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Integrating renewable energy is critical for maintaining grid stability

while striving towards global climate goals. Concentrating solar power
tower plants offer a promising solution but their competitiveness is
currently hindered by high operational costs, limited data availability
and slow adoption of emerging technologies. To address these barriers,

here weintroduce

PAINT, aFAIR (findable, accessible, interoperable and

reusable) open-access database for operational solar tower plant data.
PAINT provides 849 GB of high-resolution data collected over multiple
years from theJiilich solar tower plant, including heliostat properties,
calibration and deflectometry measurements and fine-grained weather
data. The database is organized using the SpatioTemporal Asset Catalog
metadata specification and supports the development of digital twins,

artificial intelligen

ce-based calibration methods, predictive maintenance

and improved solar flux prediction. We also introduce standardized
benchmarks to promote reproducibility and fair comparisons. Providing
access to high-quality data, PAINT enables broader participationin solar
research, accelerates innovation and facilitates data-driven solutionsin

solar tower power

The transition to a renewable-based energy system is essential to
meeting the United Nations’ climate mandates'. Concentrating
solar power (CSP) plants, especially in the solar tower configuration,
are one promising solution for realizing these goals®. These power
plants use an array of up to 10,000 mirrors, known as heliostats, to
focus sunlight onto a receiver and heat a medium to temperatures
over 700 °C (refs. 5-7), with the resulting thermal energy converted
intoelectricity, used directly inindustrial processes or stored in cheap
thermal storage systems’°. However, there are still challenges limiting
their widespread deployment, such as highinitial deployment costs™

’

plantresearch.

limited geographical locations", heliostat alignment?, heliostat imper-
fections” and the real-time coordination and optimization of heliostat
aim points™",

In the current research cycle, these challenges are addressed by
researchers developing new designs or algorithms on the basis of exist-
ingliterature, simulating or testing these concepts at aresearch facility
and publishing their results to update current literature. While some
solutions reach commercial power plants, the process is hindered by
operators’ reluctance toadoptunproven technologies, largely owing
tothe high operational and economic risk in adapting existing systems
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Fig.1| Advancing the research cycle for solar tower power plants. An
overview of the current research cycle for solar tower power plants and how the
PAINT database expands it by providing FAIR data, comprehensive metadata,

standardized benchmarks, papers and code. Black lines refer to the current
research cycle, while blue lines highlight the inclusion of PAINT and insights
gained from the data. Credit: icons, Font Awesome under the SIL OFL 1.1license.

and procedures™®, This lack of trust frequently stems from research
based onlimited, cherry-picked datafromasingle measurement cam-
paignthat fails to accurately reflect real-world operational conditions
of these or other power plants'® ™,

Open data have already been identified in the roadmap for
advanced heliostat technologies”-** as a bottleneck hindering the
realization of the true potential of CSP technology. Open data are
particularly important for modern tools such as digital twins** and
artificial intelligence (Al)-based algorithms®*, which can revolutionize
CSPresearch. Al-based methods have already been shown to outper-
formtraditional methodsin tasks such as heliostat calibration***® and
flux-density prediction®”*® but remain unfeasible without sufficient
high-quality and well-documented datafor training. Inaddition, these
datamustbe easily findable, accessible to researchers, interoperable
across tools and platforms and reusable (FAIR)”. Despite their critical
importance, operational data from solar tower plants remain largely
inaccessible. Many factors, including commercial confidentiality,
intellectual property concerns and the absence of clear incentives or
frameworks for datasharing, drive this scarcity. Oneinitiative for acces-
sible data is the OpenCSP project®®*', which provides a collaborative
environment for pooling open-source code, toolsand mechanical doc-
umentation to support CSP research and education. While OpenCSP
servesasavaluablerepository for diverse community resources, it does
not provide a unified dataarchitecture; instead, it aggregates distinct
datasets from various sources. Each dataset utilizes unique schemas
and documentation standards suited to specific project goals®, which
complicates their utility for data-driven applications. Furthermore,
OpenCSP currently relies on file-hosting services (for example, Box)
that require manual interaction, making programmatic access and
automated dataloading challenging.

