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A B S T R A C T

This article introduces ETHOS.GeoKit (hereafter GeoKit), a Python-based toolkit for analyzing and modifying 
geospatial data across various fields. GeoKit’s primary strength is its ability to combine vector and raster data 
sources within a unified interface with low boilerplate code – a frequently recurring task, especially in global 
renewable energy potential analysis. Originally developed to facilitate land eligibility analysis for determining 
potential locations for renewable energy plants, GeoKit can be applied to any kind of georeferenced data. It 
provides functions for loading, analyzing and modifying both vector and raster datasets, as well as for converting 
between the two data types. Building upon the Geospatial Data Abstraction Library (GDAL), GeoKit offers a 
simpler, high-level interface that makes geospatial data processing more accessible.
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1. Motivation and significance

Geospatial data plays a vital role in environmental research, climate 
modeling, and energy systems analysis. However, integrating diverse 
geospatial datasets into consistent analytical workflows poses a signifi
cant methodological challenge. Existing Python tools, such as GDAL/ 
OGR [1], GeoPandas [2], and Rasterio [3], each provide specialized 
functionalities for either vector or raster data, but they operate largely in 
isolation. As a result, researchers often need to implement extensive 
pre-processing routines to utilize information from one geospatial 
dataset to analyze another one — efforts that can be repetitive, 
error-prone, and time-consuming. The scale of this challenge is illus
trated by representative studies: Ryberg et al. [4] integrated nine het
erogeneous geospatial data collections, including land cover, elevation, 
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hydrological, and protected area datasets, to evaluate 36 land eligibility 
constraints for renewable energy across Europe, while Ishmam et al. [5] 
and Winkler et al. [6] applied a similarly diverse set of data collections 
to assess 33 eligibility criteria across Sub-Saharan Africa. Harmonizing 
such a large number of datasets from different sources, formats, and 
resolutions into a consistent analytical framework is highly laborious 
when relying on existing libraries alone, and often translates into 
additional costs in research projects.

GeoKit, the Geospatial toolkit for Python, addresses this challenge by 
offering a unified and high-level interface for handling both vector 
(points, lines, polygons) and raster (gridded) datasets within a single 
Python package. It harmonizes various geospatial data sources—such as 
land-use, topographical, meteorological, and infrastructure 
datasets—into a common analytical framework suitable for energy 
systems modeling and other applications requiring spatially explicit 
information. The toolkit builds upon GDAL's robust low-level capabil
ities, transforming them into an intuitive set of Python functions and 
object abstractions that eliminate redundant setup steps and reduce the 
likelihood of user error. GeoKit is part of the ETHOS model suite (Energy 
Transformation PatHway Optimization Suite) for systematically 
analyzing energy systems.

Beyond this unified interface, GeoKit accepts spatial inputs in a va
riety of formats (e.g., coordinate tuples, WKT strings, Pandas Data
Frames) and abstracts common GDAL patterns into reusable functions, 
significantly reducing the boilerplate required for repetitive workflows 
that combine raster and vector data. To illustrate this concretely, the 
North Sea example introduced in Section 3 has been reimplemented 
using GeoPandas and Rasterio and as a pure GDAL/OGR workflow. As 
shown in Table 1, the same data processing steps require 2.93× and 
3.64× more lines of code respectively, compared to the GeoKit imple
mentation. Full implementations of all three workflows are available in 
the GeoKit documentation.

From the user’s perspective, the workflow is straightforward. A 
researcher defines a RegionMask or Extent using either a vector dataset 
(e.g., administrative boundaries) or a raster layer (e.g., land cover map), 
loads additional datasets through built-in functions, and performs 
common spatial operations—such as overlaying, rasterizing, or 
buffering—using intuitive, high-level commands. Outputs can be saved 
to disk in widely supported formats such as Shapefile, GeoPackage, 
GeoTIFF, or GeoJSON, making them compatible with both scientific 
modeling frameworks and conventional GIS software. The consistent 
object structure and integration with NumPy and Pandas also allow for 
direct embedding of GeoKit outputs into quantitative models, effectively 
bridging geospatial analysis and numerical computations.

GeoKit has already made significant contributions to multiple 
research initiatives in large-scale renewable energy modeling and geo
spatial data science. It underpins recent studies on mapping green 
hydrogen potential and optimizing infrastructure in Sub-Saharan Africa 
(e.g., Ishmam et al. [5], Winkler et al. [6]) and is utilized in ongoing 
projects such as the IEA Global Hydrogen Reviews [7,8], where it fa
cilitates the combination of global land, climate, and energy generation 
infrastructure datasets to determine hydrogen generation potentials. 
Other frameworks, such as ETHOS.GLAES [9] and ETHOS.RESKit [10] 
focus on energy system applications and use GeoKit internally for spatial 
preprocessing, underscoring its role as a core enabling layer in geo
spatial model development. These studies also demonstrate that GeoKit 

has been successfully deployed on HPC infrastructure for continental- 
and global-scale analyses.

