execution, data is often
provided in many different ways. For instance, it can be represented as geo-referenced point location for power
plants, raster in many different resolutions such for population and GDP zones or lines for country boundaries.
The data needs to be combined so that each fundamental shape represents a network node from which meshed
energy systems can be built. These shapes are used multiple times across the workflow. For instance, one
can apply network meshing strategies and clustering approaches, as illustrated in Figure [3] to explore or
reduce the complexity of optimization problems depending on the user requirements. Another example is to
use the fundamental shapes to spatially distribute the national electricity demand or as catchment areas to
aggregate renewable sources (see Figure @

For onshore regions, the model provides two ways to build fundamental data shapes. The first retrieves
the so-called Global Administrative Areas (GADM) that represent administrative zones at various levels of
detail (e.g. national, regional, province, municipality) [48]. The second one uses the substation GIS location
to create Voronoi partitioned areas for each substation, which boundary is defined as equidistant to the
centroid of the nearest sites [49]. The latter approach is beneficial to replicating the network accurately,

while the former helps communicate results.

10
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Figure 3: Representation of transmission networks and shapes produced by PyPSA-Earth show: (a) a sample Open Street Map
transmission network, (b) a clustered 420 node African transmission network and (c) its augmented version with additional line
connections to test the benefits of additional interconnections. In case of ¢), the applied k-edge augmentation guarantees that
every node has at least a certain number of connections, three in the case of the figure. The augmented lines are connected by

a minimum spanning tree algorithm to the nearest neighbour.

For offshore regions, the model uses only Voronoi partitioned areas to create fundamental shapes. These
Voronoi areas are built from high voltage onshore nodes and are limited to the offshore extent by the Maritime
Boundaries and Exclusive Economic Zones (EEZ) data for each country [50]. The same Voronoi approach
is applied to the offshore zones splitting them into separate regions and linking each to the closest onshore

shape.

11
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Figure 4: Fundamental shapes of Nigeria in PyPSA-Earth: (a) shows the onshore regions represented by the GADM zones at
level 1, (b) shows the onshore regions represented by Voronoi cells that are derived from the network structure, and (c) shows

the offshore regions also represented by Voronoi cells based on the closest onshore nodes.

3.4. Electricity consumption and prediction

The model currently provides globally hourly demand predictions for 2030, 2040, 2050 and 2100. Each
year includes demand predictions for the ERA5 reanalysis weather years of 2011, 2013 and 2018 which ERA5
provides in principle between 1959-2021. The demand time series is created using the new contributed synde
package [51] which implements a workflow management system to extract the demand data created with the
open source Global-Energy GIS (GEGIS) package [28].

In principle, GEGIS produces hourly demand time series by applying machine learning methods [28].
It uses information such as temperature profiles, population, GDP, and predicted values from the ’Shared
Socioeconomic Pathways’ [52] to forecast the annual and hourly demand over the following decades. This
approach is not new as it was already applied and tested in [53]. The observed absolute error of GEGIS in the
validation test is considered acceptable for energy studies as it is 8% across 44 countries, yet with generally
worse performance in low-income countries [28§].

The coverage of the synde package is currently limited. Figure [f]shows that there are no data outputs for
especially low-demand countries. A heuristic creates data for the countries with missing data by scaling the
Nigerian demand time series proportionally to population and GDP. We validate this approach in Section
4.2

3.5. Renewable Energy Sources

Renewable energy sources such as solar, wind and hydro time series are modelled with the open-source
package Atlite [54]. Atlite i) creates cutouts that define spatio-temporal boundaries, ii) prepares cutouts,
which means that environmental and weather data is added to geospatial boundaries by matching various
datasets (ERAD5 reanalysis data [55], SARAH-2 satellite data [56], and GEBCO bathymetry [57]), and finally,
iii) applies conversion functions to produce technology-specific spatially resolved time series and potentials
[54]. Currently, the PyPSA-Earth model framework implements solar photovoltaic, on- and offshore wind
turbines, hydro-runoff, reservoir and dam power resources. In the case of hydro, the runoff time series are
obtained by Atlite for each powerplant location, as described in Section [3.6f As our new contribution, the
hydro power output is thereby proportionally rescaled to match the reported total energy production of

existing plants as reported per country by the open US Energy Information Administration (EIA) platform