Toaddress these limitations, we introduce PAINT, a FAIR database
for operational CSP plant data. PAINT provides 849 GB of operational
datafromasolar tower power plantinjiilich, Germany. These data, cov-
eringover2,000 heliostats, are supplemented by local weather records,
extensive metadata adhering to the Spatiotemporal Asset Catalog
(STAC) specification and software to enable programmatic access via
a Python package. Unlike previous initiatives, PAINT is designed as a
systematic, temporally continuous database specifically engineered
for data-drivenapplications. The PAINT database supports the devel-
opment of heliostat field digital twins, which serve both as platforms

for testing algorithms and as tools for in situ monitoring of existing
solar tower power plants (Fig. 1). Integrated with a digital twin, PAINT
enables all types of beam characterization system advancements in
heliostat calibration and alignment, surface reconstructions, improved
flux-density prediction and data-driven predictive maintenance, for
example, soiling detection—each with the potential toreduce operating
costs considerably. As a result, standardized benchmarks will permit
an unbiased comparison of algorithms developed across institutions
and equipment, allowing cost-effective and trustworthy benchmarking
that will lower the barrier for commercial integration. Moreover, by
providing access to high-quality data, PAINT opens the field toawider
pool of researchers, including those without access to experimental
facilities, thereby strengthening the international CSP research com-
munity and accelerating progress towards a sustainable energy future.

Details of the PAINT database

We collect operational data at theJiilich solar tower power plant from
December 2020 toJune 2024, comprising measurements from 2,014
heliostats used during this period. The PAINT database contains five
main categories of data: tower measurements, calibration data, deflec-
tometry data, heliostat properties and weather data (Fig.2). The tower
measurements data containinformation on the solar tower, including
the unique globalidentifier associated with the]iilich power plant, the
properties of the various targets used for calibration measurements and
the properties and coordinates of the receiver. Weather data are col-
lected atal-sresolutionfrom aweather tower at theJiilich tower as well
asatal-hresolutionfromthe Aachen-Orsbach German Weather Service
(DWD) weather station, the closest DWD station to theJiilich tower with
dataavailable for the desired period. These weather datainclude varia-
blesrelevantto solar tower operation, including cloud cover, irradiation
and temperature values. The calibration, deflectometry and heliostat
properties data are heliostat-specific data. Calibration data contain both
raw and preprocessed solar fluximages of the calibration target, taken
during calibration measurements. In addition, we extract the focal spots
and associated motor positions and provide the azimuth and elevation
ofthesunatthetime of the calibration measurement. The deflectometry
datacomprise high-resolution point cloud and normal vector measure-
ments obtained during deflectometry measurement campaigns. These
measurements are supported by asummary file and provided as both
raw measurements and inapreprocessed form, where missing vectors
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Fig. 2| The data categories in the PAINT database. Overview of the main categories of data provided via the database and ashort description of the concrete data

available. Credit: icons, Font Awesome under the SIL OFL 1.1license.

are filled with assumed ideal vectors, that is, vectors perpendicular to
the surface signifying no deformation. Heliostat properties data contain
keyinformationabout eachindividual heliostat, includingitslocation,
geometric description, overview of the kinematics and facet properties.
The datacoverage in PAINT is comprehensive: distinct property dataare
available for the entire field, and calibration data cover 1,893 heliostats
(approximately 94%). With deflectometry measurement available for
asubset of 471 heliostats, this represents an unprecedented volume of
open high-fidelity surface data for the CSP community, particularly
given the resource-intensive nature of deflectometry campaigns. The
number of available calibration measurements varies per heliostat
and PAINT includes calibration and deflectometry data from a range
of heliostats throughout the field (Fig. 3).

The collected data are combined and preprocessed to a consistent
format before being included in the database (for detailed informa-
tion, see the Methods section). In addition, all metadata are collated
into the widely used STAC specification. The STAC specification is an
open standard designed to make geospatial data more accessible,
searchable and interoperable across different platforms. It applies a
lightweight,JSON-based format to describe the metadataandis already
widely adopted™. STAC organizes the data into a structure of ‘items’,
‘collections’ and ‘catalogues’, enabling users to efficiently browse
and query the PAINT database by time and location, either with exist-
ing STAC-supported APIs* or more efficiently with our own software
package. In PAINT, each heliostat isaccompanied by aSTAC catalogue,
while the properties, calibration and deflectometry metadata for each
heliostat are collections within this catalogue. The weather dataarea
separate collection within the main power plant catalogue, which also
contains the tower properties item. A detailed overview of the STAC
structureis provided in Supplementary Note 2.