2. Software description

GeoKit provides functionality to create, load, analyze, and export 
geospatial data within traceable Python scripts. Geospatial data gener
ally exists in two fundamental forms: vector and raster. Vector data 
represent spatial geometries based on coordinate pairs within a defined 
coordinate reference system, linking features to specific real-world lo
cations. Typical examples include points, lines, and polygons, each of 
which can be associated with arbitrary attribute information. In 
contrast, raster data consist of regularly spaced grid cells that store 
numeric or binary values representing spatially continuous phenomena, 
such as elevation or land cover. To associate raster data with a 
geographic location, metadata describing its spatial extent, resolution, 
and coordinate system are required. The need to handle these two data 
structures—individually and in combination—forms the foundation of 
GeoKit’s architecture, which is described in the following section.

2.1. Software architecture

GeoKit is organized as a modular stack that abstracts low-level 
GDAL/OGR functionality into a small set of composable Python mod
ules and high-level classes. The base layer consists of util.py for common 
helpers and custom errors, alongside srs.py, which centralizes all Spatial 
Reference System (SRS) loading, transformation, management, and 
convenient equal-area presets (e.g., Europe-centric Lambert azimuthal 
equal-area projection (LAEA)), ensuring projections are valid and 
consistent across workflows.

Fig. 1 depicts the main modules of GeoKit, which are built on top of 
previous Python modules. geom.py includes geometry-centric opera
tions that operate independently of file input and output. These opera
tions encompass creation, reprojection, buffering, and conversions 
between raster masks and vector polygons (e.g., using functions such as 
polygonizeMask / polygonizeMatrix). These building blocks are reused 
consistently by higher layers whenever vector–raster interoperability is 
required, as depicted in Fig. 1.

On top of this structure are two parallel modules dedicated to data I/ 
O and processing: raster.py handles all grid-based operations like 
loading, creating, warping, and extracting a matrix from raster data, 
while vector.py manages feature-based operations, including loading, 
filtering, creating, and mutating vector datasets. These two modules 

Table 1 
Lines of Code Comparison for an Application Example implemented in GeoKit, 
Rasterio and GeoPandas and in pure GDAL/OGR.

Implementation Lines of Code

Data processing Relative to GeoKit

GeoKit 28 1.00×
GeoPandas + Rasterio 82 2.93×
Pure GDAL/OGR 102 3.64× Fig. 1. Main software architecture of GeoKit.
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provide the essential bridge between data types through functions like 
rasterize and polygonizeRaster.

This entire stack is orchestrated by a high-level abstraction layer. The 
Extent class defines a specific geospatial bounding box and spatial 
reference system, acting as a controller to execute operations from the 
raster and vector modules within its defined boundaries. The primary 
user-facing class used in many GeoKit workflows, RegionMask, com
bines an Extent with a numpy boolean mask or a polygon to represent a 
"region of interest". It maintains consistent context (bounds, SRS, and 
pixel resolution) and acts as a facade, simplifying complex workflows 
like indicateValues or indicateFeatures by calling the appropriate 
methods from the raster, vector, and geom modules. Additionally, 
location.py provides simple, high-level Location and LocationSet clas
ses, which abstract point-based geometries for ease of use in functions 
like interpolateValues. The four core functionalities of GeoKit are pre
sented in the next section.

GeoKit includes a comprehensive test suite built on pytest, with 
parallel execution supported via pytest-xdist and coverage reporting via 
pytest-cov, currently achieving 74% code coverage. Tests are integrated 
into a GitHub Actions CI/CD pipeline and can be run locally using 
standard pytest commands, allowing users to validate the software's 
correctness in their own environments.

Test cases were written for most of GeoKit's functionality to pin its 
output to known, expected results and thereby guard against errors. 
Because GeoKit delegates its core geospatial operations, including 
reprojection, warping and resampling, rasterization, polygonization 
etc., to the well-established GDAL/OGR and OSR libraries, the numeri
cal and spatial correctness of these operations is largely inherited from 
mature, independently validated software. GeoKit's tests therefore focus 
on verifying that its orchestration of these libraries produces the ex
pected results. Beyond this automated suite, the software has been 
validated extensively through use: the datasets produced for the studies 
presented in Section 4 were carefully reviewed, and where bugs or in
consistencies were identified they were corrected in GeoKit and the 
affected test cases updated accordingly. The resulting reference outputs 
are checked across successive versions of GeoKit and its dependencies, 
ensuring that behavior remains as consistent as possible as the software 
and its underlying libraries evolve.