12
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Figure 5: Demand predictions created per country using the synde workflow based on GEGIS. For grey-coloured countries,

synde does not provide data, however, a heuristic creates representative time series as described in Section@

[58]. At the time of writing, available in Atlite but not yet implemented in PyPSA-Earth are potentials and
time series for concentrated solar power, solar thermal collectors, heat demand and dynamic line rating with
a wide range of technology options. For details on the model implementation for each technology, we refer the
reader to the PyPSA-Eur publication which the presented model mostly builds-upon [22]. A brief concept
demonstration of Atlite is provided in the Figure [6]

3.6. Generators

Given the limitation of reliable datasets for power plants for the African region, the existing powerplant-
matching tool [59] has been extended to include additional datasets, such as OpenStreetMap, to fine-tune the
African model and validate the results with the final goal of maximizing accuracy and quality of the result.

Powerplantmatching has been successfully proposed to estimate the location and capacity of power
plants in Europe. The validation performed with respect to the commercial World Electric Power Plants
Database (WEPP) by Platts and the dataset by the Association of European Transmission System Operators
(ENTSO-E) reaches an accuracy of around 90% using only open data [59]. By default various open data
sources are included such as CARMA (discontinued) [60], ENTSO-E [6I], ESE [62], GEO [63], OSPD [64],
GPD (discontinued) [65], JRC database on hydro powerplants [66] and renewable statistics by IRENA [67].
The approach applied for powerplantmatching is based on the procedure depicted in Figure [} where the
raw datasets are first downloaded, then filtered to remove missing or damaged data, and aggregated. Once
the refined data are obtained, the datasets are pairwise compared to identify duplicated entries. Finally,
non-duplicated data are merged into a unique dataset and used as a source for PyPSA-Earth. Only a few of
these datasets have global scope (GEO, GPD and IRENA) and have been validated for Africa. In particular
for Africa, where data is lacking, including all available open data can be critical to maximizing the accuracy

of the results. Therefore, inspired by future work suggested in [68], we have extended the powerplantmatching
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Figure 6: A concept demonstration of Atlite for Nigeria. (a) Shows that environmental and weather data is extracted in a cutout
for the region of interest. (b) The cutout is split in a raster of (0.25°)2 or roughly (27.5km)2? (length varies along latitude),
whereby each cell contains static or hourly time series data. The example wind speed and direct irradiation influx time series
are shown for one cutout cell that contains an FRAS extract of the Copernicus Data Store [55]. (c) Shows the eligible area
raster, which is built by excluding protected and reserved areas recorded in protectedplanet.net and excluding specific land-
cover types from Copernicus Global Land Service whose eligibility can vary depending on the technology. (d) Illustrates the
maximal installable power raster, which is calculated by the eligible area and the socio-technical power density of a technology
e.g. 4.6MW/km? for solar photovoltaic. (e) The raster is then downsampled to the region of interest or fundamental shape by
averaging the proportion of the overlapping areas. (f) Finally, by applying a PV technology model to (b) and combining it with

(e) we can define per region the upper expansion limit and the maximal hourly availability constraint for a given technology.

tool to optionally include and process OpenStreetMap data to improve the quality of outputs.

8.7. Spatial clustering approach

In order to tackle the computational complexity of solving a co-optimisation problem of transmission
and generation capacity expansion, the model offers state-of-the-art spatial clustering methods which are
imported from the PyPSA package and PyPSA-Eur model [4], [69] and adapted for the model to simulate
future scenarios. Spatial clustering allows finding sets of nodes that are similar and aggregating them to a
single node to represent the original set. This way, the network is reduced to a smaller number of nodes to
manage the model’s computational complexity.

The available clustering methods provide a focus on (i) conserving the representation of renewable po-
tentials as well as the topology of the transmission grid, (ii) accurately representing the electrical parameters
to improve estimates of electrical power flows in an aggregated model, (iii) aggregating spatially close nodes
disregarding other a-priori information of the network, or (iv) according to their location with regards to the

country’s subdivisions facilitating results interpretation for policy recommendations. An analysis of suitable
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Figure 7: Flowchart of the powerplantmatching procedure, including the novel OSM input (in bold) which was developed for
PyPSA-Earth.

clustering methods that depend on the modelling application is provided in [70].