Allresources are available online via the PAINT database, which will
be updated and maintained for the foreseeable future. The accompa-
nying Python package can be installed via PyPl and allows easy access
to the data and associated metadata. All code for preprocessing and
preparing the database is documented via GitHub. These practices help
ensure that PAINT adheres to the FAIR data principles®.

FAIR data compliance and future roadmap

We are committed to ensuring that PAINT remains findable, acces-
sible, interoperable and reusable, in strict adherence to the FAIR data
principles®. This section details the specific measures implemented
to satisfy these standards and outlines our strategic roadmap for the
database’slong-term sustainability, maintenance and future expansion.

Adherence to FAIR principles
PAINT’s adherence to FAIR principlesis achieved by inherent design and
data curation decisions and by modelling the STAC metadata assets as

FAIR digital objects for advanced machine-actionable decision mak-
ing®*. Findability is achieved with the previously mentioned website as
well as a unique persistent identifier (PID) that resolves to the main,
navigable STAC catalogue. In addition, the STAC specification enables
the user to apply metadata-based filters on the datato easily find spe-
cific data, for example, only for a certain time period.

As an open-source specification that is clearly documented via
GitHub* and actively developed by the community, the STAC specifica-
tion also ensures accessibility. STAC uses the JSON-format, which can be
browsedinallcommon programme languages and multiple tools exist, for
example, the Python PySTAC package®, toautomate access. Furthermore,
the accompanying PAINT software provides a customized STAC client
designed for the database, which enables access with only a few lines of
code. PAINTisalsoresolvable via URL, enabling users to access files with-
outany programming knowledge, and theaccompanying PID ensures the
main STAC catalogueis accessible evenif this URL should change.

Interoperability is achieved through the use of common and
broadly used formats such asJSON, Portable Network Graphics (PNG),
Hierarchical Data Format version 5 (HDF5)*® and Portable Document
Format (PDF). Theresulting datasets are clearly described through the
STAC metadata, as well as on the website and in Supplementary Note
1for this paper. Furthermore, the supporting software ensures PAINT
datacanbe easily integrated into any Python-based application, dem-
onstrated already with anintegrationin ARTIST*—a differentiable ray
tracer and solar tower digital twin developed using PyTorchin Python.

All of these aspects enable PAINT data to be inherently reusable.
In addition, the data are licensed under the Community Data License
Agreement Permissive Version 2.0 (CDLA 2.0), while the associated
softwareisavailable viaa Massachusetts Institute of Technology (MIT)
license, which allows the community to freely reuse both dataand code.
We hope these decisions will help to establish community standards
for FAIR datainthe CSP research community and foster a collaborative
ecosystem supporting novel ideas and applications.

Roadmap for sustainable data management and expansion

While the initial release of PAINT marks a notable step for open CSP
research, we envision it as a living resource that will evolve over time.
Our long-term goal is for PAINT to serve as a standardized hub for
operational datafrom multiple power plants globally, bridging the gap
betweenresearch-grade dataand commercial operations. Toensure this
sustainability and scalability, we have defined the following roadmap:

- Stableinfrastructure: The database is hosted via the Large Scale
Data Facility (LSDF)*, a centralized infrastructure designed for
the long-term preservation of scientific data. The LSDF provides
state-of-the-art redundancy and security, ensuring that the dataset
remains persistently accessible as it grows in volume.
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Fig. 3| The heliostat positions and available data. Overview of the latitude and longitude of all heliostats available in the PAINT database, coloured on the basis of the
number of calibration measurements available for that heliostat. Heliostats marked by ared outline also include deflectometry measurements.

« Versioningand reproducibility: We use acombination of STAC archi-
tecture and versioned PIDs to manage updates. As STAC decouples
metadata (catalogues) from the underlying data assets, we can
release new versions of the database by simply publishing updated
catalogues that link to new or existing files. This permits efficient,
incremental updates without data duplication. Crucially, each
versionis assigned aunique PID, ensuring that previous versions of
the catalogue remain accessible to guarantee the reproducibility of
earlier research. For technical details, see Supplementary Note 1.