2.2. Software functionalities

The primary purpose of GeoKit is to enable the analysis and inte
gration of multiple geospatial data sources within a unified framework; 
the main workflow is illustrated in Fig. 2. Geospatial datasets can be 
loaded, created, analyzed, and exported in a variety of formats, allowing 

users to seamlessly combine diverse inputs such as shapefiles, GeoTIFFs, 
or in-memory datasets. In addition to importing existing data, GeoKit 
allows users to generate simple geometries or raster layers directly 
within their analysis scripts, which is particularly useful for testing, 
spatial masking, or defining custom regions of interest.

A key distinguishing feature of GeoKit is its ability to handle both 
vector and raster data simultaneously through the RegionMask module. 
This module defines an abstract region that integrates multiple datasets 
within a shared spatial context. Raster data can be warped or resampled 
to match a vector-defined region, enabling direct overlay and compar
ative analysis between datasets, while multiple vector datasets can be 
combined or intersected and complex geometric queries can be per
formed on raster layers. These operations support arithmetic (e.g., 
addition, subtraction) or logical (e.g., intersection, exclusion) combi
nations of spatial information. Moreover, GeoKit provides robust con
version utilities between raster and vector formats—such as 
polygonizing raster regions or rasterizing vector geometries — ensuring 
consistent interoperability between data types.

Almost all operations in GeoKit 1.9.0 are built upon the feature-rich 
GDAL 3.10 library. GeoKit exposes the core functionality of these op
erations and allows all GDAL-supported options to be passed through. 
This enables fine-grained control over results, such as no-data treatment, 
while providing sensible default settings. Full details are documented in 
GeoKit's docstrings and its online documentation.

The warp and interpolate functions offer a variety of algorithms. For 
warping, the algorithm is implemented by GDAL, while interpolation is 
built on SciPy (versions 1.10–1.18). The appropriate method depends on 
the input data and the intended application. The algorithms differ in 
how strongly they smooth neighboring data, how well they preserve 
extreme values, and how no-data values propagate into the results. 
Point-based algorithms such as “near” and “bilinear” mark output pixels 
as no-data whenever any contributing input pixel is no-data. Aggre
gating algorithms such as “average” and “rms” disregard no-data values 
in the input and compute results from the remaining valid pixels.

Full documentation, tutorials, and examples are available at htt 
ps://geokit.readthedocs.io. The main functionalities of GeoKit are 
demonstrated in the following section through a practical example 
workflow.

3. Illustrative example

To demonstrate GeoKit’s ability to analyze and combine heteroge
neous geospatial datasets, we present an example estimating the foun
dation depth of offshore wind turbines in the North Sea. This 
information is critical for assessing the investment costs and technical 

Fig. 2. Depiction of the main workflows with GeoKit.
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feasibility of offshore wind energy projects. The example was selected 
because it requires integrating data from multiple sources and formats 
— exactly the kind of multi-source harmonization GeoKit is designed to 
streamline.

Three data sources were used in this analysis. The first is the Inter
national Hydrographic Organization (IHO) Sea Areas shapefile [11], 
which provides global marine boundaries and is used here to extract the 
North Sea as the area of interest. The second dataset is the GEBCO 
(General Bathymetric Chart of the Oceans) 2020 dataset [12], which 
provides high-resolution global bathymetric data in raster format. These 
elevation values are used to estimate the seabed depth and, conse
quently, the required foundation height of offshore wind turbines. The 
third dataset consists of plausible offshore wind turbine locations for the 
North Sea in 2050, as proposed by Waldman et al. [13]. This dataset 
provides point-based turbine coordinates that serve as the query points 
for the corresponding sea-depth values, which then inform subsequent 
analyses of the economic implications of different sea depths for specific 
wind turbine projects.

In the GeoKit workflow, the IHO shapefile is first loaded and filtered 
to isolate the North Sea basin, since the original file contains all global 
sea areas. The extracted region is then used to create a RegionMask, 
defining the spatial boundary of the North Sea basin for subsequent 
operations. The extracted North Sea basin is illustrated in Fig. 3.

In the next step, the GEBCO raster data is loaded and filtered to focus 
on the North Sea area. Since the global bathymetry dataset is divided 
into multiple raster tiles, overlapping tiles are first identified and clipped 
using the extracted sea basin shapefile. All relevant tiles are then merged 
into a single, continuous raster layer. Using the RegionMask module, the 
merged raster is warped to match the extent and coordinate reference 
system of the North Sea basin vector. The resulting spatially aligned 
bathymetry is shown in Fig. 4.