In summary, (i) the clustering approach that focuses on a better representation of variable sources or sinks
of the model is inspired by [7I]. It includes variable potentials, i.e. capacity factors or full load hours for
solar and wind, or the variable electricity demand as a distance metric between nodes. This is combined with
a hierarchical clustering approach, similar to the suggestions provided in [72]. However, we only allow nodes
to be aggregated when a physical transmission line connects them instead of assuming a synthesised grid in
contrast with [72]. (ii) The clustering method that focuses on a better representation of the transmission
grid was initially suggested by [73] to be applied for the case of electricity system modelling. Tt is a density-
based hierarchical clustering operating on the line impedance. (iii) The network can also be reduced using a
weighted k-means algorithm on the locations of the network nodes as explained in detail in [49]. (iv) Finally,
using the GADM shapes allows aggregating all nodes in the same shape.

Any of these methods can be applied in a single or two distinct iterations, as displayed in Figure [§| for
Nigeria. In each of these two iterations, a different method can be applied, choosing from (i)-(iv). In the
first iteration, all nodes are clustered to a desired number of representative nodes, aggregating generators,
flexibility options (electricity storage and transmission lines) and electrical demand. The second iteration
is optional and allows the remaining nodes to be clustered again. However, now only the transmission
network is effectively reduced such that the representation of renewable resources is fixed to the resolution
of the previous iteration (compare the first row and second row of Figure . The spatial resolution of the
transmission network must always be larger or equal to the resource resolution, i.e. the clustering of the first

iteration sets an upper bound.

3.8. Augmented line connection

The African network is often not well interconnected. This is due to isolated national planning data or
the presence of isolated mini-grids that are popular electrification measures [74]. Therefore, we propose an
algorithm to mesh a given network and assess different grades of connectivity. To investigate the benefits of
meshed networks, PyPSA-Earth can perform a k-edge augmentation algorithm that guarantees every node
has a modifiable number of connections to other nodes. Only if nodes do not already fulfil the connectivity

condition, the algorithm will create new lines to the nearest neighbour by a minimum spanning tree. The
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Clustering all information simultaneously

Figure 8: Illustration of the clustering methodology applied for the transmission network (red nodes and edges) and resource
resolution (grey nodes and edges). In the first row, we show how nodal data (i.e. generators, storage units, electrical loads
etc.) is aggregated in tandem with the resolution of the transmission network. Three exemplary resolutions of the network for
Nigeria are displayed here: 4, 14 and 54 nodes from left to right. The second row shows how the clustering also allows modelling
the transmission grid at a different resolution than the resources. In this example, the transmission network contains 4 nodes
connected by 4 lines (all in red) at every resolution, while 4, 14 and 54 generation sites become available (left to right). The
background colour represents exemplary capacity factors in shades of red, for an arbitrary technology. The darker the colour,

the higher the capacity factor.

new ’augmented’ lines can be set to an insignificant size (e.g. 1 MW) to create new options for line expansion
in the investment optimization. For example, Figure [3|shows the comparison between the standard clustered
network with 420 nodes and its augmented version. Only the model that includes augmented line connections

can explore an interconnected continent.

3.9. Model framework and solver interface

The PyPSA-Earth model integrates the PyPSA model framework with its solver interfaces to perform
energy system planning studies. Using PyPSA has several benefits compared to other tools that are briefly
introduced in the following. First, PyPSA enables large-scale optimization in Python. Python is well known
for being user-friendly [75], but when analysing the memory consumption and speed for building optimization
problems it was considered non-competitive compared to tools based on the programming language ‘Julia‘ or
‘C++¢ [76] — a bottleneck which also hinders large-scale optimization required for PyPSA-Earth. As reaction,
developers in the PyPSA ecosystem built nomopyomo overcoming the bottlenecks [6]. More recently, the
same group is working on a general package called Linopy that promises a 4-6 runtime speed up and a 50%
improvement in memory consumption compared to the optimization problem formulator Pyomo, possibly
making it also more memory efficient than the Julia alternative JuMP as indicated in [76]. Another point
making the PyPSA dependency attractive is that it is one of the most popular tools, as suggested by GitHub
stars in the GPST benchmark [77], possibly due to its standard component objects and the continuously
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maintained documentation [33]. Finally, the framework offers several solver interfaces (HiGHS, Cbc, GLPK,
Gurobi, among others) providing flexibility in solving various optimization problems with open-source and

proprietary solutions.

4. Validation

The data validation section aims to assess the data quality with publicly available data: at a continental

level in Africa and a country level in Nigeria.