« Internal expansion: As an active research facility, the Jilich solar
tower continues to generate valuable data. We plan to perform
periodicupdates to PAINT to include an extended temporal scope
by adding measurements from ongoing calibration and deflec-
tometry campaigns to fill coverage gaps and capture long-term
operational trends. In addition, future research projects may also
enable theintegration of new modalities and heterogeneous data
sources such as solar flux maps or thermal imagery. The flexible
nature of the STAC standard allows these diverse data types to
beingested without disrupting the structure of existing assets.

» External integration: We aim to expand the PAINT ecosystem to
include data from other research sites and commercial power
plants. To maintain strict quality standards and consistency, we
donotsupportautomaticuploads. Instead, we invite researchers
and plant operators to collaborate with us directly. We will assist
external contributorsin mapping their datato the PAINT standard,
ensuring that the database remains a unified, high-quality resource
rather than afragmented repository.

« Opencodeecosystem: The PAINT software is fully open source and
hosted on GitHub. We view this as a community-driven tool and
explicitly welcome contributions. Users can submit pull requests
toimprove dataaccess tools or propose features for handling new
data types. While the core package is focused on data access, we
encourage the community to build and share compatible analysis
plugins (for example, for hot-spot detection or advanced calibra-
tion) within this ecosystem.

We believe that these governance structures will ensure PAINT
remains a cornerstone for CSP research, capable of adapting to future
data needs while maintaining rigorous scientific standards.

Example uses of the PAINT database

The key barriers hindering widespread commercial CSP deployment
are highinitial deployment costs, unreliable performance and operat-
ing and maintenance costs>”. The PAINT database addresses these
challenges by providing a standardized resource for CSP research. In
this section, we outline multiple use cases to demonstrate the dataset’s
value and versatility. For several of these use cases, we provide sample
implementations and preliminary results. These examples are not
intended as exhaustive studies but rather as concrete evidence of the
dataset’s suitability for addressing problems in CSP research and start-
ing points to enable further in-depth exploration by the community.
Further technical details on these use cases are provided in the ‘Uses
of PAINT Data’ section of Supplementary Methods.

Heliostat field digital twins

A digital twin is a complete virtual description of a physical object
facilitating bidirectional data exchange*®*'. Accurate heliostat field
digital twins can be used in real-time to optimize CSP plant operation
viain situ monitoring to maximize performance® orinaresearch setting
to evaluate novel solutions and investigate critical scenarios without
endangering theintegrity of the plant or the researchers involved'****,
Furthermore, they can be used to simulate the performance of different
receiver designs. Digital twin creation depends on extensive and accu-
rate data. PAINT provides detailed information on heliostat locations,
heliostat mirrorimperfections and kinematics design and parameters.
The associated high-resolution weather dataenable realistic simulations
of challenging scenarios, such as fluctuating irradiance conditions.
These data facilitate the creation of heliostat field digital twins with a
higher level of precision than previously possible, while also enabling the
integration of machine learning models. Anillustrativeimplementation
of this is ARTIST*, which was constructed using PAINT data. This tool has
been used to demonstrate improvements in surface characterization
and flux-density prediction® as well as heliostat calibration**.

Focal spot centroid detection

Acrucial task tofacilitate alignment and calibrationis focal spot centroid
detection in flux-density target images®. Raw target images captured
by target cameras often contain skewed orientations, variable lighting
conditions and off-centre focal spots. Without detecting the focal spot
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centroid, there is no consistent frame of reference and any calibration
or alignment algorithm based on these data will be unreliable. PAINT
provides a substantial collection of high-quality calibration images,
enabling the development, testing and benchmarking of data-driven
focal spot centroid detection methods. One example is the Al-based
image processing method UTIS*. Trained on PAINT data, UTIS dem-
onstrates improved centroid detection accuracy compared with the
current operational solution provided by HeliOS*"*, This comparison
isshowninFig.4a, which displays histograms of the pointing errors for
both detection methods. To facilitate comparison, we overlay smooth
probability density functions generated via kernel density estimation
(KDE) using a Gaussian kernel with Scott’s rule for bandwidth selection.