The third step determines the depth at the offshore turbine locations. 
GeoKit applies an interpolation step to estimate depth values between 
neighboring GEBCO raster cells because the turbine points do not 
exactly coincide with raster grid cells. Fig. 5 shows the combined 
datasets, where turbine locations are overlaid on the bathymetric sur
face. The resulting depth information for all turbine sites can then be 
exported as a Pandas DataFrame [14] and saved in common tabular 
formats (e.g., .csv or .xlsx) for further techno-economic analysis or 
visualization.

4. Impact

GeoKit has had a significant impact on the practice of geospatial data 
processing in scientific modeling by enabling simplified workflows for 
analyses that would otherwise demand heavy manual preprocessing. 

The software directly addresses one of the most time-consuming and 
error-prone aspects of spatially explicit modeling—data harmo
nization—and, in doing so, has opened new avenues for scientific in
quiry, faster analysis, and methodological rigor.

GeoKit has become a fundamental tool for geospatial analysis in 
energy system modeling, underpinning numerous recent studies. As 
already mentioned in Section 1, it has been used to quantify green 
hydrogen production potentials in Africa [5,6], where its raster warping 
and RegionMask-based spatial filtering were applied to harmonize 
multi-resolution and multi-format land-use and infrastructure datasets 
across national boundaries. In Ryberg et al. [4], GeoKit’s rasterization 
and vector extraction functionalities were used to develop the Geospatial 
Land Availability for Energy Systems (ETHOS.GLAES) model [9], enabling 
the uniform assessment of land eligibility constraints for renewable 
energy sources across Europe. Similarly, Ryberg et al. [15] used GeoKit 
to preprocess multi-year weather datasets—harmonizing projections, 
resolutions, and regional subsets—which fed the ETHOS.RESKit [10] 
workflow for estimating onshore wind power potential. Key steps 
included loading onshore wind turbine placements, region-based 
warping, tiling/subsetting, and vector–raster sampling to produce 
consistent inputs across historical weather years. GLAES and RESKit are 
themselves used in most analyses of the ETHOS model suite, for example 
as parts of renewable energy potential assessment workflows (e.g., 
ETHOS.REFLOW [16,17]) or as input for holistic energy system opti
mizations [18,19].

In Caglayan et al. [20], GeoKit’s vector–raster interoperability, 
buffering, and coordinate transformation capabilities were used to 
identify suitable geological formations for hydrogen storage in salt 
caverns, ensuring consistent integration of geospatial layers such as salt 
deposit maps, land cover, and infrastructure. Caglayan et al. [21] used 
GeoKit to preprocess and harmonize vector network layers—specifically 
European road networks and existing pipeline corridors—by clipping 

Fig. 3. Depiction of the North Sea basin based on the IHO (International Hy
drographic Organization) [11] in the coordinate system EPSG (European Pe
troleum Survey Group) 4326.

Fig. 4. Depth of the North Sea basin based on the GEBCO (General Bathymetric 
Chart of the Oceans) 2020 dataset [12] and the data from Fig. 3.

Fig. 5. Depiction of “Plausible 2050 offshore wind locations in the North Sea” 
by Waldman et al. [13] and the data used in Fig. 4.
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them to the study extent, aligning coordinate reference systems, and 
preparing candidate grids. These inputs were then used to design 
hydrogen transmission networks within a fully renewable European 
energy system.

GeoKit's primary strength is its ability to ensure consistent treatment 
of geospatial inputs across diverse geographical regions, offering a lower 
barrier to entry for users. By standardizing projections, resolutions, and 
data formats, GeoKit not only enables robust cross-regional comparisons 
that were previously infeasible but also allows users to process a large 
volume of diverse datasets by eliminating repetitive preparatory steps. 
By providing a unified framework for spatial preprocessing, GeoKit al
lows researchers to explore scientific questions that were previously 
constrained by data heterogeneity or preprocessing limitations. It en
ables high-resolution, regionally consistent analyses of renewable 
resource availability, land eligibility, and infrastructure deployment, 
thereby supporting new lines of inquiry in energy system modeling, 
spatial analysis, and land–climate interactions. GeoKit is crucial here 
because it allows energy system modelers to leverage detailed geospatial 
data without needing to become experts in complex geospatial data 
handling or spending valuable time on laborious data preparation.

5. Conclusions

GeoKit has proven its worth by making geospatial analysis more 
easier to conduct and understandable, which is crucial for providing 
high-resolution assessments of renewable energy systems – a key chal
lenge in the ongoing energy transition. Its flexible design ensures that it 
is not limited to energy systems analysis; instead, it serves as a versatile 
and consistent tool for any workflow involving georeferenced data. This 
makes it an invaluable resource for tackling diverse issues, including 
energy systems, land-use competition, environmental protection, and 
urban development, among others.
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