4.1. Network topology and length
Validating the African power grid is challenging. Unlike in Europe, where ENTSO-E [78] provides reliable

open data with continental scope, such a transparent data source is lacking in Africa, and only a few utilities
release open data. The self-proclaimed most complete and up-to-date open map of Africa’s electricity network
is offered by the World Bank Group, which implements Open Street Map data, as well as indicative maps
data from multiple sources [(9]. However, the World Bank data should not be used as a single validation
set, because it may report outdated data, given that it has not been updated after 2020, and is partially
based on indicative maps rather than on geo-referenced data, making the post-validation time-consuming.
Conversely, PyPSA-Earth builds its grid topology directly from daily updated Open Street Map data. Finally,
the World Bank data also provides less detailed information than Open Street Map; for instance, it does not
give any information on the frequency, circuit or cable number, limiting the information that can be used for
validation. In the following, grid statistics and topology are compared on a Nigerian and African scale. This
also includes nationally reported data from the Nigerian energy commission.

First, the transmission lines are validated by comparing the total circuit lengths at different alternate
current (AC) voltage levels. Transmission lines can carry one or more 3-phase circuits, whereby each circuit
has at least three cables. Instead of looking only at the line length, which is the distance between high voltage
towers, it is common to report the total circuit length, which multiplies each line length, e.g. distance from
tower to tower, with the number of circuits [22]. Table [2|indicates that the Nigerian network length reported
at the World Bank aligns approximately with the official transmission company statistics [80], suggesting
that the World Bank data is either accurate in Nigeria or used as a reference by the transmission system
operator. This official reported total circuit length is approximately 35% longer than the original Open
Street Map data or the modified and cleaned PyPSA-Earth derivative. Conversely, on a continental scale,
Open Street Map provides approximately a 117% longer total circuit length than the reported World Bank
data. To summarise, while Open Street Map data is qualitatively less available in Nigeria by looking at the
statistics, it offers significantly more data on a continental scale.

To further compare and validate the data, Figure [0 highlights good agreement between the network
topology in Nigeria and Africa of Open Street Map and World Bank sources. However, in central and south
Nigeria, the World Bank covers more power lines. On the African scale, the opposite is observed. Open

Street Map covers more network structures in East and North Africa.

4.2. Electricity consumption

This subsection validates the demand prediction on the example year 2030 for every country in Africa by

comparing the individual country consumption for 2020 and 2030 with official continental annual electricity
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Table 2: HVAC and HVDC circuit line lengths of Nigeria and Africa from different sources

Circuit lengths in 1000km Nigerla Africa Ref
110-220kV ~ 220-380kV ~ >380kV | 110-220kV  220-380kV  >380kV
World Bank Group® 9.3 12.1 0.0 59.4 63.5 41.0 [79]
Open Street Map (OSM) 6.3 9.1 0.0 87.9 180.7 76.7 [46)
Transmission Company of Nigeria More than 20 - - - [80]
PyPSA-Earth (cleaned OSM) 6.7 9.1 0.0 88.3 183.7 82.9
¢ Information about circuits is missing.
Data: Open Street Map | 135y Data: World Bank Group  — 135
— 3300V — 3300V

Annex 4.1a

Data: Open Street Map Data: World Bank Group
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Figure 9: Network topology of open available transmission network data (above 110kV) from (a) & (d) Open Street Map, (b)
& (e) World Bank Group and (c) the Nigerian Transmission Company. On the African scale, the voltage ranges from 110-765

kV in both data sets. The line format varies with the voltage level and includes transparency, thickness and colour.

consumption used in PyPSA-Earth. Figure[I0]shows 2020 reported electricity consumption data per country,
published from Our World in Data that is additionally refined by data from the global energy think-tank
Ember and BP’s statistical review of world energy [81]. The used electricity demand data in PyPSA-Earth
roughly doubles from 2020 to 2030, indicating demand growth. While national demand predictions are
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often not available, the demand prediction is further validated by comparing it to other - more common
- continental demand predictions. In Africa, Our World in Data reported an electricity consumption in
2020 of 782 TWh/a. For 2030, IRENA [82] predicted 1924TWh/a, Alova et al. [83] 1877 TWh/a and the
PyPSA-Earth model data 1866 TWh/a, predicting more than a doubling of Africa’s electricity consumption
by 2030. In summary, looking at the total African electricity consumption suggests that the data used in the
global PyPSA model is in the range of others.
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Figure 10: Comparison of reported [8I] and predicted annual electricity consumption data across African countries indicate in
every country demand growth. For 2030, the African total electricity consumption of PyPSA aligns with other predictions from
IRENA [82] and Alova et al. [83]

4.8. Solar and wind power potentials

The validation of solar and wind potential is performed by comparing statistics by international orga-
nizations, such as IRENA, with the outputs of the PyPSA-Earth model, both including total generation
capabilities and the specific power densities per unit of available land.