Heliostat calibration and alignment

Owingto cost-effective design and production, heliostats are plagued
by multipleimperfections and sources of error including optical mirror
deformations, facet alignmentissues and inaccuracies in the kinemat-
ics. Furthermore, the heliostats’ conditions gradually degrade over
time owing to mechanical wear, structural bending or changing envi-
ronmental conditions. As a result, heliostats must be constantly cali-
brated to account for these offsets and optimally aligned to the receiver
throughout the day. Improving heliostat calibration and alignment with
novel methods, often via digital image processing and Al-integration,
is a key focus of CSP research. With over 218,000 calibration images
and detailed metadata, PAINT provides the scale necessary for robust
development and evaluation of calibration algorithms. This extensive
dataset permits unprecedented depth of analysis; for example, we can
now quantify the dependency between heliostat-to-tower distance and
calibration error. We show this in Fig. 4b, plotting the mean pointing
error per heliostat against its distance from the tower. Linear regres-
sionlines are included to visualize the trend.

Solar flux prediction and validation

Accurate solar flux predictionis crucial for the efficient and safe opera-
tion of solar tower power plants. Precise forecasting of solar flux—the
intensity and distribution of sunlight concentrated on the receiver—
enables effective thermal management, prevents localized overheating
and ensures consistent power generation. Traditional methods for
predictingsolar flux often rely on complex simulations and are limited
intheir ability to adapt to dynamic environmental conditions. Recently,
Al-based data-driven approaches have enhanced solar flux predic-
tion. By leveraging the calibration images, high-resolution weather
dataand heliostat position information available in PAINT, researchers

Flux b

c Flux d
(deflectometry)

Flux Measured

surface

Fig. 5|Solar flux prediction and heliostat mirror characterization.

a-d, Solar flux prediction isimproved by considering the heliostat mirror surface
deformations, and PAINT data enable accurate surface reconstructions. An
example using ray-tracing with ARTIST*” shows that the extracted flux image

(a) is poorly approximated with an ideal heliostat surface (b) and improves
noticeably when the surface deformations are fitted (c). These deformations are
highlighted by comparing the ideal surface with the measured surface from the
deflectometry data (d).

can develop and benchmark data-driven flux prediction models with
high precision. The scale of the dataset permits robust validation
against extensive unseen test sets. One example of this data-driven
approach is the combination of differentiable ray-tracing in ARTIST*
with high-fidelity surface reconstructions from PAINT deflectometry
data to generate accurate flux predictions as shown in Fig. 5.

Heliostat mirror characterization

Correctly characterizing heliostat mirror deformations is crucial for
effective CSP tower plant operation. Even minute deformations canhave
anoticeable impact on the concentrated sunlight on the receiver, par-
ticularly during challenging conditions, for example, for low sun eleva-
tion when light reflects off the heliostat surface at a steeper angle and
imperfections are amplified. These deformations are shown in Fig. 5
(right), which highlights deviations for three different heliostats from
anideal surface, that s, a surface without deformations, using PAINT
deflectometry measurements. As deformations vary per heliostat, mirror
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and validation datasets (c) and the Solstice Split based on the ecliptic longitude
ofthe sun (d). Insets detail the spatial distribution of training (blue), validation
(red) and test (green) samples across azimuth and elevation for arepresentative
individual heliostat (AA23) under each splitting method.

characteristics are usually obtained via expensive deflectometry or pho-
togrammetry measurement campaigns. However, these measurements
are only asnapshot of a single point in time and fail to account for later
deformations. Whilerecent approaches attempt to characterize heliostat
mirror surfaces viadeep learningand more widely available flux-density
calibration images™*, validating these methods without ground-truth
dataremainsdifficult. PAINT addresses this gap by providing paired cali-
brationimages and ground-truth deflectometry, enabling the rigorous
training and validation of data-driven mirror characterization algorithms.

Predictive maintenance and fault detection

Heliostats are continuously exposed to environmental stressors suchas
thermal cycling, wind loads, dust accumulation and mechanical wear.
These factors can lead to gradual deformations in mirror surfaces,
misalignments in tracking mechanisms and degradation of optical
components. Over time, suchimperfections can substantially reduce
the efficiency of solar energy concentration, thus increasing opera-
tional costs. By analysing historical tracking data, flux measurements
and environmental conditions, data-driven models can be trained to
identify patternsindicative ofimpending faults or performance degra-
dation to mitigate these issues. Forinstance, changesin the distribution
of reflected sunlight captured in calibration images can signal mirror

surface deformations or tracking errors. PAINT data enable develop-
ment and testing of such data-driven approaches, reducing unplanned
downtime and extending the lifespan of heliostat components.

Open benchmarks for solar tower power plants

One key barrier hindering the adoption of newly developed methods
and algorithmsin commercial power plantsisalack of trustinresearch
results. These results have consistently overestimated performance',
are applicable only under specific conditions that are not comparable
tocommercial operationand have only been validated for a single type
of heliostat or field design. PAINT provides a unique opportunity to
derive open and standardized benchmarks to enable fair, reproduc-
ible comparisons of different methodologies and tasks such as helio-
stat calibration, flux prediction, control strategies and operational
optimization. To demonstrate this potential, we define one possible
calibration benchmark based on PAINT in the next section.

Standardized calibration benchmarks from PAINT
Accurate heliostat tracking as a result of effective calibration is cru-
cial for optimal solar tower power plant operation. Current research
fails to fairly compare calibration methods owing to the absence of a
standardized benchmark and the use of varying heliostat designs and
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technologies in each publication. Furthermore, methods are often
developed and validated on data from asingle measurement campaign
and fail to account for seasonal changes due to varying azimuth and
ecliptic longitudinal positions of the sun®.

We address this challenge by providing four different methods for
deriving calibration benchmarks from PAINT data. These methods split
calibrationdatainto the three data partitions required for data-driven
model development: a training set for optimizing model parameters,
avalidation set for hyperparameter tuning and model selection and a
hold-out test set thatis completely unseen during the training phase,
to provide an unbiased evaluation of the model’s final performance.
The splits presented here are designed to represent distinct scenarios
that are relevant for commercial power plants, and we provide more
information on them in the ‘Standardized Calibration Benchmarks’
section of Supplementary Methods. The Azimuth Split method splits
the calibration data on the basis of the azimuth position of the sun
(Fig. 6a). The splitis designed so that the azimuth positions of the sun
inthe training dataset are vastly different from those in the validation
dataset to encourage the development of calibration methods that
cangeneralize to previously unseen or out-of-distribution conditions.

The High-Variance Split method promotes generalization to
unseen or out-of-distribution conditions by leveraging a distance
metric that serves asa quality indicator”. The splitis designed to ensure
that the training and validation datasets differ as much as possible by
considering both the azimuth and elevation angles of the sun® (Fig. 6b).
Thisapproach creates a deliberately challenging scenario for learning
where the model must generalize across a wide range of sun positions.

TheBalanced Splitapproach uses both the azimuth and elevation
of the sun to create evenly distributed training, validation and test
datasets (Fig. 6¢). This strategy ensures that each datasplitincludesa
broad and balanced mix of solar conditions, avoiding overrepresenta-
tion of any oneregionin the sun’s path.

The Solstice Split is a seasonal split based on the ecliptic longi-
tude of the sun (Fig. 6d). The splitis designed so that the training data
comprise calibration datarecorded close to the winter solstice, while
validation datais recorded close to the summer solstice. This ensures
that calibration methods developed with thisbenchmark are robust to
seasonal variations, that is, the ecliptic longitude of the sun.

Conclusions

The PAINT database represents a notable milestone in CSP research,
offering a publicly available FAIR dataset of operational data from
asolar tower power plant. By providing 849 GB of operational data
and accompanying metadata in the STAC format, PAINT enables the
development of advanced digital twins, Al-driven calibration and align-
ment methods, improved solar flux prediction and predictive mainte-
nancetools for research and operators. The datafrom 2,014 heliostats
include detailed heliostat properties, calibration data, deflectometry
measurements and weather conditions. The inclusion of standard-
ized benchmarks further fosters reproducibility and fair comparison
of research outcomes across institutions and technologies. PAINT
democratizes access to high-quality CSP operational data, supports
robust algorithm development and accelerates innovation, directly
addressing key barriers to the broader adoption of solar tower tech-
nology. We envision this release as the catalyst for a paradigm shift in
open CSPresearch. By establishing community standards, PAINT pro-
vides ascalable framework for integrating additional datasourcesand
modalities. This future expansionis critical to enhancing the dataset’s
applicability and transferability across diverse plant designs, serving
as a cornerstone for sustained global collaboration.

Methods

Themethods applied are divided in three sections, first focusing onthe
measurement techniques applied to obtain the databefore describing
the preprocessing and finally how we make our database accessible.