Solar and wind potentials are well reported across the African continent. In 2021, the Global Wind
Energy Council estimated for Africa a technical potential for wind generation of 180.0007Wh (PyPSA-
Earth: 108.700TWh), which is sufficient to electrify the continent 250 times relative to the 2019 demand
[84]. Similar, the International Renewable Energy Agency estimated in 2014 that the technical potential
in Africa is 660.000TWh (PyPSA-Earth: 122.2007Wh), which is sufficient to electrify the continent 916
times [85]. The discrepancy between the technical potentials observed in the PyPSA-Earth model and the
institutional reports is due to the underlying assumptions. In fact, how many renewables can be installed in
a region depends on two main assumptions: the excluded areas [km?] and the power density per technology
[MW/km?], both discussed in the following.

While we define the available areas in a data-driven way similar to [85] and [22] (see details in Section
, the remaining eligible area quantifies the technical potential per technology through the technical power
density factor. However, this density applies only to land specifically and uniquely allocated to renewable
production, yet this cannot easily be generalized to all non-protected land areas at the country level. In

fact, land areas are also necessary for non-technical activities such as economic activities, industries, farming,
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well-being, and housing, among others. Accordingly, in PyPSA-Earth we considered a more conservative
power density coefficient to account for such socio-economic considerations.

Focusing on solar photovoltaic power plants, we assessed the power density of the 41 largest installations
in the world [86, R7]: the average power density is 46.4 MW /km?, the minimum 10.41 MW /km?, and the
maximum 150.0 MW/km?2. The type of solar module and the solar photovoltaic plant design are driving
factors for this extensive range of values. For instance, the Cestas Solar Park in France uses high-performing
solar modules and additionally contains a compact east-west orientation solar field design leading to the
150.0 MW /km? extreme. Similarly to [22], we reduced the technical power density to 10% of the average
power plant density to represent the socio-technical limit: 4.6 MW/km? for solar photovoltaic.

For onshore and offshore wind farm technologies, we verify power density assumptions by analysing seven
existing utility-scale wind farms. The observed average technically feasible power density for onshore wind
farms is 6.2 MW/km?, and for offshore wind farms, 4 MW/km? [88]. Using the same approach as [22],
we reduced these values from 6.2 to 3 MW /km? and from 4 to 2 MW/km? for onshore and offshore wind
farms, respectively, to represent socio-technical power densities and give wind farms space to lower generation
reducing wake-effects.

Currently, we apply the same socio-technical power density irrespective of the land cover type. However,
roughly about 43% of the continent is characterised as extreme deserts [89], giving the opportunity in these

regions to be less conservative about the social-technical power density.

4.4. Power plant database

In this section, we compare the site-specific power plant database used in PyPSA-Earth to national
statistics provided by IRENA and USAID.

Data on existing power plants is critical for accurate energy simulations as they affect long-term invest-
ments, dispatch, and stability of the energy systems. For validation purpose relevant country statistics are
provided by IRENA [90] and USAID [91]. While the PyPSA-Earth data is geo-referenced, hence including the
location, type and nominal capacities of each power plant, the other sources only provide country statistics.
Therefore, data used in PyPSA-Earth is of higher quality, especially for energy system modelling in a high
spatial resolution that would be impossible to perform with the IRENA and USAID sources only.

Figure [11(b)| shows that the PyPSA-Earth model matches the largest fraction of the installed capacity
of existing databases, with 165 GW out of the 229 GW reported by IRENA. Most technologies are matched
with adequate accuracy (2-15% error), yet larger differences occur especially for coal and gas power plants,
partially due to the recent installation of power plants over the last 3-4 years, whose data has not been
updated by the sources described in Section In future work, adding more recent data sources may
improve the data situation [92]. Furthermore, we note that, although the current PyPSA-Earth procedure
does not include geothermal and CSP technologies, their capacity can be relevant for certain countries (e.g.
Kenya, Morrocco and South Africa), but at an African scope, these technologies still represent a small fraction
of the installed capacity. Therefore, the proposed validation is considered of good accuracy, supporting the

appropriateness of the PyPSA-Earth model.