Measurement methods

We collected operational data from theJiilich solar tower power plant
between December 2020 andJune 2024. The measurements of the solar
tower, that is, coordinates of all calibration targets and the receiver,
were achieved vialaser measurements. The weather datafromthe]iilich
weather station located at the power plant were recorded throughout
this period using an array of meteorological sensors. The remainder
ofthe dataare heliostat specificand collected ona per-heliostat basis.
The heliostat positions were also measured via laser, while all remain-
ing information, that is, the heliostat facet information including
facet translation and canting vectors and the heliostat kinematics
information, is taken directly from manufacture specifications or
computer-aided design (CAD) models of the heliostats. The heliostat
calibration and deflectometry data were obtained via measurement
campaigns. We explain the setup and methods used to acquire these
measurements in detail hereafter.

Heliostat calibration. Heliostat calibration at the Jilich facility is
performed using the camera-target method, commonly known as the
Stone method™. This approachredirects the heliostat’s focal spot from
itsintended receiver onto aLambertian white calibration target placed
near the receiver structure. A camera system captures images of the
reflected focal spot on the target, enabling analysis of the heliostat’s
optical performance. The]Jiilich facility includes three distinct calibra-
tiontargets: the Solar Tower Jiilich Upper, the Solar Tower Jiilich Lower
and the Multi Focus Tower target (see Supplementary Fig.1for further
information). Alongside the captured images, the systemrecords the
heliostat’s motor positions—describing its kinematics configuration—
as well as the solar position at the time of measurement, including
azimuthand elevation angles. This combination ofimage data, actuator
states and solar geometry constitutes the raw calibration data. These
raw calibration data were obtained via the HeliOS.FDM*"** measure-
ment system. The images are subsequently preprocessed, including
cropping and identification of the focal spot centroid, as detailed in
the ‘Preprocessing methods’ section below.

Deflectometry measurement. Deflectometry is an optical measure-
ment technique used to characterize the surface shape and quality of
heliostats. It operates by projecting a known light pattern, typically a
fringe or grid, onto a screen and using a calibrated camera system to
record the heliostat reflecting this pattern. Deviationsin the reflected
patternare analysed to infer surface slope and curvature, allowing for
precise reconstruction of the mirror’s surface geometry. Thisnoncon-
tactmethod is highly sensitive and capable of detecting small deforma-
tions such as warping, waviness or other optical defects. In the context
of solar tower power plants, deflectometry has become the most widely
recommended method for assessing the optical performance of helio-
stat mirrors®.. The deflectometry measurements included in the PAINT
database were performed with the QDec_2014-101 software® from CSP
Services GmbH'*. In addition to the raw measurements, this software
providesasummary of the resultsin PDF format and a processed meas-
urement, where missing values are filled with ideal normal vectors,
thatis, vectors signifying a surface without deformation. Although the
specific deflectometry algorithmis proprietary, the provider operates
in full compliance with the SolarPACES Heliostat Measurement Guide-
lines. Thisadherence ensures that the resulting surface measurements
satisfy the established accuracy requirements of the field.

Preprocessing methods

Before inclusion in the PAINT database, the raw data collected at the
Julich solar tower underwent a series of preprocessing steps. These
included organizing unstructured datasets, unifying data formats,
performing coordinate transformations and applyingimage process-
ingtechniques toextract relevant features. We describe these steps in
more detail below.
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Data organization and format standardization. The original data
were sourced from various unstructured dumps, distributed across
inconsistent directory hierarchies. A critical early step wasto reorgan-
ize these datasetsinto astandardized structure aligned with the PAINT
database schema. This involved grouping calibration, deflectometry
and heliostat properties data via heliostats. For example, calibration
images were linked to specific heliostats on the basis of a mapping
provided in Excel spreadsheets; the images were then relocated into
folders organized by heliostat ID. Additional preprocessed data are
made available by cropping and focal spot centroid extraction (see
below for further details).

Deflectometry measurements were originally stored in a propri-
etarybinary format. These were converted to HDF5 to ensure consist-
ency across the database. The heliostatID, extracted during conversion,
was also used to place the datainto the appropriate directory structure,
mirroring the organization scheme used for calibration images.

Heliostat property data were compiled from multiple heterogene-
oussources, including CSV and Excel files detailing locations, facet con-
figurations and kinematics parameters. These were merged into unified
JSON-based property files, each stored according to heliostat ID.

Weather data from the Jiilich tower were initially provided as
raw text files. These were parsed and converted into HDF5 format. To
facilitate efficient access and download, the data were partitioned into
separate HDF5 files, each representing a single month. The data from
the DWD weather station were accessed via the Wetterdienst Python
package® and saved as an additional HDF5 file.

Coordinate conversion. An essential component of the preprocessing
pipeline involved transforming spatial coordinates from the Gauss—
Kriiger (GK) coordinate system to the globally recognized WGS84
reference system. Much of the original data from theJiilich solar tower
were recorded in GK zone 2 (EPSG:31466), a projected coordinate
system commonly used in Germany for engineering and topographic
applications. Unlike WGS84, which represents geographic positions
using latitude, longitude and optionally elevation, the GK system is
based on the Bessel ellipsoid and uses a transverse Mercator projec-
tion, expressing positions in metric units (easting and northing) within
defined 3-degree longitudinal zones.

While the GK system offers high local precision, it lacks interop-
erability with global geospatial standards such as those used in the
STAC specification. Therefore, consistent and accurate coordinate
transformation was necessary across all spatial metadata. This trans-
formation wasimplemented using the pyproj library, which performs
both projection and datum conversions. A Transformer object was
instantiated with EPSG:31466 as the source and EPSG:4326 (WGS84)
as the target. This transformation was applied uniformly across all
metadatareferencing spatial locations—including heliostat positions,
calibration targets and tower coordinates—to ensure geospatial con-
sistency throughout the dataset.

Image processing and feature extraction. To facilitate the use of
calibration data and support algorithm development without requir-
ing raw image processing, we also included preprocessed versions of
the calibrationimages, along with extracted features. Image cropping
was performed using atemplate-matching algorithm based on known
markers on the calibration targets. Once cropped, further processing
was conducted using a pretrained deep learning model, UNet-Based
Target Image Segmentation (UTIS), available in ref. 54. UTIS was used
to extract the focal spot by learning spatial features from the images.
The resulting preprocessed images—converted to greyscale and cen-
tred on the focal spot—as well as the extracted focal spot centroids
were stored in the database. A detailed description of the UTIS model
and its training methodology is provided in ref. 46. Alternatively, we
alsoinclude the focal spot measured via the HeliOS system during the
calibration process.

STAC file generation. In addition to the organizational and analyti-
cal steps described above, another central task was the generation
of STAC-compliant metadata files. This process was conducted in
parallel with data conversion and feature extraction. Relevant meta-
data were aggregated from various sources and structured into the
STAC specification using the standard hierarchy of catalogues, collec-
tions and items. The generated STAC files are available as part of the
PAINT package, and the schema used for generating these STAC files
isavailable via GitHub. Extracting these metadatainvolved combining
multiple sources (for example, multiple CSV files or importing data
from Excelworkbooks), and conversions between coordinate systems
were applied to conform to the STAC specification and unify results.
In addition, certain values (for example, sun azimuth and elevation)
were derived.

Database access

To enable access to the data, we implement the PAINT website, which
enables users to browse the data hosted on the LSDF*®. We also imple-
mentacustomized STAC client based on PySTAC® to enable access to
both the dataand metadatavia Python code. Inaddition, we implement
functionality to create benchmark datasets and load these as PyTorch
datasets. All this functionality is available as a part of the PAINT software
package via PyPl or GitHub.

Data availability

Alldatapresentedinthisarticle are available under the Community Data
License Agreement Permissive Version 2.0 (CDLA 2.0), via the PAINT
database https://paint-database.org and the PID 21.11152/474a4blc-
de93-4d4a-b33d-1d32d63baf4b. Toreplicate theillustrative examples,
the exact data used can be downloaded with the scripts provided via
the ARTIST Github at https://github.com/ARTIST-Association/ARTIST/
examples/paint_plots.

Code availability

All code used to generate the data, plots and results in this article is
available under aMassachusetts Institute of Technology (MIT) license.
The code for preprocessing the data and generating the plots is avail-
ableviathe PAINT GitHub at https://github.com/ARTIST-Association/
PAINT. The code for theillustrative examples included in the example
uses of the PAINT database section is available viathe ARTIST GitHub at
https://github.com/ARTIST-Association/ARTIST/examples/paint_plots.
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