5. Demonstration of optimization capabilities in Nigeria

At COP26, Nigeria’s president Buhari committed to net zero emissions by 2060 [93]. To demonstrate

that the presented model can be useful for Nigeria’s energy planning activities, we showcase the optimization
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Figure 11: Total installed generation capacity in Africa by (a) country and (b) technology, including a focus on (c) the installed

capacities in Nigeria.

capabilities of PyPSA-Earth. In particular, this section covers two least-cost power system optimizations,

one for 2020 to reproduce the historical system behaviour and one representing a decarbonised 2060 scenario

(see Figure [13] and [14)).

5.1. Nigerta 2020 - Dispatch validation

The 2020 scenario applies a dispatch optimization with linear optimal power flow constraints to simulate
and validate the optimization results for Nigeria. Accordingly, only the operation of existing infrastructure is
optimized for the lowest system cost, excluding any infrastructure expansion e.g. generation or transmission
line expansion (see Figure [13]).

Starting with the scenario design. The power grid retrieved from OpenStreetMap is clustered to 54 nodes,
representing the aggregation zones for the demand and supply. Since the existing network is more meshed
than the OpenStreetMap based PyPSA-Earth network (see Figure@, a few augmented line connections with

a negligible minimal capacity of 1 MW are added such that every node has at least two line connections, see
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(b) in Figure and overcome short missing network data.A total demand of 29.5 TWh is considered for
2020 using the national demand profiles provided in PyPSA-Earth. The magnitude aligns with reports from
Our World in Data (28.2 TWh) [8I]. The demand profiles are distributed across all nodes proportional to
GDP and population. With the available hourly electricity demand time series and the existing 2020 power
plant fleet (validated in Section , the model calculates the optimal generator dispatch considering power
flow constraints.

The dispatch validation shown in Table [3| compares the generation shares of the PyPSA-Earth results
to those reported at Our World in Data [94]. The comparison highlights that PyPSA-Earth adequately
represents the total electricity production shares by source in Nigeria with acceptable accuracy. Model
results for the solar generation have a 100% accuracy compared to data provided by Our World in Data,
gas generation is 2T'Wh (10%) higher than the benchmark, while hydro generation is 0.3 TWh (5%) lower.
These deviations could be explained by the 1.3 TWh (4%) higher assumption of total electricity demand
and differences in the specific marginal costs of resources. Using the cost assumptions from [23], we derive
an average marginal price for electricity of 59 €/MWh, which aligns with reported production costs in the
range of 45-70 €/MWh [95].

Table 3: Nigeria 2020 dispatch comparison
‘ Total ‘ Hydro Coal Gas Wind Solar

PyPSA-Earth [TWh)] 29.5 5.8 - 23.6 0 0.04
Our World in Data [TWh] | 28.2 6.1 06 214 0 0.04

The computational needs for this scenario in terms of total solving time (computational time times the
average load of the processors) and memory, are shown in Figure We used 4 threads with Gurobi 9.5.1
solver while only a single-core with HiGHS 1.2.1, since its parallel solving capabilities are currently limited.
While the commercial Gurobi solver is very efficient, the results in Figure confirm that the open-source
HiGHS solver can also optimize the network below one day with memory requirements that are available
for laptops. Given the expected improvements for open-source solvers, the computational requirements are

likely to decrease significantly [40].

5.2. Nigeria 2060 - Net-zero study

In the 2060 net-zero scenario, we perform a brownfield capacity expansion optimization. This means that
new renewable energy and transmission capacity can be built on top of existing infrastructure. Simultane-
ously, a dispatch optimisation is performed subject to linear optimal power flow constraints. To explore new
transmission grid structures, the meshing strategy is increased such that each node connects HVAC lines to
at least three nearest neighbouring nodes and that a random selection of far distance nodes above 600km
connects HVDC lines, see b) in Figure . Using a random selection for long-distance HVDC can help
identify valuable line connections before applying any heuristic that might not find these. Additional to the
net-zero emission constraint, the 2060 total demand has been calibrated in agreement to [96] to about 250
TWh by linear interpolation of the Stated Energy Policies of IEA for Nigeria [67]. Observing the optimized
infrastructure in Figure the overall optimal least-cost power system can be mostly supplied with solar
energy and a mix of battery energy storage. Hydrogen energy storage with steel tanks is included as an ex-

pansion option. However, it is not significantly optimized, probably because we ignore fuel trade with other
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Figure 12: Solution time and memory requirements for the 2020 Nigeria dispatch optimization for HIGHS 1.2.1 and Gurobi

9.5.1 solver at different spatial resolution; solution time is weighted by threads.

countries and the unique geo-location of the country. Nigeria lies close to the equator, where solar irradiation
is homogenous across the year, requiring less seasonal energy storage. The battery storage consists of an
inverter component [e/MW] and a Li-Ion battery stack [e/MWh] that can be independently scaled by the
model such as applied in [97]. The energy to power ratio (EP) indicating the sizing between these storage
components is optimized in the range 4.6 h — 15.1 h with an average of 7.4 h. The optimal solar capacity
distribution is spatially uneven. Most solar is expanded in the country’s north, where the solar potential is
significantly higher [98]. Tt is also cost-optimal to build new transmission routes in the north and east of
Nigeria, enabling the spatial distribution of the electricity. The HVDC options are not used significantly,
indicating it is not cost-optimal in the scenario. Notably, to be conservative, with cost assumptions for 2050
[99], the average marginal prices reach only 51 €/MWh, compared to 59 €/MWh in the 2020 scenario. As
a result, the optimized renewable energy future for Nigeria can be more economical than the current energy

system design.

6. Limitations and future opportunities

6.1. Missing network topology data

Modelling can only be as good as underlying data — the same applies for PyPSA-Earth. By relying on
open sources to model energy systems, their data quality is a concern that we also acknowledge for the present
paper. Yet, we also describe possible procedures based on image recognition to not only improve the data
situation in PyPSA-Earth but potentially all energy models. This effort may complement the traditional
effort by public institutions that disclose data of public relevance, such as installed network infrastructure,
as performed by ENTSO-E [61].

Compared to Europe or North America, institutions that provide infrastructure data with geolocation

for modelling have no analogues in Africa. The missing network data situation is limiting the use of energy
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Figure 13: Optimization results of Nigeria’s (a) 2020 power system. The coloured points represent installed capacities. (b)

Shows all network options on a different scale as (a) with the total electricity consumption per node.

system models. However, other types of data from which energy system components can be inferred exist on
a much larger scale. Satellite imagery is one such data type. As part of the PyPSA meets Earth initiative,
we are exploring opportunities to use neural network based object detection applied to satellite imagery to
enrich the existing datasets on energy infrastructure. In the past, such efforts have either been hard to apply
on larger scales due to high requirements on manual input [I00] or are coarse approximations to the true grid
structure [I01]. Under the umbrella of this initiative, we aim to develop precise and scalable methods and
base our efforts on recent advances in the field [T02HI05].

6.2. Missing demand time series and prediction biases

Demand is a significant uncertainty factor in Africa due to the growth in magnitudes over the following
decades that has implications on results created by PyPSA-Earth. Therefore, improving demand predictions
is essential. We acknowledge this limitation in the data fed into our model and highlight research opportunities
to address this challenge. PyPSA-Earths demand data is limited, as indicated in Section by poor
prediction performance for low-income countries due to input data biases and by missing machine learning

output data for some low-demand countries due to software bugs. Additionally, while the open-source synde
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Figure 14: Optimization result represent Nigeria’s (a) 2060 power system. The coloured points represent installed capacities.
Light grey and dark grey lines are existing and newly optimized transmission lines, respectively. (b) Shows all network options

on a different scale as (a) with the total electricity consumption per node.

package [51] used in PyPSA-Earth extended the original GEGIS package for demand prediction by a workflow,
there are opportunities to create a package focusing only on demand prediction substituting the GEGIS design
that provides all energy model data in one package [28].

Developing a package focusing on electricity demand forecast for macro-energy system modelling world-
wide is an opportunity to improve the status quo of existing tools. Its scope can also be generalised to other
energy carriers. Adopting the findings from [51], [28] and [53], the output of such package can be static
and time series information for the demand of any year beyond 2000, depending on the available features,
for arbitrary regions on a sub-national and national scale. Creating such a package is feasible but needs

considerable work and a sustainably funded group of people who enhance the software.

6.3. Imprecise global data
PyPSA-Earth relies on open data with global scope. This means that sometimes data is used that

approximate country-specific details needed for national energy planning studies. While improving the global

open data situation is one opportunity [I06], another is to enable the integration of national and regional
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more precise data that can also be used as a source for validation. Therefore, PyPSA-Earth does not only use
global data as default but also allows the integration of national or regional more precise data. Accordingly,
specialized functions here coined as ”linkers”, can enable the fetching of these region-specific to replace the
default global data. These linkers allow, for instance, local transmission system operators to execute models
with national data. PyPSA-Earth does not include this national potentially more precise data by default but
workflow contributions to make these optional are welcome and can help maximise benefits for the society

by better planning studies.

6.4. Additional technologies

PyPSA-Earth includes the major transmission, generation and storage technologies, however, some are not
yet included. Examples of not implemented generation technologies are Concentrating Solar Power (CSP),
location-based geothermal, and other secondary technologies such as wave/tidal energy harvesting. While
at a global scale, these technologies represent a minor fraction, for country-specific analyses, they may have
substantial implications, such as in the case of Kenya for geothermal or Morocco for CSP. Moreover, while
currently only lithium-ion batteries and hydrogen energy storage are considered, additional technologies may
be considered and tested, such as the well-known Redox Flow batteries, Compressed-Air Energy Storage
(CAES), Liquified-Air Energy Storage (LAES), that can have a large market in the future. Moreover, the
dynamic calculation of the transmission capacity as a function of weather conditions [22], also known as
Dynamic Line Rating (DLR) [107], is not yet included.

These limitations, at the time of writing, represent future opportunities to improve the model and capture

relevant technologies to perform detailed energy studies for all countries.

7. Conclusions

This paper presents the PyPSA-Earth model, which is the first open-source global energy system model in
high spatial and temporal resolution. It is making high-resolution modelling accessible to countries which so
far had not detailed energy planning scenarios developed. Using a novel comprehensive workflow procedure
PyPSA-Earth automatically downloads open data, provides model-ready data and integrates optimization
features to address large scale energy system planning. In agreement with the open-source spirit, the model
is not built from scratch but derived from the European-focused PyPSA-Fur model adding global data as
well as several new features.

The methodology is confirmed to be flexible and accommodate a high temporal and spatial resolution
energy model for national and regional energy planning with global scope. The validation performed for
the African continent highlighted that PyPSA-Earth successfully provides power network and installed gen-
eration data that match trustworthy third-party national data with adequate accuracy, hence suggesting
PyPSA-Earth to be a reliable model for energy planning. The 2020 and 2060 planning studies for Nigeria
have further confirmed that net-zero emission scenarios for the electricity sector can be performed using
PyPSA-Earth, leading to realistic results comparable with similar studies but in higher spatial detail. That
further stresses the robustness of the approach and the flexibility of the methodology to be used in practical
projects.

Given the need for reliable tools to foster the energy transition and the need for the efficient use of

resources, PyPSA-Earth can successfully support policymakers, utilities, and scholars in providing reliable,
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transparent, and efficient decision-making on energy studies. While several open source projects are devel-
oped but discontinued, the authors of this paper and PyPSA-Earth developers aim to foster collaborative
energy system modelling on the same code-base to provide a well-maintained and robust tool, rather than
disperse resources across multiple models that get easily outdated. Given the flexibility of the approach,
additional improvements can be integrated, and scholars interested in contributing are invited to contact the
PyPSA-Earth team to join forces. Accordingly, this paper and the proposed tool can serve as a backbone
for further research and business activities built on top of PyPSA-Earth, to meet various energy transition
planning needs that must be cheap and fast to develop for every nation and community on Earth.

Further studies, may address the sector-coupled version of PyPSA-Earth, to account for sectors beyond
power (e.g. industry and/or transport), the interface of energy modelling with economics modelling for
better energy policy decisions, the improvement of the demand forecasts also in alignment to climate change
scenarios, the improvement of imprecise global network data using object detection on satellite images or the

validation of the model in other regions.

Code and Data availability

Code and data to reproduce results and illustrations are available by using PyPSA-Earth v0.1 [34]. Fur-
ther, instruction and configurations to reproduce the scenarios and plots are provided here: https://github.com/pz-

max /pypsa-earth-paper.
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